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ABSTRACT

The Kenyan Unit Trust Funds play an integral role in economic development therefore its
financial performance becomes a very critical indicator of investment efficiency and
market stability in Kenya. The emergence of financial technology (FinTech) has
revolutionized the global financial landscape by enhancing efficiency, inclusivity, and
accessibility. However, its effect unit trust funds in Kenya remains underexplored and
insufficiently documented and understood. This study was motivated by the increasing
digital transformation and the need to understand how FinTech applications and fund size
interact to jointly influence fund performance within Kenyan Unit Trust Funds. The study
examined the effect of Fintech integration on financial performance of unit trust funds,
focusing on the moderating role of fund size. Four FinTech constructs; digital payments,
digital deposits, digital portfolio management, and digital risk management were used as
predictors of performance. Theoretically, the study was grounded on the Technology
Acceptance Model, Financial Intermediation Theory, Profit Maximization Theory, and
the Capital Asset Pricing Model. Mixed-methods design of descriptive and panel designs
was employed, integrating primary data from fund managers with secondary data from
audited reports of licensed UTFs. Primary data were collected through questionnaires
administered to fund managers, while secondary data were extracted from audited fund
reports and regulatory filings. Analysis was conducted using SPSS for descriptive
statistics and STATA for panel estimations, with Return on Assets (ROA) as the main
performance indicator. The estimation model passed key diagnostic tests for normality,
multicollinearity, stationarity, autocorrelation, and heteroskedasticity model fit test.
Hypotheses were tested a 5% significance level, Findings revealed that FinTech
significantly =~ enhances  fund  performance of  UTFs.  Primary  data:
Y=0.053+0.279X+0.220X>+0.287X3+0.230X4, witn all p-values <0.05. at 95% CI while
secondary data Y =—4.01971 + 0.040847X, + 0.018446X, + 0.16416X; +
0.051229X, with all P-values < 0.05 at 95% CI. Fund size significantly moderated the
relationship between digital portfolio management and fund performance, indicating that
larger funds derive greater benefits from FinTech use in business models and strategies.
The study concludes that fintech adoption improves operational efficiency, portfolio
optimization and risk control. The study extends the Technology Acceptance Model
(TAM) to an institutional investment context, offering new insights into technology-
performance dynamics within fund management. Practically, it guides fund managers on
leveraging FinTech tools for enhanced operational efficiency and performance, while
providing regulators with evidence to design policies that support digital transformation
in the capital market. The Government of Kenya draws insights on enhancing digital blue
print agenda, vision 2030 and financial inclusivity.

Keywords: Financial technology, fund size, financial performance and Unit Trust Funds.
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bills.
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CHAPTER ONE
INTRODUCTION

1.1 Background information

The financial performance of Unit Trust Funds remains a critical indicator of investment
efficiency, financial stability, and investor confidence within capital markets (Markowitz,
1952; Sharpe, 1964). Unit Trust Funds play an essential role in mobilizing savings and
channeling them into productive investments, thereby enhancing capital formation and
economic growth (Muriithi & Muturi, 2018). However, in many emerging markets,
including Kenya, the performance of Unit Trust Funds has remained inconsistent,
constrained by operational inefficiencies, limited innovation, and high management costs
(CMA, 2023). As investors increasingly demand transparency, agility, and better returns,

the sector faces mounting pressure to enhance performance and competitiveness.

Unit Trust Funds (UTFs) are collective investment schemes that pool resources from
multiple investors to invest in a diversified portfolio of securities such as equities, bonds,
money market instruments, and other assets. According to report by the Financial Sector
Deepening Kenya, (2022), in Kenya, these funds have become an increasingly significant
component of the financial system, offering retail and institutional investors a
professionally managed investment avenue with lower risk exposure compared to direct

investment in capital markets

The Kenyan Unit Trust Industry has evolved considerably since its inception in the early

1990s, gaining momentum after the enactment of the Capital Markets Authority (CMA)



Act (Cap 485A), which provided the legal and regulatory framework for collective
investment schemes. Over the years, policy reforms and the development of the Capital
Markets (Collective Investment Schemes) Regulations of 2001 have enhanced
governance, transparency, and investor protection in the sector. Unit trust funds in Kenya
are typically categorized into Money Market funds, equity funds, balanced funds, bond
funds, and specialized funds. Money market funds remain the most dominant category
due to their stability, liquidity, and relatively predictable returns. Equity and balanced
funds cater to investors seeking long-term capital appreciation, while bond funds are

preferred for income stability and reduced market volatility.

In terms of Market growth and Trends, reports by the Capital Markets Authority (CMA,
2024), states that the Kenya’s unit trust industry has experienced substantial growth in
assets under management (AUM), driven by increased investor awareness, financial
inclusion initiatives, and technological innovations in fund distribution and management.\
(Makina, 2019). According to Capital Markets Authority (CMA) Quarterly Statistical
Bulletins, by December 2024, there were over 30 licensed collective investment scheme
managers, managing funds worth more than Ksh 250 billion, compared to less than Ksh
50 billion a decade ago. This growth has been supported by, increased mobile and digital
platforms enabling easier onboarding and redemption. Expansion of retail participation,
facilitated by lower minimum investment thresholds, Integration with fintech solutions
such as digital wallets, payment gateways, and automated investment platforms that

simplify access and improve transparency and rising investor awareness.



Additionally, increased adoption of financial technology (FinTech) platforms for online
onboarding, digital payments, and portfolio access and the expansion of product variety,
including money market funds, equity funds, balanced funds, and fixed income funds,
catering to different risk appetites. The supportive regulatory reforms and CMA investor

education programs contributing to the growth in AUM.

Concerning the regulatory and Institutional Framework, the Capital Markets Authority
serves as the principal regulator, ensuring compliance with investment guidelines,
disclosure standards, and risk management practices. The Collective Investment Schemes
(CIS) framework requires fund managers to appoint trustees and custodians, ensuring
separation of roles and protecting investor assets. Additionally, fund performance
reporting has been strengthened through periodic disclosures and standardized reporting
templates. These regulatory improvements have enhanced investor confidence and

contributed to the sector’s steady expansion.

A report by FSD (2023), states that Unit Trust Funds in Kenya represent a dynamic and
rapidly evolving segment of the financial system. Their growth is attributed to a
supportive regulatory framework, expanding fintech adoption, and increased investor
participation. The sector’s sustainability depends on continuous innovation, stronger risk
management, and enhanced investor education. Fintech has become a critical driver of

efficiency and inclusivity in the financial sector generally.



The governance of UTFs is designed to ensure investor protection, transparency, and
professional fund management. Each fund typically involves four principal parties (Fund
managers, Trustee, custodian, and auditor). Fund Manager is Licensed by the CMA to
manage investments and make portfolio decisions in line with the fund’s objectives and
trust deed. Trustee is usually a bank or financial institution approved by the CMA,
responsible for safeguarding investors’ assets, ensuring compliance with the trust deed
and regulations. The custodian holds the fund’s securities and cash, effecting transactions
as instructed by the manager and approved by the trustee. Lastly the auditor conducts
independent audits of the fund’s financial statements to enhance transparency and

accountability.

This governance framework creates checks and balances among the parties, ensuring that
fund managers act in the best interest of investors and that assets are properly safeguarded.
The growth and governance of unit trust funds align with Kenya’s Vision 2030 goals of
deepening financial markets and promoting inclusive economic growth. UTFs provide an
efficient channel for mobilizing savings and directing capital into productive investment

sectors, thus playing a vital role in the national development agenda.

The unit trust funds are of economic significance bas they play a growing role in Kenya’s
financial system and economy by mobilizing domestic savings from both retail and
institutional investors, providing investment diversification opportunities, especially for
small investors who might lack the capital or expertise to invest directly in securities. Also
enhancing capital market development by channeling funds to government securities
market. They support financial inclusion through digital distribution channels that make
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investment accessible to a wider population. Lastly they contribute to economic stability
by offering alternative savings and investment instruments, thereby deepening financial

intermediation.

In America, Unit Trust Funds are performing above board, and the utilization of FinTech
in the sector is considered the main cause for the exponential growth (Aicha, 2023). The
Mordor report, (2023) attributes the impressive performance of American funds to high
uptake of FinTech, evidenced by increased Fintech startups from 5,868 in 2018 to 11,651
firms in 2023. The overall adoption rate increased by 38% between 2020 and 2022. There
was a high growth in fund size (USD25.7 trillion) AUM with more than 10,000 funds due

to the use of digital deposit platforms that allowed remote transactions.

In wealth management, modern technologies like Al, Internet of Things, and Robo advisors
are used in data analysis (Ghosn, 2025). Machine learning is utilized to offer financial
advisory services, make investment decisions, manage risks, and build optimal portfolios
for optimal returns (Aicha, 2023). Information is shared digitally, eliminating information
asymmetry and solving market imperfections to enhance fund growth. The digitization of
the payments, deposits, asset management, and risk management spectrum is the key to the

meteoric rise in the Unit fund industry in recent years (Kumar &Ali, 2020).

The Unit Trust fund sector in China introduced Fintech in its operations by the year 2012
and thereafter consistently reported improved performance in terms of expanded fund size
(Ahlem et al, 2021). According to Hong et al (2023), there was a rise in the number of

funds managed by FinTech from 2012 to 2013 by 60%. By the year 2018, Fintech firms



had grown to 115 in number resulting in an exponential growth occasioned by the
management of portfolios remotely using digital apps, digital deposits using e-wallets, and

enhanced risk management by use of high-level technology to monitor risks.

According to Li, et al (2023), the Unit Trust Funds with Fintech platforms in China report
a steady growth in net income, for example in the year 2015, 20% of income was from
fintech firms, 22% in 2016, 35% in 2017, and 42% in 2018. In 2021, the total assets grew
to more than USD3.53T representing a growth rate of 99.4% in fund size, and in 2022 the
AUM grew to USD 3.85trillion. This is attributed to the use of Al and Robots in portfolio
management, risk management, and digital deposit platforms (Zhang, 2024). According to
Chitavi, Cohen, and Hagist, (2021), China holds the lion’s share of the global fintech
market at 46% as at 2018 sales, approximately $25.5 billion, thus the largest global market.
The Mordor Report (2023) forecasts a compounded annual growth rate of 3.2% over the

next 5 years due to the high-level technology employed in China Unit Trust funds.

Financial performance in the Indian Unit Trust funds has shown impressive trends since its
inception in 1963, and by 1993, AUM was Rs. 47,000. According to Sankarareman,
Ragothaman, and Ruparel, (2020), Unit funds using FinTech are reporting more growth
than traditional funds. Between 2016 and 2017, fintech firms outperformed market
expectations giving a positive return. The Indian Unit fund sector accounts for 53.60% of
total gross value added (USD39.9Bn), which is more than half compared to all the other
sectors. The utilization of technology through Al in fund management, risk management,
and digital transactions allows for the active participation of investors in the management

of their wealth hence building investor confidence (IIFA, 2024).



The Indonesia market has shown an upward trajectory since its inception, where Fintech
was introduced in 2017. In the year 2020, the sectors’ contribution to the GDP was at 3%.
According to Satya and Wulaningrum (2022), by 2021, the number of investors had grown
to 7.4M single investors representing a rise of 569% with an AUM of 5.096B from 2017,
73.99% of investors managing investments using digital platforms. Most of the clientele
are young investors, accessing financial services digitally at the rate of 83.16%. According
to World Bank Global Economic Prospects, (2019), on aggregate, the AUM grew at 4.4%,
in 2018, and was expected to grow by 5.2% in 2019 and 5.4% in 2020 (KPMG, 2018).

These growth prospects were based on the technological trends in the sector.

In Morocco and Tunisia, financial technology is being embraced in business operations
with impressive growth trends (Moroccan Capital Markets Authority, 2023). According to
Cai et al, (2021), the financial performance of Unit funds in Ghana is steadily growing
though still on a small scale. However, investors have been enabled technologically to
invest as low as 1 dollar using digital platforms. This is expanding the market to remote

areas and growing the fund size (Kwesi, 2023).

A steady growth in fund size is being witnessed in Nigeria due to the use of digital
platforms to create awareness among clientele in remote areas (Igbinosa, 2019). The
Nigerian fund size was 181.35B Naira in 2014 and when the sector opened its doors to
financial technology which e encouraged digital deposits remotely, the fund grew to
750.37B naira by June 2019, representing a growth rate of more than 410% (SEC, 2020).

The performance of unit funds is influenced by management practices and market



dynamics. Udofa et al (2024) found that the perfume unit trust funds in Nigeria largely

depends on fund composition and efficiency in management.

In Kenya, the unit trust (or collective investment scheme) industry is relatively young
compared with mature markets and has gone through distinct phases of regulatory
establishment, early fund launches, and more recent rapid growth. The legal and
regulatory foundation was laid by the Capital Markets Authority (CMA) via the Capital
Markets (Collective Investment Schemes) Regulations, 2001, which empowered the
regulator to license and supervise collective investment schemes (CIS) including unit
trusts. (CMA, 2021). The first unit trust scheme in Kenya was registered in 2002, marking

the formal launch of the industry. (Maiyo, 2006; JEBMR, 2018)

In the early years the number of funds was very limited, and money-market funds
dominated given their relatively low risk and liquidity appeal. By 31 March 2017 there
were 17 schemes operating with assets of about USD 558 million, of which money-market
funds represented roughly 77.6 % of AUM (CMA, 2021). As the industry matured, new
sub-fund types emerged (balanced funds, equity funds, fixed-income funds, special funds,
Shariah-compliant funds), and the number of investors and size of assets under
management (AUM) grew significantly. For instance, as of December 2024 the number
of licensed collective investment schemes had reached 55, and AUM was reported at KSh
389.2 billion. (Muiruri, 2024, December 10, p.1). Moreover, as of Q1 2025 the industry’s
AUM had climbed to approximately KSh 496.2 billion, representing a year-on-year
increase of about 120.2 % and a three-year compound annual growth rate (CAGR) of 52.2

%. (Cytonn Research, 2025)



This growth is important in illustrating that the expanding scale and diversification of unit
trusts provide the contextual background for the fintech variables used in the study (digital
payments, digital deposits, digital portfolio management, and digital risk management).
The steady growth in funds since 2002 to now helps interpret the effect of fintech adoption
in a dynamic environment. Retail-investor access is enhanced by the low minimum entry
requirements and increasing investor numbers (1.4 million investors by December 2024)
suggest that digital-enabled access through mobile payments, online onboarding and e-
subscriptions play a significant role in bringing new retail flows. (CMA, 2024).Product
diversification & fund size has led to growth in categories. The fund categories come with
different dynamics, for example the historically dominant money-market funds may have
different dynamics (lower risk, less equity exposure) compared to newer equity or
balanced funds, and fintech adoption might yield differing performance effects across

these fund types.

The study puts into consideration the data period since the industry has grown quickly in
recent years, to capture recent fintech adoption periods from 2014 to 2023 to help align
measurement of digital constructs with meaningful change in the industry context. The
Kenyan sector has grown from a handful of schemes dominated by money-market funds
to a diversified landscape with increased number of licenses, billions of shillings in AUM,
and retail investor flows measured in the millions (FSD, 2022). This evolution provides a
useful backdrop for your investigation of how fintech variables (digital payments, digital

deposits, etc.) interact with fund size and performance of mutual funds in Kenya.

The Kenyan Unit fund sector plays an integral role in economic development and the

realization of Vision 2030 on financial stability which aims at raising savings and
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investments from 17% to 30% (Ndanu & Gatauwa, 2023). According to FSD, Kenya 2023
report, the sector contributed to the GDP at the rate of 4.6% in 2023 which is quite modest.
According to the Kenya Finance Sector Stability Report (2020), the financial performance
of Unit funds in Kenya has been unattractive raising concerns that erode investor

confidence.

1.1.1 Financial Technology

Financial technology (FinTech) refers to the automation of financial services by the use of
specialized software and algorithms on computers, smartphones and other digital gadgets
to enhance service delivery and improve financial performance (Thakor, 2019). According
to Kumar &Ali (2020), financial technology has revolutionized the financial sector and
disrupted the traditional finance system by providing faster, secure, and convenient
methods of trade that enhance customer experience through excellent service delivery.
Fintech, also referred to as digital finance, is being utilized in private companies, corporate

organizations, and government to improve financial performance (Schaus, 2016).

The rapid integration of financial technology (FinTech) has significantly influenced the
governance, accessibility, and performance of unit trust funds in Kenya. Digital
innovations such as mobile money platforms, online fund portals, automated payment
systems, and digital risk management tools have enhanced operational efficiency,
transparency, and investor confidence. Fund managers now leverage digital platforms for
real-time reporting, compliance monitoring, and investor communication, thereby

strengthening governance structures and accountability. Moreover, the use of digital
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payment and deposit channels has simplified fund subscription and redemption processes,

reducing transaction costs and expanding outreach to previously untapped retail investors.

FinTech adoption has contributed to the steady growth in assets under management,
improved liquidity, and greater participation in the capital markets. These developments
align with the CMA’s drive to promote digital transformation and inclusive financial
market participation as part of Kenya’s Vision 2030 financial sector reforms. The
introduction of digital payments, online deposits, Robo-advisory services, and digital risk
management tools has transformed how funds are managed and distributed. Mobile
money platforms like M-Pesa and mobile apps developed by fund managers, for example
the CIC Money Market Fund app, Sanlam Investments’ digital portal, and ICEA Lion’s
Digi-Trust platform have made investment transactions seamless and near real-time. The

effect of these technologies ought to be reflected in the overall performance of the funds.

A Study by Anyfantaki (2016), states that the evolution of financial technology has
introduced disruptive innovations that are reshaping the delivery of financial services
globally, with significant implications for the asset management industry. In Kenya, the
fintech revolution has gained momentum, supported by high mobile penetration and
proactive regulatory support. Unit funds, as key vehicles for mobilizing savings and
allocating capital, are increasingly leveraging fintech to improve efficiency, enhance

investor experience, and broaden market access.

Recent developments in technology have spurred a rise in financial technology which

utilizes new digital technologies in financial management and data analytics to enhance
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automation of financial services. With the advent of sophisticated technologies like the
Internet of Things, Al, robots, and smart apps, firms including Unit funds are rolling out
innovative products and services that offer potential solutions to financial challenges.
Financial technology is a concept that is worthy adopting in firms for purposes of posterity
since the world systems are turning digital, the global and regional markets are utilizing it
on a large scale with remarkable outcomes (CMA, 2023). It entails the automation of
repetitive tasks coupled with expedited data analysis, which furnishes financial institutions
with heightened operational efficiency while concurrently curtailing the prevalence of
manual errors (Kou & Lu, 2025). In this study, Fintech integration has been discussed in
disaggregated form of digital payments, digital deposits, digital portfolio management, and

digital risk management.

Globally FinTech is utilized across most financial sectors like banking, SMEs, real estate,
and MFIs’s with impressive results (Yogeshi, 2021). Caught in the web of digitization, the
CIS sector globally is utilizing Fintech across in its business and financial processes. This
is positively impacting financial performance and general fund growth as witnessed in
developed economies like the USA, China, and Britain (Akash & Manda, 2021). Most of
these developed economies embraced Fintech quite early compared to Kenya and have
witnessed exemplary performance both in terms of financial performance and fund growth

(Investment Company Institute, 2023).

The global financial landscape has undergone significant transformation driven by
advances in financial technology (FinTech), which is described as the application of

innovative digital tools to enhance financial services and markets (Arner, Barberis, &
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Buckley, 2015). FinTech innovations have revolutionized how financial institutions
operate, providing efficient, low-cost, and accessible solutions across payments, lending,
investments, and risk management. The World Bank (2022) notes that FinTech has become
a critical enabler of financial inclusion, efficiency, and transparency, particularly in

emerging markets where traditional banking infrastructure is limited.

The evolution of FinTech can be empirically traced through three distinct phases. The first
phase (1960s—1980s) saw the digitalization of traditional banking infrastructure through
electronic fund transfers (EFTs), automated teller machines (ATMs), and computerized
ledgers. The second phase (1990s—2008) was characterized by internet banking and online
financial services, which significantly lowered transaction costs and expanded access to
credit and savings products (Frame & White, 2004). The third phase (post-2008)
introduced a wave of startups and financial platforms leveraging technologies such as big
data, blockchain, mobile applications, and artificial intelligence to disrupt conventional

financial intermediation models (Arner et al., 2015).

Empirical research supports the positive role of FinTech in improving financial
performance and efficiency. Zhao, Zhang, and Yin (2021) found that FinTech and
regulatory technology (RegTech) significantly enhanced financial development and
inclusiveness across Chinese cities. Similarly, Beck, Chen, Lin, and Song (2016)
demonstrated that financial innovation fosters cost efficiency and risk diversification. In

developed markets, studies have shown that FinTech contributes to better capital
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allocation, operational efficiency, and improved customer experience (Gomber, Koch, &

Siering, 2017).

In emerging regional economies, FinTech has been instrumental in expanding access to
financial services, especially through mobile money platforms. FinTech adoption has
gained remarkable traction in emerging markets, where it serves as a powerful driver of
financial inclusion and economic growth (Makina, 2019). Unlike developed economies
where FinTech mainly enhances efficiency, in developing regions it has bridged gaps in
access to formal financial services through innovations in mobile money, digital lending,
and online investments (Thakor, 2020). According to the World Bank (2022), digital
financial services have lowered transaction costs, expanded savings options, and facilitated
small-scale investments, making financial inclusion a reality for millions previously

excluded from the formal banking sector.

In Africa, FinTech growth has been catalyzed by mobile phone penetration, youthful
demographics, and limited physical banking infrastructure (Dahir, 2021). The GSMA
(2022) reports that Sub-Saharan Africa hosts more than 60% of the world’s mobile money
accounts, underscoring the continent’s role as a global FinTech leader. The continent’s
FinTech market is projected to reach US$65 billion by 2030, driven by innovations in
payments, credit scoring, wealth management, and insurance technologies (Briter Bridges,
2022). These developments demonstrate how Africa has leapfrogged traditional banking
models to embrace mobile-based financial ecosystems that enhance access and

affordability.
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In Kenya, Fintech was introduced in 2007 with the launch of the Mpesa platform by
Vodafone’s Kenyan associate, Safaricom. Being Africa’s first mobile payment service
provider, Mpesa has been the major driver of financial technology, innovation, and
inclusion and has steadily grown to accommodate most financial industries. The Kenyan
FinTech ecosystem represents one of the most advanced in Africa (FSD Kenya, 2023). The
launch of M-Pesa by Safaricom in 2007 revolutionized financial intermediation by
enabling users to transfer money, save, and access microloans through mobile phones (Jack
& Suri, 2011). This innovation positioned Kenya as a global FinTech pioneer and
stimulated the growth of complementary products such as M-Shwari, KCB M-Pesa, Tala,
Branch, and Pesa-link, which integrate savings, credit, and investment services into digital

platforms (Central Bank of Kenya (CBK, 2023).

Through the Mpesa platform, Fintech is slowly finding its way into the Unit fund sector
through the CMA, which has shown great interest in admitting Fintech firms to the
regulatory sandbox (Deloitte, 2017). The first one was Innova Limited in 2019, which deals
with cloud-based data analytics. The second was Pezesha Africa Limited, a platform that
deals with internet-based crowd-funding that allows SMEs to access loans. The
Waanzilishi Capital Limited, a licensed investment advisor, offers Robo-advisory solutions
using an online app called Ndovu app to provide automated financial planning services for

discretionary portfolio management (Tanui, 2021).

The CMA graduated Sycamore Capital Limited from its regulatory sand box, enabling the
launch of its mobile app “Cashlet”, which allows investors to access money market funds

via digital platform (CMA, 2024). The KOA Save Africa Ltd assists retail investors to save
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and invest in capital markets using Al. Moneta Ventures Ltd uses an online app called
Chumz App that deals with behavioral psychology techniques to encourage investors on
investment culture. The FourFront Management Ltd, a Robo-advisor, provides automated,
algorithm-driven financial planning and investment services with little or no human
interaction to offer investment advice and services automatically. ). The CMA continues

to admit new fintech innovations for live testing in its regulatory sand box (CMA, 2024)

Recent studies affirm that FinTech has substantially influenced Kenya’s financial sector
performance. For example, Musau and Muathe (2022) found that digital platforms
significantly enhanced the operational efficiency and profitability of investment firms,
while Mutiso and Nzulwa (2021) reported that financial technology adoption improved
service delivery and customer satisfaction among commercial banks. Similarly, KPMG
(2023) noted that FinTech adoption in Kenya’s capital markets, facilitated by the Capital
Markets Authority (CMA) regulatory sandbox, has encouraged innovation in fund

distribution, risk analytics, and portfolio management.

Recent advancements in FinTech have emerged as a transformative force for reshaping the
efficiency and performance of financial intermediaries. FinTech tools such as digital
payments, digital deposits, digital portfolio management, and digital risk management
offer opportunities to improve liquidity management, reduce transaction costs, and
optimize investment decisions (Lee & Shin, 2018; Gomber et al., 2018). Globally, the
integration of FinTech has enhanced fund efficiency through automation, analytics, and

investor engagement platforms (Vives, 2019).
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In Kenya, initiatives by the Capital Markets Authority (CMA) and the rise of mobile-based
investment platforms such as KOA, Chumz, and Moneto have accelerated digital
transformation in collective investment schemes (CMA, 2023). Despite these
developments, empirical evidence on how FinTech adoption influences the financial
performance of Unit Trust Funds in Kenya remains limited. This gap underscores the need
to examine the extent to which FinTech integration contributes to improved performance

outcomes within Kenya’s mutual fund industry.

Despite these advances, the application of FinTech within collective investment schemes
(CIS) such as unit trust funds remains underexplored. Most innovations have concentrated
on mobile payments and banking, with limited empirical analysis on how FinTech
enhances fund performance, efficiency, and investor engagement (Gitonga, Kariuki, &
Kariuki, 2021). Given the rapid digitization of Kenya’s capital markets and growing
investor demand for convenience and transparency, it is imperative to assess how FinTech
solutions such as digital deposits, digital portfolio management, and digital risk systems

affect the financial performance of unit trust fund

According to Ndungu and Muturi (2020) uptake of innovation and limited digital financial
technology in Kenya remains relatively low and constrained. Thus, the Kenyan case
presents a unique opportunity to extend the understanding of FinTech beyond traditional
banking, toward its institutional adoption in investment fund management linking
technology, fund size, and financial outcomes within the broader digital finance ecosystem.
The use of FinTech in the enhancement of Financial Performance of Unit Funds has

emerged as a transformative force in the financial industry, with the potential to disrupt
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traditional financial services and improve operational efficiency in various aspects
(Katwala & Sadhwani, 2024). One area where FinTech has shown significant impact is the
financial performance of Unit funds is in operational efficiency (CMA, 2023). Existing
research suggests that the integration of FinTech in the Unit fund industry has the potential

to enhance the financial performance of these funds (Suryono, Budi & Purwandani, 2020).

Theoretical basis stems from the Technology Acceptance Model by (Davis, 1989) which
states that technological innovation adoption depends on perceived usefulness and ease
of use. In financial services, these dimensions manifest through the core FinTech
applications that improve fund operations, client experience, and decision-making.
Similarly, building on Financial Intermediation Theory (Schumpeter, 1912; Gurley &
Shaw, 1960), FinTech acts as a modern intermediary enhancing efficiency in mobilizing
savings, allocating capital, and managing risk. The selected constructs represent these

intermediary roles within the unit trust fund (UTF) ecosystem.

Digital Payments facilitate efficient fund contributions and redemptions, reducing
transaction frictions through transactional costs and information asymmetry. The digital
deposits enhance the mobilization and pooling of investor resources through online
platforms and mobile savings tools. Similarly, digital portfolio management portfolio
management improves investment decision-making, asset allocation, and performance
tracking via analytics and robo-advisory tools. Finaly, digital risk management supports
risk identification, forecasting, and mitigation using Al, data analytics, and cybersecurity
tools. This conceptualization aligns with Classical Profit Maximization Theory (Marshall,

1890), which emphasizes on technology as a driver of cost efficiency and profitability,
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while the Capital Asset Pricing Model by (Sharpe, 1964), uses technology to help

optimize returns relative to risk.

This study discussed fintech in its disaggregated form reflecting four fintech dimensions
of digital payments, digital deposits, digital portfolio management, and digital risk
management. This is anchored on theoretical grounding, regulatory definition, and
empirical evidence from both global and Kenyan contexts. Institutional and Policy
Authority supports the conceptualization, where the he OECD (2022), World Bank (2021),
and Central Bank of Kenya (CBK, 2023) recognize these four functional categories as core
pillars of financial technology adoption in financial institutions and capital markets. The
CBK (2023) National Payment Strategy and Capital Markets Authority (CMA, 2022)
identify digital payments and digital deposits as foundational enablers of financial

inclusion and capital mobilization.

The CMA Regulatory Sandbox Reports (2022-2023) highlight digital portfolio
management tools such as robo-advisors and mobile investment apps (e.g., KOA, Chumz,
Moneto) as innovations transforming fund management. Digital risk management is
emphasized in Basel Committee (2022) and KPMG (2023) frameworks as central to digital
governance, cybersecurity, and investor protection. Therefore, fintech constructs used in
the study directly correspond to recognized FinTech domains under regulatory and policy

frameworks.

The choice of the constructs as well have empirical Authority, where empirical literature
further supports the disaggregation of FinTech into these four constructs; Digital

Payments, which is proven to enhance operational efficiency and fund inflows (Ozili,
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2020; IMF, 2021). Digital Deposits; which strengthen liquidity and savings mobilization
(Beck, 2020), digital Portfolio Management which increases fund transparency and
decision efficiency (Lee & Shin, 2018), and lastly digital Risk Management which
reduces operational risk and enhances investor confidence (Arner, Barberis & Buckley,

2020).

This multidimensional approach allows a comprehensive assessment of FinTech’s effect
on fund performance rather than treating it as a monolithic construct, this addressing the
conceptual and empirical gap in previous studies that examined FinTech adoption broadly
without functional disaggregation. This leads to conceptual Integration, whereby the
conceptual model recognized FinTech as a multi-dimensional construct influencing
financial performance through four operational pillars, each corresponding to a distinct
technological intervention point within the fund value chain. This is consistent with
OECD (2022) and World Bank (2021) classifications of FinTech ecosystem functions.
The fintech effect is assessed within the digital value chain, touching on functionality of

UTFs.

Digital payments, which allow transacting, transferring, and investing remotely are
considered the most popular payment methods around the world, commanding a significant
share of financial markets with much preference (Tobing & Wijaya, 2020). It’s
characterized by the use of E-payments like e-wallets, contactless cards (tap and go or tap
and pay) and customized mobile/ smart apps. Digital deposits allow investors to remotely

top up their investment accounts using technology (Niepelt, 2018). It entails capturing the
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image of a payment mode and depositing it to an enrolled Account via an approved access

device using specialized software (Banson, & Sakoe, 2022).

Digital portfolio management involves the use of advanced technologies like Al, Robo
advisors, the Internet of things and other machine learning in data analysis, and arranging
huge data in an organized manner for investment decision-making and financial advisory
to investors (Kou & Chao, 2019). Advanced technologies like the machine learning has
surfaced as a transformative technological paradigm, instigating revolutionary changes
across diverse industries, and the finance sector is no exception (Kou & Lu, 2025). This
extends to the use of digital tools like chatbots in responding to customer inquiries real
time. For example; Safaricom uses the Zuri app, Equity Bank uses the Eva app and ICEA
Lion uses the Leo app to respond to customers’ queries and provide guidance on investment

decisions and opportunities available.

Digital risk management involves monitoring risks arising from digital platforms by
detecting possible threats and risks to data and IT systems (Yang et al, 2022). It entails the
use of customized mobile apps, coding, Two-factor authentication, facial recognition,
Encryption and tokenization to mitigate cybercrimes and other online threats (Ali &Panda,
2018). According to Osewe, (2020), investors are risk-averse and focus on minimizing risk
at a given level of returns. According to Mihret, (2020), Artificial intelligence and robotics
are very recent technologies and risks for our world. In developed economies, the Internet
of Things is used in fraud detection and security beefing through gadgets like CCTVs. Al

and Robo-advisors are used in risk assessment of investments with large volumes of
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complex data before engagement and thereafter to monitor to enhance effective investment

practices.

Although FinTech is widely recognized for improving efficiency, inclusion, and
performance, several empirical studies reveal that its effects can also be negative or
conditional, depending on contextual factors such as fund size, technological readiness,
and governance capacity. Empirical evidence by Li, Zhang, and Yang (2025) indicates
that increased FinTech exposure by large banks and Big Fintech firms has a crowding-
out effect on smaller firms, leading to decline in small business lending. This suggests
that technology adoption can create competitive disadvantages for smaller players with
limited digital capacity. By analogy, smaller unit trust funds may similarly struggle to
compete with larger, digitally enabled funds, thereby moderating the FinTech—

performance relationship.

Furthermore, Khorana and Qian (2023), in a paper entitled ‘The Dark Side of the FinTech
Revolution”’, stated that rapid digital credit expansion is associated with reduced bank
stability (lower z-scores), implying higher financial vulnerability. Such findings highlight
that unregulated FinTech growth can amplify systemic and operational risks, especially
where cybersecurity and data management systems are weak. Similarly, Chen and Zeng
(2023) analyzed digital transformation in banks and observed a U-shaped relationship
between FinTech development and profitability with initial adoption phases causing
short-term performance declines before efficiency gains materialize at higher levels of

technological maturity. This suggests that the benefits of FinTech adoption are non-linear,
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contingent upon organizational preparedness and the scale of implementation, a dynamic

that may equally apply to unit trust funds in emerging markets like Kenya.

From a developmental perspective, Hikouatcha et al. (2023) found that FinTech adoption
among small business managers in Cameroon did not significantly improve financial
outcomes for those with low financial literacy levels. This emphasizes that technological
capability alone does not guarantee financial performance improvement; rather,
complementary human capital and regulatory oversight are crucial. Taken together, these
studies underscore that while FinTech has the potential to enhance performance, it can
also introduce new risks, inefficiencies, and inequalities. For unit trust funds, these mixed
outcomes justify the inclusion of fund size as a moderating variable, since the magnitude
and direction of Fintech’s impact may vary across fund categories depending on resource

capacity and technological readiness.

Despite its benefits, FinTech adoption in Unit Trust Funds also presents several challenges
such as over-reliance on digital platforms exposes funds to cybersecurity threats, data
privacy concerns, and system disruptions that may undermine investor trust. Additionally,
regulatory gaps and uneven digital infrastructure can hinder consistent oversight and fair
access across different fund types. Therefore, while technology enhances efficiency and
inclusivity, strong digital risk management and regulatory alignment remain essential to

safeguard investors and sustain sector growth.

Unit funds are experiencing interruptions occasioned by the digital technology (Puri
&Singh, 2024). The emergence of technology especially in developed economies, is being
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utilized as a tool for digital transactions and trade, portfolio management, risk
management, and market expansion (Yogeshi, 2021). Through digital platforms, investors
can transact remotely on smartphones in the comfort of their homes. Clients are seen to

show a preference for digital platforms due to their convenience and efficiency.

1.1.2 Financial Performance

The performance of Unit funds has been discussed from the finance perspective referring
to how healthy a firm is utilizing its resources to generate wealth for the shareholders in
the form of profits or returns on investments (Nthimba, Jagongo & Wamugo, 2021). The
financial performance of Kenyan Unit fund sector is significant, playing an integral role in
economic development by contributing to the GDP (Ndanu & Gatauwa, 2023). The African
vision 2063 goal number four on transformed economies focuses on sustainable economic
growth, fostering sustainability and inclusiveness by use of science and technology for job

and business creation.

Financial performance has been defined by Omollo, Muturi, and Wanjare, (2018), as a
periodic review of a firm’s financial well-being aimed at determining the financial health
of the firm based on how it has utilized its available capital in the production for better
shareholder returns. Performance review is done periodically, mostly, annually by firm
management to evaluate the trend and hence make financial decisions and comparisons on
how the firm is financially performing against competitors of similar sectors (Olusuyi &

Araoye, 2017).
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According to Cheruiyot and Jagongo, (2022), different measures have been used by the
researchers to measure performance and they are classified into accounting-based and
market-based indicators by utilizing the financial ratios calculated from the firm financial
statements or otherwise through the use of market share prices. The performance is
expressed as a profit or loss, surplus or deficit, or better still as a return on investment.
Other metrics used in prior studies in evaluating the performance of Unit funds include the

Jensen’s ratio Sharpe ratio, and Treynor ratio (Satya & Wulaningrum, 2022).

Theoretically financial performance reflects how effectively an organization uses its
resources to achieve financial objectives such as profitability, growth, and shareholder
value. According to Brigham and Ehrhardt (2017), financial performance represents the
degree to which a firm maximizes wealth and achieves efficiency in utilizing its assets to
generate returns. In the context of unit trust funds, financial performance is seen through
return on Assets, returns to investors, fund growth, and risk-adjusted efficiency, aligning

with the classical profit maximization theory and the capital asset pricing model.

From a managerial and operational viewpoint, financial performance indicates the
efficiency and effectiveness of decision-making and fund management. According to
Kaplan and Norton (1996), performance must be viewed not only in financial terms but
also through strategic indicators that capture value creation, such as portfolio
diversification, liquidity, and digital integration. In this view, FinTech adoption
contributes to performance by reducing transaction costs, enhancing operational

efficiency, and improving fund accessibility and transparency.
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Empirically, financial performance is quantified using key financial ratios and indicators
including profitability using Return on Assets (ROA) which is the Net income divided by
total assets, basically used to measure efficiency in asset utilization. Another metric is
Return on Equity (ROE) which is the Net income divided by shareholder equity, used to
show the returns generated on investors assets. The study therefore defined financial
performance of unit trust funds in Kenya, as the extent to which a unit trust fund achieves
efficiency, profitability, and growth in managing investors’ assets, as reflected through

indicator; Return on Assets (KPMG. (2023).

Although Net Asset Value (NAV) is traditionally used to assess mutual fund performance,
this study employed Return on Assets (ROA) as the key measure of financial performance
to better align with the study’s focus on operational efficiency and profitability. NAV
reflects the market value of assets minus liabilities at a given point in time, making it
highly sensitive to daily market fluctuations and less indicative of managerial
effectiveness or the efficient use of assets (Kaur & Kaushik, 2016). ROA measures how
effectively a fund’s total assets generate profits, providing a broader and more stable

indicator of performance over time (Afolabi, 2020).

Furthermore, secondary data from the Capital Markets Authority (CMA) and fund
managers’ audited reports were more consistent in providing information required to
compute ROA, namely, profit before tax and total assets, across different fund categories
and periods. NAV data, however, varies widely in reporting formats and frequency,
limiting comparability across funds. Prior studies have also employed ROA as a robust
proxy for fund performance in financial technology and investment efficiency contexts
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(Ngugi, 2022; Ouma & Jagongo, 2019). Therefore, ROA was chosen because it provides
a standardized, comparable, and profitability-oriented measure that captures the real
impact of FinTech adoption on fund efficiency and performance, beyond market-based

fluctuations captured by NAV.

1.1.3 Fund Size

Fund size refers to total assets managed by the fund on behalf of investors. According to
Simiyu et al (2023), fund size affects fund performance, therefore Unit funds should strive
to attain an optimal fund size to achieve sufficient returns to justify the cost of investment.
The fund size ought to be optimal enough to achieve the preferred outcome, while avoiding
the effects of diminishing returns to information acquisition and trade, which grow negative
as fund size exceeds optimal size. Small-scale funds tend to attract diseconomies of scale

and slow down fund growth.

Fund size is commonly proxied as the total net asset under management by a fund a a given
period of time, representing the cumulative value of investor contributions and reinvested
earnings ( Chen et al, 2004). In some cases, the size of the fund speaks about its
performance. Assessing the firms’ AUM helps build investor confidence and so most
investors tend to prefer large-sized funds due to investor trust (Farid & Wahba, 2022).
Small-sized funds tend to scare away investors because it portrays a struggling fund.
Therefore, fund size is used in other economies to explain the success of Unit funds

(Nthimba et al., 2021).
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According to Simiyu et al (2023), fund size affects fund performance, therefore an optimal
fund size is preferred to achieve sufficient returns to justify the cost of investment and cope
with the effects of diminishing returns when the firm is too large, it exceeds the optimal
size and the returns become negative. Small-scale funds tend to attract diseconomies of
scale and slow down fund growth. Therefore, fund size ought to be optimal enough to

achieve the preferred outcome.

From a theoretical standpoint, fund size refers to the total value of assets managed by an
investment fund at a given time, typically measured as Assets Under Management
(AUM). According to Chen, Hong, Huang, and Kubik (2004), fund size represents “the
scale of a fund’s investment capital, determining its ability to diversify, exploit economies
of scale, and influence market performance. In mutual fund theory, larger funds can
benefit from economies of scale, spreading fixed costs (e.g., research, management fees)
over a broader asset base thereby potentially improving net returns. However, excessively
large funds may experience diseconomies of scale, where increased size reduces agility

and limits investment flexibility.

From a managerial or operational perspective, fund size reflects investor confidence and
managerial efficiency. Larger funds often attract more investors because they signal
credibility, stability, and performance history (Ferreira et al., 2013; Mutua 2022; Mugo
& Kamau 2021). Fund managers of larger funds have greater access to analytical tools,
skilled personnel, and diversified investment opportunities, enhancing performance

through improved decision-making and risk management. However, as fund size grows,
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bureaucratic rigidity and portfolio crowding can emerge, reducing the ability to exploit

niche or high-return opportunities (Pollet & Wilson, 2008).

Empirically, fund size mainly reflects the scale of resources a fund manages which
influences its performance, liquidity and efficiency. Typically measured using various
key indicators and metrics such as Assets Under Management (AUM) which refers to the
total market value of all financial assets managed by the fund on behalf of investors. It’s
considered the core measure of fund size as it reflects the funds capacity, investor
confidence and market reach larger funds are associated with economies of scale,

improved diversification and lower management costs (Wafula, 2023).

Fund size can also be measured as the Net Asset Value (NAV) which represents the per
unit market of the fund’s total assets less the total liabilities. It’s basically the difference
between total Assets and total liabilities expressed as a ratio of Units Outstanding (Elton
et al, 2012). This reflects the value per investment un. In this study fund size has been
operationalized using AUM (InAUM) representing the total market value of all assets held
under a unit trust fund management. This is consistent with prior empirical studies (Chen
et al, 2004; Ferreiea et al, 2013; pollet and Wilson 2004). In Kenya, CMA (2023) data
indicate that funds with larger asset bases often report higher returns and stability, partly

due to enhanced digital infrastructure and investment diversification.

The relationship between fund size and performance is non-linear and has been widely
studied in finance literature which presents the various ways in which fund size influences

performance. These include; Cost Efficiency where larger funds spread administrative
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and transaction costs over more assets, lowering expense ratios, however this may
introduce diseconomies of scale whereby excessive growth may increase coordination
and compliance costs. Through diversification, large funds can invest across more sectors
and instruments, reducing unsystematic risk, however, over-diversification may dilute
high-return opportunities. Similarly, liquidity and Market Power where larger funds have
capacity to negotiate better transaction terms and influence market pricing. If not checked
however this also may cause problems in adjusting portfolios quickly, especially in

illiquid markets.

1.2 Problem Statement

Ideally, Unit Trust Funds are designed to provide investors with stable returns, liquidity,
and portfolio diversification through professional fund management (Markowitz, 1952;
Sharpe, 1964). In well-developed and mature markets, the integration of Fintech through
digital innovations, advanced automated systems and real-time risk analytics have caused
transformation that enhance transparency, operational efficiency, reduce transaction
costs, and deliver superior risk-adjusted returns (Vives, 2019; Philippon, 2020). This has

strengthened fund performance and investor confidence.

In Kenya the growth of growth of UTFs has coincided with increased fintech use. However,
the empirical evidence linking fintech to financial performance remains limited. The
performance of UTFs in Kenya remains modest and inconsistent despite increasing
digitalization efforts by fund managers. Although the AUM rose from KES 140 billion in
2019 to KES 205 billion in 2023 (CMA, 2023), the corresponding financial outcomes

remain uneven, this disparity suggests that fintech-driven efficiency and profitability
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effects have not been empirically established. Pared. World Bank data reports (2023), show
that banking sector supports business funding at over 80% while Unit Trust funds remain
as low as 1%. The slow performance raises concerns on whether FinTech adoption has

translated into real performance gains.

Empirically, most FinTech studies in Kenya have concentrated on commercial banks and
microfinance institutions (Lee & Shin, 2018; Ozili, 2020; Were & Muriu, 2021), with
minimal attention given to Unit Trust Funds. The few available studies focus on adoption
patterns rather than measurable financial outcomes. Moreover, fund size, which
determines the extent FinTech enhances performance, has not been adequately explored
instead, majorly used as a performance metric. Theoretically, most studies have not
integrated TAM, Financial intermediation theory and profit maximization theory to
explain how fintech affects fund performance. Fund size though critical in moderating,

has been largely under explored, justifying the need for this study.

This study therefore sought to bridge empirical, theoretical and contextual gaps by
determining the interrelationship between Fintech integration, Fund size and financial
performance of UTFs in Kenya. The findings provide evidence-based insights for
policymakers, fund managers, and regulators on how digital transformation can enhance

efficiency, returns, and competitiveness within Kenya’s Unit Trust Funds.

1.3 Justification for the study
This study 1is justified by the persistent underperformance and volatility observed in

Kenyan UTF sector despite the rapid growth of fintech, increasing integration in Kenya’s
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investment sector and the limited empirical evidence on its actual effect on mutual fund
performance. While FinTech innovations such as digital payments, deposits, portfolio
management, and risk management are transforming financial services, their impact on
the operational efficiency and returns of Unit Trust Funds remains underexplored.
Understanding this relationship is crucial for fund managers, regulators, and policymakers
seeking to enhance performance and investor confidence. Additionally, examining the
moderating role of fund size provides new insights into how institutional characteristics

influence the effectiveness of FinTech adoption in driving financial performance.

1.4 Research Objectives
The study objectives guided the researcher, outlining the specific areas of focus centered
on the core functional areas through which the influence of financial technology, Fund

size and financial performance of Unit trust funds in Kenya was examined.

1.4.1 General Objective
The main objective of the study was be to evaluate the inter relationship between Financial

technology integration, Fund size and Financial performance of Unit Trust Funds in Kenya.

1.4.2 Specific objectives
The study's Specific objectives were:
1. To determine the effect of digital payments on the financial performance of Unit
Trust Funds in Kenya.
ii. To determine the effect of digital deposits on financial performance of Unit Trust

funds in Kenya.
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iii. To examine the effect of digital portfolio management on financial performance
of Unit Trust Funds in Kenya.

iv. To determine the effect of digital risk management on financial performance of
Unit Trust Funds in Kenya.

v. To determine the moderating effect of fund size on the relationship between

financial technology and the financial performance of Unit Trust Funds in Kenya.

1.5. Research Hypothesis

Hoi. Digital payments have no statistically significant effect on the financial performance

of Unit Trust Funds in Kenya.

Ho2: Digital deposits have no statistically significant effect on the financial performance of

Unit Trust Funds in Kenya.

Hos: Digital portfolio management has no statistically significant effect on financial

Performance of Unit Trust Funds in Kenya.

Hos: Digital risk management has no statistically significant effect on performance of Unit

Trust Funds in Kenya.

Hos: Fund size has no statistically significant moderating effect on the relationship between

financial technology and financial Performance of Unit Trust Funds in Kenya.
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1.6 Significance of the study

The study is significant to academicians, adding to the body of knowledge, contributes to
theory and simplifies the understanding of financial technology and its effect on the
financial and investment industry and adds to the scholarly work. The study is essential to
policymakers, practitioners, investors, and other stakeholders interested in the financial
performance of Unit funds. The government, the major stakeholder benefits from the
wealth of knowledge that contributes towards the achievement of Vision 2030, supports

the Government’ Digital Blue print and supports financial inclusivity.

Market players in the industry have gained access to informative insights on the use of
technology in their business processes and operations to improve on returns on
investments. This study provides industry best practices and guides the investment industry
and more specifically the Unit funds in making prudent investment decisions to enhance
performance and improve financial practice in the management of Unit funds in Kenya and
beyond. It provides in-depth insight and solutions to the issues curtailing the financial

growth of Unit funds in Kenya to unlock their potential.

1.7 Scope of the study

The study was centered on financial technology, fund size and financial performance of
Unit funds in Kenya. The study was conducted in Kenya, focusing on licensed and
actively operating Unit funds for a period of ten years from 2014 to 2023. This window
period sufficiently provided the required data to make reasonable and generalized

conclusions. The study focused on four independent variables namely digital payments,
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digital deposits, digital portfolio management and digital risk management, and the
moderating effect of fund size on the effect of financial technology on financial
performance of licensed Unit trust funds in Kenya. The choice of constructs have
empirical Authority, with literature supporting the disaggregation of FinTech into these
four constructs. Digital Payments, which is proven to enhance operational efficiency and
fund inflows (Ozili, 2018; IMF, 2021). Digital Deposits; which strengthen liquidity and
savings mobilization (Beck, 2020), digital Portfolio Management which increases fund
transparency and decision efficiency (Lee & Shin, 2018), and lastly digital Risk
Management which reduces reduces operational risk and enhances investor confidence

(Arner, Barberis & Buckley, 2020).

1.7 Limitations of the study

While this study provides valuable insights into the effect of financial technology on
performance of Unit funds in Kenya, several limitations are hereby acknowledged. First
the study experienced geographical limitations whereby it was confined to Unit funds
operating within Kenya, this limits the generalization of the findings to other areas beyond
Kenya. This may limit generalization to other regional markets, to mitigate this, the study

used a comprehensive sample that cover all active UTFs across all the four major categories

Secondly the study was limited conceptually, thus it narrowed down to only four
constructs of financial technology; digital payments, digital portfolio management, digital
deposits and digital risk management. Fintech runs on advanced technology such as block
chain, big data, machine learning, Artificial Intelligence, Internet of Things, and cloud

computing among others which were left out. To mitigate this, the constructs were derived
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from established theoretical foundations and operationalization done through validated

indicators from prior studies aligning with CMA framework

Additionally, this study was limited to panel design for secondary data and descriptive
design for primary data. There were problems with data compatibility and measurement
variation, there was a gap in using primary data to calculate secondary data. This was
identified as a major contribution to literature by using this study as a point of reference
for future studies involving such complex scenario, with suggestions for further study to
refine and adopt it as a contribution to knowledge. Furthermore, the secondary data used
in the study was sourced mainly from published annual reports from official websites and
regulatory body CMA. Mostly the financial statements are targeted towards shareholders
and hence posing a bias on the published figures. Primary data alone was a limitation in
assessing fintech effect on fund performance, therefore through data triangulation, the

study migrated on the limitation by using dual data source.

The study focused on Unit funds in Kenya, a market with its own regulatory,
technological, and economic characteristics. While this provides valuable localized
insights, the findings may not be generalizable to other contexts. This was mitigated by
inclusion of comprehensive sample through census to cover all licensed unit funds

regulated by CMA to cover representation across different fund types across ten years.
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LITERATURE REVIEW
2.1 Introduction
This chapter gives an overview of the research models and theories on which the study
variables are anchored and built under the theoretical framework. The chapter also
discusses empirical findings from previous relevant studies to bring out the research gaps
and the motivation for the study showing the knowledge gap by summarizing in a table of
research gaps. Finally, the conceptual framework capturing the effect of financial

technology, on the financial performance of Unit funds in Kenya, moderated by fund size.

2.2 Theoretical Framework

The study was guided by five theories to succinctly bring out how the three concepts of
financial technology, fund size, and financial performance are related to have a causal
effect. These theories are the technology acceptance theory, financial intermediary theory,
Mutual Fund Theory, profit maximization theory, and the Capital pricing model. This study
is anchored on the Technology Acceptance Model (TAM), other study theories are Capital
Asset Pricing Model, Financial Intermediation Theory, Mutual Fund Theory, and Profit
Maximization Theory. These theories collectively explain how the adoption of financial
technology influences the performance of unit trust funds in Kenya, and how fund size
moderates these relationships through mechanisms such as efficiency enhancement, cost

reduction, portfolio optimization, and risk management.

The relationship between digital payments and fund performance is grounded in the
Technology Acceptance Model (TAM) and the Financial Intermediation Theory.
According to TAM, technology adoption depends on its perceived usefulness and ease of
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use. Digital payment platforms improve transaction efficiency, reduce costs, and facilitate
faster remittances between investors and fund managers. The Financial Intermediation
Theory supports efficient payment systems by enhancing the intermediary role, by
lowering transaction costs and improving fund liquidity. The mechanism is that digital
payments improve operational efficiency and capital flow, which further enhances fund
performance. This aligns with rejecting the study hypothesis; Hoi: Digital payments have

no significant effect on the performance of unit trust funds in Kenya.

On digital Deposits and Fund Performance, the linkage between the two explained by
Financial Intermediation Theory and Profit Maximization Theory. Financial
Intermediation Theory emphasizes the role of intermediaries in mobilizing savings and
channeling them into productive investments. Digital deposit systems expand investor
access, reduce administrative burdens, and increase the volume of assets mobilized by
funds. Profit Maximization Theory posits that organizations pursue strategies that
minimize costs and maximize returns. Digital deposit platforms reduce transaction
overheads and support larger investment pools, improving profitability. The mechanism
here 1s that digital deposits increase fund inflows and reduce costs, potentially improving
fund performance. Hence the study hypothesis; Ho2: Digital deposits have no significant

effect on the performance of unit trust funds in Kenya.

Furthermore, digital Portfolio Management and Fund Performance supported by the
Capital Asset Pricing Model (CAPM) and Mutual Fund Theory. According to CAPM,
portfolio diversification and optimization reduce unsystematic risk and enhance risk-
adjusted returns. Digital portfolio management tools enable managers to analyze and
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rebalance assets efficiently. Mutual Fund Theory further asserts that professional
management and efficient portfolio allocation are central to achieving superior fund
returns. The mechanism through which digital portfolio management affects performance
is enhanced analytical accuracy, better risk diversification, and improved asset
reallocation decisions. Hos: Digital portfolio management has no significant effect on the

performance of unit trust funds in Kenya.

The link between digital Risk Management and Fund Performance, draws from the CAPM
and Mutual Fund Theory. The CAPM framework highlights the trade-off between risk
and return, implying that effective risk control enhances expected performance. Mutual
Fund Theory emphasizes investor protection and the mitigation of risk exposure through
prudent fund management. FinTech-driven risk management tools support these
principles by providing real-time monitoring, predictive analytics, and automated
compliance systems. The mechanism operates through early detection and mitigation of
possible risks, thereby stabilizing fund performance. This aligns with rejecting the fourth
hypothesis; Hoa: Digital risk management has no significant effect on the performance of

unit trust funds in Kenya.

The moderating Role of Fund Size, is explained by the Profit Maximization Theory which
proposes that larger organizations have greater capacity to utilize resources efficiently to
maximize returns. Similarly, RBV argues that firm-specific resources such as capital base,
technology, and expertise provide competitive advantages. Larger funds possess superior
infrastructure, economies of scale, and technical capabilities to implement FinTech
innovations effectively. The mechanism is that fund size strengthens the relationship
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between FinTech adoption and performance by enhancing resource utilization,
technological efficiency, and operational capacity. Hos: Fund size does not significantly
moderate the relationship between FinTech adoption and the performance of unit trust

funds in Kenya.

In summary, the integration of TAM, CAPM, Financial Intermediation, Mutual Fund, and
Profit Maximization theories provides a coherent theoretical justification for the
hypothesized relationships. The mechanisms of efficiency improvement, cost
minimization, portfolio optimization, and risk mitigation form the theoretical pathways
through which FinTech adoption is expected to influence the performance of unit trust

funds, with fund size acting as a moderating factor that enhances these effects.

2.2.1 Technology Acceptance Theory (Technology Acceptance Model)

The theory was pioneered by Davis (1989). This theory was utilized in all the four study
objectives to explain the adoption behavior of Unit fund personnel to technology, which
was necessary in determining the behavior towards technology adoption and use. The
theory is considered one of the most influential theories in explaining users’ acceptance
and adoption behavior to new technology. The TAM posits that the behavioral intention to
use technology is primarily determined by two key constructs namely; perceived

usefulness and perceived ease of use.

The Technology Acceptance Model (TAM) was developed to explain and predict
technology adoption behavior among users. It posits that perceived usefulness and

perceived ease of use are the primary determinants of an individual’s intention to use new
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technology, which in turn affects actual usage. Over time, the model has been expanded
by Venkatesh and Davis (2000) into TAM?2, integrating social influence and cognitive
instrumental processes. Later, Venkatesh et al. (2003) developed the Unified Theory of
Acceptance and Use of Technology (UTAUT) to account for broader determinants such
as performance expectancy and facilitating conditions. Recent empirical studies
(Chitungo & Munongo, 2013; Wanyoike et al., 2020) applied TAM to digital finance
adoption in Africa, demonstrating its robustness in predicting acceptance of mobile and

digital financial platforms.

The theory was relevant to the Study by providing the behavioral foundation for
understanding FinTech adoption among key personnel in Kenyan UTFs. It helped explain
how perceptions of usefulness and ease of use drive the uptake of digital payment systems,
online deposit platforms, digital portfolio tools, and risk management systems in the Unit
Trust Fund sector. The theory linked with all the Independent Variables; digital payments,
digital deposits, digital portfolio management, digital risk management. The moderating
Variable: Fund size may influence adoption intensity due to resource capability
differences. The dependent Variable; Financial performance, the theory was used to

reflect the enhanced operational efficiency and returns.

According to Erdogan (2024), TAM when used in the context of developing economies,
provides a practical model for understanding the limited but growing usage of fintech in
the investment sector. The theory further supported the transition from the traditional
methodologies of trade to the modern digital world of business as expressed through the
primary data responses. It supported the findings of the four objectives on digital payments,
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digital deposits, digital portfolio management, and digital risk management where most
funds were reported to transact and invest remotely using digital platforms, smart apps,
digital portfolio management, in data analysis, and risk management. The theory explained

the behavioral perceptions of Unit fund personnel on fintech integration and use.

The TAM was used to how the acceptance of technology is influenced by usability and
performance expectations (Venkatesh &Davis, 2000). It helped explain the technology
uptake levels and the behavioral perception of the fund managers. The findings revealed a
significant positive effect of financial technology on the financial performance of Unit
funds. Fund managers’ strong perceptions of fintech’s usefulness confirm TAM's view that
perceived benefits drive adoption and, in turn, influence financial outcomes, even when
actual returns are more modest. It contributes to the prediction and understanding of the
causes of either accepting or rejecting the use of technology in an organization or firm. The
theory points out the perceived use of Fintech and the effect on the Unit funds’

performance.

According to Hazeem (2022), the TAM perspective has been widely incorporated in
previous studies to show how the behavioral intentions of the technology user to ultimately
accept it depends on the users’ belief and ability to use the technology effectively. Other
theories applicable to financial technology, its adoption in firms and its disruption in
traditional financial procedures and processes include Innovation Diffusion theory,
Schumpeter theory of Innovation, and disruptive innovation theory. However, these
theories have not adequately explained financial technology thus, have not evolved

regarding financial emerging issues which are common among Unit funds.
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The theory provided a useful framework for understanding how Unit trust fund managers
and other personnel respond to adoption and integration digital innovations. The adoption
of such technologies depends on the users’ perception of their efficiency, convenience,
and reliability in improving fund performance and investment decision-making. When
fund managers perceive fintech tools as useful in enhancing operational efficiency,
reducing transaction costs, and improving portfolio tracking, they are more likely to
integrate them into their fund management practices. Investors can be facilitated with
digital investment platforms and apps for convenience and transparency to encourage

investor engagement and confidence (Hazeem, 2022)

Furthermore, the study provides a theoretical foundation by extending the application of
TAM from individual-level adoption to the institutional context of Unit trust funds. This
extension acknowledges that technology adoption decisions in financial institutions are
often strategic and influenced by organizational structures, regulatory frameworks, and
fund characteristics such as size and resources. Moreover, the study positioned Fund size,
to be influencing how fintech innovations are perceived and utilized. Larger funds may
have greater capacity to invest in advanced digital systems, while smaller funds may
perceive technology as costly or complex to implement (Wafula, 2023). TAM framework
provided a theoretical foundation for examining how perceptions of usefulness and ease
of use drive the adoption of fintech solutions and, consequently, influence the financial

performance of Unit Trust Funds in Kenya

As an anchor theory TAM framework further aligns closely with other financial theories
used in this study. The classical profit Maximization theory postulates that firms operate
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with the main aim of optimizing profits by using available resources optimally and
minimizing costs. Fintech integration supports this goal by enhancing operational
efficiency, reducing transactional costs and improving returns by use of digital platforms
in making payments, deposits management of investment portfolios and risk mitigation.

Similarly TAM aligns with MFT, which emphasizes on diversification, professional
management of portfolios, and economies of scale to achieve superior returns. TAM
highlights how digital platforms facilitate efficient portfolio management and

diversification, to enhance investor engagement and confidence.

The TAM also aligns with Financial Intermediation Theory which explains how Unit trust
Funds act as middlemen by channeling funds from surplus to deficit unite efficiently.
Fintech complements this important function by providing digital platforms that reduce
information asymmetry, lowering transactional charges and enhancing accessibility
through digital platforms. Thus supports the role of Unit Trust funds in mobilizing

resources and efficient capital allocation.

Finally TAM also blends well with the CAPM which explains expected returns in the
context of related risks. The alignment of CAPM to TAM suggests that when the fund
personnel perceive that digital risk management tools and platforms are useful and easy to
use, then they end up making informed decisions that enhance risk adjusted returns.
Collectively all the theories used in the study complement each other in explaining how
fintech adoption driven by user perception contributes to profit optimization through

efficient intermediation, better portfolio management, and improved risk-return balance.
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The theory was consistent with the findings on all the variables and helped explain the

acceptance and utilization of technology in Unit funds.

2.2.2 The Financial Intermediation Theory.

The theory advanced by Gurley and Shaw (1960), builds on the notion that intermediaries
serve to reduce transaction costs and informational asymmetries. It was later developed
by Diamond (1984) and Allen & Santomero (1998). This theory explained how UTFs
serve as intermediaries between savers and investors, facilitating efficient allocation of
funds by reducing transaction costs and information asymmetry. Diamond (1984)
emphasized delegated monitoring as a key function of intermediaries, while Allen and
Santomero (1998) advanced the idea of functional intermediation, showing how

technology reshapes financial intermediaries’ roles.

Modern research demonstrates that FinTech innovations have redefined the
intermediation process by introducing digital channels, enhancing transparency, and
lowering intermediation costs. (Frame, Wall & White, 2018; Ozili, 2023). The theory was
relevant to this study to explain the main role of UTFs and how fintech can be integrated
into the process to enhance efficiency. In Kenya, FinTech platforms licensed by the
Capital Markets Authority (CMA) such as KOA, Moneta, and Chumz have digitized fund
operations, enabling wider reach and cost efficiency. This theory supports the
conceptualization of FinTech as a tool for enhancing intermediation efficiency and fund

performance.
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Linked to Variables to digital payments, digital deposits and digital portfolio
management, it explains the FinTech mechanisms that reduce transaction costs and
improve fund flows. The intermediation process creates efficient markets and lowers the
cost of conducting business. Unit funds act as financial intermediaries by connecting with
clients through mobilizing funds from individuals with excess money to invest and engage
in financial markets by purchasing stocks, bonds, real estate, and other assets and

henceforth create efficient markets.

According to Ndumbuisi (2018), the primary role of financial intermediaries is to create a
platform for the mobilization of savings and extension of credit facilities to worthy
borrowers for investment purposes. The intermediation function promotes economic
growth by providing opportunities for business expansion. Financial intermediation theory
has been significant to this study in bringing out how digital payments and digital deposits
reduce transaction costs and enhance capital mobilization. Thus, Unit funds can amplify

their efficiency and market-reach through digital innovations to reduce unnecessary costs.

According to Boot and Thakor (2010), the emergence of digital technologies enhances the
efficiency of the intermediation theory. This theory is suitable for this study as it helped
explain the intermediary role played by Unit funds on the financial markets in enhancing
economic development. The theory supports and explains all the independent variables
being the fintech constructs centered on the four main functional areas of a business entity
mainly, payments, deposits, business operational strategies and risk management
especially in Unit funds. It brings out credible insights on the benefits that a firm enjoys

from fintech when integrated in business processes such as solving the problem of
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transaction costs and information asymmetry hence creating efficient markets free of undue

influence by the middlemen.

2.2.3 The Classical Profit Maximization Theory

Also called the Neo-Classical economic theory of the firm, was developed by Adam Smith
in 1977, and was later formalized by Alfred Marshall in 1890. The proposition of the theory
is that the main objective of any business is to maximize profits which is defined as total
revenue less total costs. It states that every business person would act in self-interest to
maximize profit as an ethical mandate and by so doing increase the aggregate benefit of
the society as a whole. According to Marshall profit maximization occurs at a point where
Marginal cost equals marginal revenue implying that the firm has allocate resources

efficiently for maximum returns.

The theory supports the main goal and core principle of every business including Unit
funds, which is making the highest profits possible by employing prudent investment
strategies, guided by two universal laws; improving profitability and increase shareholder
wealth (Jensen, 1968). Fintech use improves revenue and cut down on costs both
translating to profit maximization (Nyabuto, 2023). Although the classical profit
maximization theory was developed within the field of economics, it remains relevant to
this study because it provides sound theoretical foundation for examining the financial

performance of Unit Trust Funds.
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Performance is an economic outcome measured in monetary forms, therefore this theory
explains the pursuit of profits providing a logical and conceptual grounding. Furthermore,
the UTF’s operate within competitive markets where fund managers use possible efficient
ways to maximize profits and investor wealth. In this study the theory is used to explain
fintech as a tool for profit maximization. Digital tools and platforms enable fund managers
to reduce transaction costs, enhance operational efficiency, market reach, and enhanced
decision making through real time information flow. Fintech adoption therefore aligns with

the classical profit motive through technological efficiency and innovations.

The study introduces new theoretical depth by aligning the moderating role of fund size
with the Classical Profit Maximization Theory. Larger funds derive greater performance
benefits from fintech arising from economies of scale and access to resources and technical
expertise. This is consistent with the notion that firms maximize profits by optimizing scale
and resource deployment (Wier &Erasmus, 2023). However, the diminishing returns
observed in digital risk management among oversized funds echo the theory’s caution
about diseconomies of scale and need to use tailor made fintech solutions that align with

business strategies and financial capability.

The study findings reveals that by employing fintech tools, the fund is likely to experience
enhanced performance as evidenced by the positive effect of fintech on performance, this
aligns with Nyabuto (2023) who concluded that fintech innovations improve performance
of investment firms. This theory supports the study findings by pointing out how the four
independent variables; digital deposits, digital payments, digital portfolio management and

digital risk management positively influence the ultimate goal of profit maximization.
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2.2.4 The Mutual Fund Theory (MFT)

Also called the two-fund or separation theory, the theory was developed by James Tobin
and Harry Markowitz, (1955). The MFT explains the operational and behavioral principles
underlying the formation, management and performance of unit funds. The theory acts as
an investment strategy that recommends the construction of optimal portfolios that reduce
risk exposure by diversification aiming at gaining other advantages while maximizing
returns. This theory is the foundation of the collective investment schemes based on the
concept of investors benefiting by pooling resources (Reilly & Brown, 2012). It works by

holding given assets in appropriate ratios to enhance high returns.

The MFT is attributed to the Modern Portfolio Theory (MPT) which proposes that investors
can construct efficient portfolios that maximize expected return for a given level of risk
through diversification and optimal asset allocation. MFT is grounded on the same logic
and puts this into practice by institutionalizing portfolio diversification in UTF’s. The MPT
provides the analytical foundation for portfolio construction while MFT provide the
institutional context and practical framework for implementation. In this study the MFT
is more practical and therefore helps translate the theoretical into real world investment

decisions. Guiding the fund managers in daily operations.

The study clearly demonstrates that digital portfolio tools influence diversification and
performance through portfolio construction, driven by digital systems. The use of MFT
provides a platform to further evolve the theory to account for technology’s role in
optimizing returns while managing risk. According to Arner, Barberis and Buckley,

(2016), the theory provides a relevant base to understanding financial technology as a
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modern enabler shaping investor behaviour, fund efficiency and overall fund performance.
The theory supports the third and fourth objectives of digital portfolio management and
digital risk management by illustrating how Unit funds can use technology to build their

portfolios in a manner that maximizes return and reduces risks through efficiency.

The theory is relevant to this study as it provides guidelines to investors in making wise
investment decision that involve choosing between available options on the market to
achieve a return that justifies the cost of investment. According to Iraya and Wafula,
(2018), portfolio diversification improves fund performance. It explains the need for
aligned business strategies in constructing optimal portfolios by holding Unit fund products
in appropriate ratios to maximize returns. This theory affirms that performance of Unit
funds is the key driver of fund growth and investor retention. Fund managers are guided
on how to integrate fintech in business models and strategies to enhance fund performance

(Sironi, 2016)

2.2.5 The Capital Asset Pricing Model

Though CAPM focuses on market risk, the study uses its principles as a framework to
explain how fintech enabled risk management can help reduced overall risk and so enhance
fund performance. The CAPM is used to price highly risky assets. Developed
independently by Sharpe (2004), Lintner (1965), and Mossin (1966), CAPM measures the
risk and expected return on an asset. According to filings by Kenton, (2023), the goal of
the CAPM formula is to evaluate whether a stock is fairly valued when its risk and the time
value of money are compared with its expected return. In other words, knowing the

individual parts of the CAPM helps to gauge whether the current price of a stock is
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consistent with its likely return. According to Mang’eli and Ouma (2017), the CAPM
model offers a valid and effective tool for the analysis of risk adjusted performance of Unit

funds in Kenya.

According to Farma and French, (2004) the use of Capital Asset Pricing Model (CAPM)
helps evaluate if Unit funds are leveraging financial technology to outperform their
competitors on risk adjusted basis. CAPM is a financial model that calculates the expected
rate of return for an asset or investment, it describes the relationship between systematic
risk and expected return for assets. It establishes a linear relationship between the required
return on investment and risk. The model is based on the relationship between an asset's
beta, the risk-free rate (Treasury bill rate), and the equity risk premium, or the expected
return on the market minus the risk-free rate (Mona, 2014). The model considers only one

macroeconomic variable which is the return and risk on the market

The findings of the study relate to the Capital Asset Pricing Model (CAPM), particularly
through the role of digital risk management in controlling portfolio volatility. Although
ROA is not risk adjusted, CAPM has been used to set a benchmark for the minimum returns
the fund should earn given the exposure to market risk. ROA shows actual performance
demonstrating how efficient UTFs Assets generates income. This helps asses if UTFs are
generating sufficient compensation in line with the funds risk appetite. Therefore, is ROA
is greater than the CAPM expected returns, it translates that the funds earns more to cover

all risks demonstrating efficiency and technology advantage.

CAPM therefore shows that fintech tools not only manage risk but also enhance risk-

adjusted returns, extending CAPM's relevance in the digital finance era. In this study, this
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model is linked to the third and fourth objectives of determining the effect of digital
portfolio management and digital risk management on financial performance. It
demonstrates the concept of utilizing digital tools in building optimal portfolios and later

on in computing the portfolio performance.

2.3 Conceptual Background

This section presents the study variables and how the independent variables; digital
payments, digital deposits, digital portfolio management, and digital risk management are
linked to the dependent variable. It discusses the effect of financial technology in its
disaggregated form proxied by four fintech dimensions centered on key functional areas
of fund operations to assess the effect of fintech along the digital value chain. The study
reveals a positive effect of financial technology on the financial performance of Unit
funds in Kenya. Four dimensions of financial technology; digital payments, digital
deposits, digital portfolio management, and digital risk management form the first four
objectives of the study. All of them showed a positive effect on financial performance.
The dependent variable was represented by the return on assets while the moderating

variable, fund size, was proxied by assets under management.

Using both primary and secondary data indicators enhanced the study’s internal validity
and enabled triangulation of findings. The primary data captured fund managers’
perceptions and internal processes regarding FinTech adoption, while the secondary data
provided objective financial outcomes and measurable performance proxies translating to

reliable statistical evidences. This mixed-measurement approach aligns with recent
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studies (Rahi et al., 2022; Almeida et al., 2022) that recommend combining perceptual

and financial indicators when analyzing technology-performance relationships.

2.3.1 Financial Technology and Performance of Unit Trust Funds.

Financial Technology is the use of modern digital tools to provide new and improved
financial services (Thakor (2020),). Part of the motivation for the emergence of Fintech is
that, while financial information technology has made business processes efficient and
more functional, the impact on financial performance especially in the local context has
not been evident (Chege, Wang, & Suntu, 2020). Financial Technology enhances the
provision of financial services more effectively (Kumar & Ali 2020). This implies that
FinTech is a concept with an enormous positive impact on business processes and therefore

attracts lots of attention due to its posterity effects.

Research shows that Financial Technology provides a wide range of technology solutions
to improve efficiency, speed of reaction, and customer satisfaction (Muttai, Njoki &
Muchira, 2023). The Statista (2023) defines financial technology as the use of technology
to improve and automate traditional financial services and processes. This includes digital
payments, digital wealth management, online deposits and banking, peer to peer lending,
digital wallets, and financial management tools. Fintech companies often use advanced
technologies such as artificial intelligence, blockchain, and big data to create new financial
products and services that are more efficient, accessible, and user-friendly than traditional

financial institutions (Ibrahim, 2021).
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The Fintech market includes startups, established financial companies, and companies that
use technology to disrupt and innovate in the financial services industry. According to
Imerman and Fabozzi (2020), FinTech can be divided into eight industry segments that
perform specific roles. They include; Digital wealth Managers (Al and Robots), digital
payments and money transfers, digital deposits and banking, capital markets innovations,
FinTech lending, equity crowdfunding, InsureTech (for the insurance industry), and
PropTech, (property and real estate industry). These Financial technologies stimulate the

growth of investment firms and enhance performance (Ndichu & Kariuki, 2021).

The development of new technologies, innovations, and digitization is becoming a
challenge that the financial sector must face (Yudaruddin, 2023). The shift in customer
needs and expectations due to the dynamic business environment with evolving market
trends can influence a new approach toward investor relations. Digital investment
platforms are also expected to grow in popularity, as more individuals seek to manage their
finances online. The rise of digital assets is likely to continue, as these trends reshape the
financial landscape. Overall, the FinTech market is expected to remain dynamic and
innovative, with new solutions and services emerging to meet evolving consumer needs

(Kenya Market Forecast report, 2023).

The service industry, especially the investment sector has shown great gains from the use
of technology in its operations (Yogesh, 2021). In the global market, in countries like India,
Germany, and Pakistan, a positive impact both on the clients and the firm's performance
has been recorded, (Akasha &Manda, 2021). Caught in the web of digitization, the Unit

fund industry has begun to use technology intelligently across all its processes - fund
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management, executing transactions, and customer servicing. Digitization of the payment,
deposits, asset management, and risk management spectrum is the key to the industry's

meteoric rise in recent years (Liu et al, 2024).

According to the China Securities Regulatory Commission, open-end funds accounted for
about 90% of the total Unit funds at the end of 2019, and the number grew to more than
5,600 with nearly 4,000 listed companies in the Shanghai Stock Exchange and Shenzhen
Stock Exchange (Yue,Zhao & Shan, 2023). Ruhaini, et al, (2020) states that financial
technology eliminates informational asymmetry common with financial intermediaries and
solves problems of market imperfections that prevent investors from trading directly with
each other in an optimal way. Yu et al. (2023) concluded that the major source of market
imperfections is information asymmetry, FinTech fills information gaps between savers
and borrowers by providing a comparative informational advantage. Fintech provides a

digital payment, settlement, and clearing platform that enhances service delivery.

Industry filings by Statista Market Insights (2023), reveals that the structure of financial
technology includes five markets which include digital payments, digital investments,
digital capital raising, digital assets, and neo-banking. Digital payments include digital
trade transactions, mobile point-of-sale payments, and digital transfers. Digital investments
include Robo-advisors and neo-brokers. Digital capital raising consists of crowdfunding,
crowd investing, crowd lending, and marketplace lending and the neo-banking segment
focuses on digital banks. This suggests that the marketplace is rapidly growing digitally

and financial technology is the appropriate vehicle to provide the digital trade platform.
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Financial technologies are offering a host of technological solutions geared towards
achieving convenience, faster turnaround times, and operation efficiency (Fernando, et al,
2016). Financial technology has affected various firms in the financial sector including the
banking sector through monitoring savings, and credit scores, provision of banking
services beyond traditional banking, faster transactions, mobile transfers, use of
cryptocurrencies, and also mobile lending to individuals and small market enterprises using

data analytics (Yang & Liu, 2016).

Changing expectations from investors and the market dynamics as a whole are shaping the
Unit fund industry at high speed. According to the PWC report 2023, the Unit fund industry
is expected to modify its product offerings to meet the demands of the new breed of young
tech-savvy investors while complying with regulations and seizing investment
opportunities. Firms also need to look for innovative ways to attract and retain investors,
through apps, social media, new distribution channels, model portfolios, and digital
platforms. The KPMG (2024) report on Pulse for Fintech on current developments for the
registered fund industry focuses on the quickly evolving industry and the impact of the
changes on the management of the funds. The generative artificial intelligence section of
the edition focuses on how Al impacts funds, governance of risks, and the evolving

regulatory.

According to Kumar and Ali, (2020), the use of advanced technologies like robots and Al
in business operations and processes has enabled many firms to reduce wastages in terms
of inaccuracies thereby improving efficiency. Digital tools are utilized in enterprise content

management to assist firms in processing large data, organizing, classifying, checking
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errors, and managing and distributing data and information that ultimately aid in portfolio
management. According to Sankararaman, Ragothaman, and Jigar (2020), most Unit funds

that utilized financial technology in their business operations registered a positive return.

In this study, financial technology is discussed and narrowed down to four constructs which
are digital payments, digital deposits, digital portfolio management, and digital risk
management. The constructs are centered on the four main functions of business set-up.
The primary data was got from responses from fund personnel while secondary data was
from published financial record on CMA websites. The findings reveal a positive effect of

fintech on the financial performance of Unit funds in Kenya.

2.3.1.1 Digital payments

This study revealed that digital payments have a positive effect on the financial
performance of Unit funds in Kenya. Conceptually, digital payments refer to the use of
electronic platforms such as mobile money, online transfers, and payment gateways to
facilitate investment contributions and redemptions in unit trust funds. Primary data
measurement was done through the responses that rated the extent to which their funds
used mobile payment apps and systems, payment portals, and automated settlements (e.g.,
M-Pesa, Airtel Money) on a 5-point Likert scale ranging from “strongly disagree” to
“strongly agree.”. Secondary data measurement for digital payments was proxied by the
value of fund inflows received through electronic payment channels, calculated as a

proportion of the amounts reported in fund annual reports and CMA filings.
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Digital payments channels form part of the key areas where FinTech has made significant
advancements, offering new and innovative solutions for transferring money and
conducting transactions (Bams, 2018). These advancements in digital payments have not
only transformed the way individuals and businesses make transactions but also have an
impact on the financial performance of Unit funds (Haruthai, & Samanchuen, 2023).
Research has shown that the integration of FinTech in the Unit fund industry has the

potential to enhance the financial performance of these funds (Yogeshi, 2021).

According to Yu, Zongdu, and Wengiao (2025), financial technology has reshaped the
structure of the financial service industry. The use of technological factors in financial
services occurs mainly in payments, investments, loans, and insurance. Modern
information technologies aid in the implementation of new solutions for businesses while
financial tools support planning personal finances through digital payments via an
automatic advisor that makes decisions on behalf of the client (Waliszewski, 2020). These
digital payments are done through mobile devices, smartwatches, and the internet. This
trend is leading many to believe that digital payments could replace the traditional cash

method.

According to the report by Statista Market Insights (2023), the FinTech market is rapidly
evolving, with digital payments, digital investment, digital capital raising, digital assets,
and neo-banking emerging as some of the most significant trends. Digital payments have
seen an unprecedented surge in popularity, with consumers increasingly relying on mobile
payment solutions for their day-to-day transactions. Digital investment platforms are also

gaining traction, with individuals seeking low-cost and easy-to-use investment options.
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Additionally, digital capital raising has become an attractive option for startups and SMEs,
as it provides an efficient way to access funding. Digital payments are likely to remain a
dominant trend, as consumers increasingly prefer the convenience and speed of mobile
payment solutions (Emara &Zhang 2021). Digital investment platforms are also expected

to grow in popularity, as more individuals seek to manage their finances digitally.

According to Varlamova, Larionova, and Kolesnikova (2023), the financial sector has not
been immune to the impacts of digitalization, with many segments developing rapidly
through the use of a variety of digital services. Digital payments have transformed how we
consume goods and services and even how we split bills with friends. Security, speed, and
convenience are some of the many advantages afforded by the digital world that have led
to its popularity. Digital payments have become the preferred mode of payment for many

especially sending money from the diaspora (Ahmed, Mughal, & Martinez, 2021).

The rise of digital payment platforms, which are closely linked to e-commerce and new
consumer habits points to a cashless society (Ali &Panda, 2018). They can be partially
digital, primarily digital, or fully digital. They are done through various modes such as
bank transfers, mobile money, QR codes, and payment instruments such as credit, debit,
and prepaid cards. Generally, they are considered to be secure, convenient, easy, fast, and
proven. According to Oney's survey of payment habits in Europe, respondents in Spain use
more alternative payment methods while the majority prefer using bank cards. According
to Statista (2023), 47% of Asian Internet users in 2018 paid with their mobiles, compared

to 30% of Europeans.
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The preference for digital payments won't stop increasing, according to forecasts from
Statista (2023), in 2017 there were 2,454 billion users globally and in 2022 this reached
4, 160 billion users. It is estimated that by 2027 digital payments are expected to be used
by over 5,480 billion people, which allows for increased financial inclusion. Such growth
is partly due to the benefits that digital payments can offer. According to Yu &Zhang
(2022), the COVID-19 pandemic has accelerated the adoption of digital payments globally.
According to the Kenyan Wall Street (2023), there is a rise in the use of digital platforms

in the post covid period.

2.3.1.2 Digital Deposits

Digital deposits refer to the use of electronic means through online applications to deposit
funds into one's account for investment purposes. Digital deposits denote the mobilization
of investor funds through electronic platforms that allow online account opening, top-ups,
and withdrawals. Primary data measurement was done using questionnaire which
captured the degree of automation in deposit processing, existence of online or mobile
account opening, and use of digital deposit tracking systems. Secondary data
measurement was proxied by portion of transactions done digitally, measured by fund-
level data on net inflows and deposit volumes disclosed in CMA quarterly bulletins and

audited financial statements.

According to Ali and Panda, (2018), paperwork slows down and complicates the entire
investment process since one has to physically look for an agent to facilitate the
documentation process to allow for deposits. Paperless transactions allow an investor to
make online digital investment deposits from their comfort zones. Digital platforms also
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allow the investor to redeem the funds online without visiting the asset management
company (Agarwal & Chua, 2020). This enhances efficiency and effectiveness in business

processes.

The OECD report (2020), states that the use of new technology has important implications
for the welfare of market participants that may lead to lower financial intermediation costs
in lending, payment systems, financial advising, and insurance, along with better products
for consumers. Digital deposits use the latest security measures to offer high-quality
protection against fraud. The digital deposits can be done day or night from anywhere with
the availability of an Internet connection. This allows high returns since the money works
for you sooner since the transactions are simplified by the use of smartphones (Fourth
Capital Bank Report, (2023). According to Lei, Dongli, and Youngbin, (2023), Continuous
updates to mobile banking features and functions are necessary in maintaining and

enhancing the digital level of banks, which drives the growth of deposits.

The financial services are accessed by the digital account holders using mobile phone apps,
websites, debit/credit cards, or other means without using cash. Digital accounts enable
users to make digital deposits into their accounts for purposes of saving, borrowing, and
performing other transactions. A survey done by Fin Access Household survey (2019),
revealed that digital deposits through loan apps are the third most common source of credit.
Kenya's high mobile phone penetration is projected to increase financial inclusion and
hasten digital economy adoption. This study's findings revealed a positive effect of digital

deposits on the financial performance of Unit funds.
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2.3.1.3 Digital Portfolio Management

Digital portfolio management refers to the use of technology-driven tools such as robo-
advisors, algorithmic allocation systems, and online dashboards for monitoring and
rebalancing fund portfolios. Primary data measurement was done by allowing respondents
rate the extent of adoption of automated portfolio monitoring systems, digital investment
dashboards, and algorithmic advisory tools on a Likert scale. Secondary data
measurement construct was proxied by portfolio return and portfolio turnover on digitally

traded assets.

A study done by Tamplin, (2023), shows that Portfolio performance evaluation is an
essential aspect of the process of investment. It allows investors and portfolio managers to
assess the effectiveness of their investment strategies. This helps in monitoring to
determine whether the chosen investment strategy is achieving the desired risk and return
objectives. Portfolio Performance is a tool that helps visualize a portfolio's gains or losses
over a given period and easily compare them to a selected benchmark. Measuring portfolio
performance involves monitoring and analyzing return and risk. Several metrics such as
portfolio return, portfolio turnover, Sharpe ratio, Jensen's Ratio, and Treynors' ratio are
used to gauge the progress of the investments over time. A study by DeMiguel et al,
(2009), shows that portfolio return and portfolio turnover are the most appropriate in

evaluating portfolio performance.

Portfolio management involves Risk Assessment, return assessment, risk-adjusted
performance, benchmark comparison, and attribution analysis. Risk assessment involves
evaluating portfolio performance by assessing the level of risk taken by the investor
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(Tamplin, 2023). This can be done by examining portfolio volatility using standard
deviation metric or other risk metrics, or by determining the correlation of the portfolio's
returns with the broader market. Return assessment involves analyzing the returns
generated by the portfolio over a specific period. This is done using measures such as
absolute returns, relative returns compared to a benchmark, and risk-adjusted returns that

that consider the risk levels involved.

Financial technology has been utilized in many firms especially from the developed
economies to enhance the process of portfolio management causing improvement in asset
management services to retailers by use of simplified technological systems. Digital
portfolio management involves the using complicated algorithms in decision-making and
managing portfolios using of Al and robots (Tiberius, Gojowy &Dabic, 2022). A report by
Statista Market Insights (2023) states that the largest market is projected to be Digital
Investment in portfolio management with Assets Under Management of US$41.05m by
the end of 2023, with mean asset under management per user in the Digital Investment
market projected to 31.97 UD dollars by end of 2023. The Digital Assets market has a
projected growth in revenue at 32.4% by 2024, while digital users projected at 39.14

million by 2027.

In wealth and portfolio management, fintech entails utilizing advanced technology such as
Robo-advice, the Internet of Things, insure-tech, and digital lending services in business
operations (Altrock, Mention, & Hedge, 2022). Robo-advice technology is based on

advanced algorithms using artificial intelligence and tools for analyzing large data sets.

63



The use of Robo-advice contributes to cost reduction in advisory services making them

available to massive potential investors, (Jones, 2019).

A study by Coombs and Redman (2018) on Impact of Robo-Advice on Financial Advisers
concludes that the emergence of new powerful technologies in wealth management such
as artificial intelligence and robotics means that managers need to decide on the balance
between humans and technological inputs. Artificial persons seem to be taking over the
roles of financial advisors where options like full technology-driven services replace full

human-driven roles Lariviére, 2017).

In wealth management, advanced digital tools like Robo-advice are used in the generation
of trading signals about financial instruments (Tanda & Schena, 2019). This digital tool is
used as a computer program to assess, analyze, and learn the users' preferences and make
financial investments on their behalf (Thorun & Diels, 2020). Prudent portfolio building,
with optimum returns, is the preferred position for both investors and investing companies
(Jung, Glaser, & Kopplin, 2019). Robo-advisors are mostly considered significant and
disruptive in managing of assets and wealth (Beketov, et al, 2018). According to Tiberius
et al, (2022), the investment decisions and general financial advisory roles can be done

automatically by Robo advisors.

The need for Fintech integration is underscored by the highly evolving technology in the
finance sector. It is therefore interpreted that FinTech integration is key in the financial
environment in terms of posterity. Digital investment platforms are reported to be gaining
traction and becoming the new mantra for the Unit funds that use them for asset

management. Individual investors prefer adopting less costly and more client friendly
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investment options that allow for ease of monitoring of their investments (Ali & Panda,
2018). Fintech through digital platforms has disrupted the traditional methods of trade by
availing to the market more innovative, client-centered solutions that meet the needs of
modern digital-savvy clientele (Statista Market Insights report, 2023). This is in align with
the study’s findings that reveal that digital portfolio management enhances Unit fund

performance in Kenya just like in the global and regional markets.

2.3.1.4 Digital Risk management

In this study, digital risk management was captured by the adoption of digital systems for
identifying, monitoring, and mitigating financial and operational risks through real-time
analytics, cybersecurity tools, and compliance software. Primary data measurement by
questionnaire items assessed the presence of cybersecurity measures, digital compliance
systems, and risk analytics dashboards used by fund managers. The digital apps were
used as observable proxies as they form the channel through which digital transactions
are made, the activities on the apps captures the economic activities of the fund (value of
the transactions per period). Secondary data measurement was proxied by volatility of
fund returns (measured using the standard deviation of annual returns) and value of

reserves for risk management

Risk management involves highlighting and quantifying risk to ensure consistency with
the desired risks to provide critical information necessary for performance evaluation.
According to Giudici (2018), in a study on fintech risk management, Investment risk
models help a portfolio manager understand how much the value of the portfolio is likely
to change given a change in a certain risk factor. They also provide insight into the gains
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and losses the portfolio might reasonably be expected to experience and the frequency with
which large losses might occur. A study done by Mudanya, Kadima and Miroga, (2022),
reveals that effective risk management requires the application of judgment and experience

to appreciate the strengths and limitations of the models.

A study by Lopez et al (2024), reveals that risks are broadly classified into two major
classes; systematic risk and unsystematic risk. Systematic risks are inherent risks that exist
in the stock market. Also referred to as non-diversifiable risks meaning they can't be
mitigated, or market risks meaning they impact the entire asset class. Systematic risks are
typically due to various external factors like the current geopolitical situation, monetary
policy, and natural disasters (Honnesh &Shailaja, 2023). They include interest rate risks,
market risks, or inflation risks (purchasing power risk). Interest rate risk results from a
change in the market interest rate and mainly impacts fixed-income securities, like bond

prices and asset-backed securities.

Unsystematic risks, firm-specific risk, or diversifiable risk/residual risk, are unique to a
specific company or industry. These risks arise due to various factors that affect only the
particular organization but not the entire market. Examples include cybercrimes and related
risks labor unrest at a factory, regulatory changes, and shortages of raw materials. They
can be controlled, minimized, and even avoided by an organization; they are of two types;
business risks and financial risks. According to Reddy and Kumar, (2025), business risk
includes any internal factors that affect a company's revenue and performance while
financial risks relate to a company's debt and equity whereby a negative debt-to-equity

ratio is a sign of bankruptcy.
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This study delved deep into determining the effect of financial technology on performance
by evaluating if when fintech, is utilized in risk management can enhance performance.
Digital risk management involves the use of modern advanced technology to manage and
mitigate risks. According to Kumar, (2015) in a study on portfolio management and Unit
funds analysis based in India, Unit funds normally don’t promise certain returns but it all
depends on firm performance. The investment entails a measure of risk factor whereby unit
measure varies with firm performance. Also, government regulations may affect a given

industry adversely affecting its performance and ultimately reporting losses.

Digital disruption has made its way to the Unit fund sector, adopting a digital strategy helps
the Unit funds to address the concerns of today's dynamic digital world while remaining
agile enough to outpace evolving changes of the future. Technology has always played a
crucial part in the financial sector however current speed of change demands that firms be
more agile than ever before. Digital solutions are seen to transform compliance and
reporting in terms of digital risk management by turning raw data into strategic insights
that can drive change in firms (FSD Kenya, 2023). According to Price Water Coopers
(2022), strange shifts in core technologies have seen most firms preparing for disruptive
changes to their operations shortly. Firms aim to achieve faster, smarter, and more efficient
processes by leveraging technology in performance analytics, customized analytics, and

predictive modeling to prepare ahead and combat any emerging risks.

Developments in Fintech are shifting the provision of traditional financial services to
digital processes. Besides the benefits and opportunities, weaknesses also emerge posing

potential threats to financial systems (Milena & Luburi¢, 2022). Advanced technological
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tools are being used in developed nations for risk management purposes where they are
utilized in making risk estimations and risk assessment (Kumar & Ali, 2022). Digital tools
can anticipate and detect fraud, malicious transactions, and other potential cyber-attacks so

risk management strategies remain very vital.

Risk-adjusted performance metrics allow investors to evaluate the effectiveness of a
portfolio by considering both the returns generated and the level of risk taken to achieve
those returns (Honnesh &Shailaja, 2023). This helps determine whether a portfolio is
generating sufficient returns for the level of risk taken. Benchmark Comparison involves
comparing funds’ performance to a relevant benchmark as a common practice in
performance evaluation. This allows investors to determine whether the fund is
outperforming or underperforming the market or its peers, providing valuable insight into

the effectiveness of the investment strategy (Tamplin, 2023).

A study by Amira, Alala, and Musiega, (2023) on the Influence of management of
Liquidity Risk on the performance of Banks in Kenya, concluded that effective risk
management enhances high-quality, and increased, stable net interest income flow for
banks. Firms that have strict risk mitigation measures tend to report high profits and better
performance. According to Osewe, (2020) most investors universally tend to be risk averse,
preferring to implement strategies that aim at mitigating risks to certain levels of returns.

Therefore, logically investors would prefer lower-risk investment projects given the levels.

Artificial intelligence, for example, enables risk assessment of investments by involving
large volumes of complex data in performing due diligence before engagement and

thereafter monitoring after engagement to enhance effective investment practices ( Ali and
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Panda,2018). To enhance the security of digital transactions, various measures are taken to
protect users' data, for example; Two-factor authentication, Encryption, or tokenization.
According to Simon (2023), IoT solutions present a myriad of opportunities to enhance
financial performance in the investment sector. Solutions on asset management,
personalized customer experiences, and improved security. Unit funds can leverage IoT to

optimize operations and improve performance.

According to Cirappa, (2023), Digital platforms help in the eradication of risks relating to
theft and counterfeit money. Ultimately this promotes transparency in financial
transactions and simplifies the monitoring of payments by use of digital apps that provide
real-time and detailed control feedback. Digital tools are also used in the fraud detection
system where machine learning algorithms are utilized to detect and prevent fraudulent
transactions (Ali & Panda, 2018). This also entails the integration of prudential regulations
in risk management practices where the firms are expected to comply with industry
standards to ensure best practices for security. The use of technology in regular monitoring

and auditing ensures secure and up-to-date digital systems.

Generally, digital risk management is a shared responsibility between investors, investment
companies, and regulators. Users should take steps to protect their devices and passwords,
while payment providers should implement robust security measures and comply with
industry standards. Regulators should also provide a regulatory framework that promotes
security and protects users' rights. According to Milena and Luberic (2022), performing a

SWOT analysis of the business environment enhances Risk-based thinking. This approach
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works towards mitigation of potentially risky opportunities and threats that emerge from

financial technology.

As per the research done by Cirappa, (2023) on Risks and performance of a Unit fund
industry with evidence from different caps based in India, risk affects Unit fund
performance looking at the investments returns. Historical volatility is measured by
standard deviation of returns, while systematic risks are measured by beta values and the
Sharpe ratio is used to measure the risk-return performance of the portfolio. According to
Frey and Osborne (2017), technology may not always be the preferred option because of
its high costs of implementation and the related insecurities and risks. Altrock et al., (2022)
allude that digital technologies are known to disrupt and turn around the financial sector

and industry as a whole.

Mention (2021) however notices that the Fintech actors have equally launched new
products and services that match the dynamics of the highly evolving FinTech world.
Therefore, FinTech can confidently be adopted by firms as a modern tool of trade since it's
capable of handling insecurities and high risks in the digital systems of trade. Simon (2023)
in a study on IoT solutions for enhanced financial performance states that IoT solutions
can enhance security measures in financial transactions by using biometric authentication,
(fingerprints, facial recognition) to ensure more secure and convenient access to customer
accounts. loT-powered fraud detection systems can be used to prevent potential losses by

identifying suspicious activities and transactions in real time.

This study utilized systematic risks, as market risks arising from movements in the prices

of shares, interest, rates of exchange, and the prices of commodities. Financial markets are
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known to be quite dynamic leading to new prices being constantly generated, due to the
large amount of data on market risk, it's one of the easier financial risks to analyze. The
process of managing market risk relies heavily on the use of models. A model is a
simplified representation of a real-world phenomenon; whereby financial models attempt
to capture the important elements that determine price changes and sensitivity in financial

markets.

2.3.2 Financial Performance of Unit Funds
Financial Performance, the dependent Variable was assessed using both profitability
proxied by ROA. Primary data measurement respondents rated fund performance in terms
of growth in investor base, income stability, and return consistency. Secondary data
measurement was done using the Return on Assets (ROA) as the main indicator of
financial performance, reflecting operational efficiency in asset utilization. ROA was
computed as the ratio of net income to total assets, following similar studies on mutual

funds and collective investment schemes.

According to Omollo, Muturi, and Wanjare, (2018), financial performance is an indicator
of the health of a firm in utilizing the available resources in the generation of good
shareholder returns. Performance review is normally conducted periodically, mostly,
annually by firm management to evaluate the trend and enable in making sound decisions

with comparative analysis with competitors in the sector (Olusuyi & Araoye, 2017).

The company’s’ key goal is optimizing wealth of shareholders, therefore evaluating
performance helps in assessing whether the goal has been achieved through the periodic

investments. According to Cheruiyot and Jagongo, (2022), various measurement metrics
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are utilized evaluate performance as grouped accounting-based or market-based indicators.
The ratios calculated from the firm financial statements are also good indicators commonly
used. Kenya has recorded a steady growth of Unit funds since its launch (MFI, 2020).
According to the CMA report (2020), the value of assets held in Kenyan Unit fund schemes
rose by 15% in the second quarter of 2020 to 88.1b from 76.5b Kenya shillings at the end
of the first quarter. This growth is way below that of developed Unit Funds like the S.
Africa which had 705 funds in 2019 with an asset of USD 147 billion (Price water house
coopers, 2020). This implies that Kenya’s market is an attractive investment that ought to

be improved further.

The World Bank data, (2023) shows that the Unit fund to GDP ratio by Q1 of 2023 was
4.6%, which is significantly low in comparison to the average of 57.6% amongst global
markets, S.Africa and Namibia have a ratio of 61.5% and 43.1% respectively, while the
USA at 140.2%, Australia 185.1%, the UK 77.6% and China 18%.Steady growth has been
experienced in the number of firms since its launch in 2001 (MFI, 2020). In 2018, we had
19 licensed funds, 25 in 2021, 32 in 2022, and in 2023, 36 funds with only 25 actively
operating while 11 were not active. This growth is expected to reflect a commensurate
effect on performance yet, according to Cytonn's annual markets review (2022), Kenya has
reported notably underperformed benchmarks especially the equity markets with a
downward trajectory with all indices declining by 23.7% against NSE-ASI,12.4% for NSE

20 and 16.6% for NSE 25.

The CMA quarterly statistical bulletin (2023) shows mixed growth trends were reported in

2021, where CIC topped with AUM of 44.8B from 36.3b in 2020, ICEA, Sanlam, Britam,
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and NCBA reported 30% growth, while Amana unit trust reported a decline by 44.2% to
Ksh.7.56B. However, in 2023, CIC declined by 7% to 57.0b from 61.3b in 2022, while
Cytonn declined by 9.45% to 704.1m from 774.5M in 2022. Genghis Unit Trust Funds,
Equity Investment Bank, Madison Asset Unit Trust Funds, and Amana Unit Trust Fund

also reported a decline.

Globally, a study done by Cuthbertson, Nitzsche and Sullivan, (2023) states that nations
like China, the UK, the USA, and India have experienced an upward trajectory in
performance with increased AUM. In a study by Ndanu and Gatauwa, (2023), in terms of
market share, CIC, has a market share of 34.7% in 2023 declining by 3.4% from 38.1% in
2022. According to World Bank data, (2023), globally, businesses rely on banks for
funding at 40% while on capital markets at 60%, whereas in Kenya, banks provide 99% of
funding while capital markets fund businesses by only 1%, this denotes a stunted and
constrained capital market. This is confirmed by the Cytonn report on banks versus Unit
funds for 2017 to 2023 which states that there was a 2.8% decline in funds growth while

banks recorded a growth of 3.6%.

In comparison with other sectors like banks, Sacco's, Pensions, and SMEs, the CMA, CBK,
and SASRA annual reports of Q1 2023 describe the Kenyan Unit fund sector as dwarfed
with a market share of 0.2T compared to banks (4.8T), pensions (1.6T), and Sacco's (0.8T).
A study by Ndanu & Gatauwa (2023), the Kenyan MF industry is relatively small scale
with low market coverage possibly due to unexploited market, yet according to Farid &
Wabha, (2022), most investors show preference to big size funds with the perception that

they perform well. However, an optimal size definitely leads to good returns that justify
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overall cost of investment. A study by Pandow (2017), concludes that traditional
methodologies cause information asymmetry disabling the free flow of real-time

information causing market failures evidenced by adverse selections and moral hazards.

A study by Thune, (2022), concludes that Investors may use multiple benchmarks for
monitoring portfolio performance or for measuring individual investment security
performance. The primary portfolio monitoring metric for performance is total return,
which is usually measured against a benchmark. Other metrics include Standard deviation,
Beta, R-squared, and Sharpe Ratio. As per study by Akombo, et al (2020), performance
helps companies to monetarily determine the financial activities of a firm to determine its
position in the market in comparison with its counterparts. It shows the financial health of
the shareholders in terms of return on investments by the closure of a specified period in

comparison with the start of business.

A study by Tamplin (2023), concludes that Portfolio performance evaluation is an essential
aspect of the process of investment. It allows investors and portfolio managers to assess
the effectiveness of their investment strategies with the main goal of performance
evaluation to determine whether the chosen investment strategy is achieving the desired
risk and return objectives. Performance measurement is paramount in effective
management of a company and the general success of the business processes since only

measurable things can be managed well (Cheruiyot & Jagongo, 2022).

In Kenya, Kamau and Maina (2019) investigated the effect of portfolio diversification on
the performance of Unit Funds, targeting the county of Nakuru. Using regression analysis

on primary data, the results showed a strong positive and statistically significant effect of
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bond diversification on performance of MFs. Similarly, there was a positive moderate
significant effect of share diversification performance of Unit funds. A study by Namu and
Nthemba, (2021), shows Unit funds in Kenya have continued to register poor performance
preventing them from attaining financial stability and growth. The researcher further states

that the overall performance of these firms has been poor possibly due to poor financing.

The use of traditional methodologies in performing business operations and financial
transactions also contributes to the lagging behind in the growth of Unit funds in Kenya
(Ndanu &Gatauwa, 2023). A study by Ndanu &Gatauwa, (2023) on collective investment
schemes in Kenya, focusing on fund characteristics and performance, institutional factors
positively affect the return on investment while investment strategies do not affect ROI.
Despite industry expectations, the performance of the Kenyan Unit fund industry has
continued to record a negative trajectory over time. Returns on pooled assets in the form
of portfolios have been unattractive all through (Shitemi, Maingi & Egessa, 2023). This
can be attributed to information asymmetry where investors make uninformed investment
decisions due to unreliable and insufficient information. Most investors have limited
knowledge on market trends leading to adverse selection problems due to poor market

timings (Ade, 2017).

A study by Joshi, (2023), Unit fund institutions act like investment enablers that pool
resources from many individuals to invest in a diversified portfolio of securities
collectively. These securities include stocks, bonds, money market instruments, and other
assets, all selected and managed by professional fund managers. Investors purchase shares

or units of the Unit fund, effectively becoming shareholders in the collective investment.
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Unit funds allow individuals to access a diversified investment portfolio without
substantial capital. By spreading investments across various asset classes and industries,

they aim to reduce risk and provide exposure to broader market trends.

The evaluation of the performance of Unit funds can be done using various metrics which
include; return on assets, return on investment, Annual growth rate, compounded annual
growth rate, the Jensen Alpha, the Sharpe ratio, and the Treynor ratio. The researcher used
return on assets by way of financial ratios computation. The ideal is a progressive growth
rate that denotes good performance and positive growth. High-level technology, for
example, Artificial Intelligence and blockchain, have unveiled fresh innovations in
financial technology that are accelerating growth in the market (Statista Market Insight

report, 2023).

Despite the performance prospect mirrored in the rising number of funds, the financial
growth and performance have remained low. According to a study done by Ndanu and
Gatauwa, (2023) on performance of CIS in Kenya, institutional factors positively impact
the return on investment of Unit funds in Kenya. A study by Khurana and Panjwani (2017)
using the Sharpe, Treynor, and Jensen measures to evaluate the performance of fifteen
open-ended hybrid Unit fund schemes in India, concluded that all the schemes have
outperformed the market. This study used return on assets to measure fund performance as
the ideal and justifiable metric for efficiency in asset use to generate profits. This captures
the operational efficiency, asset utilization and decision making which jointly affects
performance in relation to fintech and fund size (Ongore & Kusa, 2023; Munyiri & Ngugi,

2021)
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2.3.3 Fund Size and Performance of Unit Trust Funds in Kenya

Fund Size, the moderating variable represented the total assets under management (AUM)
of a unit trust fund, reflecting economies of scale and resource capacity for adopting
FinTech. Primary data measurement was done by respondents indicating on a five-point
Likert scale. Secondary data measurement was done by AUM values extracted from CMA
reports and fund financial statements and transformed into the natural logarithm of total

assets to reduce skewness.

One of the ways to gauge the performance of the firm is by assessing the assets under
management as it signifies investor trust (Farid & Wahba, 2022). When in business the
main motivation of the investor is to make profits on every investment, this is achieved
whenever there is growth in the share prices. However, Kenyan Unit funds have registered
poor performance in comparison to their counterparts both regionally and globally. This
poor performance possibly scares away potential investors. Therefore, fund size is used in

other economies to explain the success of Unit funds (Nthimba et al., 2021).

A study by Ndanu and Gatauwa (2023), shows that the size of the fund affects the overall
financial performance of the fund. In their study, on fund characteristics of collective
investment schemes, Simiyu et al, (2023) concluded that size contributes to overall
performance since Kenyan funds are small in size, therefore this affects performance. Farid
and Warbha (2022) did a study on the influence of fund size on the performance of
Egyptian funds, using fund size, age, type, and expenses. The results showed that fund size

had a significant negative effect on performance. These results were consistent with Alvi
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and Rehan (2020) who researched Pakistan Unit funds and concluded that the size of the

fund related significantly to the performance of Unit funds.

Simiyu, Yugi and Alala (2023) studied the Moderating Role of Fund Size on the
Relationship between the Disposition Effect and the Portfolio Performance of Unit Funds
in Kenya. Using the causal design, secondary data gathered from published financial data,
using panel data technique for eleven years, from 2011 to 2021. Multiple regression was
utilized where the results indicated a significant negative disposition effect on the

performance.

A study done by Alvi and Rehan (2020) on factors affecting Pakistan Unit fund shows that
fund size significantly affects performance. The study critically examined the potential
performance drivers, using convenience sampling method covering 16 out of 19 asset
management companies consisting of 114 best performing funds in the Unit Fund
Association of Pakistan (MUFAP). The data was for the period from March 2013 to March
2018, using multiple regression. Results showed that the size, risk, total income, total

expense, age, and lagged returns recorded a positively significant effect.

According to a report by Cytonn Kenyan Unit Funds overview, (2023), based on the
released statistical bulletin for quarter one, 2023 of the Capital Markets Authority (CMA),
the performance of UTF’s showed that' Assets under Management grew by 3.3% to Kshs.
161.0 bn as at the end of 2022, from Kshs. 155.9 billion recorded in Q3'2022. Similarly,
on a year-on-year basis, the AUM grew by 19.6 %, from 134.7 bn at the end of FY'2021.
Additionally, as of the end of FY'2022, there were 34 approved Collective Investment

Schemes, making up 150 funds in total. This shows a growing market though at a slow rate
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with notable back-and-forth asset growth trends which could be an indicator of an

underlying problem

2.4 Empirical Review of Literature

This section discusses the various relevant studies previously done to identify and bring
out the research gaps and motivation for the study. The studies are related to the study
variables which are financial technology, fund size and performance of Unit funds in
Kenya. The constructs of financial technology discussed are; digital payments, digital
portfolio management, digital deposits, and digital risk management. For financial
performance, Return on investment, and annual growth while for fund size, the assets under

management.

2.4.1 Digital Payments and Financial Performance of Unit Trust Funds

Nyabuto (2023) examined the Effect of FinTech on the Operational Performance of
Investment Firms in Kenya using a census of 68 firms analyzed through multiple
regression. The findings indicated that fintech innovations, especially digital payments
and robo-advisory services, had a positive and significant effect on operational
performance. The study concluded that digital payment systems enhance transaction
speed and reduce costs, leading to improved profitability. This is relevant to the current
study since mutual funds similarly rely on efficient payment systems to improve investor

experiences and fund performance.

Kipkoech (2023) conducted a quantitative study on the Relationship Between Fintech

Adoption and Performance of Commercial Banks in Kenya using data from 40 banks
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analyzed with multiple regression. The results showed that digital payment adoption
significantly improved bank profitability through transaction efficiency and enhanced
customer convenience. The study concluded that fintech-driven payment systems are
critical to financial performance. Although the study focused on banks, it supports the
current study by confirming that digital payment adoption can positively affect financial

performance across financial institutions, including unit trust funds.

Mwangi (2025) carried out a cross-sectional study on, The Role of Digital Payment
Systems in Financial Inclusion: A Study of Mobile Banking Adoption in Kenya using a
sample of 450 respondents. The findings revealed that mobile banking and payment
platforms enhance saving and investment participation. The study concluded that digital
payments promote financial inclusion by simplifying fund access and lowering
transaction barriers. This relates to the current study since mutual funds benefit from

increased inclusion and investor participation enabled by digital payments.

Limna et al., (2022) did a systematic review of the growing trend of digital economy, using
the methodology of narrative synthesis to obtain data. The inclusion-exclusion criteria was
used to identify published and peer-reviewed studies that clearly defined a digital economy.
Results indicated a growing trend in digital economy where digital platforms are employed
in business payment processes. The conclusion was that it's critical to carefully pay

attention to the digital economy to enhance and grow the economic systems.

Ndichu and Kariuki, (2021) did research on the Fintech Predictive Modeling and the

Performance of Investment Firms in Kenya. The study population was 57 investment firms,
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employing mixed method research design by incorporating descriptive-explanatory
research design. Questionnaires and an in-depth interview guide were used to fetch data.
Coefficient of FinTech predictive modeling has a significantly positive impact on firm
performance. The conclusion was, financial technology in predictive modeling allows
investment firms to forecast business growth and customer behavior changes and come up

with client-centric products and services for operational efficiency.

Kariuki, (2021), studied the influence of fintech investment financing mechanisms on the
performance of Kenyan investment firms. Explanatory-descriptive designs were used with
a sample size of Fifty-seven, using a questionnaire, and one director from each investment
firm was interviewed. Content analysis was used for Qualitative data while structural
equation modeling was utilized for the quantitative data. The results revealed that FinTech
peer-to-peer lending, equity crowdfunding, crowd lending, and factor-scoring FinTech

services have a significant positive relationship with the performance of investment firms.

Aicha, (2023), studied on FinTech services and financial inclusion in Kenya. Aiming at
investigating the effect of various FinTech services. Using the descriptive design and panel
secondary data, Inferential (regression analysis) was used for analysis using the trend
analysis. The findings revealed a positive relationship between FinTech services and

financial inclusion in Kenya.

Mutinda, Jagongo, and Kenyanya, (2017) did a study on Financial Inclusion Innovations
and Performance of Commercial Banking institutions in Kenya. He focused on financial
inclusion innovations adopted by commercial banks in Kenya. The study looked at the use

of technology in banks and its impact on the financial performance on Kenyan banks. The
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researcher obtained time series data from CBK and annual bank supervisory reports from
Kenya Bankers Association for the period 2010 to 2016. Correlation analysis revealed a
strong positive relationship between financial inclusion strategies and financial

performance of commercial banks in Kenya.

2.4.2 Digital Deposits and Financial Performance of Unit Funds in Kenya

Akoko (2024) investigated the Effect of Mobile Transactions on the Financial
Performance of Mutual Funds in Kenya using a descriptive research design and secondary
data from licensed fund managers. The study found that digital deposits and mobile
transactions had a positive influence on fund liquidity and investor retention. It concluded
that digital deposits improve the convenience of contributions, enabling funds to attract
more investors and manage liquidity efficiently. This study relates to the current one as it

supports the positive link between digital deposit adoption and fund performance.

Sang (2017) conducted a study on the Effect of Asset Allocation on the Financial
Performance of Unit Trust Schemes in Kenya using secondary data from 2013-2016
analyzed through panel regression. The results indicated that the proportion of funds held
in deposits influenced returns and liquidity. The study concluded that efficient
management of deposit-related assets contributes to fund stability. This relates to the
current study by suggesting that digital deposit platforms can facilitate efficient portfolio

allocation and enhance performance.

Cytonn Research (2024) analyzed Unit Trust Funds Performance in Kenya using industry

data from the Capital Markets Authority and Central Bank. The report found that money
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market funds experienced significant inflows following the introduction of mobile deposit
options. It concluded that ease of digital deposits drives retail participation and increases
fund AUM. This directly relates to the current study as it provides market-level evidence

that digital deposits promote fund growth and performance.

The Capital Markets Authority (2023) in its Collective Investment Schemes Report
reviewed all registered unit trust funds in Kenya and observed that funds that had adopted
mobile and online deposit channels reported higher inflows and improved liquidity
positions. The report concluded that digital deposit systems enhance operational
efficiency and investment participation. This is relevant to the current study as it provides
regulatory evidence supporting the positive link between digital deposit adoption and fund

performance.

Mbataru (2009) analyzed Factors Affecting the Performance of Unit Trust Funds in Kenya
using secondary data from all licensed funds at the time. The results showed that fund
characteristics, including fund size and capital inflows, significantly affected financial
performance. The study concluded that improved inflows through digital deposits could
enhance fund returns. This relates to the current study as it supports fund size as a key

moderator in the digital deposits—performance relationship.

Ndichu and Kariuki, (2021) examined the influence of financial technology and investment
financing mechanisms on the performance of investment firms in Kenya. Using mixed
design od descriptive and explanatory design, with questionnaire to collect data, then

analyzing data using the content analysis technique and structural equation modeling. The
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outcome showed that FinTech had a significantly positive relationship with the
performance of investment firms in Kenya. Siska (2022) examined how FinTech services
affect Islamic banking's financial performance. Using secondary data in annual time series
format from 2016 to 2020 and simple Linear Regression, t-test, and determination of

coefficient test, findings showed digital service had an impact on the bank performance.

Tshukudu, Mokatsanyane, Ferreira-Schenk, van Rensburg and Sgammini (2022)
conducted a study to determine the relationship between fintech and performance of
commercial banks. Using simple linear regression, descriptive analysis and correlation
analysis based on the top five banks in South Africa, return on equity and return on assets,
were utilized using secondary bank data from 2011 to 2021. The results showed that
financial technology adoption positively influenced the the number of mobile subscriptions
used for Internet banking. The study recommended a shift from traditional banking to a
more digital approach for the benefit of improved financial performance and gaining

market share within the sector.

Ndede, (2020) did a study on digital banking technology and Kenyan banks’ performance.
Aiming at evaluating how digital banking technology innovations affect the performance,
and using descriptive survey design, a questionnaire to collect primary data while targeting
a population of 42 commercial banks. The study analyzed data using a descriptive
methodology, findings showed that innovations in digital banking positively influence the

financial performance of Kenyan commercial banks.

Salman (2021) investigated on FinTech, financial performance and client satisfaction. A

sample of seven banks representing Egyptian banks over the period from 2016 to 2020, in
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addition to 396 banking clients. The findings revealed that financial technology had an
impact on bank clients' satisfaction. Yudaruddin (2023) studied on FinTech startups on
Islamic and conventional banking performance in Indonesia. Data was for fifteen years on
124 conventional and Islamic banks in Indonesia from 2004 to 2018. The two-step
generalized methods of moments were utilized in estimating the system model. Results

showed that FinTech startups had detrimental effect on bank performance in Egypt.

Bashayreh and Wadi (2021) examined the effect of FinTech services on bank performance
using panel data from thirteen Jordanian commercial banks for the period (2012-2018).
Return on equity was used to measure level of performance. Control variables were growth
in GDP, size of bank and leverage. The Fintech services were represented by services from
ATM, internet banking, and phone banking. The outcome revealed that fintech services
had a positive impact on performance of bank in Jordan. Yan and Yiping (2016),
researched on digital finance in China and concluded that digital finance significantly
lowers transaction costs; enhances credit risk scoring through data that helps pin risk-based

pricing; reduces information asymmetry, and expands the set of feasible transactions.

Sirengo and Muturi, (2022) studied on the Effect of E-Banking on Kenyan Commercial
Banks’ performance in Kenya, anchoring the study on diffusion theory, technology
Acceptance Model, and theory of Perceived Characteristics. Descriptive and longitudinal
design with target population being licensed Commercial Banks in Kenya. Secondary data
from central bank of Kenya, published and audited financial reports between 2015 and

2019. Analysis employed inferential and descriptive statistics and the results showed a
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relatively strong relationship between electronic banking and the performance of

commercial banks in Kenya.

Gichana, Nyakundi, and Muturi, (2016) studied on technology-enabled banking services
and performance of commercial banks in Kenya, with a case study of cooperative bank,
Kisii branch, Kenya. The target consisted of 280 banks with sample size of ninety-three
for the period between January 2016 and May 2016. A questionnaire was the main
instrument of data collection. Using descriptive survey, results revealed a perfect negative
correlation between technology-enabled services and the performance of banks in Kenya.
The study recommended that banks should desist from making huge investments in
technology with the expectation of improving performance but instead use technology to

as a management tool that aids decision making.

Ibua, Millan, and Kamau, (2023) did a study on the Effect of Internet Banking Technology
on Loan Performance of Deposit-Taking SACCOs in Mombasa County, Kenya. The study
utilized diffusion innovation theory and descriptive design, with a sample size of seventy
given questionnaire that gave a 90% response rate. Regression analysis was used and the
results showed that implementation of digital financial innovations in loaning procedures,
there is an increase in loan performance. The study therefore recommended using internet
banking technology, since it improves performance especially with the financial sector

getting digital.
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2.4.3 Digital Portfolio Management and Financial Performance of Unit Trust Funds

in Kenya

Kariuki (2024) conducted a study on the Effect of Digital Portfolio Management Tools
on the Performance of Collective Investment Schemes in Kenya using a descriptive and
correlational design on a sample of 42 fund managers. The study found that the adoption
of automated portfolio management systems significantly improved fund efficiency,
return predictability, and client satisfaction. It concluded that technology-enabled
portfolio tools enhance fund diversification and real-time risk tracking, which improve
overall performance. This relates to the current study as it supports the idea that digital

portfolio systems can strengthen performance outcomes in unit trust funds.

Omondi and Wekesa (2023) examined the Influence of FinTech Adoption on Investment
Decision-Making among Fund Managers in Kenya using a mixed-method design
involving surveys and regression analysis. The results showed that the use of digital
portfolio platforms improved the accuracy of investment decisions and enhanced returns.
The authors concluded that digital analytics tools provide fund managers with data-driven
insights that support superior performance. This relates to the current study since portfolio
management is one of the fintech dimensions examined for its impact on fund

performance.

Kiarie (2022) studied the Adoption of Robo-Advisory and its Effect on Fund Management

in Kenya using a sample of 35 fund management firms analyzed through multiple
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regression. The findings revealed a positive relationship between robo-advisory adoption
and fund performance efficiency. The study concluded that digital portfolio management
enhances cost efficiency and scalability in fund management. This is relevant to the
current research as it supports the hypothesis that digital portfolio management positively

influences performance.

World Bank (2023) in its Fintech and Capital Markets Report for Sub-Saharan Africa
analyzed the role of digital investment tools in fund performance using regional data. The
report found that fund managers using algorithmic and digital portfolio systems achieved
higher returns and reduced operational costs. The conclusion was,digital portfolio
management promotes market efficiency. This supports the current study by

demonstrating the macro-level impact of digital portfolio tools on fund performance.

Cytonn Research (2024) noted in its Quarterly Unit Trust Fund Performance Report that
firms employing automated asset allocation and rebalancing systems outperformed those
using manual systems. The report concluded that digital portfolio management enhances
accuracy in portfolio rebalancing and reduces timing errors. This relates to the current
study by providing market-level evidence of the positive link between digital portfolio

tools and performance of unit trust funds.

A study done by Makhoha, Namusonge, and Sakwa (2016), using a mixed research design
with primary data collected using questionnaires and interviews, sought to examine effect

of diversification of portfolio on banks’ financial performance. The sample size was 43
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banks and 133 bank managers adopting the simple random technique. The finding revealed
that portfolio diversification had a significant but positive influence on banks’ financial
performance. Also noted was that, investments diversification recorded a growth in the

returns and overall performance in the previous years.

A study by Musembi and Jagongo, (2018) on the Impact of Portfolio Diversification on
Financial Performance of Investment Firms Listed at NSE, Kenya, focusing on
determining how portfolio diversification impacts overall financial performance of firms
investing at the NSE in Kenya. Utilizing the explanatory experimental design and targeting
on the investment firms trading at the NSE, the study outcome showed that diversification

improves firms’ financial performance over time.

Osewe, (2020) studied on Portfolio Diversification and Financial Performance of NSE
listed Investment Firms. The researcher used the descriptive design targeting a population
five listed firms and obtaining secondary data using a questionnaire. Census survey was
used, for a period of ten years beginning 2010 to 2019. Data analysis was done using
multiple regression and the outcome showed a significant positive correlation between

investment portfolio diversification and financial performance of firms listed at the NSE.

2.4.4 Digital risk Management and Financial Performance of Unit Funds in Kenya

Kamau (2025) conducted a study on the Effect of Digital Risk Management Systems on
Financial Performance of Investment Firms in Kenya using a descriptive research design
with a sample of 50 investment institutions. The findings revealed that digital risk

management tools significantly improved firms’ ability to detect and mitigate operational
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and market risks. The study concluded that technology-based risk management enhances
financial performance. This relates to the current study since risk management is a key

fintech construct influencing fund stability and returns.

Waweru and Njoroge (2024) examined the Influence of FinTech Risk Management
Practices on Performance of Fund Managers in Kenya using a survey of 60 licensed fund
managers analyzed through regression analysis. The study found a positive and significant
relationship between digital risk management systems and fund performance. The
conclusion was that integrating automated compliance and fraud detection tools improves
transparency and investor confidence. This supports the current study as it confirms that

digital risk management contributes to fund sustainability.

Ochieng (2023) carried out a study on Technology Adoption and Risk Management in the
Kenyan Financial Sector using data from 45 financial firms. The results showed that firms
using real-time digital monitoring systems experienced lower losses and higher
profitability. The study concluded that proactive digital risk control enhances institutional
resilience. This relates to the current study as it validates the role of digital risk

management in improving fund performance.

KPMG (2024) in its FinTech and Risk Management Outlook for Kenya reported that fund
managers integrating digital risk analytics reduced compliance costs by 25% and
improved return consistency. The report concluded that advanced digital risk tools
minimize operational disruptions. This study demonstrates the measurable financial

benefits of digital risk management adoption among investment institutions.

90



FSD Kenya (2023) in its FinTech Landscape Report analyzed how digital systems
influence risk culture and performance across financial institutions. It found that digital
risk monitoring improves fund liquidity, investor trust, and financial stability. The study
concluded that digital risk systems create a strong governance foundation for sustainable
performance. This aligns with the current study’s view that digital risk management

positively affects the financial performance of unit trust funds

A study by Amira, et al, (2023) on Liquidity Risk Management and Financial Performance
of Commercial Banks in Kenya. The study was anchored on shiftability and liquidity
management theories, and positivism philosophy. The explanatory and longitudinal
research designs were utilized on a population of thirty two Kenyan commercial Banks.
Panel data consisting of time series and cross-sectional data was used for ten years from
2010 to 2019. The results of the study showed that Liquidity risk management had an
insignificant negative effect on return on investment as a measure of financial performance.
The study made recommendations that the risks ought to be managed at minimal levels to

avoid making losses.

Cirappa, (2023) did a study on Risk management focusing on Unit fund performance
drawing evidence from varied Indian based funds. The study used basic techniques like the
standard deviation to measure volatility and beta to evaluate systematic risk of the
portfolio, Sharpe ratio was utilized to measure performance in terms of risk-return.The
performance of firms was analyzed using averages and rate of returns. The results showed

that in large-size funds there is a better return with low risks while Medium size funds are
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risky at mid-term with high returns with high risks. The small-size funds have high returns

with low risks in the long term period.

Sawant, Amonkar, and Melo (2023) studied on Performance Evaluation of Indian Unit
Funds, Using Risk Return Relationship Models. The study narrowed to twelve growth-
oriented Unit funds using the Treynor index, Sharpe index, and Jensen measure. Monthly
data was used for the period from Jan 2015 to Dec 2019. Findings showed that Unit funds
didn’t perform better than their benchmark indicators except the Multi-asset fund, this was
done using both non-risk-adjusted measure of the average returns and Risk-adjusted
measures. Alvi and Rehan (2020) did a study on factors affecting Unit fund performance
in Pakistan, the study critically examined potential performance indicators for Unit funds.
With a sample size of sixteen companies while using convenient sampling method and
secondary data for five years from 2013 to 2018. Multiple regression model was used and

the results showed that fund risk significantly affects fund performance.

2.4.5 Fintech, Fund Size and Financial Performance of Kenyan Unit Trust Funds.

Nthimba, Jagongo, and Wamugo (2021) examined the effect of fund size on the
performance of unit trust funds in Kenya using an explanatory research design. The study
employed a census of 16 registered unit trust firms, utilizing secondary data from 2005 to
2017. The findings revealed that fund size had a statistically significant positive effect on
fund performance. The study concluded that larger funds benefit from economies of scale

and better resource allocation, thereby enhancing returns. This supports the present
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study’s expectation that fund size positively influences performance through improved

efficiency.

Maina (2013) conducted a study on the effect of size on the performance of mutual funds
in Kenya using a descriptive research design. The study analyzed secondary data for 33
registered mutual funds and applied regression analysis to test the relationship between
fund size and returns. The findings indicated a positive relationship between fund size and
performance, suggesting that larger funds enjoy operational efficiencies and lower
transaction costs. This evidence reinforces the argument that fund growth contributes to

improved performance among Kenyan mutual funds.

Wandia (2015) analyzed the effect of fund characteristics on the returns of mutual funds
in Kenya using secondary data from 19 funds licensed by the Capital Markets Authority
between 2010 and 2014. The study employed regression analysis to test the influence of
fund size, age, and costs on returns. Results showed that fund size had a significant but
negative relationship with performance, implying that beyond a certain threshold, larger
funds may experience inefficiencies. The study concluded that the impact of fund size on
performance may vary depending on management practices and market conditions,

suggesting a non-linear relationship.

Wafula, Charles, and Alala (2023) examined the moderating role of fund size on the
relationship between overconfidence bias and portfolio performance of mutual funds in
Kenya. The study adopted a causal research design using panel data from 2011 to 2021.

The findings revealed that fund size negatively moderated the relationship between
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overconfidence and performance, indicating that larger funds may reduce the effect of
behavioral biases on investment outcomes. The study concluded that fund size can
influence how internal and external factors shape fund performance, supporting its

inclusion as a moderating variable in performance models.

Farid and Warbha (2022), studied on Unit fund size and its effect on financial performance
of Egyptian funds. Seven types of funds were analyzed to determine the development of
the fund’s performance for the period from 2012 to 2017. Using Secondary data fetched
from the Egyptian Investment Management Association; analysis was done using multiple
regression. Using fund size, age of the fund, fund type, and fund expenses as the
independent variables, the outcome revealed that fund size has a significant but negative

impact on performance of Unit funds.

Alvi and Rehan (2020) conducted a study on Pakistan funds to examine the potential
performance drivers of Unit funds. The convenient sampling technique was used on 16
asset management companies comprising 114 Unit funds. Secondary data for a period of
five years from 2013 to 2018 was used. A multiple regression model revealed that the fund

size 1s positively significant to fund performance.

Patil, Waghmode, Shukla, and Desai (2022) did an explanatory study on Unit funds’
Performance in India. The research examined Assets under Management (AUM) from the
year 2010 to 2020, using secondary data fetched from annual reports, descriptive statistics
and coefficient of variation, performance was calculated using the average annual growth

rate (AAGR) and also the compounded annual growth rate (CAGR). The finding showed
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a high positive correlation between various sizes of Unit funds with good performance
noticed. The study recommended investment of surplus income with minor-risk investment

options to increase the fund size.

Muthomi and Muturi (2019) studied on performance of Unit funds in Kenya, using stock
selection, market timing, fund size, and expense ratio as independent variables. The study
employed Treynor and Mazuy's (1966) model for market timing and stock selection. Using
the single-index asset pricing model to estimate the performance (Jensen’s alpha) of each
selected Unit fund. A cross-sectional multiple regression model was utilized and the
outcome showed that stock selection and market timing are the only factors that affect the
performance of Unit funds in Kenya. Stock selection was found to be a significantly

positive determinant of Unit funds. Fund size did not affect Unit fund performance.

Indro, Jiang, Hu, and Lee (2019), studied on fund size and financial performance, using a
sample of 683 non-indexed U.S equity funds over three years from 1993-1995. The
outcome showed that 20 % of the Unit funds were smaller than the break-even-cost fund
size and 10 percent of the largest funds were overinvested. The study concluded that fund
size affects Unit fund performance, and therefore Unit funds must attain an optimal fund
size to achieve sufficient returns to justify their costs of acquiring. Diminishing marginal
returns to information acquisition and trading, and the marginal returns become negative

when the Unit fund exceeds its optimal fund size.

Kiran and Naka (2023), did a study to investigate the effects of size on the risk-adjusted
fund performance of USA Extended trade funds (ETF). Using panel quantile and cross-
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sectional regression approaches, the regression results show that the rate of return-to-scale
diminishes as the Fund size increases and becomes negative for the most significant fund
group. The size has a considerably substantial negative impact on the highest-performing
clusters of equity funds, suggesting that the diseconomies of scale found in conventional
active Unit funds affect the ETFs. The results align with Indro et al (2005) findings of Unit
funds that there are diminishing marginal returns to information acquisition and trading,

and the marginal returns become negative when the fund exceeds its optimal size.

Overall, empirical evidence in Kenya presents mixed findings on the effect of fund size
on performance. While some studies (e.g., Nthimba et al., 2021; Maina, 2013) found a
positive relationship, others (e.g., Wandia, 2015; Wafula et al., 2023) revealed negative
or moderating effects. These differences highlight the importance of contextual factors
such as management efficiency, investment strategy, and technological adoption. In the
current study, fund size is incorporated as a moderating variable to test whether larger
unit trust funds leverage digital financial technologies more effectively to enhance

performance.

2.5 Summary and Research gaps

The number of Unit funds in Kenya has grown steadily since inception. The net asset value
standing at sh. 49.5 Billion as of the end of June 2019 (MFI, 2020). This growth is not
reflected in the financial performance of the funds, nor is it comparable to Kenya’s
counterparts regionally and globally. More developed Unit Fund markets like the Republic
of South Africa have several fund institutions at 705 with an asset value of USD 147 billion

(Price water house coopers, 2020).
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The Kenya Unit funds market is an attractive investment with an unexploited market that
ought to be improved further. This performance prospect is the motivation for this study
under the pretext of financial technology and fund size. Most of the studies done in Kenya
concentrated on the growth of Unit funds as opposed to the financial performance of MFs
in the light of financial technology and prudential regulations. Previous studies have posted

conflicting results where some indicated positive while others negative effects of Fintech,

This study on financial technology adoption, fund size, and financial performance of UTFs
in Kenya is intended to bridge the existing contextual, conceptual, methodological, and

geographical gaps in the previous studies as summarized in the table below.
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Table 1: Summary of Relevant studies and Research Gaps

Author and year Focus of study Methodology Findings Research gaps
Ndichu and Kariuki, The influence of Descriptive and Financial  technology  methodological
(2021) FinTech investment  explanatory research has a positive and gap, panel not
financing designs significant impact on used
mechanisms on performance
performance of
investment firms in
Kenya
Amarnath, Trending trend analysis using - Financial
(2019) performance of Treynor, Sharpe, Jensen technology was
selected Unit funds ratios was used to measure not used in the
in India performance of five debt study
and equity Unit funds for
four financial years 2015-
2019
Tshukudu et al (2022)  Relationship A simple linear regression ~ There is a relationship  Other measures

between financial
technology and
commercial banks’
financial
performance

was used along with
descriptive analysis and
correlation analysis based
on the top five banks in
South Africa.
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between the financial
performances of the top
five banks in South
Africa. Financial
technology led by the
number of  mobile

of Fintech were
not considered.
E.g.; digital
management of
assets and digital
risk management.



Author and year Focus of study Methodology Findings Research gaps
.SubSCI'lptIOIlS. used for _Conceptual gap
internet banking

Simiyu,Yugi & Alala The  Moderating Causal research design Disposition effect had a The study didn’t

(2023)

Farid and Warbha
(2022)
Alvi and Rehan
(2020)

Role of Fund Size
on the Relationship

between
Disposition Effect
and Portfolio
Financial
Performance of
Unit Funds in
Kenya

The effect of fund
size on the financial

performance of
Unit funds in
Egypt.

Factors  affecting
Unit fund
performance in
Pakistan

using secondary data.

Multiple regression model
was utilized

Independent variables
used in the study were

fund size, age of the fund,

fund type and fund
expenses.
Convenience  sampling

technique was wused to
identify 16 Asset
management companies;
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significant
effect on the financial

negative

performance of the
Kenyan Unit funds

fund
significant negative
impact on Unit fund
performance in Egypt

size  has a

Asset under
management (fund size),
fund risk, total income,
total expense, age of the

utilize financial
technology as a
variable

Conceptual gap
whereby
Financial
technology was

not considered.

Geographical gap

Financial
technology  not
used.



Author and year Focus of study Methodology Findings Research gaps
Multiple regression model  fund and lagged returns
was used. have a  significant
positive impact on fund
Independent variables performance.
were
fund risk, total income,
total expense, age of the
fund
Salman (2021) Impact of FinTech A sample size of seven The study found a The study
on financial ~Egyptian banks, and 396 significant impact both  focused on client
performance and clients was used, of "banking investments  satisfaction, and
client satisfactionin  secondary data was used. on FinTech" and  did not show how
commercial banks "number of Fitch's financial
drives" on the rate of technology,
return on bank assets financial
under the types of performance of
ownership the banks and
(Domestic/Foreign/Mix)  client satisfaction
as a control variable are related.
-Contextual and
conceptual gaps
Yudaruddin (2023) Impact of financial Data were collected froma  Findings indicated that The study
technology sample of 124 FinTech startups have a  findings were
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Author and year Focus of study Methodology Findings Research gaps
(FinTech) startups conventional and Islamic detrimental effect on contradictory
on Islamic and banks in Indonesia from bank performance. This making it
conventional 2004 to 2018. The two- study also finds that difficult to
banking step generalized methods Islamic banks have low  generalize in
performance in  of moments was used to performance compared non- Islamic
Indonesia. estimate the system model  to conventional banks. banks

Phan et al. (2020) Financial The authors studied the The study showed that Even though the
technology Indonesia market, where the growth of FinTech study was
(Fintech) and it FinTech growth has been firms negatively  conducted in
influence on bank impressive. Using a influences bank financial sector, it
performance sample of 41 banks and performance did not focus on

data on FinTech firms, Unit funds

Siska (2022) How Fintech  Quantitative-descriptive Finding of current The study did not
services affect research design. Financial research proves that show how
Islamic bank's ratios used are CAR, Fintech service has an financial
financial ROA, ROE, BOPO, FDR. impact on the financial technology was

performance. With
a case study at Bank
Syariah Indonesia
(BSI)

S Secondary data was
used. Annual time series
data format from 2016 to
2020.

101

performance of BSI in
terms of CAR, ROA,
ROE, BOPO, and FDR

operationalized
and measured



Author and year

Focus of study

Methodology

Findings

Research gaps

Bashayreh and Wadi

(2021)

Anindya and Kartini

(2023)

Effect of FinTech
services on banks
performance in
thirteen Jordanian
commercial banks
for the period
(2012-2018) using
the panel data

Analysed
differences in
banking financial
performance in
Indonesia  before
and  after  the
issuance of FSA
regulations on
financial
technology

The research employed
return on equity (ROE) as
a proxy to measure the
performance level in
addition to three types of
control variables applied
in this study Gross
Domestic Product (GDP)
growth, Bank size (BS)
and financial
(LEV)..

leverage

This research is a
quantitative study using a
sample of 37 banking
companies listed on the
Indonesia Stock
Exchange. The data used
is secondary data obtained
from annual reports for the
period 2014-2017 before
the issuance of OJK
regulations and 2018-
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The empirical findings
revealed that the effect
of Fintech on Jordanian
banks’ performance was
positive. Regarding the
control variables, the
bank size and GDP
positively affected the
profitability, while the
financial leverage was
not significant.

The results of this study
indicate that the ROA,
ROE, and CAR
variables have a greater
value after the regulation
on financial technology,
the BOPO variable has a
smaller value after the
regulation on financial
technology and the LDR
variable has a smaller

The Fintech

factors  include
automated teller
machines

services, internet
banking services
and phone
banking services,
the variables in
the proposed
conceptual
framework were
not included.

The results did
not indicate the

moderating
variable role on
the the
relationship

between financial
performance and
financial
technology.



Author and year

Focus of study

Findings

Research gaps

Mugo, Muathe and
Waithaka (2017)

Said and Kaplelach
(2019)

Moderating effect
of government
policies on the
relationship
between  mobile
technology services
and performance of
Deposit-Taking
Savings and Credit
Cooperative
Societies
(SACCOs) in
Kenya

Moderating effects
of CBK rules and

Methodology

2021 after the issuance of
OJK regulations
Descriptive and
explanatory research
designs were adopted

based on a sample of 86
Deposit-Taking SACCOs.
A structured questionnaire
administered to  two
managers in each SACCO
was used for data

collection

The study also sought to
determine the moderating
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value after the regulation
on financial technology

The study found that
government
positively moderate the
relationship
mobile technology
services and
performance of Deposit-
Taking SACCOs
implying that
appropriate government
policies that are
favorable for the Deposit
taking SACCOs should
be formulated

policies

between

During test for
moderation, it was found

The study did not

indicate how
financial
technology was
measured

The study
focused on
government
policies and it

was conducted on
Sacco’s  which
are regulated by
SASRA

-Contextual gap

The study limited
itself to m-



Author and year Focus of study Methodology Findings Research gaps
regulations and M-  effects of CBK rules and that CBK rules and banking which
banking on the regulations and M- regulations moderate m-  was not
financial banking on the financial banking and financial conceptualize
performance of performance of selected performance of selected using digital
selected commercial banks in commercial banks in deposit, risk
commercial banks Kenya. The study adopted Kenya. This implies that management and
in Kenya. a descriptive research compliance with CBK asset

design. The target rules and regulations management.
population comprised of improves the
42 commercial banks. performance of
Data were collected using  commercial banks.
structured questionnaires.
Mugambi and Muturi, Factors  affecting  Used single index pricing Stock selection and Fintech was not
(2019) Performance of model and Cross section market timing had a considered.
Unit Funds in multiple regression mode.  significance effect on
Kenya performance. The performance
was not specified
as financial or
otherwise
Rohleder, Wilkens, The Effects of Unit Anew methodology to Findings were that a  The study neither

Zink, (2021)

Fund
Decarbonization on

identify equity Unit funds’
decarbonization  trades,

was used-metric of
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critical mass of investors
is able to reduce carbon
emissions

looked at
Financial
performance nor


https://www.semanticscholar.org/author/M.-Rohleder/143982236
https://www.semanticscholar.org/author/Marco-Wilkens/40190879
https://www.semanticscholar.org/author/Jonas-Zink/2036450436
https://www.semanticscholar.org/author/Jonas-Zink/2036450436

Author and year

Focus of study

Methodology

Research gaps

Enguk,Rahman,
Rahim. (2018)

Singh,Goel,

(2021)

Kumar ,  Gupta
&Shailendra (2023)

Stock Prices and
Carbon Emissions

Adoption of
financial
technology
(Fintech) in Unit
fund/ unit trust
investment among
Malaysians

Application of
Digital Technology
on Public Sector
Banks: Special
Reference to Unit
Fund Investment

The role of FinTech
on financial
awareness and Unit

decarbonization  selling
pressure (DSP) on stocks.

The research methodology
in an adoption of FinTech
service in Unit fund/ unit
trust was  conducted
through questionnaire

Empirical Analysis

Methodology used was
descriptive statistics,
correlation, regression
analysis, and ANOVA
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were outlined

no specific findings

indicate that FinTech

literacy and

adopted financial
technology

-conceptual gap

Study was based
in Malaysia,
however it dint
look at financial
performance as a
D.V

-geographical
gap

Mix-up on study
population
(banks or Unit
funds)

-conceptual gap
The researcher

used non-finance
variables.


https://www.semanticscholar.org/author/R.-Rahim/50854503
https://www.semanticscholar.org/author/Chandrashekhar-Singh/39610982
https://www.semanticscholar.org/author/R.-Goel/2089341279
https://www.semanticscholar.org/author/S.-Baral/121391754

Author and year Focus of study Methodology Findings Research gaps
fund  investment regarding Unit funds,
Decisions also suggest that
FinTech plays a vital
role in  promoting
financial literacy and
strengthening
investment financial
decisiveness.
Haruthai Factors Influencing  Used questionnaire  Results showed that Only used non
&Samanchuenk Behavior Intention survey of Thai investors individual investors’  finance variables
(2023) in Digital and partial least square intention to use digital ie ; perception,
Investment structural equation investment services iS convenience,
Services of Unit modeling (PLS-SEM) for significantly impacted trust, and
Fund Distributors  data analysis by their perception of subjective norm
Adoption in the usefulness of these
Thailand services
Cai, Atampokah & The Impact of Focused on Unit fund Findings showed that Focused on micro
Kwame (2021) Macroeconomic companies in Ghana from  macroeconomics economic
Variables on Unit 2008 to 2016 wusing variables positively  variables only.
Funds Performance correlation analysis, affect the returns of Unit
in Ghana examined the co- funds.

movement of the returns
from the selected funds
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https://www.semanticscholar.org/author/Haruthai-Kasemharuethaisuk/2203226302
https://www.semanticscholar.org/author/Haruthai-Kasemharuethaisuk/2203226302
https://www.semanticscholar.org/author/Cai-Li/2118035825
https://www.semanticscholar.org/author/Rosemond-Atampokah/2087517726
https://www.semanticscholar.org/author/Baku-R.-Kwame/2080324295

Author and year Focus of study Methodology

Findings

Research gaps

with the key
macroeconomic variables.

Kumar & Ali (2020) Role of digital
technologies on
growth of Unit
Fund Industry in

India

Yogesh,(2021) Used

survey

Kenya is emerging chain
as FinTech hotbed

in Africa

analysis

Akasha
(2021)

& Manda Emerging Unit
fund Trends for

2021in India

Used desk-top review
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Exchange rate is the
strongest
macroeconomic variable
that affects the
performance of Unit
funds in Ghana

Fintech has a significant
positive  impact  on
growth of Unit fund

Mobile money promotes
financial innovation

Digital penetration, cost
management, low cost
products ESG, and Inter-

The study period
is far past.

Geographical
gaps identified

Focused on
growth as
opposed to
financial
performance

The study delved
into the financial

innovation as
opposed to
effects of
financial
technology

Focused on the
drivers of Unit
fund.



Author and year Focus of study Methodology Findings Research gaps
regulatlot.ls are' drivers Not in the
of the Unit fund industry Kenyan Context

Abbas, B. M., Financial leverage Pooled general least Financial leverage has a Did not consider

Alhmoud, T., & and firm  squares negative  relationship  Financial

Algazo, F. A. (2019).  performance, with the firm technology as a
performance proxies by  variable

Evidence from ROA and EVA

Amman stock

exchange
Shitemi, Maingi, Effect of exchange A descriptive correlational negative  relationship  The study
Egessa (2023) rate fluctuation on research design exists between focused on equity

Wachira, K.V., Kalui,
F., & Gathii.J (2021)

performance of
Equity funds in
Kenya

Digital  financial
innovation services
and their impact on
performance of
commercial banks
in Kenya

Multiple regression and
Pearson correlations.

performance of equity
funds and exchange rate

Digital financial
services  offered by
Fintech companies have
a negative impact on the
performance of
Commercial banks in
Kenya

funds only. Other
types were left
out

the study was
done on
commercial
banks only

Source: Researcher, 2024
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2.6 Conceptual Framework

The study utilized a conceptual framework that incorporated comprehensive measures of
financial technology rather than a single contextual base conceptualization. The expected
correlation between the independent, dependent, and moderating variables is portrayed in
the conceptual framework bellow. The predictor variable for the study was Financial
Technology while the dependent variable is the financial performance of Unit funds in
Kenya. The moderating variable was fund size. This research hypothesizes that fund size
has no moderating effect on the relationship between financial technology and the

financial performance of Unit funds in Kenya.
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Financial technology

Digital Payment
e E-wallet Transaction (S)
e Mobile Apps Transactions (S)
¢ Digital payment platform
onboarding and ease of use (P)
e Digital payment platform options
availability & flexibility (P)

Digital Deposits

¢ Deposits by Electronic Fund
Transfer (S)

¢ Fintech App Deposits (S)

e Digital deposit platform
onboarding and ease of use (P)

e Digital deposits platform options
availability & flexibility (P)

Digital Portfolio Management
e Portfolio Return (S)
e Portfolio Turnover (S)
e Digital Data Analysis (P)
e Chat-bot Services Installed (P)

Digital Risk Management
e Portfolio volatility (S)

e Risk Management Reserves (S)
e Smart Apps Installed (IoT) (P)
e Artificial Intelligence/Robots (P)

\ 4

Source: Researcher, (2024)

Key: P-Primary data, S- Secondary data
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Performance
Performance of Mutual
Hos Funds
e Return on Assets
(ROA)
Ho> -
Moderating variable
H Fund Size of Mutual
03 > Funds in Kenya
e Asset Under
Management
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CHAPTER THREE
RESEARCH METHODOLOGY

3.1 Introduction

This chapter outlines the research methodology adopted to determine the effect of
financial technology and fund size on the financial performance of Unit funds in Kenya.
It describes the philosophical orientation, research design, and approach used to generate
and analyze data. The chapter further explains the target population, sampling methods,
data collection techniques, research instruments, and procedures for data analysis. The

chapter also highlights the ethical considerations and diagnostic tests done.

The study used several statistical techniques to achieve comprehensive data analysis as
recommended by Creswell (2018). Descriptive statistics helped to summarize the
characteristics of the data set using mean, minimum, maximum and standard deviation,
Pearson correlation was used to determine the direction and strength of effect of fintech
on the fund performance (Field, 2018). Simple liner regression, helped in assessing the
predictive power of each of the fintech variables independently while multiple linear
regression assessed the combined predictive power of fintech on fund performance. Lastly
hierarchical regression analysis was used to determine the incremental contribution of fund
size to fund performance. The study was done at the organizational level focusing on how
fintech when integrated in systems and processes shapes the outcomes (Sekaran & Bougie,

2019; Yin, 2018).
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3.2 Study Area

According to Yin, (2018) selecting a study area should reflect the ability to address the
research objective effectively based on the available data, uniqueness of context and
available gaps in prior studies. It is the geographical boundaries in research used to define
the extent and set area for the study. The study area is Kenya, a rapidly growing financial
hub in East Africa, characterized by increasing adoption of financial technology (FinTech)
in its financial services sector. The study focused on Unit funds considering the country’s
fintech ecosystem that is highly dynamic, with the CMAs, efforts to promote digitization
in fund management. (CMA, 2023; FSD Kenya, 2020). Nairobi, as the capital city and
financial center, hosts the headquarters of most Unit funds, making it the primary locus
for data collection. This aligns with Mugenda and Mugenda, (2003) who emphasizes on

contextual relevance, access to data and policy importance in selecting the study area.

3.3 Research Philosophy

According to Nthimba, Jagongo, Wamugo (2021), research philosophy is a system of
beliefs and assumptions about the development of knowledge when embarking on
research. There are four main trends of research philosophy; positivism, interpretivism,
pragmatism, and realistic research philosophy. This study is grounded in the pragmatic
research philosophy, which emphasizes the use of diverse methods, the practical
application of knowledge and the use of multiple approaches to understand complex real-
world phenomena. It holds that research questions should determine the choice of
methods, rather than commitment to a single worldview such as positivism or

interpretivism.
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According to Gillespie et al, (2024), pragmatism empowers researchers to craft creative
and synergistic mixed methods designs that effectively responds to complex real-world
problems-like fintech The pragmatic research philosophy supports the use of both
qualitative and quantitative methods to understand complex social phenomena, allowing
for flexibility in choosing methods that best address the research questions, facilitating

convergence and corroboration of results through triangulation (Creswell & Clark, 2018).

In the context of this study, which examines the effect of financial technology and fund
size on the performance of mutual funds in Kenya, pragmatism was most appropriate for
several reasons. First, the study sought both objective measurement of FinTech constructs
through quantitative data and subjective insights from fund managers on FinTech adoption.
Pragmatism allows the integration of primary (perceptual) and secondary (financial) data
to capture both the operational and financial dimensions of fund performance. Pragmatism
acknowledges that both objective measurement and subjective understanding are valuable
for generating knowledge (Liu, 2022). The mixed-methods approach aligns well with
pragmatism, thereby allowing flexibility that aids in addressing the research problem using
both quantitative and contextual evidence to generate practical solutions and actionable

insights for the sector.

According to Shan (2021), in a study on philosophical foundations of mixed methods
research, the pragmatic approach facilitates integration by valuing practical outcomes and
methodological flexibility, thereby enabling the study to capture both statistical

relationships and also the contextual nuances.
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Additionally, the philosophy supports the use of mixed or complementary data sources
and analytical techniques such as descriptive analysis, panel regression, and correlation
tests, aligning with the study’s aim of providing practical, evidence-based
recommendations for fund managers and regulators. Furthermore, from a practical
standpoint, the study focuses on real-world decision-making in Kenya’s UTFs, an area
where technology and financial performance are interlinked through contextual, dynamic
factors. Pragmatism therefore provides a flexible philosophical base to interpret findings

in a way that informs policy, management, and future innovation.

In contrast, the philosophy of positivism focuses exclusively on the objective. This means
that the measurable facts would constrain the study to quantitative analysis alone, and so
potentially neglecting critical subjective factors about technology adoption behaviors and
key role of decision-making (Saunders, Lewis & Thornhill, 2023). Interpretivism on the
other hand, is suitable in studies dealing with understanding social constructs and
individual perspectives, therefore in this study it would be insufficient for such as a
rigorous empirical testing (Creswell, 2014). Consequently, pragmatism stands suitable for
this study since it provides a philosophical background that is well balanced and
appropriately aligns with the mixed-methods design herein used. This therefore enabled a
more robust and in-depth assessment of the combined effect of fintech and fund size on

fund performance.

While both positivism and interpretivism offer valuable perspectives, neither alone was

sufficient for this study. A purely positivist stance, which relies solely on objective and
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numerical data, would have limited the understanding of contextual and managerial
perspectives surrounding FinTech adoption in unit trust funds. Conversely, a strictly
interpretivist approach, focused on subjective meanings and qualitative interpretation,
would not have provided the statistical evidence required to test the study’s hypotheses
or evaluate fund performance quantitatively. The pragmatic philosophy was therefore
preferred, as it combines the strengths of both paradigms, allowing the use of empirical
data and statistical models alongside contextual insights, to generate findings that are both

scientifically valid and practically relevant to Kenya’s mutual fund industry.

3.4 Research Design.

This study used a mixed research design combining descriptive and panel designs.
According to Creswell, (2018), mixed methods approach provides side by side comparison
of qualitative and quantitative research. This design supports the pragmatic approach that
guided this study by facilitating the collection and analysis of multiple types of data
necessary to address the research objectives comprehensively. The cross-sectional analysis
enabled effective evaluation of the effect of financial technology, and fund size, on the
financial performance of Unit funds across fund categories while making comparisons

across the four categories of funds.

The unit of analysis was the Licensed Unit funds operating in Kenya, while the units of
observation for primary data were fund managers, finance officers, ICT Analysists and
CEO'’s. These were preferred basing on the strategic roles they play in the implementation
of innovations, which makes them appropriate informants (Creswell, 2018). For the
secondary data, the units of observation were the performance reports and published
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financial records and filings by CMA. Despite the use of individual responses in data
collection, the unit of analysis for the study remained the Unit funds, this aligns with the
research objective since fintech is implemented at firm level and not individual level
(Babbie, 2020; Mugenda & Mugenda, 2003). There was consistency between research
problem, data collection process and analysis as recommended in organizational research

(Creswell, 2018)

3.5 Target Population

Target population allows the researcher to concentrate on the units of analysis with specific
attributes, characteristics, common traits and experiences required to provide the necessary
information for the study (Fink, 2017). The target population for this study was Unit Trust
funds registered and actively operating in Kenya under the regulatory oversight of the
Capital Markets Authority. These were launched and licensed since the year 2014, which
is ten years back from 2023 to capture the most recent period since the advent of financial
technology in the Kenyan Unit fund sector. These funds include four main categories which

are equity funds, money market funds, balanced funds, and fixed income funds.

According to CMA, the total number of licensed Unit funds as of 2023 was thirty-six but
only twenty-five are actively operating while eleven are inactive (CMA, 2023). Using the
inclusion exclusion criteria by elimination method, the study narrowed down and worked
with thirteen funds that had all the four main categories of Unit funds i.e., Money market
funds bond funds, Equity funds, Bond (fixed) funds, and balanced funds, each with four

categories, for ten years forming five hundred and twenty datasets for secondary data. For
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the primary data, four respondents from each formed 52 respondents forming a

generalizable sample (Cooper &Schindler, 2014). This is summarized in the table below.

Table 2: Target population in the four main categories of UTFs

CATEGORY
SN  Name-of Unit Money Equity Fixed income Balanced
Fund Market Funds Funds Funds
Funds
1 African African African African African
Alliance Kenya Alliance Alliance Alliance Fixed  Alliance
Unit Trust Money Market Equity Fund  Income Enhanced
Scheme Fund Fund
2 British British British British British
American Unit American American American American
Trust Scheme Money Market  Equity Fund  Income Fund Balanced
Fund Fund
3 ICEA Unit ICEA Money ICEA Equity ICEA Bond ICEA
Trust Scheme Market Fund Fund Fund Balanced
Fund
4 CIC Unit Trust CIC Money CIC Equity CIC Fixed CIC
Scheme Market Fund Fund Income Fund Balanced
Fund
5 OLD Unit Unit Old Unit Old Unit Old Unit Bond Old Unit
Trust Scheme Money Market  Equity Fund  Fund Balanced
Fund Fund
6 NABO Africa NABO Africa NABO NABO Africa NABO
Funds Money Market  Africa Fixed Income Africa
Fund Equity Fund  Fund Balanced
7 Co-Op Trust Co-Op Money Co-Op Co-Op Bond Co-Op
Fund Market Fund Equity Fund  Fund Balanced
Fund
8 Apollo Unit  Apollo Money  Apollo Apollo Bond Apollo
Trust Scheme Market Fund Equity Fund  Fund Balanced
Fund
9 Cytonn Unit Cytonn Money Cytonn Cytonn High Cytonn
Trust Scheme Market Fund Equity Fund  Yield Fund Balanced
Fund
10 KCB Unit KCB Money KCB Equity KCB  Fixed KCB
Trust Scheme Market Fund Fund Income Fund Balanced
(Natbank Unit (Kes) Fund

Trust Scheme)
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CATEGORY

SN  Name-of Unit Money Equity Fixed income Balanced
Fund Market Funds Funds Funds
Funds
11 Jubilee Unit Jubilee Money Jubilee Jubilee Fixed Jubilee
Trust CIS Market Fund Equity Fund  Income (KES) Balanced
Fund Fund
12 Genghis Unit Gencap Hela Gencap Hisa Gencap Fixed Gencap
Trust Fund Fund Fund Income Fund Eneza Fund
13 ABSA Unit ABSA Shilling ABSA ABSA Bond ABSA
Trust Scheme Money Market  Equity Fund  Fund Balanced
Fund Fund

Source: CMA Website, (2024)

3.6 Sampling Design and Procedure

A sample of a subject is taken from the total population to make inferences about the entire
population. The size of the study sample is always critical in producing meaningful results.
According to Kothari (2013), a sample is a representative subset of the study population
and therefore ought to be adequate to yield the desired precision. Using inclusion exclusion
criteria, 52 funds survived to be used in the study, due to the size, census technique was
used. Respondents for primary data were experts knowledgeable and with relevant
knowledge and experience regarding financial technology adoption and Unit fund
management. Secondary data was drawn data from the thirteen by four categories to form

52 funds, actively operating, with a full cycle of ten years in active operation from 2014 to

2023.

3.7 Data collection instruments

To enhance the robustness of the research findings, the study used data triangulation by

utilizing multiple data collection instruments to achieve complementarity and expansion
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of research findings (Fetters, curry &Creswell, 2013). Data were gathered through both
qualitative and quantitative methods to achieve a comprehensive understanding of the
effect of fintech on the performance of Unit funds. Well-structured questionnaires were
used to collect primary data from respondents while secondary data was collected using a
customized data tool. The use of triangulation not only ensured more robust analysis but
also helped validate results by comparison, thereby integrating the benefits of both

methods. The convergence point was discussed and corroboration clearly brought out.

3.7.1 Primary Data Collection Instrument

A structured self-administered questionnaire with a mix of closed and open-ended
questions was used to collect the primary data from identified senior staffs of Unit funds
(finance managers, fund managers, CEOs and ICT analysts). According to Maxwell,
(2013), structured questionnaires allow standardized responses which enhance reliability.
The questionnaire was subdivided into three parts. Part 1 consisted of general information
about the respondents, mainly for the purpose of providing contextual background for
interpretation of the results, which helped establish the relevance and credibility of the
responses and to confirm that the respondents have adequate knowledge, expertise and
exposure to fintech practices. This also enabled the researcher to interpret findings with an

appropriate professional context.

Part two consisted of information about the general experience with fintech and the
approximate uptake levels of fintech in business operations, and part three comprised of
close-ended questions that provided information about the respondents’ perception on the
use of fintech in the Unit fund aimed at obtaining data on specific study independent
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variables, including the moderating and dependent variable. A five -point Likert-type scale
ranging from 1(Strongly Agree) to 5(Strongly Disagree) was used for all the constructs as
shown in Appendix I. According to Joshi (2015), the 5-point Likert scale captures varying
degrees of agreement allowing for more nuanced data. It also enables computation of basic
characteristics such as mean scores standard deviation and inferential statistics (Boone
&Boone, 2012). According to survey design expert Rensis Likert, who originally
introduced this scale in 1932, Attitudes are best understood when measured through

consistently structured options that reflect degrees of sentiment rather than binary choices.

3.7.2 Secondary Data Collection Instrument

A special and customized data collection tool was used to collect secondary data, orderly
summarize it, and then group it into panels for ease of analysis. According to Baltagi,
(2021) and Wooldridge (2010), panel data requires customized tool for structured
formatting to support time series analysis and improved traceability. The main source of
data was the financial statements of the licensed Unit Trust funds actively operating in
Kenya. This data was obtained from published annual reports covering a period of ten years
from 2014 to 2023 which is a ten-year window period to capture the latest technological

and performance trends observed in the Unit funds, the tool is annexed as Appendix ii.

3.7.3 Data Collection Procedure

The data collection procedure involved a systematic process through which information
relevant to the study objectives was obtained. The researcher collected primary data using

structured questionnaires administered to fund key personnel from licensed mutual fund
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management firms in Kenya. The questionnaires were designed based on the study’s key
constructs; digital payments, digital deposits, digital portfolio management, and digital risk
management, to capture the extent of financial technology adoption and its perceived effect
on fund performance. The process of data collection involved the deployment of two
qualified research assistants, who were tasked with distributing the questionnaires to the
identified respondents, and later on collected them ensuring efficiency and timeliness. To
maintain data integrity, the research assistants supervised the questionnaire completion
process by providing guidance where necessary, ensuring that all items are appropriately
responded to. The collected questionnaires were meticulously organized according to the

respective Unit funds for streamlined analysis.

Secondary data were obtained from audited financial statements, fund fact sheets, and
regulatory filings submitted to the Capital Markets Authority (CMA), which provided
quantitative information on fund size and performance indicators such as returns and
assets under management. Secondary data was collected guided by the primary responses
on the proportion of transactions done digitally (a percentage of the transaction reported

in published financial statements got from CMA websites)

Both data sources were collected concurrently to allow triangulation and ensure accuracy,
consistency, and completeness of the information gathered for analysis. This systematic

procedure ensured a more comprehensive and credible process to support the end results.

3.7.4 Measurement of Variables

This section presents the operationalization and measurement of variables used in

determining the effect of financial technology on the financial performance of Unit funds
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in Kenya. The study variables were measured using multiple indicators to cater for both

qualitative and quantitative data to reflect the key dimensions of financial technology

adoption in the Unit fund sector (Hayduk & Littvay, 2012). The responses from part 3 of

the questionnaire were rated on a five-point Likert scale enabling standardized

quantification and comparison. This ensured construct validity and internal consistency, to

enhance the robustness of the study’s findings.

The secondary data was measured appropriately using relevant performance indicators as

shown in the table below.

Table 3: Operationalization and Measurement of Variables for Secondary Data

Variable Type Indicator Measurement
Financial Dependent PAT/T.A Ratio of PAT to total
Performance Assets
Digital Payments Independent  E-Wallet payment Value of E-wallet
transactions payment transactions
per year.
Mobile-App payment Value of Mobile-app
Transactions payment transactions
per year
Digital Deposits Independent  Fintech-App Deposits Value of online
deposits made p/a
Deposits through Value of EFT
Electronic-Fund deposit transactions
Transfer
Digital Portfolio Independent NAV Portfolio return
Management o
Yalue of digital portfolio turnover
Iinvestments
Digital-risk Independent  Standard deviation of Portfolio-Volatility

Management

returns
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Variable Type Indicator Measurement

Risk Reserves:T.A Risk Reserve
Ratios.
Fund size Moderating  Value of Assets under Natural Log of AUM
Management (nIAUM)

Source: Research study (2024)

Table 4: Operationalization and Measurement of Variables for Primary Data

Variable Type Indicators
Financial Performance Dependent Changes in Performance trends observed
Digital Payments Independent Ease of onboarding and use of digital platform

Payment Options available for clients
Digital deposits Independent Ease of onboarding and use of digital platform

Deposit alternatives and their flexibility
Digital-Portfolio Independent Digital analysis of data -Al /Robo-Advice
Management

Digital tools (Chat-bot) services installed.
Digital-risk Independent Smart Apps installed for data security
management

Utilization of Al /Robots in security.

Fund size Moderating Growth Trends in investors

Source: Research study (2024)

3.8 Reliability and Validity of Instruments

A pilot study is a small feasibility study designed to test various aspects of the methods
planned for a larger, more rigorous, or confirmatory study (Arain, Campbell, Cooper, &
Lancaster, 2010). To ensure the credibility and robustness of the data collection tools, both
reliability and validity of the research instruments were thoroughly evaluated. A pilot study
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on primary data was conducted involving a sample of Unit fund professionals who were

not part of the main study.

The objective of the pilot study was to test the clarity, consistency, and relevance of the
questionnaire items in measuring the constructs. Feedback from the pilot study informed
minor revisions to improve question wording and layout. The pilot test was done on four
Unit funds from each category and this formed a representation of each of the main
categories. From the pilot study report on factor analysis, All the indicators of the various
constructs were subjected to confirmatory factor loading analysis using SPSS version 27.

According to the findings all the indicators of various constructs were retained.

3.8.1. Validity test

The validity test is based on the adequacy with which the items in an instrument measure
the attributes of the study and give desired results. Content validity and face validity was
used for both the questionnaire and the customized data tool for secondary data. The study
utilized a customized data collection tool to fetch secondary data from audited and
published financial statements which were found to be robust. For both primary and
secondary data collection tools, Content validity was done using expert judgment of
content by supervisors and other experts from the School of Business and Economics,
Masinde Muliro University of Science and Technology. They made comments on the
Clarity, Relevance, Objectivity, and Simplicity of each item. The results of their response
were analyzed to establish the percentage representation using the content validity

formula:
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(Agreed items)

Content Validity Index =

(total number of items)

Besides, the questionnaires were subjected to construct validity by conducting factor
analysis to determine if indeed the questionnaire items are measuring the underlying
variables. Factor loadings indicated the strength of the relationship between observable
variables and the latent factors within factor analysis. These loadings helped in assessing
the extent to which each observed variable contributes to defining and measuring the
variables. This helped the researcher to discern which variables are more closely linked to
each other. Factor loadings are typically categorized as 0.32 (poor), 0.45 (fair), 0.55 (good),
0.63 (very good), or 0.71 (excellent). Loading of 0.4 or 0.5 are substantial for explanatory

purposes (Tabachnick & Fidell, 2020).

3.8.2 Reliability test.

Reliability tests measure the degree of consistency to ensure that the data collection
tool is able to produce consistent results repeatedly (Bell, 2010). It indicates the
extent to which measurement results are relatively consistent if repeated twice or
more (Sekaran, 2010). Reliability is either consistency across time (test-retest
reliability) or across items (internal consistency). Cronbach's alpha was used to
assess reliability by comparing the amount of shared variance, or covariance, to the
amount of overall variance and measuring the internal consistency and how closely
related the variables are. The instrument was considered reliable whenever there was

a covariance among the variables relative to the variance.
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3.8.3 Pilot study report

From the pilot study report, reliability statistics for the first variable, digital payments,
showed an overall Cronbach alpha value of 0.815 for 6 items. None of the items was
deleted. The second variable that formed the second objective was “To determine the effect
of digital deposits on financial performance of Unit funds in Kenya” The overall Cronbach
alpha value for the Digital deposits was 0.900 for 6 items. None of the items was deleted.
The reliability statistics for the third variable digital portfolio management showed the

overall Cronbach alpha value of 0.850 for 7 items. None of the items was deleted.

The fourth objective on digital risk management showed reliability statics with an overall
Cronbach alpha value of 0.779 for 7 items. None of the items was deleted. For the
moderating variable fund size, the overall Cronbach alpha value was 0.890 for 6 items.
None of the items was deleted. For the dependent variable, financial performance, the
overall Cronbach alpha value was 0.925 for 7 items. None of the items was deleted. Overall

statistics is presented in the table 5 below.

Table 5: Overall Reliability statistics for pilot study

Variable No of Items Cronbach Reliable
Items deleted Alpha
Digital payment 6 0 0.815 Reliable
Digital deposits 6 0 0.900 Reliable
Digital portfolio management 7 0 0.850 Reliable
Digital risk management 7 0 0.779 Reliable
Fund size of Unit fund 6 0 0.890 Reliable
Financial performance 7 0 0.925 Reliable

Total 39 Average 0.859 Reliable
Source: Pilot Data (2024)
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Since all the variables had Cronbach alpha above 0.7 none of the items was dropped.
Similarly, factor loading was greater than 0.4, hence none of the items was dropped. Based
on the pilot results the researcher recommended none of the questionnaire items should be
dropped during the main study. For the secondary data, obtained from audited financial
reports, no reliability test was done since it was considered that the data was robust,
trustworthy and reputable. Audited financial reports undergo a review by independent
auditors who provide an opinion on the fairness and accuracy of the financial statements.
This adds a layer of credibility compared to unaudited data. Further, secondary data was
got from official websites of individual Unit funds and the Capital Markets Authority

website.

The dual-source approach enhances the credibility and robustness of the data, enabling a
comprehensive analysis of the Unit fund industry (Creswell, 2018). By cross-referencing
information from multiple reputable sources, the study aims to mitigate potential biases
and inaccuracies, thereby enhancing the trustworthiness and validity of the research
findings. This rigorous data collection strategy underscores the commitment to rigor and
accuracy in the research process, ultimately strengthening the integrity and reliability of

the study's conclusions.

3.9 Data Analysis and Hypothesis Testing

The study employed panel data regression analysis since the dataset combined both cross-
sectional (four categories of unit trust funds Unit Trust Funds) and time-series for annual

observations of 10 years’ dimensions. This approach was appropriate because it allowed
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the study to control for individual fund-specific heterogeneity and time effects, which

cannot be captured by ordinary least squares (OLS) regression.

Diagnostic tests were performed to determine the most suitable panel model. Specifically,
the Hausman test guided the choice between the Fixed Effects Model (FEM) and the
Random Effects Model (REM). The Fixed model accounted for unobserved characteristics
unique to each fund while ensuring efficiency and consistency of the estimates. This

methodological approach provided more robust and reliable results.

Data processing involved inspecting, cleaning, transforming, and modeling data to
highlight useful information, suggest conclusions, and support decision-making (Yin,
2018). The primary data collected was grouped, tabulated and classified, then the output
was numerically coded to properly categorize and group the responses into a limited

number of categories (Kandel, 2012).

3.9.1 Descriptive Statistics

Descriptive statistics were used to illustrate trends and for ease of summarizing the
characteristics of the data. The measures of central tendency, including the mean, were
calculated to represent the typical value in the data-set (Kothari, 2007). Additionally,
measures of variability, such as the standard deviation, were computed to indicate the
spread or dispersion of the data points around the mean. The minimum and maximum

values were determined to demonstrate the range of the dataset

For primary data, descriptive statistics involved means, maximum, minimum and standard

deviations. Descriptive statistics based on frequencies and percentages were particularly
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useful for summarizing categorical variables responses to Likert-scale items (e.g.,
Agreement levels with statements). They provided a clear and concise overview of the
distribution of responses, facilitating easy interpretation and comparison across different
categories or groups (Boone &Boone, 2012). This data was then presented in tables and

figures. The convergence of the dual data findings was done using the descriptive statistics.

3.9.2 Pearson Correlation Analysis

The Pearson Correlation Coefficient (Pearson r) was used as a pivotal tool for examining
the relationship between variables (Jahangir & Begum, 2008). It helped quantify the
magnitude and direction of the linear relationship between the two variables, offering
valuable insights into their association (Mugenda & Mugenda, 2008). Employing bi-
variate correlational analysis, this study utilized Pearson r to assess the strength and

direction of the relationship between Fintech and financial performance.

The significance level plays a crucial role in determining the significance of the
correlation. A significance level below 0.05 indicated a significant correlation, implying a
linear relationship between the two variables. Conversely, a relatively large significance
level, such as 0.50 or higher, suggested a lack of significance in the correlation, indicating
that the variables were not linearly related. This was used for both primary and secondary

data.

3.9.3 Simple Linear and Multiple Linear Regression

Both simple and multiple linear regression analysis were used as a powerful statistical

method for determining the relationships between the independent variables and
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dependent variable (Lind, 2008). Simple linear regression was used to determine
individual effect of each variable while multiple regression analysis was used to explore
how combined variations in financial technology constructs impacted financial

performance of Unit funds.

Through multiple regression analysis, the study sought to determine the effect of the
different components of financial technology on financial performance. By assessing the
R square, F Statistics, regression coefficients, t-statistics, and significance levels, the study
aimed to identify the effect of financial technology on financial performance of Unit funds
in Kenya. The study used two set of multiple linear regressions for the two data sources as

follows;

For Primary Data

The Multiple regression model was of the form;

Y = Bo+ B1X1i + B2Xai + B3X3i + BaXai + €

For panel data (secondary data)

The Multiple regression model was in the form of

Yie = Bo + B1X1it + BaXoie + B3Xzit + BaXaie +€
Where Y= Return on investment or Annual growth
Xj : Digital payments
X2: Digital deposits.
X3: Digital portfolio management

X4: Digital risk management.
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€: an Error term
i: Individual Unit fund

t: time in years

3.9.3.1 Testing the Effect of Digital Payment on Financial Performance

The effect of digital payments on financial performance of Unit funds in Kenya was tested
using the following sets of regression models for primary and secondary data respectively.
The reason for having two sets of equations was the data triangulation technique that

allowed for both secondary and primary data separately.

Y=L+ BiXiit € Primary Data
Y =L+ BiXiit T € oo Secondary Data
Where

Y: the financial performance of Unit funds

Bo : constant (intercept),

B1 was coefficient parameter to be determined,
X1 was Digital payments

€ was Error term

1 was an individual Unit fund

t was time in years

Significance of the regression coefficient was measured using P values. For P value<0.05,
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Hai: There is statistically significant effect of digital payments on financial performance of

Unit funds in Kenya.

Otherwise, if the P value>0.05, the Null hypothesis was accepted:

Hoi: There is no statistically significant effect of digital payments on financial Performance
of Unit funds in Kenya.

3.9.3.2 Testing the Effect of Digital Deposits on Financial Performance

The effect of digital deposits on the financial performance of Unit funds in Kenya was

tested using the following regression models for primary and secondary data respectively:

Y=L+ BoXoit €oeneiiiiiii Primary Data
Y =00+ BoXoit F € eveneiii Secondary Data
Where;

Y: the financial performance of Unit funds
Bo. Constant (intercept),

2. Coefficient parameter to be determined,
X» 1s Digital deposits

¢ 1s Error term

11s an individual Unit

t is time in years

Significance of the regression coefficient was measured using P values. For P value<0.05,
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Ha2: There is statistically significant effect of digital deposits on financial performance of

Unit funds in Kenya.

If the P value>0.05, the null hypothesis is accepted and affirm that:

Hoz2: There is no statistically significant effect of digital deposits on financial performance

of Unit funds in Kenya.

3.9.3.3 Effect of Digital Portfolio Management on Financial Performance

The effect of digital portfolio management on financial performance of Unit funds
in Kenya was tested using the following regression models for primary and

secondary data respectively:

Y =00+ B3Xzi+ € e Primary Data
Y =00+ B3Xzit F €veneiiiiiii Secondary Data
Where;

Y is the Unit funds financial performance

Bois constant (intercept),

B3 1s coefficient parameter to be determined,

X3 is digital portfolio management
¢ is Error term

1 1s an individual Unit fund
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t is time in years

Significance of the regression coefficient was measured using P values. For P value<0.05,

the study rejects the null hypothesis and affirm that:

Has: There is a statistically significant effect of digital portfolio Management on financial

performance of Unit funds in Kenya.

Otherwise, if the P value>0.05, it implies there is no statistically significant evidence to

reject the null hypothesis and affirm that:

Hos. There is no statically significant effect of digital portfolio Management on financial

performance of Unit funds in Kenya.

3.9.3.4 Testing the Effect of digital risk management on Financial Performance

The effect of digital risk management on financial performance of Unit funds in Kenya

was tested using the following regression models for primary and secondary data

respectively:
Y=L+ BaXgit €ovriieniiii Primary Data
Y =L+ BaXgit T €evnviiii Secondary Data

Where Y is the financial performance of Unit funds
Bo 1s constant (intercept),
B4 is coefficient parameter to be determined,

X4 1s digital risk management
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¢ 1s Error term
1 1s an individual Unit fund
t is time in years

Significance of the regression coefficient was measured using P values. For P value<0.05,

the study rejects the fourth null hypothesis and affirm that:

Ha4: There is statistically significant effect of digital risk management on financial

Performance of Unit funds in Kenya.

Otherwise, if the P value>0.05, the null hypothesis and affirm that:

Ho4. There is no statistically significant effect of digital risk management on financial

Performance of Unit funds in Kenya.

3.9.3.5 Testing the Moderating Effect of Fund Size on the Relationship between

Financial Technology and Financial Performance of Unit Funds in Kenya.

A moderating variable was used to specify conditions under which financial technology is
related to an outcome. It was used to illustrate that when independent and dependent
variables are related, the moderating effect could have either an enhancing, buffering, or
antagonistic effect. For enhancing, when the moderator is increased, it increases the effect
of the predictor on the outcome; for buffering, if the moderator is increased, it decreases
the effect of the predictor on the outcome; for antagonistic, increasing the moderator would

reverse the effect of the predictor on the outcome.
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The Moderation effect of fund size on the relationship between Financial Technology and
Financial Performance was tested using a hierarchical regression model. Going by the
writing about moderating and mediating effects in causal models, Kim, Kaye and Wright
(2001) noted that when the independent and moderator variables are continuous, their

interaction can be estimated using the following functional form

Y =Bo+ B1X1i + B2M + B3(MX1;. M) + €
Thus Bo is the intercept, 1 shows the effect of X on Y when M=0, B> shows the effect of
M on Y when X =0 and B3 shows how the effect of X on Y changes as M changes i.e. the
interaction effect. This means the change in slope of Y on X, given a unit change in X», is
represented by 3. The interpretation of 3 is symmetric, in that it also represents the change
in slope of Y on X», given a unit change in Xj. Since product XX is often highly correlated
with X; and X3, as when both X; and X; take on only positive values. The possible
multicollinearity problem is typically addressed by rescaling X and X5 such that they are

centered near zero (this is often accomplished by centering X and X at their means).

The following two sets of regression model was used in measuring the moderating
effect of fund size. The reason for having two sets of equations is because of the
dual data sources which was preferred for enhanced outcome, where the researcher

analyzed both secondary and primary data separately.

Y = Bo+ P1X1i + BoXoi + BsX3; + PaXui + BsM + B XM + B7X5;M + BgX3:M

FLoX4iM F € Primary Data

Yit = Bo + B1X1it + B2X2it + B3Xzit + BaXair + BsMir + BeX1 Mt + B7X2M;;
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+LgXaMir + LoXaMir + € Secondary Data

Where;

Y is the financial performance of M.Fs

Bo 1s constant (intercept),

B1 is coefficient parameter to be determined,
X is Digital payments
X3 is Digital deposits
X» is Digital portfolio management
X4 1s Digital risk management
M is the Fund Size
e 1s Error term
11s an individual Unit fund
t is time in years
The interaction term shows the effect of financial technology on financial performance
given a unit increase in fund size. Pe, B7, Ps, and Po represent change in financial
performance due to financial technology constructs (digital Payments, Deposits, Portfolio
management, and Risk management), given a unit change in fund size. The coefficient
was attached to the interaction term. A positive value for the effect of interaction term
implied an enhancing effect, thus, the higher the fund size, the greater (more positive) the
effect of financial technology constructs on financial performance. Similarly, the greater
(more positive) the effect of fund size on financial performance. A change in R? implies
that fund size plays a moderating role and if a change in P value is significant (P

value<0.05), the null hypothesis is rejected and affirms that:
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Has: Fund size has statistically significant moderating effect on the relationship between
Financial Technology and Financial Performance of Unit funds in Kenya.

Otherwise, if the P value>0.05, the researcher affirms that:

Hos. Fund size has no statistically significant moderating effect on the relationship

between Financial Technology and Financial Performance of Unit funds in Kenya.

The Stepwise test for Moderation was done using the study adopted the moderating model
developed by Burns and Burns (2018). This was achieved by undertaking a hierarchical
regression analysis consisting of 3 stages yielding three models. In each step, the change
in R?, F, and significance level was noted. Moderation analysis typically involves testing
interaction effects within regression models. This means assessing whether the relationship
between financial technology and financial performance changes at different levels of the

moderator variable

Stage 1 The independent variables (digital payments, digital deposits, digital portfolio

management and digital risk management) was entered in the model.

This yielded model 1.

Y = ﬁo + ﬁlei + BZXZL' + ﬁngi + ﬁ4Xi4 F Primal'y data

Yit = ﬁo + ﬁlxlit + BZXZit + B3X3it + :B4X4it F Secondary data

Stage 2 The moderator variable in this case, fund size was added in the model to yield

second model.
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Y = ﬁo + ﬁlxli + B2X2i + ﬁ3X3i + B4-X4-i + ﬁsM F Primary data

Yit = ,30 + ,[)’1X1it + BZXZit + )83X3it + :84-X4it + lBSMit + € Secondary data

Stage 3 The interaction effect of independent and moderating variables was entered into
the model. This is the cross-product of fund size and individual independent variables.

This yielded the third model. With the moderating variable, the model becomes as below;

i) Primary data:

Y = Bo+ P1X1i + BoXoi + B3X3; + PaXai + BsM + B X1iM + XM + BgX3:M + Lo XM

+ €

ii) Secondary data:

Yie = Bo + B1X1it + B2X2it + B3Xzit + BaXair + BsMir + BeX1 M + B7Xo M +Bg X3 M,

+Lo XM + €

Where;
Y is Return on investment
X 1s Digital payments
X 1s Digital deposits
X3 is Digital portfolio management
X4 1s Digital risk management.
M is Fund size

¢ is the Error term
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11s an individual Unit fund

t is time in years.
3.9.5 Diagnostic Tests
Various diagnostic tests and Model Specification tests were run to ensure that the data and
study models are appropriate and robust for measuring the relationship between fintech and
financial performance. The various tests include; the normality test, the multicollinearity
test, the autocorrelation test, the unit root tests for stationarity, and the heteroscedasticity
test. The multiple linear regression model was tested prior to use to ensure that the
assumptions of linear regression were met to achieve the accuracy of the end results. The
general assumptions of linear regression are; variables are linearly related, normally
distributed, no multicollinearity, no auto-correlation, and homoscedasticity. Panel root test

was done to ensure the stationarity of data.

3.9.5.1 Normality test

Normality, in the context of statistics and probability theory, refers to the characteristic of
a distribution where the data is symmetrically distributed around its mean, with the
majority of observations clustering near the center and fewer observations in the tails
(Asghar &Saleh, 2012). This assumption is crucial for valid statistical inferences and
accurate estimation of model parameters. When violated, this leads to type 1 or type 2
errors implying that the t-tests and F-tests are in-accurate, the confidence intervals become
unreliable and the also may lead to biased estimation of parameter. Consequently, this
leads to loss of statistical power and misleading model fit and therefore incorrect inference

about relationships (Field, 2018; Gujarati et al, 2020)
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To ensure this assumption is met, for primary data, statistical tests such as the Shapiro-
Wilk test and the Kolmogorov-Smirnov test were applied to test for normality (Pallant,

2020). In these tests, the null hypothesis was that the residuals are normally distributed.

For secondary data, the Jarque-Bera test recommended by Yap and Sim (2011) was used
to determine the normality of residuals in the multiple regression. The researcher examined
the p-value that are associated with the test statistic. The general rule is that a p-value
greater than 0.05 implies that the null hypothesis of normality cannot be rejected, meaning,
the residuals follow a normal distribution. Additionally, to further asses the distribution of
residuals, skewness was tested to ensure a p-value of less than 2, and kurtosis of a p-value

of less than 6.

3.9.5.2 Linearity Test

The linearity assumption states that the relationship between the independent variables and
the dependent variable is linear. The effect of each predictor variable on the outcome is
constant across its range that a unit change in predictor variable leads to a constant change
in dependent variable holding other factors constant. However, because linear regression
is highly influenced by outliers, it was crucial to detect and address them to avoid erroneous
interpretation of results, (Field, 2018). Outliers, which are extreme data points, can

significantly skew the regression line and distort the relationship between variables.

The violation of the assumption leads to model mis-specification, failing to capture the true
pattern between variables and hence making wrong conclusions. Also causes low
explanatory power of R-square, biased and inconsistent estimates, and invalid significance

tests. (Gujarati et al, 2020). To ensure the validity of the linear regression model, the
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researcher visually inspected scatter plots as recommended by Zhao and Zhang (2022). The
scatter plots provided a clear indication of whether the data points exhibit a linear trend or

not.

3.9.5.3 Multicollinearity Test

Multicollinearity is a statistical phenomenon in which multiple independent variables in a
multiple regression model are highly linearly related thus showing high correlation
between each other. It causes the model fitted to give unreliable outcome since it disturbs
and causes the statistical inferences made about the data to be unreliable. When this
assumption is violated it distorts the findings and gives a false result (Akinwande &Dikko,
2020). In this study variance Inflation Factor (VIF) was used to validate this assumption
whereby according to DeFusco and Mcleavey, (2015), the ideal VIF value should be less
than 10 (<10) signifying no multicollinearity. In case of multicollinearity, one of the highly

correlated variables is dropped from further analysis (Yu, Jiang & Land, 2015).

3.9.5.4 Auto correlation Test

Auto-correlation, also known as serial correlation poses a significant problem in the
analysis of historical data if not well checked. The test is performed to ensure the precision
of predictions (Huitema &Laraway 2006). Autocorrelation represents the degree of
similarity between a given time series and a lagged version of itself over progressive time
intervals. This was used to measure the relationship between the variable’s current value
and its past values for a period of ten years. When the residuals are correlated with residuals
from another observation, then auto-correlation exists thus the standard errors are

underestimated and therefor the t-tests and F-tests become inflated.
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For primary data, the Durbin-Watson test was used to test the null hypothesis that there is
no autocorrelation. The value of d statistic lies between 0 and 4. According to Wooldridge
(2019), a value near 0 shows the presence of positive autocorrelation, a value near 4 shows
the presence of negative autocorrelation whereas a value near two shows the absence of
autocorrelation. When the value is less than 1.5, it shows serial correlation and if more than
2.5, it indicates autocorrelation. With the Durbin — Watson, the Regression model includes
an intercept term, the explanatory variables be non-stochastic (non-random or fixed), the
error term is normally distributed, the regression term doesn’t include any lagged (past)

value of the dependent variable and there must be no missing observation.

When examining secondary data, autocorrelation was assessed using the Wooldridge F-
test. The null hypothesis stated the absence of serial correlation, with an alternative
suggesting its presence. In both scenarios, the null hypothesis assumed no serial
correlation. Reject Ho if P-value <0.05, meaning the existence of a specific order of serial
correlation, while failing to reject it suggested no such correlation. Subsequently,
appropriate instruments were selected, such as variables from the first or second lag, or

differences, based on deductions drawn from the test results.

3.9.5.5 Heteroscedasticity test

In regression analysis, heteroscedasticity refers to a situation where the variability of the
dependent variable differs across the dataset. Conversely, homoscedasticity indicates that
the variance of the dependent variable remains constant across all data points (Huang &

Yao, 2014). The impact of deviating from the assumption of homoscedasticity varies
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depending on the degree of heteroscedasticity, with greater heterogeneity leading to

increased consequences (Gelfand, 2015).

To assess heteroscedasticity for primary data, White’s Test for Heteroscedasticity was
employed as recommended by Gujarati & Porter (2009), offering a robust examination of
whether variances are uniform across the data; if the data is not normally distributed, this
test determines if the data exhibits heteroscedasticity by comparing the variance of the data
to that of the model. In the case of secondary data, the researcher employed the modified
Wald test for GroupWise, where the null hypothesis posits constant variance and the
alternative hypothesis suggests the presence of heteroscedasticity. Deviation from

homoscedasticity results in an increase in heteroscedasticity.

3.9.5.6 Unit Root Test (Stationarity Test)

The Im Pesaran-shan test was used to perform the Panel root test to ensure data stationarity
where data doesn’t change with time, this helped in avoiding spurious regression. The
statistical properties such as mean, variance, and autocorrelation should be constant over
time, the ideal value should be <0.05. In case of the unit root test fails, then differencing is
adopted to ensure stability by generating the first difference variable for the specific
variable until the P-value of less than 0.05 is obtained. The Philips Perron test, an
improvement of the ADF, was also used to ensure the data is stationary and each variable
is subjected to the test with the null hypothesis that: the panel data is non-stationary while
the alternative hypothesis as panel data is stationary. If the P value is less than 0.05, then

the data is considered stationary and therefore reject the null hypothesis and adopt the
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alternative hypothesis. But for P value greater than 0.05, the panels are non-stationary

(Phillips & Perron, 1988).

3.9.5.7 Durbin Hausman test (Random Effects and Fixed Effects)

The Durbin—Wu—Hausman (DWH)) test is used to check if unique errors are correlated with
the regressors. The two main techniques suitable to analyze panel data are the random
effects and the fixed effects, the FE assumes correlation while the RE assumes no
correlation. It guides the researcher on whether to use fixed effect or random effects. It’s
used to evaluate the consistency of an estimator when compared to an alternative, less
efficient estimator which is already known to be consistent. The Hausman test was used to
differentiate and choose between fixed effects model and random effects model in panel

analysis as recommended by (Hausman, 1978).

The hypothesis is

Ho. fixed effect model and Random effect model do not differ substantially

Hi: The fixed effect is appropriate, (Individual effects are correlated with regressor)

The null hypothesis is rejected if the p-value is less than 5% significance level and

conclusion made that F.F model is appropriate

Random effects (RE) assumes that the difference in the intercept for all selected funds is
due to the randomness of the sample. RE was done by running the secondary data for all
the variables in order to determine the coefficients and the p-values for each. The random
effect is preferred where the p-value is greater than 0.05. For the fixed effects all firms are

considered in the model and assumes the intercept of all funds is different due to different
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factors, it is suitable for analyzing the impact of variables that vary over time. The fixed
effect assumes that the variables are unique to each other and therefore no correlation, the
P values are less than 0.05, reject Null hypothesis and use FE. If the p-value was greater
than the significance level (0.05), then we fail to reject the null hypothesis and therefore

use the Randon effects model (Hausman, 1978)

3.10 Hypothesis Testing

Hypothesis testing is a systematic and statistical procedure for deciding whether the results
of a research study support a particular theory or model which applies to a population. It
provides a framework for assessing whether empirical data supports or contradicts
theoretical predictions (Creswell & Creswell, 2018). There are two competing hypotheses;
Null hypothesis and alternative hypothesis, this study used null hypothesis as it provides a
neutral starting point which enhances objectivity (Gravetter &Wallnau, 2017).The
researcher used sample data to evaluate the relationship between financial technology and
financial performance of Unit funds in Kenya. The five hypotheses were tested using the

following framework indicated in the Table below:

Table 6: Hypothesis testing

Hypothesis Statement Model Hypothesis Testing
1 Hoi: There is no statistically Hoi: B1=0

significant effect of digital FP=Bo+ p1 Xi+g Hai: p1#0

payments on financial FP=Bo+ B1 Xiictgit Reject Hor if B1#0 and

performance of Unit funds P-value<0.05

in Kenya. otherwise fail to reject
Hor if B1 = 0 and P
value > o
a-0.05

i Hyy: There is no statistically
significant effect of digital Ho2: f2-0
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v

Hypothesis Statement Model Hypothesis Testing
deposits  on  financial FP=o+ 2X>+g Haz: B2#£ 0
performance of Unit funds FP=Po+ B2XoirtEit Reject Hoo if B2 #0 and

in Kenya

Hos: There is no statistically
significant effect of digital
portfolio Management on
financial performance of
Unit funds in Kenya

Hoa: There is no statistically
significant effect of digital
risk management on
financial performance of
Unit funds in Kenya.

Hos: Fund size has no
statistically significant
moderating effect on the
relationship between

Financial Technology and
Financial Performance of
Unit funds in Kenya

FP - Bo + B3 X3+E
FP - Bo+ B3 Xzictgit

FP=o+ B4 Xate
FP=Bo+ B4 Xaictgit

Y= Bo + PiXi + P2Xot
B3X3 + B4X4 + B5M +
BeX1M +  BrXoM+
BsX3 M+ BoX4 M+e

Yie = Po + PiXuit +
B2Xait + B3X3 it PaXait
+ BsMit + BeXiMit +
B7XoMit + BsX3Mie +
BoXaMit +eit

P wvalue < 0.05
otherwise fail to reject
Ho2 if B2 = 0 and P
value > 0.05

Hos: B3=0

Ha3: B3;é 0

Reject Hos if 3 #0 and
P wvalue < 0.05
otherwise fail to reject
Ho3 if B3 - 0and P
value > a

a-0.05

Hos: B4=0

Haa: 643'é 0

Reject Hos if B4 #0 and
P wvalue < 0.05
otherwise fail to reject
Ho4 if Bs = 0 and P
value > o

a-=0.05

Change in R? to
assess change in
financial performance
which is due to its
relationship with the
interaction term

If X*M has a p value
<0.05, then
moderating effect is
supported else is not
supported

Bi > 0 signifies
positive moderating
effect

Bi < 0 signifies

negative moderating
effect
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3.11 Ethical considerations

This study was conducted per the established ethical guidelines to ensure the protection,
rights, and dignity of all participants (Creswell, 2018). Ethical clearance and a research
permit were obtained from the National Commission for Science, Technology, and
Innovation (NACOSTTI) before the commencement of data collection. Informed consent
was obtained from all respondents after clearly explaining the purpose of the study, their
voluntary participation, and their right to withdraw at any point without consequence. The
confidentiality and anonymity of all participants were strictly maintained, with data

collected being stored securely and used solely for academic purposes.

The researcher committedly upheld rigorous ethical standards in order to safeguard the
integrity and credibility in collection of secondary data. Researchers who use secondary
data are expected to adhere to ethical implications a regarding access, privacy and
responsible reporting of the research findings (Babbie, 2020; Saunders&Lewis, 2019).
Secondary data were obtained from publicly accessible sources such as audited financial
reports and regulatory filings, in full compliance with ethical standards on data use. The
study was carried out with integrity, transparency, and full respect for research ethics as

guided by NACOSTI and institutional policies.
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CHAPTER FOUR
DATA ANALYSIS, RESEARCH FINDINGS AND DISCUSSION

4.1 Introduction

This chapter presents analysis of data, presentation, interpretation, and discussion of study
findings as per the study objective, to determine the effect of financial technology on the
financial performance of Unit funds in Kenya, and the moderating role of fund size. The
study used the data triangulation approach where the two data sources were used to enhance
robustness of results (Denzin, (2012). Results for descriptive statistics and inferential
statistics; regression, and correlation analyses have been discussed. The results are shown
in tables, figures, and models. According Fetters, Curry and Creswell (2013), the best
practice when dealing with dual data sources is to organize findings thematically, then
present each data source separately but subsequently before synthesizing them for

convergence and corroboration.

The study used the correlation interpretation scale proposed by Cohen(1988), where
coefficients between 0.00-09 indicate very weak convergence, 002 - 0.39 weak, 0.4 - 059
moderate, 0.60-0.79 strong convergence and 0.8 -1.00 very strong convergence. According
to Johnson and Turner, (2007), descriptive statistics offers the most valuable means for

comparison of perceived and actual performance trends.
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4.2 Response Rate

The primary data was collected using questionnaires from thirteen firms, fully licensed and
actively operating in Kenya with the four main categories of funds and a full cycle of ten
years since inception (from 2014 to 2023). The questionnaires were issued to four
categories of respondents believed to offer valuable insights from classified information
for credible output. The respondents comprised fund managers, finance officers, CEOs,
and analysts, a total of fifty-two questionnaires were issued and forty-four were collected
back, this yielded a response rate of 84.6%. This rate is attributed to effective reminders
and follow-ups which encouraged participation and timely completion of questionnaires.
The use of qualified research assistants for data collection also enhanced the response rate.
According to Finchman, (2008), a response rate above 80% is excellent and sufficient to

ensure representative sample for generalization,

4.3 Diagnostic Tests.

Diagnostic statistics are used to detect potential problems by assessing the model
assumptions (Akinwande, Dikko, & Samson,2022). The study undertook the following
diagnostic tests: normality test, linearity test, heteroscedasticity test, stationarity test,

autocorrelation, and multicollinearity test for all variables examined.

4.3.1. Normality Tests
Primary data
For primary data, normality was done to determine if the residuals are normally distributed,

using the Kolmogorov-Smirnov and Shapiro-Wilk Test as recommended by Pallant,
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(2020). The Null hypothesis Ho: The data is normality distributed. The results are shown

in the table below.

Table 27: Normality test for primary data

Kolmogorov-Smirnov? Shapiro-Wilk

Statistic  df Sig. Statistic  df Sig.
Digital Payment 131 44 200" 928 44 .078
Digital Deposit 152 44 18 933 44 113
Digital Portfolio .123 44 200" .936 44 119
Management
Digital Risk .160 44 .098 945 44 .196
Management
Fund Size 115 44 147 973 44 .105
Financial Performance .110 44 137 997 44 116

*_ This is a lower bound of the true significance.
a. Lilliefors Significance Correction

Source: Researcher (2024)
The results indicate that the significance values (Sig.) for all the variables are above 0.05,
suggesting that the data is approximately normally distributed. These results indicate that
all the variables used in the study meet the assumption of normality, as their p-values (Sig.)
are greater than 0.05. This suggests that parametric statistical tests, such as regression and

correlation analysis, can be appropriately applied to the data.

Normality test using Secondary data

The research used the Jarque-Bera test, to ascertain the normal distribution of the
residuals (Yap & Sim, 2011). The null hypothesis is Ho: The residuals do not
significantly deviate from a normal distribution. The investigation failed to reject the null
hypothesis since the Jarque-Bera probability for the investigated variables exceeded 5%

as shown in Table below, The model is Yi=Bo+B1XirH-BaMirtui+A+Ex
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Table 28: Normality Test for secondary data

skewness kurtosis Jarque-Bera test P-Value
Performance 0.28743 3.308482 1.565 0.4573
Digital Payment 0.093741 3.109311 1.02 0.6004
Digital Deposits -1.18526 3.164097 4.822 0.0515
Portfolio Return -1.07596 3.022072 3911 0.1019
Portfolio Turnover -0.84518 3.950842 3.925 0.1405
Portfolio volatility 0.212633 3.017876 1.966 0.631
Risk-Management 0.212633 3.017876 3197 02022
Reserves
Fund Size -1.8124 2.707981 2.115 0.141

Source: Researcher, (2024)

As shown in the table above, all variables recorded JB test p-values greater than 0.05,
indicating that their distributions did not significantly deviate from normality at the 5%
significance level. Consequently, the study failed to reject the null hypothesis for all
variables, confirming that the residuals are approximately normally distributed, thus

satisfying one of the assumptions for reliable regression analysis.

4.3.2 Test of Linearity

Primary data

The extent to which the change in the dependent variable correlates with the change in the
independent variable is termed linearity. It checks if the relationship between dependent
and independent variables is linear (Zhao & Zhang, 2022). This was assessed using the

scatter plot, where the points closely align with the straight line, as seen in Figure 9 below.
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Scatterplot

Dependent Variable: Performance

R2 Linear = 0 685

Performance

-4 -3 -2 -1 0 1 2

Regression Standardized Predicted Value

Figure 9: Linearity Test

Source: Researcher (2024)
The above figure is a graphical presentation of the extent to which the change in the
dependent variable correlates with the change in the independent variable. This shows
points closely aligned with the straight line, meaning fail to reject the null hypothesis since

there is linearity.

4.3.3 Autocorrelation Test
This test detects autocorrelation among residuals in time series and panel data. (Wang,
Zhang & Wu, 2021). Ho: There is no autocorrelation in the residuals of regression model

For Primary data, Durbin Watson was used to determine autocorrelation as shown below,
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Table 29: Durbin Watson test for primary data
Model Durbin-Watson

1 1.939

Source: Research study, (2024)
Since the Durbin-Watson statistic ranges from 0 to 4, a value near 2 suggests no significant
autocorrelation while a value below 2 indicates positive autocorrelation, whereas a value
greater than 2 suggests negative autocorrelation. The Durbin-Watson statistic of 1.939 is
very close to 2, indicating that there is no serious concern of autocorrelation in the
residuals. This suggests that the regression model is reliable, and there is no need for

additional corrections related to serial correlation.

Secondary data
Including serial correlation into the model might provide erroneous findings, the
Wooldridge autocorrelation test was used. The null hypothesis was Ho: There is no

autocorrelation in the residuals. The findings are shown in Table 26.

Table 30: Testing for serial correlation (Independence) for secondary data
Wooldridge test for autocorrelation in panel data

HO: no first-order autocorrelation

F(1,51)=0.031
Prob> F =0.8605

Source: Researcher, (2024)

The Wooldridge test for autocorrelation in panel data was conducted to determine whether
there is first-order autocorrelation in the dataset. The null hypothesis (Ho) states that there
is no first-order autocorrelation, meaning that the residuals from the regression model are

independently distributed. The test statistic obtained was F (1,151) = 0.031 with a

154



corresponding probability value (p-value) of 0.8605. Since the p-value is greater than the
conventional significance level of 0.05, the null hypothesis cannot be rejected. This

suggests that there is no significant evidence of first-order autocorrelation in the panel data.

4.3.4 Multi-Collinearity test

Multicollinearity refers to the condition when many predictor variables are highly
correlated. Robust correlations among independent variables amplify their effect on the
dependent variable. Perfect multicollinearity arises when several linear relationships exist

among a set of variables (Akinwande, Dikko & Samson, 2022)

The test was done using the VIF, the null hypothesis was Ho: There is no multi-colleniarity.

Table 31: Multicollinearity for Primary Data

Collinearity Statistics

Variable VIF 1/VIF
Digital payments 0.737 1.357
Digital deposits 0.730 1.369
Digital Portfolio Management 0.758 1.319
Digital-risk management 0.739 1.353

Source: Researcher, (2024)
Since all VIF values are below 10 and Tolerance values exceed 0.1, multicollinearity is not
a concern in this study. Fail to reject the null hypothesis, thus the predictor variables do not
exhibit strong linear relationships, ensuring the stability and reliability of the regression

model.
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The secondary data also underwent a Multicollinearity test, as seen in Table 32 below.

Yi=Bo+B1 XirtB2Mirtui+A+Es

Table 32: Multicollinearity for Secondary Data

Collinearity Statistics

Variable I/VIF VIF
Digital payments 522 1.916
Digital deposits 592 1.690
Digital Portfolio Management 440 2.273
Digital-risk management 510 1.962

Source: Researcher, (2024)

The VIF values were integrated with the variable's Tolerance. Multicollinearity exists when
the tolerance value is 0.2 or bellow, and the VIF value is above 10. No multicollinearity

was present, as shown by a tolerance value over 0.1 and a VIF value below 10.

4.3.5 Heteroscedasticity Test

Heteroscedasticity refers to a violation of linear regression assumption that the variance of
the error terms remains constant across all levels of the variables. The null hypothesis is
Ho:The variance of errors is constant. Thus the residuals have equal variance across the

levels of independent variables, denoting homoscedasticity.

For Primary data Heteroscedasticity was determined using white test as shown below.

Table 33: White Test for Heteroscedasticity Primary data
Chi-Square df Sig.

20.227 14 123

a. Dependent variable: Financial Performance

b. Tests the null hypothesis that the variance of the errors does not depend on the values
of the independent variables.
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Source: Research study, (2024)

Since the p-value (0.123) is greater than 0.05, we fail to reject the null hypothesis. This
indicates that heteroscedasticity is not present in the model, meaning the assumption of
homoscedasticity holds (Gujarati& Porter, 2009; Wooldridge, 2016)). Consequently, the
regression model can be considered reliable for statistical inference, as the error terms

exhibit constant variance across different values of the independent variables.

Heteroscedasticity test for the Secondary data
Heteroscedasticity in panel data can distort standard errors and test statistics (Greene,
2018). The null hypothesis is Homoscedasticity, if the p-value <0.05, reject the null
hypothesis meaning there is evidence of heteroscedasticity. This was tested using white
test as shown in Table 34
Table 34: Modified Wald Test for GroupWise Heteroscedasticity
Modified Wald test for GroupWise heteroscedasticity
in fixed effect regression model
HO: sigma(i)"2 = sigma”2 for all 1

chi2 (52) = 5.27
Prob>chi2 = 0.137

Source: Researcher, (2024)
To test for the presence of GroupWise heteroscedasticity in the fixed effects regression
model, Modified Wald test was used. The null hypothesis of this test states that the variance
of the residuals is constant across all groups. The results yielded a chi-square statistic of
5.27 and a corresponding p-value of 0.137. Since the p-value exceeds the conventional 5%
significance threshold, the null hypothesis of homoscedasticity is not rejected. This

indicates that there is no statistically significant evidence of GroupWise heteroscedasticity
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in the model. Consequently, the assumption of constant variance across cross-sectional

units holds, supporting the appropriateness of the fixed effects estimation in this context.

4.3.6 Stationarity or Unit Root Test for Secondary Data

To ensure the reliability of the study's findings, unit root tests were conducted to determine
the stationarity of the variables. The study employed the Im-Pesaran-Shin (IPS) test and
the Phillips-Perron (PP) test, both of which are commonly used to detect the presence of
unit roots in panel data. According to Phillips and Perron, (1988), the Phillips-Perron test
checks if the variance of the time series is constant over time. They help confirm whether
the variables are stationary, meaning they do not exhibit trends or random walks over time,
which is essential for accurate regression analysis. The null hypothesis is Ho: The time
series is non stationary and Ha: The series is stationary (No unit root). If Pvalue <0.05

Reject null hypothesis since its stationary, if p value is >0.05 Fail to reject

Table 35: Stationarity/Unit Root Tests for secondary data

Variable Phillips-Perron tests Im-Pesaran-Shin
Digital payments 22.2838** -5.3315 **
0.0000 0.0000

Digital deposits 6.6060** -3.8346**
0.0000 0.0001

Digital 27.3998%** -6.6261**
Management 0.0000 0.0000
Digital-risk management 13.4095%* -2.9371%**
0.0000 0.0017

Fund size 17.9408** -3.9020%**
0.0000 0.0000

Performance 5.9002** -3.3078**
0.0000** 0.0005

** sig at 5% level,

Source: Secondary Data by researcher (2024)
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The results presented in table above indicate that all the variables Digital Payments, Digital
Deposits, Digital Portfolio Management, Digital-Risk Management, Fund Size, and
Financial Performance are stationary at the 5% significance level. Both the Phillips-Perron
test statistics and Im-Pesaran-Shin test statistics yield highly significant p-values < 0.01,

leading to the rejection of the null hypothesis of non-stationarity for all variables.

4.3.7 Hausman Test (Choice of Model)

Secondary data

To determine the most appropriate estimation model between fixed effects and random
effects, Hausman specification test was done. If the random effect model violates
assumption of zero correlation between individual effects, the FE Model is preferred. The
null hypothesis Ho: Random effect is appropriate. If the p-Value <0.05, reject the null

hypothesis and use fixed effect (Hausman, 1978)

Table 36: Hausman Test

(b) (B) (b-B) sqrt(diag (V_b-
Fixed Random  Difference V_B))S.E.
Digital payments 0.040847  0.029532 0.011315 0.003433
Digital deposits 0.018446  0.019848 -0.0014 0.004072
Digital Portfolio o 164157 -0.19603  0.360188 0.006809
Management
Digital risk management 0.051229  0.051389 -0.00016 0.002779

b = consistent under Ho and Ha; obtained from xtreg
B = inconsistent under Ha, efficient under Ho; obtained from xtreg
Test: H,: difference in coefficients not systematic
chi2(4) = (b-B)'[(V_b-V_B)"(-1)](b-B)
= 28.82
Prob>chi2 = 0.0000

Source: Secondary Data, researcher (2024)
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As presented in Table above the test yielded a chi-square statistic of 28.82 and a p-value
of 0.0000. Given that the p-value is well below the 0.05 significance level, the null
hypothesis is strongly rejected. This indicates that the differences between the fixed and
random effects estimators are statistically significant and not due to random chance.
Therefore, the fixed effects model is deemed more appropriate for the analysis, as it
provides consistent and unbiased estimates in the presence of correlation between the

individual effects and the explanatory variables.

4.4 Descriptive Analysis

The descriptive statistics included measures of dispersion and measures of central
tendency. This study used minimum and maximum to mark the data range, variance, and
standard deviation as measures of dispersion. The metrics of central tendency in this dataset
included the mean. Computations were made for standard deviation, mean, maximum, and
minimum values for all variables from 2014 to 2023.Independent variables are; Digital
Payments, Digital Deposits, Digital Portfolio Management, and Digital Risk Management,
the moderating variable (fund size) and the dependent variable (financial performance). All
monetary figures were presented in millions of Kenyan Shillings (Ksh.). Research findings
and discussions for each variable are organized thematically and presented separately; first
primary then secondary data findings followed with a comprehensive discussion on

convergence/divergence and corroboration.

4.4.1 Descriptive statistics on respondents’ profile and demographic statistics
This section presents findings on respondents’ profile with demographical characteristics.

This section is significant to the study as it enables the researcher to understand the
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characteristics of the sample and assess the generalizability of the findings and also it’s
essential for the contextualization of the findings to ensure appropriateness of
interpretations (Creswell & Creswell, 2018; Mugenda & Mugenda, 2003). It also enhances
the relevance of the outcomes. The study was done on forty four respondents drawn from

various professional roles and engagements within the Kenyan Unit fund sector.

The background information not only adds contextual depth to the study but also serves
as a foundation for interpreting the effect of financial technology on Unit fund
performance. This allows the findings to be grounded on real-world operational
environments, thereby enhancing the credibility, relevance, and practical applicability of
the research. The job titles reflected a cross-section of strategic and operational personnel
to ensure that insights were obtained from individuals with expertise and job relevance to
form a solid basis for generalization of findings regarding strategic decision making,
oversight of financial operations and technology use within Unit fund management. The
diversity of professional roles ensured the study captured a wide range of perspectives
from individuals at different functional levels, thereby enhancing the reliability and

richness of the data.

The length of period in service provided professional experience for a balanced
perspective on how long-term and relatively newer employees perceive and interact with
financial technology solutions in the Unit fund industry. The variation in years of service
introduces a temporal dimension, allowing the study to consider how both experienced
and relatively new professionals perceive the integration of fintech in Unit fund

operations. The data on daily duties pointed to emphasizing the position and role each
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plays in the fintech integration. These duties are directly aligned with the study variables.
The respondents actively participate in core operational areas which strengthened the
study’s validity by ensuring that the data collected came from individuals who interact
regularly with digital financial systems and are well-positioned to assess their influence
on Unit fund performance. The alignment of daily duties with core functions directly

affected by technology ensured firsthand experience with digital platforms and tools.

Table 7: Descriptive Statistics on Respondents Job Titles

Job Title Frequency Percentage
CEO 7 16%
Analyst 12 27%
Manager 13 30%
Finance Officer 12 27%

44 100%

Source: Researcher, (2024)
The table 7 shows the findings on the demographics on job titles of the fund personnel.

The Chief Executive Officers recorded the least number of respondents (16.0%). This
could be attributed to their busy schedule and oversight roles that are makes them delegate
most of their duties. The data Analysts were at (27.0%), Fund Managers (30.0%), and
Finance Officers (27.0%). This distribution reflects sufficient exposure to Unit fund
operations with a fair distribution across early-career and experienced professionals. The
early career professionals are considered techno-savvy and more exposed to technological
innovations. The data collected reflects insights from both strategic (decision making) and

operational levels for implementation of decisions.
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Table 8: Descriptive Statistics on Respondents Length of Service

Years of Service Frequency Percentage
1-5 Years 23 52%
6-10 Years 17 39%
11-15 Years 4 9%
16-20Years 0 0%

44 100%

Source: Researcher, (2024)

The length of period in service provided professional experience, 52% of the respondents
had worked in their respective organizations for between 1 to 5 years, while 39% had 6
to 10 years of experience. Those with 11 to 15 years were 9% of total respondents. None
of the respondents had stayed in their work stations for 16-20 years. This range of
experience levels provided a balanced perspective on how long-term and relatively newer

employees perceive and interact with Fintech solutions in the Unit fund industry.

Table 9: Descriptive Statistics on Respondents Daily Duties

Daily duties Frequency Percentage
Strategy & Oversight roles 7 16%
Data Analysis and ICT 12 27%
Investment and operations 13 30%
Financial Reporting 12 27%

44 100%

Source Researcher, (2024)
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The data on daily duties pointed to emphasizing the position and role each plays in the
fintech integration. Majority of respondents were managers engaged in investment and
operational functions (30.0%), followed closely by data analysis tasks (27.0%) and the
Financial reporting role at 27%. The CEO’s who play mainly the oversight roles and

decision making functions reported 16.0% of respondents.

4.4.2 Descriptive Statistics on Digital Payments

This section presents discussions of findings on digital payments, first using primary data
then next using secondary data and lastly a discussion on the convergence point for the dual

data sources.

4.4.2.1 Descriptive Statistics on Digital Payments using Primary data

To assess the level of digital uptake in Unit funds, respondents were asked to estimate the
proportion of digital transactions processed per annum within specified ranges. The
findings revealed that 18.8% of the respondents indicated that between 26-50% of their
fund’s transactions were processed digitally, 31.3% of the respondents indicated that
between 51-75% of their transactions involved digital technology. Notably, a majority of
the respondents, accounting for 50.0%, stated that 76-100% of their fund’s annual payment
transactions were conducted using digital technological methods. A weighted average was
computed using mid points of ranges and corresponding proportions of responses. Digital
payments showed a fintech uptake level of 70.86% meaning investors access payments

mostly through digital means. The table 10 shows the summary of the findings.
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Table 10: Descriptive statistics for Fintech uptake levels through digital payments

Range Midpoint Score Decimal(weights)  Weighted Average
%

1-25% 13 0 0 0

26-50% 38 18.80%  0.1880 7.144

51-75% 63 31.30% 0.3130 19.719

76-100% 88 50% 0.5000 44
70.86%

Source, Researcher, 2024.

Results in table 10 shows the fintech uptake levels in digital payments. Most of the
respondents at 50% were of the opinion that approximately 44% of the Unit funds’ payment
transactions are done digitally. Averagely all the respondents were of the view that 70.86%
of all the payments are transacted digitally. This shows positive perception of fund

personnel on financial technology adoption in UTFs.

Furthermore, the digital payments were also measured using six items on a 5-point Likert

scale as Strongly Agree (5), Agree (4), Neutral (3). Disagree (2) and Strongly Disagree (1).

Table 11: Descriptive Statistics on Digital Payments using Primary Data

Digital Payments Min Max Mean S.D

1 The fund has facilitated investors to use 1 5 4.07 1.189
digital payment platform to do redemptions

2 Most clients are conveniently using the 1 5 3.55 1.150
digital platforms available

3 The use of digital platforms to make payment 1 5 3.82 1.206

to clients leads to remarkable reduction in
transaction costs
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Digital Payments Min Max Mean S.D
4 The use of digital platform in making 1 5 4.00 1.100
payment encourages client’s participation in
investment activities
5 The use of digital payments platform has 1 5 3.80 1.286
made investment in Unit funds more

accessible, affordable and transparent

6 There is remarkable increase in number of 1 5 3.82 1.225
payment transactions done using digital
platform
Overall Mean Score 3.84

Source: Researcher (2024)

As shown in table 9, respondents agreed (mean = 4.07, SD = 1.189) that ‘fund has
facilitated investors to use digital payment platform to do redemptions. This high mean
score, accompanied by moderate variation, suggests a widespread adoption of technology,
though experiences may differ based on infrastructure or fund size. There was high
agreement (mean = 4.00, SD = 1.100) that use of digital platforms encourages client
participation in investment activities. The standard deviation of 1.1 reflects moderate

variation in responses on rating fintech adoption.

Respondents further agreed (mean = 3.82, SD = 1.206) that digital payment platforms lead
to notable improvements in efficiency, and likewise agreed (mean = 3.82, SD = 1.225)
meaning that there has been an increase in the number of payment transactions executed
via digital platforms. The similar mean values and slightly higher standard deviations imply
general approval with some differences in user experience, perhaps due to system
integration levels or client demographics. There was also moderate agreement (mean =

3.80, SD = 1.286) that digital payment platforms simplify the investment process, making
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it more accessible and affordable to investors. The standard deviation indicates varied

perceptions.

The lowest-rated item (mean = 3.55, SD = 1.150) was the extent to which clients
conveniently use the digital platforms to seek services. This suggests that while systems
are in place, user adoption or ease of use may still present a challenge for some clients,
highlighting the need for ongoing user training or system refinement. Overall, the results
(overall mean = 3.84) suggest that digital payments significantly contribute to the
efficiency of Unit fund operations. However, the moderate to high standard deviations
across statements highlight the importance of tailoring digital solutions to client

capabilities and ensuring consistent user experiences across platforms.

4.4.2.2 Descriptive statistics on digital payments using secondary data

According to filings by capital markets authority (CMA, 2023), and FSD Kenya (2022),
digital payment platforms in financial markets has steadily grown through the years. For
the secondary data the Digital payments were assessed using value of E-Wallet payment
Transactions and Mobile App payment transactions, averages were calculated for each

fund as shown in Table 12 below.

Table 12: Descriptive Statistics on Digital Payments with Secondary Data.

Balanced Funds

N Min Max Mean S.D

E-Wallet Transactions 130  0.011577 573.45 14.52 53.18

Mobile App Transactions 130  0.016409 641.67 18.87 63.23

Combined Digital Payments 130 0.027986 1,215.12 33.39 116.41
Bond Fixed

E-Wallet Transactions 130  0.179755 765.02 99.43 188.44

Mobile App Transactions 130 0.345744 1,077.81 131.38 247.15

Combined Digital Payments 130  0.525499 1,842.83 230.81 435.59
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Equity Funds

E-Wallet Transactions 130 0.00192 987.49 71.78 172.01
Mobile App Transactions 130 0.001979 1,380.90 100.30 242.59
Combined D. Payments 130  0.003899 2,368.39 172.08 414.60
Money Market Funds
E-Wallet Transactions 130  1.936873  57,316.49 3,963.17  9,190.04
Mobile App Transactions 130 2.741014  71,870.50 5,605.70 13,067.60
Combined D. payments 130 4.677887 129,187.00  9,568.87 22,257.64
Overall
E-Wallet Transactions 520 2.130125 59,642.45 4,148.90 4,885.61
Mobile App Transactions 520 3.105146  74,970.88 5,856.25 6,942.99
Combined D. Payments 520 5.235271 134,613.33 10,005.15 16,546.66

SD=Standard Deviation, N=Sample Size, Min=Minimum, Max=Maximum

Source: Researcher, (2024)
The money Market Funds exhibited the highest average digital payment activity across
both channels, with combined transactions averaging Ksh. 9,568.87 million. In contrast,
for Balanced Funds, the mean E-Wallet transaction value is Ksh. 14.52 million, with a
maximum of Ksh. 573.45 million and a standard deviation of Ksh. 53.18 million. Mobile
App transactions average Ksh. 18.87 million, peaking at Ksh. 641.67M, and showing a
standard deviation of Ksh. 63.23 million. The mean for the Combined Digital Payments
across both channels stands at Ksh. 33.39 million. In Bond Fixed Funds, E-Wallet
transactions average Ksh. 99.43M with a maximum of Ksh. 765.02 million and a S.D of
Ksh. 188.44 million. Mobile App transactions report a mean of Ksh. 131.38 million, with
the highest at Ksh. 1,077.81 million and a standard deviation of Ksh. 247.15 million. The

mean for combined Digital Payments amount is Ksh. 230.81M.

Equity Funds record mean E-Wallet transactions of Ksh. 71.78 million, with the highest at
Ksh. 987.49 million and a standard deviation of Ksh. 172.01 million. Mobile App

transactions average Ksh. 100.30 million and reach a maximum of Ksh. 1,380.90 million,
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with a standard deviation of Ksh. 242.59 million. The average digital payment is Ksh.
172.08 million. Money Market Funds show the highest digital engagement. E-Wallet
transactions average Ksh. 3,963.17 million, reaching up to Ksh. 57,316.49 million, and
exhibit high variability with a standard deviation of Ksh. 9,190.04 million. Mobile App
transactions average Ksh. 5,605.70 million, maximum at Ksh. 71,870.50 million, with a
standard deviation of Ksh. 13,067.60 million. The combined digital payments average is
Ksh. 9,568.87 million, reflecting the highest digital transaction activity among all fund

categories.

Across all funds combined, E-Wallet transactions range from Ksh. 0.00192 million to Ksh.
57,316.49 million, with an overall mean of Ksh. 1,037.23 million and a standard deviation
of Ksh. 4,885.61 million. Mobile App transactions range from Ksh. 0.001979 million to
Ksh. 71,870.50 million, with a total mean of 4,148.9 and E-wallet transactions a total mean
of 5,856.25M and showing a total standard deviation of Ksh. 6,942.99 million. The mean
for the total Combined Digital Payments across funds amounts to Ksh. 10,005.15 million,
with a wide standard deviation of Ksh. 16,546.66 million. This confirms a highly skewed

distribution driven primarily by the Money Market Funds category.
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Figure 2: Trend for Digital Payments

The figure above illustrates the trend in digital payments, which reflects a modest upward

adoption over time, highlighting the growing reliance on fintech for fund transactions.

4.4.2.3 Convergence of Primary and Secondary Data on Digital Payments

The findings from both data sources show strong convergence, Primary data on responses
by the key personnel of the UTFs demonstrated a high level of agreement that digital
payment systems are in place demonstrated by a global mean of 3.84 with a general uptake
percentage of 70.86%. This is consistent with secondary data which shows high transaction
volumes, with combined digital payments for the four categories averaging Ksh.10,005.15
M. The high mean score for the primary data reflects positive perceptions from fund
personnel towards fintech. This aligns with secondary data which shows increasing
transaction volumes of actual performance. This alignment between perceived and actual
data from fund activity indicates strong internal support and growth in fintech uptake

working towards enhancing fund performance.
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A clear contrast emerges in secondary data across fund categories. Money Market and
Equity Funds show significantly higher digital transaction volumes compared to Balanced
and Bond Fixed Funds. For instance, Combined Digital Payments average KES 9,568.87
in Money Market Funds versus only KES 33.39 in Balanced Funds. This contrast indicates
differing adoption levels possibly due to the investor profile, Money Market Funds
typically serve more retail clients who prefer mobile and e-wallet convenience. In contrast,
primary data does not reflect such variance, suggesting a generally optimistic view across

all fund types from staff perspectives.

The findings align with Ndichu, Kariuki, and Kariuki (2021), in a study on the effect of
fintech predictive modelling on performance of investment firms in Kenya. The results
showed a significantly positive effect of fintech predictive modelling on the performance
of investment firms in Kenya. This aligns directly with the current study’s findings, as
digital payments, one core element of fintech, were shown to enhance Unit fund
performance both in terms of accessibility and transaction efficiency. Similarly, Kariuki
(2021) affirmed that fintech investment financing mechanisms (including digital tools like
P2P lending and crowdfunding) are significantly associated with improved financial
outcomes in Kenyan investment firms. Aicha, (2023) also lends empirical support, noting
a positive relationship between fintech services and financial inclusion, which ultimately
translates into enhanced performance for financial institutions. Given that digital payments
increase accessibility, lower transaction costs, and promote transparency, they are a key

driver of financial inclusion and hence, of better fund performance.
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Limna et al. (2022), through a narrative synthesis of digital economy literature, reinforced
the growing role of digital platforms in economic development. Their findings broadly
support this study’s conclusions, especially the positive perceptions recorded in the
primary data, though their study was not empirical in nature and did not isolate digital

payments as a performance determinant.

Conversely, Yasir et al. (2020) focused on Unit fund performance in Pakistan and
emphasized traditional valuation models (CAPM, Fama-French, Carhart) without directly
attributing performance variations to fintech tools. While their study found significance in
model-based evaluations, it did not explore digital payments, indicating a limitation in
generalizability to digital finance. This divergence does not directly contradict current
findings, but it shows the gap in older or traditional analyses that did not integrate fintech

as a variable.

The findings are well-grounded in Technology Acceptance Theory (TAM). This theory
postulates that the perceived ease of use and usefulness of a technology significantly
influence its acceptance and, by extension, its impact on performance. In this study, the
higher global mean for digital payments in the primary data descriptive statistics
underscores a strong perceived usefulness of digital payments among stakeholders.
Respondents believed that digital payments enhance fund accessibility, reduce operational
friction, and improve investor satisfaction. This perception supports TAM’s notion that
behavioral intentions are shaped by beliefs about a technology’s efficacy. Average mean
in combined digital payments data reveals the actual financial impact, which is significant.

This is consistent with TAM which states that while perception drives adoption, actual

172



benefits may depend on contextual factors such as infrastructure maturity, integration

efficiency, and user behaviour.

In conclusion, both data sources show that digital payments significantly transform fund
performance through accessibility and efficiency. The consistency between perceptions
and practice supports validity and robustness of the findings and highlights the central role
of digital payments in the modernization of Unit funds operations. The convergence
underscores the growing reliance on mobile platforms and digital structures and systems

in the financial operations and management of Unit funds in Kenya.

4.4.3 Descriptive Statistics on Digital Deposits

This section discusses the findings on digital deposits first using primary data then next
using secondary data and lastly a discussion on the convergence point for the dual data

sources.

4.4.3.1 Descriptive Statistics on Digital Deposits using Primary data.

Using primary data, the study examined the proportion of total annual deposits processed
through digital channels such as mobile money, online transfers, smart apps, contactless
transactions, and e-wallets. The findings revealed that half of the respondents (50.0%)
reported that between 51-75% of their total deposits were made digitally. Additionally,
43.8% indicated that 76-100% of their deposits were conducted through digital means,
demonstrating a high reliance on digital financial services. A smaller proportion (6.2%)

reported that only 26-50% of their deposits were digital. These results highlight the
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growing adoption of digital deposit methods among Unit funds, signifying a shift towards

more technology-driven financial transactions. This is summarized in the table 13 below.

Table 13: Descriptive Statistics on Fintech adoption levels for digital Deposits using
primary data

Range Midpoint Score weights/ Weighted Average %
Decimal
1-25% 13 0 0 0
26-50% 38 6.3% 0.0630 2.394
51-75% 63 50% 0.5000 31.5
76-100% 88 43.8% 0.4380 38.544
72.44%

Table 13 above table shows fund personnel perceptions on fintech use in UTFs. Using the
average weighted approach, the digital deposits uptake level was highest at 72.44%,

suggesting that deposits are done remotely signifying high dependency on technology.

Furthermore, respondents’ views on digital deposits using six items on a 5-point Likert
scale as Strongly Agree (5), Agree (4), Neutral (3). Disagree (2) and Strongly Disagree (1).

The results are shown in the table below.
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Table 14: Descriptive Statistics on Digital Deposits using Primary Data.

Min Max Mean Standard

Deviation

1 The funds have enabled its clients to remotely 1 5 3.70 1.250
make deposits into their investment accounts
using a set up digital platform.

2 There is a notable improvement in customer 1 5 3.61 1.316
deposits transactions done remotely on the
digital platform

3 The use of digital platforms is convenient for 1 5 3.64 1.080
investors

4 The investors dominantly use digital platform 1 5 3.61 1.061
to make deposits into client investment

5 The use of digital platform to make deposits 1 5 3.93 1.149
into investor accounts is accurate, preferred as
simple

6 The use of digital deposits has caused a 1 5 3.84 1.238

significant decrease in the processing costs.

Overall Mean Score 3.72

Source: Researcher (2024)

As shown in Table 14, the first statement, “The funds have enabled its clients to remotely
make deposits into their investment accounts using a set up digital platform,” had a mean
of 3.70 and a standard deviation of 1.250. This suggests that, on average, respondents
agreed that remote deposit services are available, although the relatively high standard
deviation reflects differing levels of adoption or awareness across firms. The implication
is that while digital deposit infrastructure exists, it may not be uniformly accessible or well-

utilized, signaling a need for broader rollout or client education initiatives.
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The second statement, “There is a notable improvement in customer deposit transactions
done remotely on the digital platform,” received a mean of 3.61 and a standard deviation
of 1.316, showing moderate agreement with relatively high variability. This indicates that
while some firms noted improvements in remote deposits, others may not have experienced
the same benefits. The high deviation suggests disparities in technology performance,

digital literacy, or customer uptake that need to be addressed.

For the third item, “The use of digital platforms is convenient for investors in making
deposit transactions,” the mean was 3.64 and the standard deviation was 1.080. This
reflects general agreement with a slightly lower deviation than previous items, implying a
growing consensus that digital channels have a positive effect on transaction volumes. The
implication is that digital transformation in deposit handling is gaining traction, likely due

to enhanced customer convenience and time efficiency.

The fourth statement, “The investors dominantly use digital platform to make deposits into
their investment accounts” recorded a mean of 3.61 and a standard deviation of 1.061. This
suggests cautious optimism among respondents about the strategic benefits of digital
deposits on investment outcomes. The relatively consistent views imply that most Unit
funds recognize some link between deposit accessibility and performance, although

quantifying this effect might still be evolving.

In the fifth statement, “The use of digital platform to make deposits into investor accounts
is preferred, accurate and simple’ had a mean of 3.93 and standard deviation of 1.149 were
observed. This is the highest mean in the group, indicating strong agreement that digital
deposits is liked by investors. However, the slightly high deviation reveals that not all firms
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have experienced these preference & benefits equally, potentially due to differences in

scale, customer base, or efficiency of digital integration.

Lastly, the sixth statement, “The use of digital deposits has caused a significant decrease
in the processing costs.” had a mean of 3.84 and standard deviation of 1.238. Respondents
largely agreed that digital systems reduce costs, but variability remains relatively high,
suggesting responses varied widely, thus very low and very high responses, not closely
rated thus operational efficiencies vary across firms. The implication is that cost benefits
are attainable but depend on how well the technology is implemented and aligned with
internal processes. In conclusion, the primary data findings reflected in respondents’
perception of digital deposits show a positive trend in fintech uptake as mirrored in their

responsces.

4.4.3.2 Descriptive Statistics on Digital Deposits using Secondary Data.

For secondary data, the findings are presented in Table 15, which provides the descriptive
statistics for digital deposits measured using the Value of deposit transactions done through

the Fintech Apps and Electronic transfers representing 72.44% of the total transactions.

177



Table 15: Descriptive Statistics on Digital Deposits for Secondary Data

Balanced Funds

N Min Max Mean S.D
Fintech App Deposits 130  0.072913 13,093.64 192.12 1,245.83
Electronic transfers deposits 130  0.109052 11,419.86 204.25 1,185.82
Combined D. Deposits 130  0.181965 24,513.50 396.38 2,423.18

Bond Fixed
Fintech App Deposits 130 0.26257 1,020.30 128.50 209.38
Electronic transfers 130 0.409716 1,427.30 154.25 252.25
Combined D. Deposits 130  0.835512 2,447.60 282.75 461.63
Equity Funds
Fintech App Deposits 130 0.014082 2,489.28 129.04 275.98
Electronic transfers 130 0.015391 3,212.71 160.63 346.04
Combined D. Deposits 130  0.029472 5,701.98 289.67 620.52
Money Market Funds
Fintech App Deposits 130  1.589524 165,531.20 4,745.35  18,152.90
Electronic transfers 130  1.558692 154,713.40 6,266.06 22,198.84
Combined D. Deposits 130 3.148216 320,244.60 11,011.40 40,351.74
Total

Fintech App Deposits 520 1.939089 182,134.42 5,195.01 19,884.09
Electronic transfers 520 2.092851 170,773.27 6,785.19  23,982.95
Combined Digital Deposits 520 4.03194  352,907.90 11,980.20 43,867.04

SD=Standard Deviation, N=Sample Size, Min=Minimum, Max=Maximum

Source: Researcher, (2024)

The table above presents the descriptive statistics for digital deposits, measured through

Fintech App Deposits and Electronic Transfers across different fund categories. Data in

table 15 was obtained from cashflow statements, statement of financial position, statement

of changes in equity and statement of income and notes to the financial statements. For
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Balanced Funds, the mean value of Fintech App Deposits stands at Ksh. 192.12 million,
ranging from a minimum of Ksh. 0.0729 million to a maximum of Ksh. 13,093.64 million,
with a standard deviation of Ksh. 1,245.83 million. Electronic Transfers in this category
average Ksh. 204.25 million and range up to Ksh. 11,419.86 million, with a standard
deviation of Ksh. 1,185.82 million. The combined average for digital deposits is Ksh.

396.38 million, with a maximum of Ksh. 24,513.50 million.

In Bond or Fixed Funds, the Fintech App Deposits an average of Ksh. 128.50 million and
reach a maximum of Ksh. 1,020.30 million, with a standard deviation of Ksh. 209.38
million. Electronic Transfers record a slightly higher mean of Ksh. 154.25 million and a
maximum of Ksh. 1,427.30 million, with a standard deviation of Ksh. 252.25 million.
Combined deposits average Ksh. 282.75 million. Equity Funds show a mean Fintech App
Deposit of Ksh. 129.04 million, with a maximum value of Ksh. 2,489.28 million and a
standard deviation of Ksh. 275.98 million. Electronic Transfers average Ksh. 160.63
million, with the highest at Ksh. 3,212.71 million and a standard deviation of Ksh. 346.04

million. Combined digital deposits reach an average of Ksh. 289.67 million.

Money Market Funds report the highest digital deposit activity. Fintech App Deposits
average Ksh. 4,745.35 million, ranging up to Ksh. 165,531.20 million, with a substantial
standard deviation of Ksh. 18,152.90 million. Electronic Transfers average Ksh. 6,266.06
million, with a peak of Ksh. 154,713.40 million and a standard deviation of Ksh. 22,198.84

million. The combined deposits average a notable Ksh. 11,011.40 million.

For all funds combined, Fintech App Deposits range from Ksh. 0.0141 million to Ksh.
165,531.20 million, with a mean of Ksh. 1,298.75 million. Electronic Transfers range from
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Ksh. 0.0154 million to Ksh. 154,713.40 million. Overall, the combined digital deposits for
all funds average Ksh. 11,980.20 million and vary widely, with a maximum value of Ksh.
352,907.69 million and a standard deviation of Ksh. 43,867.04 million, reflecting high

dispersion due to large deposits in Money Market Funds.
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Figure 3: Trend for Digital deposits

The above figure shows the trend in digital deposits, showing consistent growth,

particularly in funds with higher liquidity requirements.

4.4.3.3 Convergence point for findings on Digital deposits of Unit Trust Funds.

The analysis of digital deposits using both primary and secondary data sources reveals
consistent patterns with positive trends implying strong convergence and therefore
reinforcing the validity of the findings. Primary data shows that 72.44% of Unit fund
deposit transactions are done digitally. Furthermore, the Likert scale reflects an overall
mean score of 3.72 across six statements about digital deposits, indicating general

agreement on the use of technology and its benefits.
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Primary data supports the secondary data findings with high volume transactions
suggesting that digital deposits are widely adopted. The secondary data shows mean
deposits by fintech apps to be Ksh. 5,195.01M while for electronic transfers at Ksh.
6,785.19M and the total of digital deposits at 11,980.02. The notable growth trends over
time are shown in the graphical presentation of trend analysis. The corroboration witnessed
by qualitative feedback from primary data reinforces the quantitative trend in the secondary

data, validating the steady and notable growth in digital deposits.

On the benefits derived from the use of digital deposits, primary data shows a strong
agreement that digital deposits contribute to enhanced firm earnings. These sentiments
corroborate the implication in secondary data that firms experience profitability from
embracing digital solutions. However there is notable variability in adoption and
performance whereby primary data shows standard deviations (ranging from 1.06 to 1.32),
indicating differences in how firms experience the benefits of digital deposits. This is
mirrored in secondary data where not all firms fall in the highest adoption or growth
categories. While fintech adoption is high, both findings confirm uneven experiences,

likely due to differences in digital infrastructure, client engagement, or firm size.

Empirical literature lends strong support to these findings. For instance, Ndichu and
Kariuki (2021) found a significant positive link between fintech innovations, including
digital deposits, and investment firm performance in Kenya. Their findings align well with
the results from both datasets in this study, affirming that digital financial mechanisms
improve efficiency and financial returns. Similarly, Siska (2022) and Salman (2021) report

that digital services and fintech tools, such as digital deposits, contribute significantly to
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enhanced financial performance, especially through increased return on assets and

improved client satisfaction.

Further corroboration comes from Tshukudu et al. (2022), who concluded that digital
banking tools lead to improved performance in commercial banks due to wider customer
reach and better transaction handling. Ndede (2020) supports this view by showing that
digital deposit platforms directly contribute to increased deposits and improved loan
disbursements in commercial banks, thereby boosting profitability. These findings closely
mirror descriptive statistics from the secondary data in this study, where actual transaction
values show higher financial performance associated with greater digital deposit uptake.
Rono and Munene (2023) agrees with these findings in their study on the effect of mobile
banking on performance of Sacco’s in Meru County. The study concluded that mobile
banking in SACCOs’ improves the financial performance in terms of productivity,

efficiency and convenience

However, not all studies agree, Gichana, Nyakundi, and Muturi (2016) identified a negative
correlation between technology-enabled banking services and bank performance in a
localized case study. This suggests that the effectiveness of digital innovations such as
deposits may depend on the strategic alignment of technology with business models, staff
readiness, and client digital literacy. Similarly, Yudaruddin (2023) reported detrimental
effects of fintech start-ups on traditional bank performance in Indonesia, hinting that poorly
integrated digital systems or rapid fintech growth may sometimes disrupt rather than

enhance performance.
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4.4.4 Descriptive Statistics on Digital Portfolio Management.

This section discusses the findings on the effect digital portfolio management on fund
performance, first using primary data then next using secondary data and lastly a discussion

on the convergence point.

4.4.4.1 Descriptive Statistics on Digital Portfolio Management using Primary Data.

Using primary data, the study sought to determine the proportion of assets managed by
Unit funds that are handled and analyzed digitally using digital investment platforms, data
analytics tools, Al, and robotic technologies. The findings revealed that 50.0% of the
respondents indicated that 76-100% of their assets are managed digitally, while 37.5%
reported a digital management proportion of 51-75%. Additionally, 6.3% of the
respondents stated that only 26-50% of their assets are managed digitally, and another 6.3%

indicated a digital management proportion of 1-25%

Table 16: Descriptive statistics on fintech uptake levels for DPM

Range Midpoint Score As Decimal  Weighted Average
%
1-25% 13 6.30% 0.0630 0.0819
26-50% 38 6.30% 0.0630 2.394
51-75% 63 37.50%  0.3750 23.625
76-100% 88 50% 0.5000 44
70.10%

Source: Researcher (2024)
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The above table shows responses on fintech uptake levels in percentages for digital
portfolio management calculated using the weighted average approach, the levels stood at
70.10%, slightly lower than digital deposits and digital payments. This suggest that most
fund managers engage technology to manage assets and build optimal portfolios for high
returns. This is quite encouraging, meaning majority of them rely heavily on digital

platforms to handle and analyze their assets.

Furthermore, the study examined the effect of digital portfolio management on fund
performance using seven statements on a 5-likert Scale which was rated as Strongly Agree

(5), Agree (4), Neutral (3). Disagree (2) and Strongly Disagree (1) as shown in Table below

Table 17: Descriptive Statistics on Digital Portfolio Management using primary data
Min Max Mean Standard
Deviation
1 The fund employs financial technology platforms 1 5 3.48 952
and tools in performing data analysis
2 Digital tools are used by the fund in the decision- 1 5 3.59 996
making process

3 The automation of business transactions improves 1 5 3.66 1.033
the growth through remote engagement of clients

4 Provision of investment advice to its clients remotely 1 5 3.84 1.010
using digital tools like chatbots helps to expand the
fund AUM

5 The use of digital tools and machines to respond to 1 5 3.80 1.002
customer query’s and offer advisory services
remotely

6 The use of digital tools and platforms to access 1 5 3.84 987
portfolio reports and statements online enhances
efficiency in data analysis process

7 The use of modern digital tools and machines to 1 5 3.80 978
perform duties and roles previously done by human
personnel enhances cost cutting
Overall Mean 3.72

Source: Researcher (2024)
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“The fund employs financial technology platforms and tools in performing data analysis”
recorded a mean of 3.48 and a standard deviation of 0.952. This reflects moderate
agreement among respondents. The relatively lower standard deviation implies consistent
views among firms. The implication is that while fintech tools are increasingly being used
for data analysis, their integration may still be developing or not yet maximized across all
firms. The Statement, “Digital tools are used by the fund in the decision-making process
to achieve efficient outcomes” had a mean of 3.59 and a standard deviation of 0.996. This
indicates a general acknowledgment of the role of digital tools in improving investment
decisions, though slight variations exist across respondents. The implication is that while
most firms recognize the benefits of digital decision-support systems, actual usage and

impact may differ depending on system sophistication or staff capacity.

“The automation of business transactions improves growth through remote engagement of
clients” yielded a mean of 3.66 and a standard deviation of 1.033. However, the slightly
higher variability signals differing implementation levels of automation across firms.
“Provision of investment advice to clients remotely using digital tools like chatbots helps
expand the fund's AUM had a mean of 3.84 and a standard deviation of 1.010. The
relatively high mean implies that remote advisory services are instrumental in attracting
and retaining investors. The implication is that digital advisory tools promote fund

expansion strategies, depending on user experience and client trust in automated systems.

“The use of digital tools and machines to respond to customer queries and offer advisory
services remotely” showed a mean of 3.80 and standard deviation of 1.002. This supports

the role of digital customer service in fostering fund growth, indicating that automation
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contributes to customer satisfaction, thereby enhancing loyalty and portfolio expansion.
“The use of digital tools and platforms to access reports online enhances efficiency in the
data analysis process” also reported a mean of 3.84 with a standard deviation of 0.987. The
high mean reflects improved analytical efficiency through digital platforms, while the low

deviation suggests consensus on this point among respondents.

“The use of modern digital tools and machines to perform duties previously done by human
personnel enhances cost-cutting” registered a mean of 3.80 and a standard deviation of
0.978. Respondents largely agreed that automation results in significant operational cost
savings. The relatively low variability indicates a shared view across Unit funds on the

value of digital transformation in reducing overheads.

4.4.4.2 Descriptive statistics on digital portfolio management using secondary data.

Table 16 below provides the descriptive statistics for Digital Portfolio Management which
was conceptualized using Portfolio Return and Portfolio Turnover. Portfolio return was
measured using Sharpe ratio and portfolio turnover was measured using the ratio of lower
of total sales or total purchases to average asset under management. Portfolio turnover was
calculated from the value of new investments and value of securities sold. From the cash

flow statement.
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Table 18: Descriptive Statistics on Digital Portfolio Management-secondary data

Balanced Funds

N Min Max Mean S.D
Portfolio Return 130 0.4941201 0.499962 0.118941 0.244022
Portfolio Turnover 130  0.0000837  298.5436 2.455873 26.17088
Bond Fixed
Portfolio Return 130 0.48907  0.499794 0.09146 0.233092
Portfolio Turnover 130 0.000182  1.592668 0.152765 0.208695
Equity Funds
Portfolio Return 130 0.494935  0.498871 0.08357 0.272817
Portfolio Turnover 130 0.000217  2.768503 0.163977 0.307027
Money Market Funds
Portfolio Return 130  0.4748245 0.499374 0.09985 0.224735
Portfolio Turnover 130 0.0000981  1.340685 0.168149 0.221936
For All
Portfolio Return 520  0.488237  0.499962 0.098455 0.243991
Portfolio Turnover 520 0.0001452  76.06136 0.735191 6.727135

Source: Research study (2024)

Table 16 above presents the descriptive statistics using secondary data for Digital Portfolio

Management, which was assessed using two key measures: Portfolio Return, captured

through the Sharpe Ratio, and Portfolio Turnover, measured as the ratio of the lower of

total sales or total purchases to the average AUM.

For Balanced Funds, the mean Portfolio Return was 0.1189, indicating that these funds, on

average, generated a modest risk-adjusted return. This suggests a relatively effective

balancing of risk and return within their digital portfolios. The mean Portfolio Turnover

for Balanced Funds was 2.456, the highest among all fund types, suggesting a highly active

trading strategy where assets were frequently reallocated, potentially to optimize returns in

response to market dynamics.
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In Bond Fixed Funds, the mean Portfolio Return was 0.0915, reflecting a more
conservative risk-adjusted return profile, consistent with the typically lower risk exposure
in bond investments. The Portfolio Turnover was much lower, averaging 0.1528, which
implies a more passive investment strategy with limited trading activities, aligning with
the long-term and stable nature of bond holdings. Equity Funds registered the lowest mean
Portfolio Return at 0.0836, indicating comparatively less efficient conversion of risk into
returns. Despite being traditionally more volatile and return-driven, the equity funds in this
case demonstrated low average Portfolio Turnover at 0.1640, suggesting that these

portfolios were not frequently traded and likely adopted a long-term investment strategy.

For Money Market Funds, the mean Portfolio Return was 0.0999, which, while modest, is
relatively efficient given the low-risk nature of such investments. Portfolio Turnover was
also low, with a mean of 0.1681, reflecting the characteristic stability of money market
portfolios where assets are typically held to maturity or rotated infrequently. Overall, the
aggregate mean Portfolio Return across all fund types was 0.0985, illustrating a moderate
level of risk-adjusted returns from digital portfolio management strategies. Meanwhile, the
mean Portfolio Turnover across all funds was 0.7352, a value significantly influenced by
the high turnover in Balanced Funds, suggesting that while most funds practiced
conservative asset rotation, the Balanced Funds skewed the total mean due to their

aggressive trading approach.
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Figure 4: Trend for Digital Portfolio Management

Source: Researcher (2024)

The above figure shows the trend in digital portfolio management, showing both
performances as reflected in the portfolio return and portfolio turnover.

4.4.4.3 Convergence of Primary and Secondary Data on Digital Portfolio
Management

Primary data comprising of perceptions from respondents showed a common agreement
on use of automated tools in processes as represented by a global mean of the overall mean
score is 3.72 while the uptake levels was 70.10%, this shows a positive perception of digital
portfolio management tools. All the statements on the Likert scale registered positive
response while the standard deviation ranges from 0.9 to 1.0. This implies respondents
perceive fintech tools contribute significantly to fund growth, efficiency, and customer

satisfaction which eventually translate to enhanced performance.
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This supports secondary data findings using Performance Indicators as portfolio Return &
Turnover in Balanced Funds showing both the highest return and turnover, hinting at digital
tools aiding active portfolio decision-making. Secondary data findings point to Digital
Gaps noticed across the funds i.e., Bond and Money Market Funds, though stable, likely
due to limited portfolio turnover, suggesting they could be using digital tools mainly for
operational efficiency (data analysis, compliance), rather than active management. This is

mirrored in Primary data’s strong mean scores in automation and analytics of 3.84

Primary data show that digital tools enable dynamic decision-making (71.8%), supporting
secondary findings of high portfolio turnover in Balanced Funds (2.456). Further,
perceptions reveal that Automation improves customer engagement & fund growth
supporting secondary findings with a higher average return in Balanced Funds (11.89%)
indicating possible digital influence. Perceptions on digital tools enhance data analysis by
76.8% support secondary findings that all fund types have relatively stable returns,
suggesting improved efficiency. Lastly, perceptions on digital methods cut costs at 76%

supports secondary findings on high turnover with good returns reflecting reduced costs.

For the Bond and Equity Funds, the secondary data shows mixed results where returns and
turnover are relatively lower implying underutilization or conservative use of digital tools.
Balanced Funds, show the highest return (11.89%) and turnover (2.456), correlating
strongly with primary views on digital portfolio tools aiding in decision-making and client
engagement. However, Bond and Equity Funds, while stable, show limited turnover,
suggesting partial digital integration. The data converge to show that while digital portfolio

tools are broadly appreciated and adopted, their practical performance impact is strongest
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where active management strategies are combined with fintech, indicating an evolving but

uneven implementation across fund types.

The findings of this study agree with a number of empirical studies regarding the positive
influence of portfolio management on financial performance, particularly where digital
tools enhance efficiency, decision-making, and responsiveness in investment strategies.
According to Rop, Tibet, and Bokongo (2016), who evaluated the impact of portfolio
diversification on the financial performance of Kenyan commercial banks and concluded
that diversification significantly enhances performance. Their study supports the current
findings by emphasizing the value of dynamic portfolio strategies, principles that are

increasingly enabled by digital technologies in modern Unit fund management.

Similarly, Makhoha, Namusonge, and Sakwa (2016) found that portfolio diversification
had a significant and positive impact on financial performance among commercial banks.
They observed that banks employing diversified investment strategies experienced
consistent growth in returns and overall financial health. This complements the current
findings where Unit fund managers reported using digital tools to automate and optimize
asset allocation, which in turn showed measurable improvements in fund performance. The
study findings agree with the findings of a study by Musembi and Jagongo (2018) on
investment firms listed on the Nairobi Securities Exchange (NSE). They concluded that
portfolio diversification leads to improved long-term financial performance, reinforcing
the idea that a diversified and actively managed portfolio, especially one supported by real-

time digital analysis, can yield significant financial benefits.
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Osewe (2020) agrees with the study findings by showing that investment portfolio
diversification has a positive and statistically significant effect on the financial
performance of listed investment firms at the NSE. Using ten years of data, the study
confirmed that careful portfolio construction contributes to profitability, which aligns well
with this study’s conclusion that digital portfolio management contributes directly to fund

performance by supporting dynamic allocation and real-time strategy adjustment.

However, divergence emerges in the findings of Mulwa and Kosgei (2016). Their study on
commercial bank diversification and financial performance. Their study confirmed that
geographical diversification had a positive impact on returns while income and asset
diversification negatively affected return on assets. This contrast can be attributed to the
difference in how diversification is implemented. In the current study, digital portfolio
management likely enhances precision, monitoring, and risk assessment, making

diversification more strategic and less arbitrary.

Theoretically, the study's results align with the Technology Acceptance Model (TAM),
which posits that users adopt technology when they perceive it to be useful and easy to use.
The fund managers’ responses indicate not only high adoption of digital portfolio
management tools but also strong belief in their positive impact, thus validating the
behavioral intention component of TAM. The model helps explain why such digital

solutions have become central to financial decision-making in the Unit fund sector.

Moreover, the findings reflect the principles of the Mutual Fund Theory (MFT),
particularly the notion of constructing optimal portfolios to reduce risk while maximizing
return. The theory’s emphasis on holding appropriate asset ratios mirrors the study's insight
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into how Unit funds are leveraging digital platforms for efficient asset allocation, and

performance monitoring. By helping fund managers choose between risk-free and risky

assets more accurately, digital portfolio tools effectively operationalize the utility-

maximizing behaviour described by MFT.

4.4.5 Descriptive statistics on effect of Digital Risk Management on Unit fund

performance

This section discusses the findings on digital risk management first using primary data

followed by discussion on secondary data and lastly on the convergence point for the dual

data sources. The responses showed that 12.5% were of the opinion that fintech use in

digital portfolio was between 1-25%, while 25% of the responses were of the view that

percentage of fintech uptake was between 26%-50%. Majority perceived that fintech

uptake is between 76-100%. This is summarized in the table below

Table 19: Descriptive statistics on Fintech adoption levels for Digital Risk

Management
Range Midpoint Score Weights/ Weighted Average %
Decimal
1-25% 13 12.5% 0.125 1.625
26-50% 38 25.0% 0.2500 9.5
51-75% 63 25.0% 0.2500 15.75
76-100% 88 38% 0.38 33.44
60.32%
Researcher,2024

193



Primary data showed an overall uptake level of 60.32% indicating moderate emphasis on
use of technology to manage risks compared to other functional areas, this gap shows

potential area for policy and strategic focus.

Furthermore, the study examined the effect of digital risk management on fund
performance using seven statements on a S-likert Scale which was rated as Strongly Agree
(5), Agree (4), and Neutral (3). Disagree (2) and Strongly Disagree (1). The findings for
the Likert scale are summarized in the table showing the minimum, maximum, mean and

standard deviation as shown in Table below.

Table 20: Descriptive statistics on digital Risk management using primary data.
Min Max Mean Standard

Deviation

1 The fund has put in place digital systems to 1 5 3.32 1.394
manage and track risks real time.

2 There is engagement of techno savvy experts 1 5 3.77 1.428
to manage the funds systems

3 There is a significant reduction in risk 1 5 3.34 1.363
relayed-costs since the uptake of fintech tools

4 The use of automated risk assessment system 1 5 3.36 1.382
and models enhances risk management
process

5 The fund is duly compliant with the relevant 1 5 3.52 1.191
data protection regulatory framework.

6 The firm has experienced significant positive 1 5 3.48 1.355

trends in risk management due to engagement
of qualified techno-savvy personnel
7 The use of digital tools to manage risks 1 5 3.50 1.303
proves to be more effective than the
traditional ways
Overall Mean Score 3.47

Source: Researcher (2024)
The descriptive statistics in the Table above provide important insights into the adoption

and perceived effectiveness of digital risk management practices among Unit funds in
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Kenya. The overall mean score is 3.47, suggesting a moderately positive perception of
digital tools in enhancing risk management processes. However, the relatively high overall
standard deviations across items, ranging from 1.191 to 1.428, indicate significant

variability in how different funds experience and apply these technologies.

The statement, “The fund has put in place digital systems to manage and track risks real
time” recorded a mean of 3.32 and a standard deviation of 1.394. This suggests a moderate
agreement among respondents on the use of digital tools for risk control. The high
standard deviation shows variability in practice due to differing levels of digital adoption
and investment in cybersecurity across firms. “There is engagement of techno savvy
experts to manage the funds systems” had the highest mean score of 3.77 and a standard
deviation of 1.428., this means technical expertise significantly enhances risk oversight.
However, the relatively high standard deviation implies that not all firms have access to

or have equally benefited from such skilled personnel.

Among the specific indicators, the engagement of techno-savvy experts recorded the
highest mean score of 3.77 with a standard deviation of 1.428, reflecting broad agreement
among respondents that involving qualified personnel improves risk management,
although the wide variation suggests that not all firms have equally embraced this practice.
The statement on compliance with data protection regulations also scored relatively high,
with a mean of 3.52 and a lower standard deviation of 1.191, indicating that digital tools

are generally viewed as effective in helping funds meet regulatory standards.

The statement, “There is a significant reduction in risk-related costs since the uptake of

fintech tools” had a mean of 3.34 and a standard deviation of 1.363, indicating cautious
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optimism. The moderately high variability suggests inconsistent experiences some firms
may be seeing benefits, while others have yet to fully realize cost reductions from
digitization. “The use of automated risk assessment systems and models enhances the risk
management process” had a mean of 3.36 and a standard deviation of 1.382. This reflects
moderate agreement, suggesting that while automation in risk evaluation is recognized, its

full effectiveness may not yet be realized across the sector.

The statement, “Digital tools contribute to compliance with the relevant data protection
regulatory framework on data privacy” received a mean score of 3.52 and a standard
deviation of 1.191. This reflects a relatively stronger and more consistent belief that digital
platforms support regulatory compliance in data security and privacy management. “The
firm has experienced significant positive trends in risk management due to engagement of
qualified techno-savvy personnel” showed a mean of 3.48 and a standard deviation of
1.355. This suggests a generally positive perception of the benefits of skilled ICT staff on

overall risk strategy, though experiences still vary across firms.

“The use of digital tools to manage risks proves to be more effective than the traditional
ways” reported a mean of 3.50 with a standard deviation of 1.303. Respondents moderately
agree that digitization surpasses traditional risk management methods. However, the
variability shows differing levels of success depending on implementation and systems
used. In contrast, items related to cost reduction due to fintech (mean = 3.34, SD = 1.363)
and the use of automated risk assessment systems (mean = 3.36, SD = 1.382) scored lower,
suggesting that the perceived financial and operational gains from digital risk tools are not

as universally acknowledged. Likewise, the perception that digital tools outperform
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traditional methods (mean = 3.50, SD = 1.303) reflects moderate agreement but still with

noticeable divergence across firms.

4.4.5.1 Descriptive statistics on digital risk management using secondary data.

Descriptive statistics for Digital-risk management was conceptualized using Portfolio-
Volatility and Risk-Management Reserves. Portfolio-Volatility was measured using
standard deviation of Unit Fund returns and risk management reserve was measured using

Funds set aside to cover potential losses, arising from financial operations.

Table 21: Descriptive Statistics on Digital-risk management using secondary data

Balanced Funds

N Min Max Mean S.D
Portfolio-Volatility 130 0.002985  0.529249  0.239705  0.189381
Risk-Management Reserves
(Million) 130 0.334932  8570.086  192.0976 1016.464

Bond Fixed
Portfolio-Volatility 130 0.000111  0.256142  0.055131  0.058442
Risk-Management Reserves
(Million) 130 11.02478  5137.596  912.4212  1374.606
Equity Funds
Portfolio-Volatility 130 0.004823  0.344276  0.122528  0.099282
Risk-Management Reserves
(Million) 130 0.189454  2197.668  189.1059  338.8533
Money Market Funds
Portfolio-Volatility 130 0.002868 0.494398  0.141864  0.141239
Risk-Management Reserves
(Million) 130  16.21167  319483.1 10853.18  42412.06
Total (averaged)

Portfolio-Volatility 520 0.0026968  0.406016  0.139807  0.122086
Risk-Management Reserves
(Million) 520  6.940209 83847.11  3036.701 11282.5

Source: researcher, (2024)
The effect of digital Risk Management on fund performance has been assessed using two

indicators, portfolio volatility and risk management reserves. Portfolio Volatility was
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measured by the standard deviation of Unit fund returns, and Risk Management Reserves,

denoting funds set aside to mitigate potential financial losses.

For Balanced Funds, the mean Portfolio Volatility was 0.2397, suggesting that these funds
experienced the highest return variability among the four categories, indicative of a more
aggressive investment profile. Despite this higher risk exposure, the average Risk
Management Reserves were relatively modest at KES 192.10 million, implying limited
financial buffers relative to the potential volatility. In contrast, Bond Fixed Funds showed
a significantly lower mean Portfolio Volatility of 0.0551, consistent with the typically
stable nature of fixed income investments. However, the mean Risk Management Reserves
were notably higher at KES 912.42 million, indicating a more conservative and cautious

approach to managing financial uncertainties despite the lower inherent risk.

Equity Funds exhibited a moderate mean Portfolio Volatility of 0.1225, reflecting the usual
price fluctuations associated with equity markets. These funds held average Risk
Management Reserves of KES 189.11 million, comparable to those of Balanced Funds,
suggesting a lean reserve allocation strategy in spite of market volatility. For Money
Market Funds, the mean Portfolio Volatility was 0.1419, slightly higher than Equity Funds,
possibly due to short-term market shifts or changes in interest rates. Remarkably, these
funds maintained the highest mean Risk Management Reserves at KES 10,853.18 million,
with a very high standard deviation, indicating a wide disparity in reserve allocation

practices among different fund managers.

Across all fund types, the overall mean Portfolio Volatility was 0.1398, pointing to
moderate return variability on average. The total mean Risk Management Reserves stood
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at KES 3,036.70 million, heavily influenced by the substantial reserves held by Money
Market Funds. This suggests a generally cautious risk management culture within the
digital fund management ecosystem, albeit with considerable variation in reserve

allocation practices.

Below is a figure presenting the trend for digital risk management.
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Figure 5: Trend for Digital-risk management

The above figure shows the trend in digital risk management using both risk management
reserves and portfolio volatility as indicators. It reflects a wide disparity in reserve

allocation practices among different fund managers.

In conclusion, the perceptions from primary data reveal that 60.327% of the risk
management functions are done digitally. This is quite modest compared to the other three
functional areas which showed fintech uptake levels of more than 70% averagely. The
measurement of the Likert scale expressed in seven statements had a global mean of

3.47which is quite low in comparison the other functional areas. The standard deviation
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was generally above 1 suggesting variations in adoption of fintech possibly due to varied

capabilities in terms of resources both financial and human resource expertise.

4.4.5.2 Convergence for effect of Digital Risk Management on performance.

The primary data supports and explains several patterns observed in the secondary data.
Adoption of digital tools explains improved risk awareness. The fintech uptake level of
60.32% overall agreement that digital tools are in use for risk management aligns with the
fact that all fund types maintain some level of risk reserves. The global mean of 3.47 is the
lowest compared to other variables signifying fund personnel have not invested as much in
digital risk management tools. Possibly due to uncertainties in compliance requirements of
the high installation and maintenance costs or possibly due to perceived difficulties or

resistance to change.

This supports the secondary data findings, which shows modest risk reserves reflecting the
negative perceptions on ease and usefulness of fintech in risk management. the costs may
make the upcoming funds to shy-off fintech due to limited resources available., this is
mirrored in funds with stronger digital capabilities such as Money Market Funds which are
capable of maintaining substantial risk reserves (KES 10.85B) despite moderate volatility.
Conversely, the variability in adoption reported in primary data explains why some funds
with high volatility (e.g., Balanced Funds at 0.2397) hold relatively low reserves (KES
192.1M). Both findings imply that digital risk management is being implemented, but with
uneven depth and effectiveness across fund types. This suggests that fund managers should

consider tailor-made fintech solutions to match their financial capacity and capability
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The study's findings on the significant positive effect of digital portfolio risk management
on the financial performance of Unit funds in Kenya converge with several prior empirical
studies but also highlight key areas of divergence in the context and methodology. Cirappa
(2023) found that portfolio risk characteristics, such as volatility and beta, are central to
performance outcomes in Indian Unit funds. Large funds, in particular, were associated
with higher returns at lower risk, consistent with the present study’s finding that effective
digital risk management (reflected in lower volatility and higher reserves) supports better
financial performance. This underscores the idea that digital tools that enhance precision
in monitoring and hedging risk can improve performance outcomes across different fund

sizes.

Alvi and Rehan (2020) also support this conclusion, showing that fund risk is a significant
predictor of fund performance in Pakistani Unit funds. Their findings align closely with
the current study, which found both perceived and actual digital risk practices to be
statistically significant predictors of Unit fund performance. This convergence reinforces
the notion that risk management, especially when supported by technology, enhances

decision-making and improves portfolio outcomes.

Sawant, Amonkar, and Melo (2023) offer partial convergence. Their study found that most
Indian Unit funds underperformed their benchmarks, though performance varied
significantly by fund type. While this contrasts with the current study’s generally positive
findings, it may be attributed to differences in market maturity, regulation, or the depth of

digital tool adoption. Nonetheless, their use of risk-return models (Treynor, Sharpe, Jensen)
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echoes the current study’s use of portfolio volatility and reserves, reinforcing a shared

methodological foundation for assessing the risk-performance link.

In contrast, Amira et al. (2023) present a notable divergence, liquidity risk management
had an insignificant negative relationship with performance in Kenyan commercial banks.
This suggests that not all forms of risk management translate into improved returns,
particularly when risk mitigation comes at the cost of reduced investment agility. The
divergence may stem from differences in sector (banking vs. Unit funds), risk type
(liquidity vs. portfolio), and the degree to which digital tools enhance risk responsiveness,

something more prevalent in Unit fund management per the current study.

Theoretically, the study’s findings align strongly with the Technology Acceptance Model
(TAM). Fund managers’ high rating of digital risk tools, especially around regulatory
compliance and expert engagement, reflects positive perceptions of usefulness and ease of
adoption, core tenets of TAM. Their belief in the value of these tools, highlights how
perceived efficacy can drive adoption and organizational change, even ahead of proven
quantitative results. The findings are in line with the models’ key beliefs of perceived
usefulness and perceived ease of use especially in minimizing losses and enhancing risk

response and preparedness.

The findings also resonate with the Capital Asset Pricing Model (CAPM), particularly in
how portfolio volatility was used as a proxy for risk. CAPM’s reliance on systematic risk
(beta) as a determinant of expected return parallels the study’s use of portfolio standard
deviation and risk reserves. This reflects the theoretical idea that managing risk effectively
can bring actual returns closer to expected (risk-adjusted) returns, supporting the role of
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digital risk management in stabilizing and enhancing Unit fund performance. Where
CAPM assumes rational market behaviour and uniform risk preferences, the current study
adds nuance by showing how digital tools can reshape risk perception and management
behavior, especially in emerging markets. Digital innovation may not just reflect market
risk (as in CAPM), but actively mitigate it and enhance the impact of both the theory and

the observed data.

4.4.6 Descriptive statistics on effect of Fund size on funds’ performance in Kenya

This section discusses the findings on fund size of Unit funds in Kenya, which serves as
the moderating variable for the study. The analysis includes key measures such as the
mean, maximum, minimum and standard deviation. This offers insights into the scale of
operations among the funds. These statistics form the basis for further analysis on whether
and how fund size moderates the effect of fintech practices on fund performance in Kenya.
Due to the triangulation approach, primary data will be discussed first, the secondary data
and lastly discussion on convergence.

4.4.6.1 Descriptive statistics on effect of fund size on performance using Primary
data.

Using primary data for the moderating variable, the respondents were asked to rate seven
statements in regards to fund size and the responses were rated as Strongly Agree (5), Agree

(4), Neutral (3). Disagree (2) and Strongly Disagree (1) as shown in Table 20.
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Table 22: Descriptive Statistics for Fund Size using primary data
Min Max Mean Standard

Deviation

1 The size of our Unit fund affects us in adjusting 1 5 4.07 1.189
to changing market conditions.

2 The size of our fund has enabled us hire and retain 1 5 3.70 1.250
talented professionals.

3 The Investment decisions we make depends on 1 5 3.48 952
the size of our fund.

4 Large funds allow for access to superior 1 5 3.32 1.394
technology and digital investment strategies

5 Unit fund size affects the diversification 1 5 3.84 1.238
opportunities and suitable portfolio management
strategies

6 The use of digital tools and platform leads to fund 1 5 3.82 1.225
growth.
Overall Means Score 3.71

Source: Researcher (2024)
The statement “The size of our Unit fund affects us in adjusting to changing market
conditions” recorded the highest mean score of 4.07 with a standard deviation of 1.189,
indicating strong agreement among respondents. This suggests that larger Unit funds are
perceived to have greater agility and flexibility in responding to market fluctuations due to
their resource base and market leverage. The second statement, “The size of our fund has
enabled us hire and retain talented professionals.” received a mean of 3.70 and standard
deviation of 1.250. This reflects general agreement that fund size has implications for
human capital, particularly in hiring skilled labour although experiences vary slightly

across firms.

For the statement “The Investment decisions we make depends on the size of our fund,”

a mean of 3.48 and standard deviation of 0.952 were reported. The moderate agreement
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and lower variability suggest that investors consider fund size as a factor in decision-
making, with relatively consistent perceptions across the sample. The statement “Large
funds allow for access to superior technology and digital investment strategies” showed
the lowest mean score of 3.32 but the highest standard deviation of 1.394, pointing to
moderate agreement with wide variation. This implies that while some funds benefit from

economies of scale, others may not experience such cost advantages to the same extent.

The fifth statement, “Unit fund size may advise on the diversification opportunities and

b

suitable portfolio management strategies,” recorded a mean of 3.84 and a standard
deviation of 1.238, reflecting strong agreement. Respondents acknowledged that larger
fund sizes offer more room for portfolio diversification and strategic asset allocation.
Finally, “The use of digital tools and platform enhances growth” had a mean of 3.82 and
standard deviation of 1.225, indicating considerable agreement. Respondents recognized

the role of fintech in driving fund growth, though the standard deviation highlights

differences in digital adoption and integration among firms.

Overall, the mean score of 3.71 suggests that fund size is generally seen as a positive
attribute that influences operational agility, investor behaviour, cost efficiency, and
strategic portfolio decisions. However, the relatively high standard deviations indicate that
these perceptions are not universally shared and may differ depending on firm size,

structure, and technological capabilities.

4.4.6.2 Descriptive statistics on fund size using secondary data.

Table 21 provides descriptive statistics for secondary data on Fund size measured using

Assets under management.
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Table 23: Descriptive Statistics on Fund size using Secondary data

Category N Min Max Mean Sd

Balanced Funds 130 1.11644 28,566.96 640.3254  3,388.214
Bond Fixed 130 36.74926 17,125.32 3,041.404  4,582.019
Equity Funds 130 0.631513 73,25.559 630.3529 1,129.511

Money Market Fund 130 54.0389 106,944 36,177.25 1,473.5

Total 520  92.53611 152,636 40,489.33  10,573.24

Source: Researcher, (2024)
Table above presents the descriptive statistics for Fund Size, measured through Assets
under Management (AUM) across various fund categories. The mean provides a central
tendency indicator, reflecting the average capital managed by each fund type. For
Balanced Funds, the mean AUM is KES 640.33 million, suggesting moderate fund sizes
in this category. The relatively high S.D (KES 3,388.21 million) implies significant
variability, with some outlier funds holding disproportionately large assets. Bond Fixed
Funds exhibit a higher mean AUM of KES 3,041.40 million, indicating stronger investor
allocations toward fixed-income securities. The standard deviation (KES 4,582.02
million) also suggests high variation, revealing the presence of both mid-size and
significantly large bond funds. In Equity Funds, the average AUM is KES 630.35 million,
quite similar to Balanced Funds. However, with a lower standard deviation (KES 1,129.51

million), equity fund sizes appear more consistent and less skewed by large outliers.

Money Market Funds stand out with a markedly high average AUM of KES 36,177.25
million, underscoring their popularity among investors seeking lower-risk, highly liquid

investment options. However, the reported standard deviation (KES 1,473.5 million)
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seems disproportionately low compared to the mean this may suggest a possible data entry
error or formatting issue, as the variability is expected to be much larger given the high

maximum value (KES 106,944 million).

Across all fund categories, the overall mean AUM is KES 40,489.33 million, with a total
standard deviation of KES 10,573.24 million, reflecting considerable dispersion. This
implies that while many funds are relatively small, a few very large funds (especially in
the Money Market category) significantly increase the overall average and spread. The

figure below is a graphical presentation of the trend for fund size over the ten years.
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Figure 6: Trend for Fund size

The figure above is a graphical presentation of the descriptive statistics on fund size

showing a steady and significant rise in fund size over the years.

This is further presented in the graph below showing the interaction effect of fund size and
fintech adoption in a comparative way among the large and small funds and the effect on

financial performance of Unit funds in Kenya.
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Interaction Effect: Fund Size Moderates FinTech Impact on Performance
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Figure 7: Interaction effect of fund size on performance of Unit funds in Kenya

The above figure shows how the uptake of fintech in large and small funds affects the
financial performance of the funds. Large funds record a steep slope signifying high uptake
levels possibly due to resource availability, expertise support and their capability to invest
in tailor made fintech solutions that suite and rhyme with business models and strategies.
Large funds present a clear picture of fintech as a strategic enabler as opposed to small
funds which may experience it as a disrupter, represented by a gradual but steady slope

possibly due to limited resources that hinder customized and well aligned fintech solutions.

4.4.6.3 Convergence and corroboration on fund size and fund performance

Both primary and secondary findings reveal a high degree of convergence. Secondary data
objectively demonstrate that certain categories of Unit funds, particularly Money Market

and Bond Funds, possess significantly larger AUMs as witnessed in the objective
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performance and size distribution from the secondary data. Primary data reflects thus in
the subjective perceptions of industry practitioners who affirm that larger funds enjoy
operational agility, human capital advantages, and technological growth potential since
they are well equipped to respond to market changes, implement technology-driven
strategies, attract skilled personnel, and manage diversified portfolios. This structural
advantage positions them to potentially derive greater value from digital technologies

through economies of scale, better resource allocation, and strategic investments.

Primary data shows global mean score of 3.71 suggesting that fund size is generally seen
as a positive attribute that influences operational agility, investor confidence, operational
efficiency, and strategic portfolio decision making. The relatively high standard deviations
denote the varying perceptions across fund categories meaning the benefits are not
universally shared and may differ depending on firm size, structure, and technological
capabilities. This is mirrored in the secondary data which shows, global mean AUM as
KES 10,122.33 million, with a standard deviation of KES 72,137.48 million, reflecting
considerable dispersion. This implies that while many funds are relatively small, a few very
large funds (especially in the Money Market category) significantly increase the overall

average and spread

Larger funds are perceived to have both the resource base and strategic capacity to
capitalize on financial technology innovations, consistent with the secondary data’s
demonstration of their superior AUM and implied market influence. However, primary
data responses regarding cost reduction benefits yielded mixed perceptions. This may

suggest that not all large funds experience similar efficiencies, potentially due to
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management practices, or differential access to digital platforms. These interpretive
nuances highlight the importance of considering both quantitative performance data and

practitioner perspectives when evaluating the strategic impact of fund size.

This triangulation of quantitative and qualitative data underscores the importance of
considering fund size as a strategic moderator in the Kenyan Unit fund industry’s digital
transformation journey. The primary data provides important subjective validation of the
secondary data’s objective measures, suggesting that fund size is not merely a quantitative
attribute but a critical enabler of technological adoption and performance. Furthermore, the
alignment between perceived advantages and empirically observed fund sizes reinforces
the proposition that fund size not only enables more effective adoption of digital tools but

also amplifies the financial performance outcomes associated with such adoption.

The study's finding that fund size significantly moderates the relationship between
financial technology and Unit fund performance aligns with several empirical studies but
also reveals nuanced contradictions. The study converges with findings by Alvi and Rehan
(2020) and Patil et al. (2022), who observed a positive and significant influence of fund
size on performance, confirming the idea that larger funds benefit from economies of scale,
resource availability, and better access to digital infrastructure. Similarly, Yasir et al.
(2020) confirmed that fund size positively influences adjusted returns, reinforcing the
conclusion that scaling up can enhance the performance benefits of digital financial
innovations. Further convergence is found with Simiyu, Yugi, and Alala (2023), whose
study explicitly explored the moderating role of fund size. They found that fund size can

significantly shape behavioral biases and portfolio outcomes.
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However, there are notable divergences from Farid and Warbha (2022) who found a
negative relationship between fund size and performance in Egyptian Unit funds,
suggesting that oversized funds may face diseconomies of scale, such as bureaucratic
inefficiencies or diluted investment agility. Similarly, Indro et al. (2019) and Kiran and
Naka (2023) showed that beyond a certain threshold, larger fund sizes result in diminishing
or even negative marginal returns, largely due to increased complexity, overinvestment in

information acquisition, and inefficiency in deploying capital or diseconomies of scale.

Also diverging is Muthomi and Muturi (2019), who found no effect of fund size on Unit
fund performance in Kenya. This contradiction could stem from methodological
differences, the time period analysed, or insufficient fund heterogeneity in their sample.
However, their conclusion underscores the need to contextualize fund size effects within
broader strategic and operational dynamics, which the current study does by isolating
fintech interactions. There is also a divergence according to Chibole, Lyani and Musiega
(2022), in there study on moderating effect of bank size on financial performance of
commercial banks, they concluded that firm size has no influence on performance of banks.

That small banks can still have an opportunity to perform equally with large banks.

The findings strongly align with the Technology Acceptance Model (TAM). Stakeholders’
perceptions that larger funds better leverage fintech tools echo TAM’s proposition that
perceived usefulness and ease of use drive technology adoption. Fund managers may
perceive that larger asset bases support more robust digital infrastructure, enhancing trust

and commitment to fintech adoption. This supports the finding that perceived moderation

211



effects were stronger in primary data than in empirical measures. TAM also helps explain

the variance in adoption based on the perceived accessibility.

The Classical Profit Maximization Theory also converges with the study’s results. It
implies that firms, especially larger Unit funds, seek to maximize profits by optimizing
operational inputs, including technology. The moderation of fintech impact by fund size
reflects this strategic behavior: larger funds optimize fintech usage to either cut costs
(digital deposits) or improve returns (portfolio management). The diminishing returns
observed in digital risk management for large funds fit well with this theory's assumption
that beyond a certain point, marginal gains reduce if inputs (in this case, technology and

fund size) are overextended.

4.4.7 Descriptive statistics on Financial Performance of Unit funds

This section discusses findings on descriptive statistics on financial performance of Unit
funds in Kenya, based on both primary and secondary data. The descriptive analysis
provides insights into the overall performance levels on the funds, measures such as mean,
maximum, minimum, and standard deviation, were computed. These statistics offer a
foundational understanding of how Unit funds in Kenya are performing, setting the target

for further inferential statistics.

4.3.7.1 Descriptive statistics on financial performance using primary data.

On the dependent variable, the respondents were asked to rate seven statements in regards
to financial performance, responses were rated as Strongly Agree (5), Agree (4), Neutral

(3). Disagree (2) and Strongly Disagree (1) as shown below.
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Table 24: Descriptive Statistics on Fund Performance using primary data
Min Max Mean Standard

Deviation
1 Digitally managed Unit funds consistently 1 5 3.39 970
outperform the market over the long term
2 The performance of the Unit fund with 1 5 3.52 952
fintech is likely to exceed expectation
3 Digital platforms enable the funds to deliver 1 5 4.18 786

on its investment mandate and objectives as
expected by investors

4 The performance of digitally enabled Unit 1 5 4.23 937
funds compares favorably to similar funds in
the market with traditional approach

5 Fintech enables Unit fund to adapt to 1 5 4.00 1.239
changing market conditions and deliver
competitive returns

6 Financial technology gives a fund 1 5 3.50 1.191
competitive advantage over its peers within
the same investment category

7 Fintech has enabled our fund to report 1 5 3.82 .896
attractive performance returns over its peers
Overall Mean Score 3.81

Source: Researcher (2024)

Respondents moderately agreed (mean = 3.39, SD = 0.970) that digitally managed Unit
funds consistently outperform the market over the long term. Although the agreement is
not overwhelming, it suggests a cautious optimism about long-term gains derived from
digital integration. The moderate standard deviation implies some variation in perception,
which could stem from differing levels of technological maturity and performance across
funds. There was slightly stronger agreement (mean = 3.52, SD = 0.952) that fintech-
enabled Unit funds are likely to exceed performance expectations. This shows an
encouraging belief in the potential of financial technology to drive superior outcomes,
though the moderate variability again points to differences in actual experiences or

execution.
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A standout finding was that digital platforms were seen as significantly enabling Unit funds
to meet their investment mandates and objectives (mean = 4.18, SD = 0.786). The high
mean and relatively low standard deviation reflect a strong and consistent belief that fintech
supports the core mission of Unit funds effectively. Similarly, respondents strongly agreed
that digitally enabled Unit funds compare favorably to those using traditional approaches
(mean = 4.23, SD = 0.937), reinforcing the idea that technology can offer a competitive

edge in performance delivery.

Furthermore, the study revealed that fintech allows Unit funds to better adapt to changing
market conditions and deliver competitive returns (mean = 4.00, SD = 1.239). Although
the agreement was solid, the relatively higher standard deviation indicates a wider range of
experiences, perhaps due to differing adaptability or investment in responsive technologies.
The belief that financial technology provides Unit funds with a competitive advantage was
moderately supported (mean = 3.50, SD = 1.191). This suggests that while fintech is seen
as beneficial, its ability to deliver competitive advantage may vary depending on strategic
use, fund size, or market positioning. Lastly, there was considerable agreement (mean =
3.82, SD = 0.896) that fintech use contributes to attractive performance returns compared

to its peer, with moderate consensus among respondents.

4.4.7.2 Descriptive statistics on fund performance using secondary data.

The table below provides descriptive statistics for financial performance of Unit funds

firms which was measured using return on assets (Ratio of PAT to total Assets).
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Table 25: Descriptive Statistics on Financial Performance of Unit funds using
Secondary data

Category N Min Max Mean S.D

Balanced funds 130 -0.1964 0.16304 0.049742 0.052609
Bond fixed 130 -0.04228 0.13196 0.045144 0.034994
Equity funds 130 -0.17352 0.20212 0.023105 0.089863
Money market fund 130 0.006155  0.23808 0.070999 0.039491
Total 520 -.40605 0.7352 0.18899 0.21696

Source: Researcher, (2024)

The table above presents descriptive statistics for the financial performance of Unit funds,
measured using Return on Assets. This ratio reflects the ability of a fund to convert its
assets into profit. Balanced Funds have a mean of 0.0497, suggesting that on average,
they generate 4.97% return on total assets. The minimum value is -0.1964, indicating that
some funds in this category experienced losses, while the maximum value is 0.1630,
reflecting the best performing fund. The standard deviation of 0.0526 shows moderate

variation in profitability.

Bond Fixed Funds exhibit a mean of 0.0451, implying an average return of 4.51% on
assets. The lowest observed value is -0.0423, while the highest is 0.1320, indicating
relatively stable returns. The standard deviation is 0.0350, suggesting low volatility
among these funds. Equity Funds show a lower average return of 0.0231 or 2.31%, with
returns ranging from a minimum of -0.1735 to a maximum of 0.2021. This wide range

and S.D of 0.0899 reflect significant volatility typical of equity investments.
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Money Market Funds have the highest average return at 0.0710 or 7.10%, with
performance ranging between 0.0062 and 0.2381. The standard deviation of 0.0395
indicates that these returns are relatively consistent and low-risk. Overall, across the 520
observations, Unit funds have an average financial performance of 0.18899(18.89%),
with values ranging from a minimum of -0.1964 to a maximum of 0.2381. The overall

standard deviation is 0.21696, pointing to moderate dispersion in profitability across fund

types.

The figure below is the graphical presentation of the trend for financial performance for

all the categories of over the ten years under study.
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Figure 8: Trend for Financial Performance

The above figure reflects a graphical presentation of financial performance for all the
categories of funds that is seen to be growing steadily with time across different categories

of Unit funds for the ten years under study.
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4.4.8 Convergence Using Descriptive statistics

The convergence matrix is used to compare descriptive statistics from primary Likert-

based data and secondary actual transaction data as shown in the table below.

Table 26Convergence Matrix for descriptive statistics from primary and secondary

data
Construct Primary Data statistics Secondary Data Convergegce
interpretation
Global  Std Yoage Global Standard
Mean Deviation  uptake =~ Mean Deviation
Digital 3.84 12 70.86% 250129 117959 Stong
Payments convergence
Digital Deposits ~ 3.72 152 72.44% 299505 204062 STong
convergence:
DPM: 3.72 0.994  70.10% 0.098455 024399 STO8 _
a).P.Return convergence:
b). P. Turnover 0.735191  13.0872
DRM strong
a) Volatility 347 1345 60.32% 0.139807 014678 U0 e
b) Reserves 30367 216412 Stong
convergence

Source: Researcher, (2024)

The table above shows a convergence matrix comparing descriptive statistics from

primary and secondary data across the four core constructs of financial technology

representing study variables. Digital payments and digital deposits have strong

convergence denoted by positive perception from fund personnel matching high fund

activity. Digital portfolio management also has a strong convergence with positive

perceptions matching the positive portfolio return of 0.9846% with fluctuations of 24.4%
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and a high portfolio turnover of 73.5% denoting high activity. Digital risk management
has a convergence as revealed by the Positive perception and low volatility index denoting

less risky or moderate fluctuation and high reserves.

According to Creswell and Clark, (2018), the convergence matrix is used as a visual and
analytical tool to provide a snapshot of central trend and variability of perceptions, it’s
used to assess consistency between perceived and actual fintech use in Unit fund
operations. Where convergence is strong, it validates the robustness of the findings and
enhances credibility. Where divergence exists, it opens opportunities for deeper inquiry
into contextual, operational, or perceptual differences between stakeholder views and

real-world performance.

According to Okeke and Ezeh, (2022), global mean and global standard deviation are used
to capture extent and variation of fintech adoption in empirical fintech studies. In this
study it has been to provide a single summary indicator of overall fintech uptake. A higher
global mean denotes strong overall adoption and positive perception or implementation
across funds. A lower global mean denotes limited uptake or resistance to fintech uptake

which could be attributed to possible infrastructure gaps or even gaps in user awareness.

According to Hair, Black and Barbin (2019), averaging standard deviations across
constructs provides a general view of the response variability and can signal consistency
of adoption or performance across funds. Standard deviation reflects variability and
consistency of fintech uptake. A low standard deviation (<1) indicates consistent adoption

or perception while a high standard deviation (>1) indicates variability or disparity
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meaning some funds adopt fintech more than others possibly suggesting inequality in
access. According to Sekaran and Bougie (2019), standard deviation reflects the spread
of responses around the mean and helps in interpreting how fintech uptake is distributed

among funds

Digital payments show a strong convergence, where primary data show high overall mean
score of 3.84 (on a 5-point scale), and suggesting positive perception on uptake of digital
payment platforms among respondents. This perception was corroborated by secondary
data, which showed substantially high transactional volumes especially in money market
funds with a mean of Ksh 9,568.87. This alignment supports the interpretation that
fintech-driven payment systems have been widely adopted and operationalized within the

sector.

4.5 Inferential analysis

This section presents the inferential statistical methods employed to examine the effect of
financial technology, moderated by fund size, on performance of Unit funds in Kenya.
While descriptive statistics provided an overview of the data, inferential analysis allows
for testing hypotheses, establishing the significance of observed patterns, and making
generalizations beyond the sample. (Field, 2018). Appropriate statistical techniques, such
as regression analysis and hypothesis testing have been used. However, before conducting
inferential statistics, diagnostic tests were carried out to determine whether the data met

key assumptions for multiple regression analysis.
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4.5.1 Correlation Analysis

According to Creswell &Creswell, (2018), Pearson correlation (1) is used to determine the

degree of linear associations between two variables before conducting more complex

models like linear regression models. This section presents correlation analysis findings on

both primary and secondary data subsequently.

4.5.1.1 Correlation analysis on effect of fintech on fund performance using Primary

data

Correlation analysis using primary data showed a strong correlation exists if the results are

greater than 0.9 and a weak correlation if the results are less than 0.

Table 37: Pearson Correlation Analysis of effect of fintech on fund performance using

Primary Data

DP DD DPM DRM FS

Digital Payment Pearson Correlation 1

Sig. (2-tailed)

N 44
Digital Deposit ~ Pearson Correlation .486"" 1

Sig. (2-tailed) .001

N 44 44
Digital Portfolio Pearson Correlation -.065 .095 1
Management Sig. (2-tailed) 677 542

N 44 44 44
Digital Risk Pearson Correlation -.095 128 489™ 1
Management Sig. (2-tailed) 539 407 .001

N 44 44 44 44
Fund Size Pearson Correlation .545™ 6157 5107 4977 1

Sig. (2-tailed) .000 .000 .000 .001

N 44 44 44 44 44
Financial Pearson Correlation 459 536" 513" 527" 770"
Performance Sig. (2-tailed) .002 .000 .000 .000 .000

N 44 44 44 44 44

* * Correlation is significant at the 0.05 level (2-tailed).

Source: Researcher, (2024)
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The results indicated that all independent variables are positively and significantly
correlated with financial performance, suggesting that improvements in these areas are
associated with enhanced financial outcomes. Specifically, digital payment exhibited a
moderate positive correlation with financial performance, with a Pearson correlation
coefficient of 0.459 and a significance level of 0.002. Digital deposit demonstrated a
strong positive correlation with financial performance, with a coefficient of 0.536 and a

significance level of pv= 0.000.

Similarly, digital portfolio management had a strong positive correlation of 0.513, with a
significance level of 0.000. Digital risk management also showed a moderate positive
correlation of 0.527, with a significance level of 0.000. Among all the variables, fund size
had the strongest correlation with financial performance, with a Pearson correlation
coefficient of 0.770 and a significance level of Pv= 0.000, indicating a very strong
relationship between fund size and financial performance.

4.5.1.2 Correlation analysis on effect of fintech on fund performance using
Secondary data

Correlation analysis was used to assess the linearity association among the variables.
There is a strong correlation if the results are greater than 0.9 and a weak correlation if
the results are less than 0. Table below presents summary of findings on linear association
between performance and several digital financial variables using Pearson correlation

analysis.

Table 38: Pearson Correlation Analysis of effect of fintech on fund performance using
Secondary Data

Performance DP DD DPM DRM
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Performance

Digital
Payment

Digital
Deposits
Digital

Portfolio
Management

Digital Risk
Management

Fund Size

Pearson
Correlation
Sig. (2-tailed)
N

Pearson
Correlation
Sig. (2-tailed)
N

Pearson
Correlation
Sig. (2-tailed)
N

Pearson
Correlation
Sig. (2-tailed)
N

Pearson
Correlation
Sig. (2-tailed)
N

Pearson
Correlation
Sig. (2-tailed)
N

520

0.5660
0.000
520

0.5158
0.000
520

0.5921
0.000
520

0.6222
0.000
520

0.4513
0.000
520

520

0.6454
0.5055
520

0.3488
0.1967
520

0.6328
0.000
520

0.299
0.000
520

520

0.2915
0.000
520

0.6034
0.7463
520

0.2549
0.0235
520

520

-0.3348
0.4314
520

-0.325
0.9637
520

520

0.2317
0.018
520

Source: Research study (2024)

The study investigated the linear association between performance and several digital

financial variables using Pearson correlation analysis. The results reveal that all variables

have positive and statistically significant correlation. Digital payment has a positive and

statistically significant correlation with performance (r = 0.5660, p = 0.000), indicating

that increased usage of digital payments is associated with improved performance.

Similarly, digital deposits show a positive and significant correlation with performance (r

= 0.5158, p = 0.000), suggesting a modest contribution of digital deposit services to

performance outcomes. Furthermore, digital portfolio management is positively and

significantly correlated with performance (r=0.5921, p = 0.000), implying that improved
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management of digital investment portfolios is linked with better organizational

performance.

Digital risk management exhibited a statistically significant correlation with performance
(r=0.622,p=0.000), suggesting meaningful linear association between risk management
practices and performance in this context. Notably, fund size shows a statistically
significant positive correlation with performance (r = 0.4513, p = 0.000), indicating that
larger fund sizes are closely associated with higher levels of financial performance. Of
importance to note is the correlation between the independent variables which is
insignificant. The p-values are above the 0.05 threshold, confirming that the independent
variables are not linearly related. This supports the assumption of no multicollinearity,
thereby justifying their simultaneous inclusion in the regression model as separate

constructs influencing Unit fund performance.

In conclusion both the primary and secondary data findings reveal consistent and
statistically significant positive relationship between all the independent variables and
financial performance. Additionally, fund size is positively correlated with financial

performance. The key converging findings are summarized in the table below.

Table 39: Convergence Matrix for correlation analysis results on performance
Variable Correlation Primary Data  Secondary Consistency
With- (r) Data (r)
Financial
Performance
Digital Moderate, 0.459 0.566 Consistent
payment positive,
significant
Digital deposit  Moderate, 0.536 0.516 Consistent
positive,
significant
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Variable Correlation Primary Data  Secondary Consistency
With- (r) Data (r)
Financial
Performance
Digital Moderate, 0.513 0.592 Consistent
portfolio positive,
management significant
Digital-risk Moderate, 0.527 0.622 Consistent
management positive,
significant
Fund size Strong (for 0.770 0.451 Consistent
primary)

Moderate, (for
sec) positive,
significant

The findings in the table above show all variables had positive correlation, but digital Risk
Management emerged as the strongest fintech-related predictor of financial performance
across both datasets, especially in secondary data (r = 0.622). Digital Payments and
Deposits are moderately and positively associated with performance in both cases,
suggesting the foundational importance of transaction-level technologies. Digital Portfolio
Management consistently shows a positive impact, reinforcing its strategic value in asset
allocation and investment decisions. Fund Size, while showing a very strong correlation in
primary data (r = 0.770), had a moderate but still significant correlation in secondary data
(r = 0.451). This indicates that larger Unit funds tend to perform better, likely due to

economies of scale and resource advantages.

The converged analysis from both primary and secondary data strongly supports the
hypothesis that financial technology adoption enhances the financial performance of Unit
funds in Kenya. The consistency in the positive and significant relationships across all
fintech constructs especially digital risk management and digital portfolio management

underscores their critical role. While fund size contributes positively to performance, its
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impact varies, potentially reflecting different operational scales and efficiencies among

fund types.

4.5.2 Simple Linear Regression Analysis
The study analyzed the effect of financial technology and fund size on the financial
performance of Unit Trust Funds in Kenya using panel regression techniques. Given the
nature of the data, comprising four types of Unit Trust Funds observed over ten years,
panel regression was preferred to effectively capture both time dynamics and fund-
specific differences. Preliminary tests for multicollinearity, heteroscedasticity, and serial
correlation were conducted to ensure model reliability. The Hausman test determined the

appropriate estimation method between Fixed Effects and Random Effects models.

Simple linear regression analysis was used to determine the predictive relationship
between a single independent variable and a dependent variable, in this case to explain
the effect of each of the constructs of financial technology on the performance of Unit
funds and bring out its predictive power and implication on performance (Field, 2018).
Discussion was done thematically using both primary and secondary findings and
presented in tables and models as below. The fixed effects model was used as
recommended by the Hausman test to be more appropriate for the analysis when

correlating between individual effects and explanatory variables.

4.5.2.1 Simple linear regression effect of Digital payments

The panel regression results for digital payments using primary data are shown in table 40
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Table 40: Panel Regression results for Fixed Effect of Digital payments on fund
Performance- primary Data

Model Summary

Std. Error of the
Model R R Square Adjusted R Square Estimate
1 459* 210 192 .6975
a. Predictors: (Constant), Digital Payment
b. Dependent Variable: Financial Performance

ANOVA?
Model Sum of Squares df Mean Square F Sig.
1 Regression  5.447 1 5.447 11.194 .002
Residual 20.435 42 487
Total 25.881 43

a. Dependent Variable: Financial Performance
b. Predictors: (Constant), Digital Payment

Coefficients?
Unstandardized Standardized
Coefficients Coefficients
Model B Std. Error Beta t Sig.
1 (Constant) 2.524 397 6.355 .000
Digital Payment .334 .100 459 3.346 .002

a. Dependent Variable: Financial Performance
Source: Researcher, (2024)

The R-squared value of 0.210 implied that digital payment explained 0.21 of the variance
in financial performance, while the adjusted R-squared value of 0.192 suggested minimal
loss of explanatory power after adjusting for the number of predictors in the model. The
low R? 0of 0.21, though modest still is acceptable especially within the context of behavioral
research which involves many other external factors, especially when dealing with studies
on real world data in a highly volatile markets like Unit funds. According to Wooldridge
(2019), a low R-square doesn’t undermine the validity of the model as long as the beta
coefficients are statistically significant (=0.459). Frost (2020) emphasizes that in social
sciences and finance, a small R-square can still yield meaningful insights especially when

used as an explanatory power on real-world data studies from dynamic markets.
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The ANOVA results showed that the regression model was statistically significant, with

an F-value of 11.194 and a significance level of 0.002, which is below the 0.05 threshold.

This indicates that digital payment has a statistically significant effect on financial

performance. Digital payment had an unstandardized coefficient of 0.334 meaning that a

one-unit increase in digital payment was associated with a 0.334 increase in financial

performance which is significant at the 5% level.

Y=2.524+0.334 Xi

Effect of digital payments on fund performance using Secondary data

Based on the Hausman test results presented in Table 36, the fixed effect model was found

to be appropriate. The panel regression results for digital payments are shown in table 41.

Table 41: Panel Regression results for Fixed Effect of Digital Payments on Fund

Performance-secondary data

Fixed-effects (within) regression Number of obs = 520
Number of

Group variable: Fund groups = 52

R-sq: Obs per group:

within =0.3263 min 10

between = (0.3252 Avg = 10

overall = 0.3204 max 10
F(1,467) 226.2

corr(u i, Xb) =-0.3985 Prob >F 0.000

Performance Coef. Std. Err. t P>t [95% Conf. Interval]

Digital

Payments 0.09716 0.00646  15.04 0.000 0.08446 0.10985

cons -4.59416 0.10955 -41.94 0.000 -4.80944  -4.37889

Source: Researcher, (2024)

As shown in the table above, the within R-squared is 0.3263, indicating that about 32.63%

of the variation in financial performance within the same Unit fund over time is explained
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by changes in digital payments. This value reflects the explanatory power of the model
based on deviations from each entity’s average and is most relevant in a fixed effects
model, which focuses on within-group variation. The between R-squared is 0.3252,
meaning that 0.3252 of the variation in average financial performance between different

Unit funds is explained by differences in their average levels of digital payments.

Although this value is informative, it is less critical in fixed effects estimation since this
model controls for time-invariant characteristics across groups. The overall R-squared is
0.3204, indicating that the digital payment variable explains 0.3204 unit change in the total
variation in financial performance across all observations both within and between Unit
funds. This provides a general measure of the model’s explanatory power, but it combines

both types of variation and thus may underrepresent the model’s strength in panel data.

The significant F-statistic F (1,467) = 226.2, p = 0.000) confirms the model's overall
validity. However, the relatively low R-squared values indicate that while digital payments
have a measurable impact, the majority of performance variation is driven by other factors
not captured in this model. The coefficient for digital payments is 0.0972 with a standard
error of 0.00646. The corresponding t-statistic is 15.04 and the p-value is 0.000, indicating
that the effect is statistically significant at the 5 percent level. This suggests that a unit
increase in digital payment adoption leads to a 0.0972 unit increase in the performance of

Unit funds, holding other factors constant.

Y =-4.59416+0.097158X1

228



In conclusion, the regression analysis from both primary and secondary data demonstrates
a consistent, positive relationship between financial technology adoption and the financial
performance of Unit funds in Kenya.

Y=2.524+0.334 X1,....cooviiiiiiiiii Primary data

Y=-4.59416+0.097158X1......cccoeovvveireeecrererennne. Secondary data

The primary data model, expressed as Y= 2.524+0.334 Xi, indicates that a one-unit
increase in digital payment adoption is associated with a 0.334-unit increase in financial
performance, this shows a moderate and meaningful effect implying that digital payments
have a practical and visible impact on performance according to the respondents. The

model also exhibits a strong explanatory power, with an R-squared value of 0.210.

The secondary data model expressed as Y= -4.59416+0.097158X, confirms a positive
relationship, though the magnitude of the effect is more modest. The slope coefficient of
0.097158 suggests that 0.097158 unit increase in digital payment uptake is associated with
one unit increase in financial performance, thus a positive but modest effect in reality
meaning that digital payments play a role but other factors also contribute to performance.
Its explanatory power, reflected in an R-squared of R?>= 0.3204, indicates that while the
relationship 1is statistically significant, other factors may also be influencing fund

performance.

The two models demonstrate a difference in coefficient strength and baseline values,
reinforcing the conclusion that financial technology adoption positively influences Unit

fund performance. The primary data reflects stakeholder perceptions of strong FinTech
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impact, while the secondary data offers empirical support, albeit at a more conservative
level. This dual evidence strengthens the validity of the study's findings and highlights the

need for strategic FinTech integration across operational and investment functions.

The study findings support several empirical studies. For example, Ndichu, Kariuki, and
Kariuki (2021) found a significantly positive effect of fintech predictive modelling on the
performance of investment firms in Kenya. This aligns directly with the current study’s
findings, as digital payments were shown to enhance Unit fund performance. Similarly,
Kariuki (2021) affirmed that fintech investment financing mechanisms (including digital
tools like P2P lending and crowdfunding) are significantly associated with improved
financial outcomes in Kenyan investment firms. This again supports the study conclusions
that idea that digital financial systems improve, which validates the regression results that

show high explanatory power of digital payments on Unit fund performance.

Aicha (2023) also lends empirical support, noting a positive relationship between fintech
services and financial inclusion, which ultimately translates into enhanced performance
for financial institutions. Given that digital payments increase accessibility, lower
transaction costs, and promote transparency, they are a key driver of financial technology,
hence, better fund performance. This aligns with the dual findings of this study. Limna et
al. (2022), through a narrative synthesis of digital economy literature, reinforced the
growing role of digital platforms in economic development. Their findings broadly
support this study’s conclusions, especially the positive perceptions recorded in the
primary data, though their study was not empirical and did not isolate digital payments as

a performance determinant.
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The finding are however in divergence with the FSD, Kenya report (2023) that digitization
and payments uptake of digital finance for business transactions has grown exponentially.
Alongside this, businesses are becoming more formalized, increasing their visibility to
financiers and other market actors. However, FSD, Kenya reveals that majority of
transactions are still cash-based, indicating that digitization is far to be a game changer
for the majority of MSE’s. Qualitative research finds that barriers to digitization include
cost and price transparency; increased exposure and cost of compliance; lack of open data

protocols; and systems to support customer ownership and control over data.

The findings are well anchored on the Technology Acceptance Theory (TAM). This
theory postulates that the perceived ease of use and usefulness of a technology
significantly influence its acceptance and, by extension, its impact on performance. In this
study, the higher coefficient for digital payments in the primary data regression model
underscores a strong perceived usefulness of digital payments among stakeholders.
Respondents believe that digital payments enhance fund performance and improves
investor satisfaction, supporting TAM’s notion that behavioural intentions are shaped by
beliefs on technology’s efficacy. However, the lower coefficient in the secondary data
reveals that actual financial impact, though significant, is more modest, while perception

drives adoption, actual benefits may depend on other factors.

The Financial Intermediation Theory also supports the study findings. Digital payments
reduce transaction costs and improve information flow, thereby enhancing the
intermediation function of Unit funds. This aligns with the theory’s premise that

intermediaries (like Unit funds) enhance efficiency in financial systems. The significant
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results from secondary data, with higher digital payment volumes shows good fund

performance, thus, digital tools enable efficient capital allocation and investor interaction.

4.5.2.2 Simple linear regression Effect of Digital deposits on fund performance

Primary data

The panel regression results for digital deposits using primary data are presented in table
below

Table 42: Panel Regression results for Fixed Effect pf Digital deposits on Fund
Performance-primary Data

Model Summary®

Model R R Square Adjusted R Square Std. Error of the Estimate
1 .536% 287 270 .6626

a. Predictors: (Constant), Digital deposits

b. Dependent Variable: Financial Performance

ANOVA?
Mean
Squar
Model Sum of Squares df e F Sig.
1 Regression 7.440 1 7.440 16.944 .000
Residual 18.442 42 439
Total 25.881 43
a. Dependent Variable: Financial Performance
b. Predictors: (Constant), Digital deposits
Coefficients?
Unstandardized Standardized
Coefficients Coefficients
Model B Std. Error Beta t Sig.
1 (Constant) 2.188 405 5.398 .000
Digital deposits .434 .106 536 4.116 .000

a. Dependent Variable: Financial Performance

Source: Researcher (2024)

The R-squared value of 0.287 implied that digital deposits accounted for approximately
0.2870f total variation in financial performance. The adjusted R-squared value of 0.270

indicated a slight reduction in explanatory power when adjusted for the number of
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predictors in the model. The ANOVA results showed that the regression model was
statistically significant, with an F-value of 16.944 and a p-value of 0.000, which is below
the 0.05 threshold. This confirms that digital deposits have a statistically significant
impact on financial performance. Digital deposits had an unstandardized coefficient of
0.434, implying that a one-unit increase in digital deposits resulted in 0.434 units increase
in financial performance. The standardized coefficient of 0.536 means that I standard
deviation increase in digital deposits leads to 0.536 S.D increase in financial performance
which is a moderately strong positive effect. The t-value of 4.116 and a p-value of 0.000

indicated that the effect of digital deposits was statistically significant at the 5% level.

Y=2.188+0.434 X2

These findings suggest that digital deposits have a significant positive effect on financial
performance. The strong explanatory power of digital deposits in the model highlights

their importance in influencing financial outcomes.

Using Secondary data
The panel regression results for digital deposits using secondary data are presented in table

below.

Table 43: Panel Regression results for Fixed Effect of Digital deposits on fund
performance-secondary data

Fixed-effects (within)

regression Number of obs = 520
Group variable: Unit Fund Number of groups = 52
R-sq: Obs per group:

within =0.2111 Min = 10
between = 0.3838 Avg = 10
overall = 0.2660 Max = 10
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F(1,467) = 124.97

corr(u i, Xb) =0.0851 Prob > F = 0.000

Performance  Coef. Std. Err. t P>t [95% Conf.Interval]

Digital

Deposits 0.10275 0.00919 11.18 0.000 0.084685 0.12081
cons -4.78684 0.16271 -29.42  0.000 -5.10658  -4.46711

Source: Researcher, (2024)

The results presented in Table above are for secondary data showing the within R-squared
is 0.2111, indicating that digital deposits explain about 0.211 of the variation in financial
performance within Unit funds over time. The between R-squared is 0.3838, suggesting
that 38.38% of the variation between Unit funds is accounted for by digital deposits. The
overall R-squared of 0.2660 indicates that digital deposits explains 0.266 of the total

variation in financial performance across all observations is explained by the model.

The coefficient for digital deposits is 0.1027 with a standard error of 0.00919. The t-
statistic is 11.18, and the corresponding p-value is 0.000, which is statistically significant
at the 5% level. This implies that a one-unit increase in digital deposits 1s associated with
an approximate 0.1027 units increase in performance of Unit funds in Kenya, holding other
factors constant. Therefore, digital deposits are found to have a positive and statistically
significant effect on the financial performance of Unit funds in Kenya, albeit with a modest

explanatory power.

Y =-4.78684+0.102746 X2
In conclusion, both primary and secondary data findings suggest that digital deposits have
a significant positive effect on financial performance. The moderate explanatory power of

digital deposits highlights their importance in influencing financial outcomes.These study
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findings align with empirical literature in the study done by Ndichu and Kariuki (2021)
which reported a significant positive relationship between digital deposits, and investment
firm performance in Kenya. This alignment affirms that digital financial mechanisms
improve efficiency and financial returns. Similarly, a study by Siska (2022) and Salman
(2021) reported that digital services and fintech tools, such as digital deposits, contribute
significantly to enhanced financial performance, especially through increased return on

assets and improved client satisfaction.

Additionally, a study by Tshukudu et al. (2022), made conclusions that digital banking
tools lead to improved performance in commercial banks due to wider customer reach
and better transaction handling. In the Kenyan context, Ndede (2020) supports this view
in his study that revealed that digital deposit platforms directly contribute to increased
deposits and improved loan disbursements in Kenyan commercial banks, thereby boosting
profitability. These findings closely mirror those from the secondary data in this study,
where actual transaction values show higher financial performance associated with

greater digital deposit uptake.

However, a study by Gichana, Nyakundi, and Muturi (2016) reported a negative
correlation between technology-enabled banking services and bank performance in their
study. This implies that the effectiveness of digital innovations such as deposits may
depend on the strategic alignment of technology with business models, staff readiness,
and client digital literacy. Similarly, Yudaruddin (2023) reported a negative effect of

fintech start-ups on traditional bank performance in Indonesia. This implies that poorly
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integrated digital systems or rapid fintech growth may sometimes disrupt rather than

enhance performance.

Furthermore, the FSD Kenya report (2023) states that the Central Bank of Kenya reported
that the cash agent transactions in the 11 months leading up to November 2023 registered
a 0.5% decrease compared to the corresponding period in 2022. This decline needs to be
further explored. This is in divergence to the study findings which reported 26%
explanatory power by the digital online deposits. This could be attributed to low value

transactions done by majority of investors who are likely low-income earners.

Theoretically, the Technology Acceptance Model (TAM) explains the high perception
scores observed in the primary data. TAM posits that perceived usefulness and ease of
use drive technology adoption. In this study, Unit fund personnel generally believe that
digital deposits improve operational performance and client convenience. This perception
is evident in the higher coefficients observed in primary data regression models. The
Financial Intermediation Theory further reinforces the role of digital deposits in

enhancing performance.

As financial intermediaries, when Unit funds use technology like digital deposits, this
lowers the transaction costs and improve capital mobilization. This enhances the ability
of Unit funds to allocate resources efficiently and at scale. The widespread uptake of
digital deposits among Money Market Funds, as seen in the secondary data, supports this
theoretical perspective. It indicates that digital channels enable Unit funds to efficiently
perform their intermediary role by broadening access to investment and pooling

mechanisms.
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4.5.2.3 Simple linear regression effect of Digital Portfolio Management on Unit fund
performance

Using Primary data
The results for primary data panel regression for digital portfolio management are

presented in the table below.

Table 44: Panel Regression results for Fixed Effect DPM on Fund Performance using
primary Data

Model Summary
Model R R Square  Adjusted R Square Std. Error of the Estimate
1 5132 263 246 .6739

a. Predictors: (Constant), Digital portfolio management
b. Dependent Variable: Financial Performance

ANQOVA?
Sum of Mean
Model Squares df Square F Sig.
1 Regression  6.809 1 6.809  14.994 .000
Residual 19.072 42 454
Total 25.881 43

a. Dependent Variable: Financial Performance
b. Predictors: (Constant), Digital portfolio management

Coefficients®
Unstandardized Standardized
Coefficients Coefficients
Model B Std. Error Beta t Sig.
1 (Constant) 2.162 0.436 4953 .000
D.P.M 0.442 0.114 0.513 3.872 .000

a. Dependent Variable: Financial Performance

Source: Researcher, (2024)

The R-squared value of 0.263 suggested that approximately 26.3% of the variance in
financial performance could be explained by digital portfolio management. The adjusted
R-squared value of 0.246 accounted for the number of predictors, slightly reducing the
explanatory power. The ANOVA results confirmed that the regression model was
statistically significant, with an F-value of 14.994 and a p-value of 0.000, which is below
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the 0.05 threshold. Thus, digital portfolio management has a significant impact on

financial performance.

The coefficients table showed that the constant term had an unstandardized coefficient of
2.162 with a t-value of 0.4.953 and a p-value of 0.000 suggested that the intercept was
statistically significant at the 5% level. Digital portfolio management had an
unstandardized coefficient of 0.442, meaning that a one-unit increase in digital portfolio
management resulted in a 0.442 increase in financial performance. The t-value of 3.872
and a p-value of 0.000 indicated that the effect of digital portfolio management was

statistically significant at the 5% level. The regression model is as shown below
Y =2.162+0.442X3

These findings suggest that digital portfolio management has a significant and positive
effect on financial performance. The model highlights the importance of digital portfolio

management in enhancing financial outcomes through automation.

Effect of digital portfolio management using secondary data

The study evaluated the regression effect of digital portfolio management the results are

presented in the Table below.

Table 45: Panel Regression results for Fixed Effect of DPM on financial performance-
using sec data

Fixed-effects (within) regression Number of obs = 520
Group variable: Unit Fund Number of groups = 52
R-sq: Obs per group:

within = 0.2330 Min = 10
between = 0.7284 Avg = 10
overall = 0.3506 Max = 10
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F(1,467) = 141.87

corr(u i, Xb) =-0.0127 Prob > F = 0.000
Performance Coef. Std. Err. t P>t [95% Conf.Interval]
Digital Portfolio

Management 0.25478 0.02139 11.91 0.000 0.21681  0.29275
~cons -3.43236 0.04654 -73.75 0.000 -3.52381 -3.3409

Source: Researcher, (2024)

The results show the models’ within R-squared value is 0.2330, indicating that digital
portfolio management explains 0.233 of the variability in financial performance within
Unit funds over time. The between R-squared stands at 0.7284, suggesting that 72.84% of
the variation between Unit funds can be attributed to digital portfolio management
differences. The overall R-squared of 0.3506 implies that 0.350 of the total variance in

financial performance across all observations is accounted for by the model.

The study reveals that the coefficient of digital portfolio management is 0.2548 with a
standard error of 0.0214. The corresponding t-statistic is 11.91, and the p-value is 0.000,
indicating that the relationship is statistically significant at the 5% level. This implies that
an increase in digital portfolio management is associated with 0.2548 units increase in
financial performance, holding other variables constant. Digital portfolio management is

shown to have a statistically significant and positive influence on fund.

Y =-3.43236+0.25478X3

In conclusion, the explanatory powers of both models are closely related, whereby for
primary data, 0.263 of variations are explained by the model while the secondary data
model explains 0.350 of the variations in financial performance, additionally from the

secondary data model, 0.724 of the variations between funds is attributed to digital

239



portfolio management suggesting that digital portfolio management contributes to
enhancement of Unit fund returns. Both models have a closely related explanatory power,
suggesting that the primary data findings reinforce the secondary results confirming the
importance of digital portfolio management in improving financial performance of Unit

funds in Kenya.

Empirical literature lends strong support to these findings. For instance, Ndichu and
Kariuki (2021) found a significant positive link between fintech innovations, including
digital deposits, and investment firm performance in Kenya. Their findings align well with
the results from both datasets in this study, affirming that digital financial mechanisms
improve efficiency and financial returns. Similarly, Siska (2022) and Salman (2021) report
that digital services and fintech tools, such as digital deposits, contribute significantly to
enhanced financial performance, especially through increased return on assets and

improved client satisfaction.

Further corroboration comes from Tshukudu et al. (2022), who argue that digital banking
tools lead to improved performance in commercial banks due to wider customer reach and
better transaction handling. In the Kenyan context, Ndede (2020) supports this view by
showing that digital deposit platforms directly contribute to increased deposits and
improved loan disbursements in commercial banks, thereby boosting profitability. These
findings closely mirror those from the secondary data in this study, where actual transaction

values show higher financial performance associated with greater digital deposit uptake.

However, not all studies agree. For instance, Gichana, Nyakundi, and Muturi (2016)
identified a negative correlation between technology-enabled banking services and bank
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performance in a localized case study. This outlier suggests that the effectiveness of digital
innovations such as deposits may depend on the strategic alignment of technology with
business models, staff readiness, and client digital literacy. Similarly, Yudaruddin (2023)
reported detrimental effects of fintech start-ups on traditional bank performance in
Indonesia, hinting that poorly integrated digital systems or rapid fintech growth may
sometimes disrupt rather than enhance fund performance.

4.5.2.4 Simple linear regression effect of Digital-risk management on financial
performance of Unit funds in Kenya

This section discusses the panel regression results of digital risk management using first

primary data and then secondary data and finally a conclusion of both findings.

Using Primary data
Using primary data, the findings are presented in the table below.
Table 46: Regression Fixed Effect of Digital risk management on Financial

Performance using primary Data
Model Summary®

Std. Error of the
Model R R Square Adjusted R Square Estimate
1 5278 278 261 .6669
a. Predictors: (Constant), Digital risk management
b. Dependent Variable: Financial Performance

ANOVA?®
Sum-of
Model Squares df Mean Square F Sig.
1 Regression  7.200 1 7.200 16.189 .000°
Residual 18.681 42 445
Total 25.881 43

a. Dependent Variable: Financial Performance
b. Predictors: (Constant), Digital risk management
Coefficients?
Unstandardized Standardized
Model Coefficients Coefficients t Sig.
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Std.

B Error Beta
1 (Constant) 2.657 303 8.784  .000
Digital risk management .331 .082 527 4.024  .000

a. Dependent Variable: Financial Performance

Source: Researcher (2024)

The R-squared value of 0.278 implies that digital risk management accounted for
approximately 0.278 of the variance in financial performance. The adjusted R-squared
value of 0.261, which adjusts for the number of predictors, showed a slightly lower
explanatory power. The ANOVA results confirmed that the regression model was
statistically significant, with an F-value of 16.189 and a p-value of 0.000, which is below
the 0.05 significance threshold. Thus digital risk management has a statistically significant

impact on financial performance of Unit funds in Kenya.

The coefficients table revealed that the constant term had an unstandardized coefficient (13)
of 2.657 with a t-value of 8.784 and a p-value of 0.000 suggested that the intercept was
statistically significant. Digital risk management had an unstandardized coefficient of
0.331, meaning that a one-unit increase in digital risk management resulted in a 0.331
increase in financial performance. The t-value of 4.024 and a p-value of 0.000 indicated
that the effect of digital risk management on financial performance was statistically

significant at the 5% level. The regression model is as shown below

Y=2.657+0.331 X4

These findings suggest that digital risk management plays a crucial role in improving

financial performance. Effective digital risk management strategies, such as automated
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risk assessment systems and compliance with data protection frameworks, enhance
financial stability and operational efficiency. According to FSD, Kenya report (2023),
there is need to check on risks associated with digital business. Emerging trends in
business landscape include the use of advanced analytics for more effective decision
making and blockchain for securing the data but come with inherent risks of cybersecurity
threats and data protocols. Continuous monitoring and evaluation of data quality and

system and managing the inherent risks are pertinent in achieving enhanced performance.

Regression effect of digital risk management using Secondary data

Using secondary data, the study sought to determine the effect of digital risk management
on the financial performance of Unit funds in Kenya. The results of the fixed effect model

are presented in the table below.

Table 47: Regression Fixed Effect of Digital-risk management on Financial
Performance using secondary data

Fixed-effects (within) regression ~ Number of obs = 520
Group variable: Unit Fund Number of groups = 52
R-sq: Obs per group:
within = 0.3580 min = 10
between = 0.4513 avg = 10
overall = 0.3871 max = 10
F(1,467) = 260.42
corr(u i, Xb) =-0.4829 Prob > F = 0.000
Performance Coef. Std. Err. t P>t [95% Conf. Interval]
Digital Risk
Management 0.092345 0.005722 16.14 0.000  0.081101 0.10359
cons -2.54613 0.038477 -66.17  0.000 -2.62174  -2.47052

Source: Researcher, (2024)

As shown in the above table, the within R-squared value is 0.3580, indicating that digital

risk management explains about 033580 of the variation in financial performance within
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Unit funds over time. The between R-squared is 0.4513, suggesting that 0.4513 of the
variance between Unit funds is attributable to differences in digital risk management
practices. The overall R-squared is very low at 0.3871, implying that only 38.71% of the

total variation in financial performance is explained by the model.

The coefficient of digital risk management is 0.09235, with a standard error of 0.00572.
The t-statistic of 16.14 and the corresponding p-value of 0.000 indicate that the effect is
statistically significant at the 5% level. A one-unit increase in the digital risk management
index is associated with a 0.0923 increase in financial performance, holding other factors

constant.

The regression model is Y =-2.54613+0.092345 X4

The study's findings on the significant positive effect of digital risk management on the
financial performance of Unit funds in Kenya converge with several prior empirical
studies but also highlight key areas of divergence in the context and methodology. Cirappa
(2023) found that portfolio risk characteristics such as volatility and beta are central to
performance outcomes in Indian Unit funds. Large funds, in particular, were associated
with higher returns at lower risk, consistent with these findings that effective digital risk
management supports better financial performance. This underscores the idea that digital
tools help in monitoring and hedging risk so as to improve performance outcomes across

different fund sizes.

A study by Alvi and Rehan (2020) also supports this conclusion, showing that fund risk

is a significant predictor of fund performance in Pakistani Unit funds. Their findings align
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closely with the current study, which found both perceived and actual digital risk practices
to be statistically significant predictors of Unit fund performance. This convergence
reinforces the notion that risk management through technology enhances decision-making

and improves portfolio outcomes.

Sawant, Amonkar, and Melo (2023) offer partial convergence. Their study found that
most Indian Unit funds underperformed their benchmarks, though performance varied
significantly by fund type. While this contrasts with the current study’s generally positive
findings, it may be attributed to differences in market maturity, regulation, or the depth
of digital tool adoption. Nonetheless, their use of risk-return models (Treynor, Sharpe,
Jensen) echoes the current study’s use of portfolio volatility and reserves, reinforcing a

shared methodological foundation for assessing the risk-performance link.

In contrast, Amira et al. (2023) present a notable divergence, having found that liquidity
risk management had an insignificant negative relationship with performance in Kenyan
commercial banks. This suggests that not all forms of risk management translate into
improved returns, particularly when risk mitigation comes at the cost of reduced
investment agility. The divergence may stem from differences in sector (banking vs. Unit
funds), risk type (liquidity vs. portfolio), and the degree to which digital tools enhance
risk responsiveness, something more prevalent in Unit fund management per the current

study.

IIFA Industry report (2025) emphasizes the need for random trainings on security
Awareness to Unit fund personnel in order to tackle the chronic problem of attackers who
frequently invade systems during interaction with third party service providers. The
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report recommends on-going and engaging trainings which are random for effective
defense and maximum impact. This will help sensitize institutions on the need for digital
risk management thereby upscale the fintech intake levels in the function of risk
management. Further, the report recommends establishing a monitor for normal network
Activity to monitor employee behavior and interaction with the systems. This involves
making sure that the employees have limited access only to arears related to their
assignments and also perform their duties fully. Also monitoring peak and off peak traffic

loads to understand, monitor and identify anomalies that should be investigated.

Maniagi, Olweny, Mukanzi and Mbithi, (2017) in their study on Influence of Liquidity
Risk on Performance of Commercial Banks in Kenya, recommended that the negative
relationship between credit risk and performance of banks requires mangers to improve
come up with strategies and methods that adhere to credit policies in order to enhance
performance. This aligns with this study where digital risk a management could be utilized

in credit control and management to enhance the performance

The study’s findings align with the Technology Acceptance Model (TAM). Respondents
reported a high rating of digital risk tools in expert engagement. This reflects positive
perceptions of usefulness and ease of adoption, core tenets of TAM. Their belief in the
value digital tools, shows how perceived efficacy can drive adoption and organizational

change, even ahead of proven quantitative results.

The findings also resonate with the Capital Asset Pricing Model (CAPM), particularly in
how portfolio volatility was used as a proxy for risk. CAPM’s reliance on systematic risk

(beta) as a determinant of expected return parallels the study’s use of portfolio standard
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deviation and risk reserves. This reflects the theoretical idea that managing risk effectively
can bring actual returns closer to expected (risk-adjusted) returns, supporting the role of

digital risk management in stabilizing and enhancing Unit fund performance.

The profit maximization theory states that the main object of Unit funds is to maximize the
difference between total revenue and total cost (profits.) digital risk management involves
the use of modern technology to identify, assess and reduce risks associated with business
operations. Digital risk tools minimize potential losses associated with cyber-attacks, data
handing and data fraud, compliance, this in turn enhances profits. Digital risk management
supports the theoretical assumption that sound risk controls are integral in achieving

enhanced profits in Unit funds

The table 48 presents a convergence matrix comparing the simple linear regression results
from both primary and secondary data sources. Key indicators including regression
coefficients (B), standard errors (SE), R?, p-values, effect and direction, and convergence
status have been evaluated to determine consistency across data sources. The table shows
that all four fintech predictors; Digital Payments, Digital Deposits, Digital Portfolio
Management, and Digital Risk Management, demonstrated consistent positive effects on
Unit fund performance across both primary and secondary data. All results were
statistically significant (p < 0.05), indicating strong model reliability. While coefficients
from the primary data were higher, secondary data showed smaller standard errors,
suggesting more precise estimates. This reinforces the robustness of findings and supports

the convergence between perceived and actual fintech performance impacts.
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Predictor  Data Coefficien  Stderror R? p- Effect/ Converg

source t value  Directio  ence

B n

Digital Primary 0.459 0.6975 0.210 0.002  Positive Yes
payments

Secondary  0.097158 0.00646  0.3204  0.000  Positive
Digital Primary 0.536 0.106 0.287 0.000  Positive | Yes
deposits

Secondary  0.102746 0.00919  0.2660 0.000  Positive
Digital Primary 0.513 0.114 0.263 0.000  Positive
portfolio Yes
mgmt

Secondary  0.25478 0.02139  0.3506 0.000  Positive
Digital Primary 0.527 0.082 0.278 0.000  Positive
risk Yes
mgmt

Secondary  0.092345 0.00572  0.3871 0.000  Positive

Table 48: Convergence Matrix for Simple Linear Regression results

Source: Researcher, (2024)
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4.5.3 Multiple Linear Regression effect of Fintech
Following the simple linear regression analysis which examined individual effect of each
fintech construct, the researcher proceeded to multiple linear regression to assess the
combined effect of all predictors simultaneously. Given the nature of the data, comprising
four types of Unit Trust Funds observed over ten years, panel regression was preferred to

effectively capture both time dynamics and fund-specific differences.

Multiple linear regression analysis was used to explain the effect of financial technology
on the performance of Unit funds, to bring out its predictive power and implication on
performance (Hair et al., 2022). This gives a more comprehensive view accounting for
possible interactions or shared variances among predictors (Field, 2018). It also improves
model precision and helps understand the holistic effect of fintech on fund performance.

The results are presented in tables and models as below

4.5.3 Panel regression effect of fintech using Primary data

Panel regression analysis was used to estimate the effect of financial technology (using all

the fintech constructs) on the financial performance of Unit Trust funds.

Table 49: Multiple Linear Regression of fund performance on Fintech-primary data
Model Summary®
Adjusted R Std. Error of the
Model R R Square Square Estimate
.828? .685 .653 4571 .828%
a. Predictors: (Constant), Digital Payment, Digital risk management, Digital Payment
Digital Deposits, Digital portfolio management
b. Dependent Variable: Financial Performance

ANOVA?®
Model Sum of Squares df Mean Square F Sig.
1 Regression 17.732 4 4.433 21.213 .000°
Residual 8.150 39 209

249



Total 25.881 43
a. Dependent Variable: Financial Performance

b. Predictors: (Constant), Digital Payment, Digital risk management, Digital Payment

Digital Deposits, Digital portfolio management

Coefficients?
Unstandardized  Standardized
Coefficients Coefficients
Std.
Model B Error  Beta
1 (Constant) .053 426
Digital Payment 279 .076 383
Digital Deposits 220 .085 271
Digital portfolio 287 .089 333
management
Digital risk 230 .066 .366
management

a. Dependent Variable: Financial Performance

0.125
3.659
2.581
3.225

3.504

Sig.

901
.001
.014
.003

.001

Source: Researcher (2024)

This model summary provides insights into the combined effect of financial technology

variables; digital payments, digital deposits, digital portfolio management, and digital risk

management; on financial performance of Unit funds. The R-squared value of 0.653

indicates that approximately 0.653 of the variation in financial performance can be

explained by these digital financial tools. The F-statistic (21.213, p = 0.000) confirms the

model's overall significance, suggesting that fintech adoption significantly impacts Unit

fund performance.

Y=0.053+0.279X1+0.220X2+0.287X3+0.230X4
Where Y is financial performance
X1 is digital payments
X2 is Digital Portfolio Management
X3 is Digital deposits

X41s Digital-risk management
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Digital Payments with (B = 0.279, p = 0.001), a one-unit increase in digital payments
adoption leads to a 0.279 increase in financial performance. This suggests that automating
and expanding digital payment solutions contributes positively, albeit with a smaller
impact compared to other variables. Digital Deposits with (f = 0.220, p = 0.014), a one-
unit increase in digital deposits usage leads to a 0.220 increase in financial performance.
This indicates that digital deposits have the strongest impact, likely due to improved cash

flow management, increased liquidity, and ease of transactions.

Digital Portfolio Management with (f = 0.287, p = 0.003), a one-unit increase in digital
portfolio management adoption results in a 0.287 increase in financial performance. This
means that Unit funds utilizing Al, machine learning, and automated portfolio optimization
tools can experience moderate improvements in returns and efficiency. Digital Risk
Management with (f = 0.230, p = 0.001), a one-unit increase in digital risk management
adoption leads to a 0.230 increase in financial performance, making it the most significant
predictor. This suggests that funds with strong risk mitigation frameworks, cybersecurity

tools, and predictive analytics experience greater financial stability and resilience.

4.5.3 Panel Regression results for Fixed Effect of Fintech

Regression analysis was used to examine the hypothesis about the link between
independent and dependent variables. The primary objective of regression analysis was to
demonstrate the effect and magnitude of each independent variable on the dependent
variable. Regression analysis has used to estimate the influence of financial technology

factors on the financial performance.
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4.5.3.1 Model Summary

The model summary illustrates the proportion of the dependent variable (financial
performance of Unit funds in Kenya) that can be elucidated by variations in the
independent variables (Financial technology conceptualized as Digital payments, Digital
deposits, Digital Portfolio Management and Digital-risk management). The four
independent variables were included into the regression as a single block. The table below

presents the model summary of the selected fixed effects model.

Table 50: Multiple Linear Regression of fund performance on Fintech- Secondary
data

Fixed-effects (within) regression Number of obs = 520
Group variable: Fund Number of groups = 52
R-sq: Obs per group:
within = 0.5238 Min = 10
between = 0.6591 Avg = 10
overall = 0.5669 Max = 10
F(4,464) = 127.6
corr(u_i, Xb) =-0.5484 Prob >F = 0.000

Source: Researcher (2024)
The model comprises 520 observations across 52 Unit funds, with an average of 10
observations per fund. The within R-squared value is 0.5238, indicating that approximately
0.5238 of the variation in financial performance within individual Unit funds over time is
explained by the four independent variables. The between R-squared is 0.6591, reflecting
that 0.6591 of the variance across different Unit funds is accounted for by differences in
the independent variables. The overall R-squared is 0.5669, suggesting that the model
explains 0.5669 of the total variability in financial performance. The F-statistic (4,464) of
127.6 and a p-value of 0.000 confirm that the model is statistically significant, indicating

that the joint contribution of the four predictors is not due to random chance.
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4.5.3.2 Regression Coefficients

Regression coefficients are estimates of the unknown population parameters describing the
relationship between a predictor variable and the response (Gujarati & Porter, 2009). In
linear regression, coefficients are the values that multiply the predictor values. P-values
and coefficients in regression analysis work together to tell which effect in the model are
statistically significant and the nature of those effects. The coefficients describe the
mathematical relationship between each independent variable (financial technology) and
the dependent variable (Financial performance). The p-values for the coefficients indicate

if they’re statistically significant. The results are presented in the table below.

Table 51: summary of Multiple Regression Coefficients

Performance Coef. Std. Err. t P>t [95% Conf. Interval]
0.04084
Digital Payment 7 0.00719 5.68 0.000 0.026718  0.054975
0.01844
Digital Deposit 6 0.009143 2.02  0.044 0.000479  0.036413
Digital Portfolio
Management 0.16416  0.017805 9.22  0.000 0.12914 0.19917
Digital Risk 0.05122
Management 9 0.006581 7.78  0.000 0.038296  0.064161
cons -4.01971  0.188975 -21.27 0.000 -4.39106  -3.64835

Source: Researcher, (2024)

The study regression model obtained from the table above is as shown below.

Y = —-4.01971 + 0.040847X4 + 0.018446X, + 0.16416X3 + 0.051229X,
Where Y is financial performance

X1 is digital payments

X2 1s Digital deposits

X3 is Digital Portfolio Management
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X41s Digital-risk management
Digital payments have a strong and statistically significant effect on financial performance,
with a coefficient of 0.04085 and a p-value of 0.000. This implies that, holding all other
variables constant, a one-unit increase in digital payment usage leads to a 0.04085 Unit
change in financial performance of Unit funds. The highly significant p-value suggests this

relationship is unlikely to be due to chance.

Digital deposits also exhibit a positive and statistically significant effect on financial
performance, with a coefficient of 0.01845 and a p-value of 0.044. This means that a one-
unit increase in the adoption of digital deposit systems improves financial performance by
0.185, all factors held constant. The significance of the p-value confirms the reliability of
this relationship. Digital portfolio management emerges as the most influential factor, with
a coefficient of 0.1642 and a p-value of 0.000. This indicates that a one-unit increase in
digital portfolio management practices leads to a 0.164 rise in financial performance,
assuming other variables remain constant. This strong effect suggests that the use of digital
tools for investment decisions, risk diversification, and real-time asset tracking plays a

crucial role in enhancing fund performance.

The statistical significance reinforces confidence in this finding. Digital risk management
also has a statistically significant positive effect on financial performance, with a
coefficient of 0.05123 and a p-value of 0.000. This means that a one-unit increase in digital
risk management leads to a 0.512 improvement in financial performance, keeping all other

factors constant. This result highlights the value of adopting advanced digital tools to
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identify, monitor, and mitigate financial and operational risks, which in turn strengthens

the stability and profitability of Unit funds.

In conclusion, the multiple linear regression for both primary and secondary data findings

confirm that fintech has a positive significant effect on fund performance. There is a

convergence in the direction of all effects (with positive in both models) strengthening the

credibility of the findings. While the perceived impact is stronger, the actual validates its

positive role in strategic decision-making. The table below shows the convergence matrix.

Predictor Data Unstandar ~ Std error  p- Effect/ Convergenc
source dized p (SE) valu  Directi e
Coefficien e on
t
Digital Primary 0.279 0.076 0.00  Positive  Aligned,
payments 1 weak in sec
data
Sec. 0.040847 0.00719  0.00  Positive
0
Digital Primary 0.220 0.085 0.01 Positive  Aligned
deposits 4 weak in sec
data
Sec. 0.018446 0.00914  0.04  Positive
3 4
Digital Primary 0.287 0.089 0.00  Positive  Aligned,
portfolio 3 strong effect
management in both data
Sec. 0.16416 0.01780  0.00  Positive
5 0
Digital Primary 0.230 0.066 0.00  Positive  Aligned
management 1 strong effect
in pry data
Sec. 0.051229 0.00668  0.00  Positive
1 0

Table 52: Convergence Matrix for Multiple linear Regression effect

Source: Research study (2024)
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The above table shows convergence matrix indicating how the coefficients are aligned for
the two data sources, the alignment denotes that the perceptions from primary data amplify
the actual performances emphasizing the role of fintech while the actual performances

confirm the effect of fintech in enhancing performance.

4.5.3 Hierarchical Regression on Moderating effect of fund size

To further asses the incremental contribution of fintech dimensions to Unit fund
performance, Hierarchical regression was done. It is a stepwise modelling technique where
predictor variables are introduced in stages. According to Field, (2018) Hierarchical
regression analysis is useful in testing theoretical models and nested relationships to reveal
unique variance explained by each block of variables introduced. The change in R? is used
to evaluate the added value of fintech in predicting fund performance. The study noted

that there are three steps involved in testing the moderating effect as discussed below.

4.5.4 Moderating Effect of fund size using Primary Data

Step One involved testing the effect of independent variables on the dependent variable.

Step Two entailed testing the effect of independent variables and moderating variable-

fund size- on dependent variable-fund performance.

Finally step Three: Testing the effect of, independent variable, moderating variable and
the interactive term (product of independent and moderating variable) on dependent

variable. Moderating effect happens if the effect of interaction is significant in the 3rd step.
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The three steps involved in hierarchical regression analysis for moderating effect are;
Step One: Y= Po + B1Xi1i+ P2Xoi + B3 Xsi+ PaXai +€
Step Two: Y= Bo + 1 X1+ PoXai + B3Xsit PaXait BsM +e

Step Three: Y= Bo + B1X1i + BaXai + B3 Xsit+ PaXait PsM+ BeX1i M+ BrXoi M + BsX3iM +
BoX4i M +e

Where, Bo represented Constant Term (predicted value of Y when X=0)

Bi=1 to 9 is the regression coefficients that measured the change in variables.
X1= Digital Payments

Xo= Digital deposits

X3= Digital portfolio management

X4= Digital risk management

M=Fund size;

Xi..n*M=Interaction term between financial technology; and Fund size;
Y=Financial performance and;

e=FError/disturbance.

The relevant results are summarized in the Table below.

Table 53Table: Model Summary for Moderating Variable - Fund size -primary data.

Std. Change Statistics
Adjusted Error of R
R R the Square F Sig. F
Model R Square Square Estimate Change Change dfl df2 Change
1 .828% .685 .653 4571 685 21.213 4 39 .000
2 .833° .694 .653 4569 .009 1.046 1 38 313
3 .895°¢ .801 748 3895 107 4573 4 34 .005
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key:

a. Predictors: (Constant), Digital payments (DP), Digital deposits (DD), Digital
portfolio management (DPM), Digital risk management (DRM),

b. Predictors: (Constant), Digital payments, Digital deposits, Digital portfolio
management, Digital risk management, Fund size (FS)

c. Predictors: (Constant), Digital payments, Digital deposits, Digital portfolio

management, Digital risk management, Fund size, DP*FS, DD*FS, DPM*FS,

DRM*FS
In the first step, the regression model that included digital payments, digital deposits,
digital portfolio management, and digital risk management as predictors showed a
correlation coefficient (R) of 0.828, with an R-squared value of 0.685. This indicated that
0.685 of the variation in financial performance is explained by the four Fintech variables.
The model is statistically significant with an F-statistic of 21.213 and a p-value of 0.000,
demonstrating that financial technology had a significant influence on financial

performance.

In the second step, fund size was introduced as an additional predictor in the model. This
increased the correlation coefficient (R) to 0.833, while the R-squared value improved to
0.694, indicating that 0.694 of the variation in financial performance was now explained
by financial technology and fund size. The change in R-squared (0.009) was not
statistically significant, with an F-statistic of 1.046 and a p-value of 0.313, suggesting that

fund size does not have a significant effect on financial performance.

In the third step, the interaction terms between financial technology variables and fund
size were included in the model. This resulted in a further increase in the correlation
coefficient (R) to 0.895, with an R-squared value of 0.801, meaning that 80.1% of the

variance in financial performance was now explained by the combined effect of financial
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technology, fund size, and the interaction terms. The change in R-squared (0.107) was
statistically significant, with an F-statistic of 4.573 and a p-value of 0.005, confirming the

presence of a moderating effect.

These findings indicate that fund size significantly moderates the relationship between
financial technology and financial performance. The significant increase in R-squared
across the three models suggests that firms with larger fund sizes can leverage on
technology more effectively to enhance their financial performance. This may be due to

the advantages that come along with economies of scale.

However, this contradicts with Chibole, Lyani and Musiega (2022), in their study on
moderating effect of bank size on financial performance of commercial banks, they
concluded that firm size has no influence on performance of banks. That small banks can
still have an opportunity to perform equally with large banks. Possibly the divergence
may be due to the contextual difference between the studies, thus banks as opposed to

Unit funds or due to differences in variable measurements and definitions.

Table 54: Regression Coefficients for Moderating effect of Fund size-Primary Data

Unstandardized Standardized
Coefficients Coefficients

Model Std. Error Beta t Sig.

1 (Constant) .053 426 125 901
Digital payments 279 .076 .383 3.659 .001
Digital deposits 220 .085 271 2.581 014
Digital portfolio 287 .089 333 3.225 .003
management
Digital risk 230 .066 .366 3.504 .001
management
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Unstandardized Standardized

Coefficients Coefficients

Model Std. Error Beta t Sig.

2 (Constant) 119 430 276 784
Digital payments 216 .098 297 2.212 .033
Digital deposits .168 .099 208 1.698 .098
Digital portfolio 228 .106 265 2.158 .037
management
Digital risk 190 .076 302 2.483 018
management
Fund size 202 198 196 1.023 313

3 (Constant) -5.013 1.334 -3.758 .001
Digital payments 672 414 925 1.626 113
Digital deposits -1.459 .646 -1.801  -2.258 .030
Digital portfolio 3.203 742 3.713 4314 .000
management
Digital risk -.515 .540 -.822 -.955 347
management
Fund size 1.918 470 1.854 4.081 .000
DP*FS -.175 117 -1.195  -1.490 145
DD*FS 458 191 3.048 2.397 .022
DPM*FS .837 209 5.596 4.010 .000
DRM*FS 177 156 1.326 1.139 262

a. Dependent Variable: Financial performance

Source: Researcher, (2024)

In the first model, without the moderating variable, the independent variables (digital
payments, digital deposits, digital portfolio management, and digital risk management)
significantly influenced financial performance. The regression coefficients indicated that
digital deposits (B = 0.220, p = 0.014) and digital risk management (p = 0.230, p = 0.001)
while digital payments (f = 0.279, p = 0.001) and digital portfolio management ( = 0.287,

p = 0.003) also contributed significantly to financial performance. In the second model,
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fund size was introduced as a predictor alongside the financial technology variables. The
results showed that fund size does not have a significant positive effect on financial

performance (f =0.202, p =0.313).

In the third model, interaction terms between financial technology variables and fund size
were introduced. In this case, the results showed that fund size had a significant positive
effect on financial performance (p = 1.918, p = 0.000). The results showed that the
interaction between digital deposits and fund size (DD*FS) was positive and significant (3
= 0.458, p < 0.05), suggesting that fund size strengthened the positive effect of digital

deposits on financial performance.

Similarly, the interaction term for digital portfolio management and fund size (DPM*FS)
was positive and significant (f = 0.837, p = 0.000), implying that fund size increases the
effectiveness of digital portfolio management in enhancing financial performance. The
interactions for digital payments (DP*FS) and digital risk management (DRM*FS) were
not significant (p = 0.1465 and p = 0.262, respectively), indicating that fund size did not
significantly moderate their effects. These findings were also represented in the model 3

equation as shown in below.

Y=o+ B1Xii+ PaXoi + B3Xzit+ BaXuit PsM+ BeXi1i M+ B7X2i M + BsX3iM + BoXai M +e

Y=-5.013+0.672X:-1.459X>+3.203X3-0.515X4+1.918M-0.175X1M+0.458 XM+

0.837X3M+0.177X4M

Where Y is the financial performance of Unit funds in Kenya (Dependent Variable)

X1 is the digital payments (Independent Variable)
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X3 is the digital deposits (Independent Variable)

X3 is the digital portfolio management (Independent Variable)
X4 1s the digital risk management (Independent Variable)

M is the fund size (Moderating Variable)

Moderating Effect of fund size using Secondary Data
The fifth objective of the study was to assess the moderating effect of fund size on the
relationship between financial technology and the financial performance of Unit funds in
Kenya. A hierarchical regression analysis was conducted, progressively introducing
independent variables, the moderator (fund size), and interaction terms. The null
hypothesis (Hos) stated that fund size does not have a statistically significant moderating
effect on this relationship. The analysis was conducted in three stages, with modifications

in R?, F-statistic, and significance levels observed at each step.

In the first stage, the independent variables digital payments, digital deposits, digital
portfolio management, and digital risk management were introduced into the model,

producing Model 1.

Y = Bo+P1XuirtP2XoitP3Xzict PaXaic + €

Where;

V¥ = Financial Performance

Bo = Constant

B1 to Ps= Regression Coefficients

Xj to X4= Independent variables
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€ = the error of term.
In the second stage, the moderating variable, fund size, was introduced into the model,

resulting in Model 2.

Yie = BotP1XiictP2XoirtP3Xzict PaXaic + PsM + €
Where;

V¥ = Financial Performance

Bo = Constant

B1 to Po= Regression Coefficients

X1 to X4= Independent variables

M - Fund size (the moderating variable)

¢ = the error of term.

In the third stage, the interaction terms between the independent variables and fund size

were incorporated to test for moderation. This resulted in Model 3.

Yit = Bo+P1XaitctB2XzitcHP3Xaitt PaXait + PsM+PeXiic M +B7X2it M + BsXzie M+PoXait M +
€

Where;

V¥ = Financial Performance

Bo = Constant

B1 to Po= Regression Coefficients

X1 to X4= Independent variables

M = Fund size (the moderating variable)

Xi*M = the interaction term between the i independent variable and the moderating
variable

¢ = the error of term.
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4.5.4.1 Model One: Financial Technology vs Fund Performance
The relationship between financial technology and financial performance was examined.

The results of model one are presented in the table below.

Table 55: Model one: FinTech vs Fund Performance using Secondary data.

Fixed-effects (within) regression =~ Number of obs = 520
Group variable: Fund Number of groups = 52
R-sq: Obs per group:
within = 0.5238 Min = 10
between = 0.6591 Avg = 10
overall = 0.5669 Max = 10
F(4,464) = 127.6
corr(u i, Xb) =-0.5484 Prob > F = 0.000
Performance Coef. Std. Err. t P>t [95% Conf. Interval]

Digital Payment 0.040847 0.00719  5.68 0.000 0.026718  0.054975
Digital Deposit 0.018446  0.009143  2.02 0.044 0.000479  0.036413

Digital Portfolio

Management 0.16416  0.017805  9.22  0.000 0.12914 0.19917

Digital Risk

Management 0.051229  0.006581  7.78  0.000 0.038296  0.064161
cons -4.01971  0.188975 -21.27  0.000 -4.39106  -3.64835

Source: Researcher (2024)

Y=-4.01971+0.040847X1+0.018446X2+0.16416X3+0.051229X4.................. Model 1

Where Y is performance
X1 is digital payments
X2 is Digital Portfolio Management
X3 is Digital deposits
X41s Digital-risk management
In Model One, the model includes four independent variables: digital payments, digital

deposits, digital portfolio management, and digital risk management. The results indicate
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significant positive relationships for all four variables with financial performance.
Specifically, digital payments show a strong positive coefficient of 0.04085, (p < 0.05),
suggesting that an increase in digital payment adoption positively influences the financial
performance of Unit funds. Similarly, digital portfolio management (coefficient = 0.1642,
p < 0.05) and digital risk management (coefficient = 0.05123, p < 0.05) also significantly

enhance financial performance.

However, digital deposits have a smaller, yet significant, positive relationship (coefficient
= 0.01845, p < 0.05). The overall R-squared value of 0.5669 suggests that the model
explains a modest portion of the variance in financial performance. The within-group R-
squared value of 0.6591 indicates that the model captures within-group variation, which is
crucial for Unit funds with differing characteristics. The significant F-statistic (127.6, p <

0.05) implies that the model is statistically significant overall.

4.5.4.2 Model Two: Financial technology, Fund size using Secondary data
In Model Two, the random-effects regression analysis examines the relationship between

Fintech, Fund size and financial performance using. The results are shown in Table below.

Table 56: Financial technology, Fund size and Fund Performance (Model 2)

Fixed-effects (within) regression Number of obs = 520
Group variable: Unit Fund Number of groups = 52
R-sq: Obs per group:
within = 0.5960 Min = 10
between = 0.6275 Avg = 10
overall = 0.5946 Max = 10
F(5,463) = 136.58
corr(u i, Xb) =-0.5147 Prob > F = 0.000
Performance Coef. Std. Err. t P>t [95% Conf. Interval]
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Digital Payment 0.037565 0.00664 5.66 0.000 0.024517  0.050612
Digital Deposit 0.014043  0.008445 1.66 0.097 -0.00255  0.030638

Digital Portfolio 0.000
Management -0.13849 0.01666 -8.31 -0.17122  -0.10575
Digital Risk 0.000
Management 0.048634  0.006075  8.01 0.036696  0.060573
Fund Size 4.809058  0.528941  9.09 0.000  3.769636 5.84848
_cons -4.0852 0.17441 -23.42 0.000 -4.42793  -3.74246

Source: Researcher, (2024)

Y=-4.0852+0.037565X1+0.014043X2-0.13849X3+0.048634X4+4.809058M.... Model 2

Where Y is financial performance

X1 is digital payments

X2 is Digital Portfolio Management

X3 is Digital deposits

X4 1is Digital-risk management

M is the Fund Size

Model Two builds on the previous model by adding fund size as an independent variable.
The introduction of fund size significantly improves the model, as seen in the change in R-
squared values for both within-group (0.5960, p < 0.05) and between-group (0.6275, p <
0.05) variations. Including fund size results in a coefficient of (4.809058, (p < 0.05),
suggesting that larger Unit funds exhibit better financial performance, which makes

intuitive sense due to more resources and greater economies of scale.
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Digital payments and digital deposit retain their positive and statistically significant
coefficients (0.037565 and 00.014043, respectively), but digital portfolio management now
shows a negative relationship (coefficient = -0.13849, p < 0.05), and digital risk
management also a positive coefficient (coefficient =0.048634, p < 0.05). These changes
may suggest that for larger Unit funds, some aspects of digital portfolio management might

have diminishing returns or become less relevant.

The overall R-squared increases to 0.5946, indicating that fund size significantly
contributes to explaining financial performance. The change in within-group R-squared
(0.5960, p < 0.05) and overall R-squared (0.5946, p < 0.05) both confirm the model's

improvement with the addition of fund size.

4.5.4.3 Model Three: Financial technology, Fund size and Interaction Terms vs Fund
Performance.

Model Three extends the analysis further by incorporating interaction terms between fund
size and the financial technology variables to assess whether fund size moderates the

relationship between financial technology and financial performance.

Table 57: Model Three: Fintech, Fund size and Interaction Terms on Fund

performance

Fixed-effects (within) regression Number of obs 520

Group variable: Unit Fund Number of groups 52

R-sq: Obs per group:

within = 0.6343 Min = 10

between = 0.6121 Avg = 10

overall = 0.6094 Max = 10
F(9,459) = 88.48

corr(u_i, Xb) =-0.5287 Prob > F = 0.000

Performance Coef. Std. Err. t P>t [95% Conf. Interval]

Digital payments 0.02799 0.006905  4.05 0.000 0.014422  0.041559
Digital deposits 0.010711 0.008809  1.22 0.225 -0.0066  0.028022
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Digital Portfolio
Management
Digital-risk
management
Fund Size
Fund size*Digital
Payments
Fund size*Digital
Deposits
Fund size*Digital
Portfolio
Management
Fund size*Digital
Risk
Management
cons

-0.21317

0.053224
2.713008
-0.04154

0.249375

1.240353

-0.54601

-4.00475

0.020493

0.006212
2.84804
0.105744

0.139574

0.202113

0.204847

0.176079

-10.4

8.57
0.95
-0.39

1.79

6.14

-2.67

-22.74

0.000

0.000
0.341
0.695

0.075

0.000

0.008

0.000

-0.25344

0.041017
-2.88381
-0.24934

-0.02491

0.843173

-0.94857

-4.35077

-0.1729

0.065431
8.309823
0.166266

0.523658

1.637534

-0.14346

-3.65873

Source: Researcher, (2024)

Y=-4.00475+0.02799X1+0.01071X2-0.21317X3+0.053224X4+2.713008M-0.04154X1M

+0.249375X2 M+1.240353X3M -0.54601X4M... Model 3

Where Y is financial performance

X1 is digital payments
X2 is Digital deposits
X3 1s Digital portfolio management

X4 1is digital risk management

M is the Fund Size

The results indicate that the inclusion of interaction terms further improves the model’s

explanatory power.

Model Three extends the analysis by incorporating interaction terms between financial

technology and fund size. These interaction terms test whether the effect of financial

technology on financial performance is moderated by the size of the Unit fund. The

addition of interaction terms improves the explanatory power of the model further, with R-

squared values rising to 0.6343 for within-group variation, 0.6121 for between-group
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variation, and 0.6094 for the overall model. The interaction terms yield interesting results:
fund size with digital payments have a non-significant coefficient (-0.0415, p > 0.05),
indicating that the relationship between digital payments and financial performance is not

significantly moderated by fund size.

However, fund size with digital deposits (coefficient = 0.2494, p > 0.05), suggest
insignificant while fund size with digital portfolio management (coefficient = 1.2404, p <
0.05) all show significant positive coefficients, thus, for larger Unit funds, the impact of
Fintech on performance is amplified. However, fund size with digital risk management
(coefficient = -0.546, p < 0.05) which negative indicating that for larger Unit funds, the

impact of these financial technologies on performance is diminished.

The overall R? value of 0.6094 confirms that the model with interaction terms offers the
best explanatory power of the three models. Specifically, the interaction term between fund
size and digital payments yields a coefficient of —0.04154 with a p-value >0.05, indicating
that this interaction term is not statistically significant. Therefore, fund size does not
significantly moderate the relationship between digital payments and financial

performance, meaning no meaningful moderation effect is observed for this variable.

For Digital deposits, the interaction term has a coefficient of 0.2494 with a p-value of 0.00,
which is statistically significant at the 5% level. This means fund size increases, the effect
of digital deposits on financial performance becomes stronger, with a change of 0.w494
units in performance for each unit increase in fund size. This significant moderation effect
highlights that larger funds experience a more pronounced positive impact from digital
deposits, suggesting that fund size amplifies the benefits of fintech on fund performance.
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For Digital Portfolio Management, the interaction term coefficient is 1.240353 with a p-
value of < 0.05, which is highly statistically significant. This suggests that for each unit
increase in fund size, the effect of digital portfolio management on financial performance
increases by 1.240353. This strong and statistically significant moderation effect indicates
that larger funds derive substantial benefits from digital portfolio management, confirming

that fund size greatly enhances a positive effect of Fintech on financial performance.

Finally, for digital risk management, the interaction term has a coefficient of -0.54601 with
a p-value of < 0.05, indicating a strong and statistically significant moderation effect. This
coefficient means that for each unit increase in fund size, the effect of digital risk
management on financial performance decreases by 0.54601 units. Unlike digital portfolio
management, fund size does not significantly boosts the influence of digital risk
management on performance, highlighting the importance of larger fund sizes in

maximizing the advantages of this technology.

4.5.5 Summary for Moderation Effect of Fund Size on fund performance with

secondary data

The summary of the findings on moderating effect of fund size is presented below.

Table 58: Summary for Moderation Effect of Fund Size (3-models) on fund
performance.

Variable Model 1 Model 2 Model 3
Coefficients Coefficients Coefficients
Digital Payments (X1) 0.040847** 0.037565%* 0.02799**
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Variable Mode} 1 Mode} 2 Mode} 3
Coefficients Coefficients Coefficients
Digital Deposits (X2) 0.018446* 0.014043 0.010711
Digital Portfolio Management
(X3) 0.16416** -0.13849** -0.21317**
Digital Risk Management (X4) 0.051229** 0.048634** 0.053224**
Fund Size (M) - 4.809058** 2.713008
Fund Size * Digital Payments - - -0.04154
Fund Size * Digital Deposits - - 0.249375**
Fund Size * Digital Portfolio
Mgmt ) C 1.240353%*
Fund Size * Digital Risk Mgmt - - -0.54601**
R-Squared (Within) 0.5238 0.5960 0.6343
R-Squared (Between) 0.6591 0.6275 0.6121
Overall R-Squared 0.5669 0.5946 0.6094
F-Statistic 127.6 136.58 88.48
Change in R? (Within) - +0.0722%* +0.0383
Change in R? (Between) - -0.0316 -0.0154
Change in R? (Overall) - +0.0277 +0.0148

Note: * p <0.05, ** p <0.01

Source: Researcher, (2024)

The table above shows the summary of the results of a hierarchical regression analysis for

the moderating role of fund size on the relationship between fintech and fund performance.

It shows the moderating effects with all the three models suggesting that fund size enhances

the performance of the model. Where model one captured the direct effects of financial

technology variables and all are positive and statistically significant indicating that these

technologies contribute directly to improved performance. Digital payment; $=0.0408 and

p<0.01, digital deposits p=0.1846, p<0.05, digital portfolio management B = 0.1642,
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p<0.01 and digital risk f=0.05123, p< 0.01. This means that enhanced adoption of fintech

directly contributes to improved fund performance.

Model two introduces fund size as a moderator where it shows a positive coefficient. The
interaction effects of fund size are then tested in model three which includes the interaction
terms between fund size and each fintech variable. The results show that fund size
significantly moderates the relationship between the independent variables and
performance. It strengthens the positive effects of digital deposits where f= 0.2494, p<
0.05, and digital portfolio management (f=1.2404, p< 0.05). However, it weakens the
relationship between digital risk management and performance = -0.5460, p< 0.05
indicating diminishing returns in larger funds where diseconomies of scale set in. For the
digital payments, the interaction was not significant f= -0.04154. The improvement in
model fit with R? (within) increases from 0.5238 to 0.6343, supporting the view that fund

size plays a moderating role in how fintech influences performance.

Therefore, fund size acts as a positive moderator due to its enhancing effect to the
relationship between fintech and fund performance. This reinforces the theoretical view
that resource endowment enables funds to exploit advanced technology for superior
performance outcomes. These findings are consistent with the Technology Acceptance
Model (TAM), which posits that larger institutions, with greater perceived ease of use and
usefulness of technology, are more likely to realize performance gains from FinTech
adoption. The results also align with Financial Intermediation Theory, suggesting that
large funds can better internalize the benefits of digital platforms in mobilizing savings
and improving operational efficiency. Moreover, the results complement the Profit
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Maximization Theory, where efficiency gains from technology adoption enhance returns,

particularly in large-scale operations.

4.6 Hypothesis testing

To determine the statistical significance of the relationship proposed in the conceptual
framework, hypothesis testing was done as proposed by Wooldridge (2021). This provided
a structured method for evaluating whether the observed effects in the sample data are
strong enough to infer real effects and relationships in the entire population. Each
hypothesis was tested to assess the direction strength and significance of the effect of
fintech dimensions and fund size on Unit fund performance. The study was guided by null
hypothesis which assumed there is no significant effect of fintech on fund performance. A
5% significance level was applied (0=0.05) as recommended in behavioral and social

sciences research (Field, 2018).

The hypothesis was either rejected or supported basing on the significance, p-values and
signs of regression coefficients. Hypothesis with p-value of less than 0.05 was rejected
indicating that the results is unlikely due to chance. The conclusion is summarized in the
table below showing the hypothesis statement and the corresponding hypothesis testing
result. The results indicate that all the null hypothesis were rejected since all had a p-value
of <0.05 and therefore conclusion was made that financial technology affects fund
performance and fund size has a moderating effect on the relationship between fintech and

fund performance

Table 59: Testing of Hypotheses
Hypothesis Statement Hypothesis Testing
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1 Hoi: Digital payments have no statistically Reject Hoi since P value <0.05
significant effect on performance of Unit

funds in Kenya.

i Ho2: Digital deposits have no statistically  Reject Hoz since P value <0.05
significant effect on performance of

Unit funds in Kenya

il Hos: Digital portfolio management has no  Reject Hos since P value <0.05
statistically significant effect on

Performance of Unit funds in Kenya

v Hos: Digital risk management has no Reject Hos since P value <0.05
statistically  significant effect on the

performance of Unit funds in Kenya.

v Hos: Fund size has no statistically significant  Reject Hos since P value <0.05
moderating effect on the relationship between
Financial = Technology and Financial X*M has a p value <0.05

Performance of Unit funds in Kenya.

Source: Research Study, (2024)

In conclusion, the hypothesis testing outcomes substantiated the study’s conceptual
framework, revealing that financial technology components and fund size have
statistically significant and directionally consistent effects on Unit fund performance. The
rejection of the null hypotheses in favor of the alternative across all the predictor variables

demonstrates the robustness of the statistical model and supports the reliability of fintech
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as a significant determinant of Unit fund performance and fund size as a critical factor in

moderating the effect of fintech on fund performance.

These results affirm the relevance of the proposed model and strengthen its contribution
to the growing body of knowledge on fintech adoption in emerging financial markets.
Further the outcomes underscore the strategic importance of financial technology and
fund size in enhancing Unit fund outcomes. Overall, these results offer actionable
evidence to fund managers, regulators, and policymakers seeking to optimize fund

performance through targeted fintech investments and structural fund growth.
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CHAPTER FIVE
SUMMARY, CONCLUSIONS AND RECOMMENDATIONS

5.1 Introduction

This chapter presents the summary of the major findings of the study, the conclusions, and
recommendations. The conclusion and recommendations are geared towards addressing

the study objectives and finally, it suggests further research areas.

5.2 Summary and Major Findings

This study sought to examine the effect of financial technology and fund size on the
financial performance of Unit Trust Funds in Kenya. The specific objectives focused on
assessing the effects of digital payments, digital deposits, digital portfolio management,
and digital risk management on Unit Trust Funds performance, and the moderating role
of fund size. The study was guided by five theories; Technology Acceptance Model
(TAM), Mutual Funds Theory, Intermediation Theory, Capital Asset Pricing Model
(CAPM), and Profit Maximization Theory. Below is a discussion of the major findings,
their theoretical implications, and how they connect to the expected value of the study as

highlighted in Chapter One.

5.2.1 Effect of Digital payments on the financial performance of Unit funds in Kenya

The study found that digital payments have a positive and significant effect on the financial
performance of Unit Trust Funds in Kenya. The adoption of mobile apps, e-wallets and
online payment systems improves transaction efficiency, liquidity management, and

investor convenience. Overall, both models confirmed a significant positive influence of
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digital payments on Unit fund performance, while secondary data offered a more grounded
and conservative estimation, while primary data captured stakeholders' more optimistic
expectations about fintech-driven improvement. In summary, the findings revealed that
digital payments have a significant positive effect on the financial performance of Unit
funds in Kenya. The adoption of secure, fast, and cost-effective digital payments enhances

transactional efficiency and investor convenience

This supports the Technology Acceptance Model (TAM), which emphasizes that
perceived usefulness and ease of use drive technology adoption. It also aligns with the
Intermediation Theory, which underscores efficiency and cost reduction in financial
transactions as drivers of institutional performance. This aligns with the expected
practical and policy significance of the study by demonstrating how FinTech integration
can improve fund liquidity and investor satisfaction which is a very significant insights to
fund managers, CMA, and policymakers promoting digital finance adoption.
Theoretically, it adds to the FinTech literature by validating TAM in the context of

Kenyan Unit Trust Funds, a gap initially identified in Chapter One.

5.2.2 Effect of Digital deposits on the financial performance of Unit funds in Kenya

The results revealed that digital deposits significantly enhance the financial performance
of Unit Trust Funds. Digital deposit platforms have increased accessibility, investor
participation, and the volume of inflows into funds, thus strengthening fund stability. Both
models confirm the positive influence of digital deposits on Unit fund performance, but

the magnitude of the perceived impact is notably higher in primary data. Therefore, digital
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deposits were found to significantly influence performance indicating that the ease and
accessibility of digital deposit channels encourage higher fund inflows and investor

participation even remotely

The findings support both TAM on the usefulness and ease of adoption of technology and
Intermediation Theory on reducing transactions costs, information asymmetry and
enhancing efficiency. This outcome directly responds to the conceptual significance and
confirms that digital deposits improve fund mobilization efficiency. It also contributes to
policy value by informing the Capital Markets Authority and fund managers about the
importance of digitizing contribution and redemption processes to deepen financial

inclusion, this is a key motivation of the study.

5.2.3 Effect of Digital Portfolio Management on the financial performance of Unit

funds in Kenya

The study concluded that digital portfolio management positively influences the financial
performance of Unit Trust Funds. The use of digital platforms for asset allocation,
rebalancing, investor engagement, investments and performance tracking has enabled
more informed, timely, and diversified investment decisions. These results highlight the
continued importance of digital portfolio management in driving Unit fund performance,
with primary data suggesting a stronger perceived influence than what actual financial
data indicate. The use of digital tools and platforms in managing fund portfolios improves

decision-making, responsiveness to market trends, and overall investment outcomes.
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This is consistent with the Mutual Fund Theory, which emphasizes the benefits of
professional management and diversification, and it extends the Technology Acceptance
Model by showing that digital management tools are perceived as both useful and
performance-enhancing. This finding supports theory by demonstrating how FinTech
tools improve fund management efficiency and investor outcomes, areas previously
under-researched in the Kenyan Unit Trust Funds context. Practically, it provides a
managerial contribution by highlighting that fund managers who adopt digital portfolio

systems gain competitive advantages through superior decision-making and transparency.

5.2.4 Effect of Digital risk management on Financial Performance of Unit funds in

Kenya

The study found that digital risk management significantly improves Unit Trust Funds
performance. FinTech-based analytics and Al-driven systems allow managers to identify,
quantify, and mitigate portfolio risks effectively, thus stabilizing returns and enhance risk
appetite. The results highlights a discrepancy between the perceived impact of digital risk
management, as indicated by fund managers, and the actual measurable effect, as shown
in secondary data. Nonetheless, both analyses affirmed the positive role of digital risk
management tools in enhancing Unit fund performance, with the secondary data providing
more conservative yet consistent estimates. The statistically significant effect of digital
risk management on financial performance underscores the importance of automated risk
identification, assessment, and mitigation strategies in safeguarding fund assets and

enhancing investor confidence
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This supports the Capital Asset Pricing Model (CAPM), which links return expectations to
risk management, and the Profit Maximization Theory, which argues that minimizing risk
exposure enhances profitability. This fulfills both the conceptual and practical significance
identified in Chapter One by showing that digital risk management tools enhance resilience
and investor protection in volatile markets. The finding further adds to the theoretical
contribution by integrating CAPM and TAM, bridging a gap in literature concerning the

application of digital risk tools in emerging markets like Kenya.

5.2.5 Effect of Moderating Effect of Fund size on the financial performance of Unit

funds in Kenya

The study also established that fund size has a positive and significant effect on financial
performance. Larger funds benefit from economies of scale, better diversification, and
stronger technological infrastructure, which collectively enhance operational efficiency
and profitability. The findings suggest that while fund size enhances the fintech-
performance relationship in both datasets, the extent and direction of this moderation vary
depending on the fintech dimension and whether the data is perception-based or empirical.
Large funds will derive greater benefits from fintech adoption, possibly due to economies

of scale, better infrastructure, and greater capacity to invest in innovative technologies.

This aligns with the Profit Maximization Theory, which emphasizes cost efficiency and
profit growth, and the Unit Trust Funds Theory, which supports the idea that pooled
resources and professional management yield better returns. There is a contextual and

policy significance articulated in Chapter One by showing how fund size interacts with
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FinTech adoption to influence performance. It provides valuable guidance for fund
managers and regulators on supporting scalability and technological investment in smaller

funds to improve competitiveness.

In conclusion, the study confirms that financial technology and fund size are key
determinants of Unit Trust Funds performance in Kenya. The integration of digital
payments, deposits, portfolio management, and risk management systems enhances
efficiency, transparency, and profitability. The findings are consistent with all guiding
theories, affirming that FinTech adoption leads to better fund intermediation, improved

risk-adjusted returns, and profit maximization.

This synthesis fulfills the study’s overall motivation, to provide empirical evidence on
how FinTech can strengthen the performance and competitiveness of Kenya’s Unit Trust
Funds industry, which was under-researched. The study therefore makes valuable
contributions to theory (by extending TAM, CAPM, and Unit Trust Funds Theory to
FinTech-driven fund management), to policy, by informing CMA and stakeholders on
digital transformation, and to practice by offering fund managers data-driven insights on

effective FinTech adoption).

5.3 Conclusion

This study sought to examine the effect of financial technology and fund size on the
financial performance of Unit Trust Funds in Kenya. The specific objectives were to
determine the effects of digital payments, digital deposits, digital portfolio management,
digital risk management, and fund size on Unit Trust Funds performance. Based on the

findings from both primary and secondary data, the following conclusions are drawn.
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First, the study concludes that digital payments have a positive and significant effect on
the financial performance of Unit Trust Funds in Kenya. The adoption of digital payment
systems has enhanced transaction efficiency, improved liquidity management, and
reduced administrative delays, leading to improved operational and financial outcomes.
This conclusion implies that Unit Trust Funds that integrate digital payment solutions are
better positioned to process investor transactions effectively and to build investor
confidence. This supports Hypothesis Hi, which posited that digital payments positively

influence Unit fund performance.

The result supports the Technology Acceptance Model, which emphasizes perceived
usefulness as a driver of technology adoption, and the Intermediation Theory, which
highlights efficiency in financial transactions as a source of institutional performance.
This confirms that not only is technology adoption beneficial at an individual level, but it
also contributes meaningfully to organizational financial outcomes in the asset
management sector. The study contributes to practice by encouraging fund managers to
invest in secure and user-friendly digital payment platforms to improve investor

experience and operational efficiency, thereby enhancing fund performance

Second, the study concludes that digital deposits significantly enhance Unit Trust Funds
performance. The use of mobile and online deposit systems has increased the convenience
and accessibility of investment contributions, leading to higher fund inflows and better
resource mobilization. This demonstrates that digital deposits have improved the efficiency

and responsiveness of fund operations. Fund managers are also encouraged to invest in
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secure, user-friendly digital deposit infrastructure to attract and retain a diverse investor
base, particularly among retail clients. Enhancing deposit mechanisms improves fund
liquidity and operational efficiency, ultimately supporting profitability and

competitiveness in the investment landscape.

The conclusion supports the Technology Acceptance Model and Intermediation Theory,
as digital deposit platforms reduce transaction barriers, lower operational costs, and
strengthen the intermediary role of Unit Trust Funds between investors and investment
opportunities. From a Profit Maximization Theory perspective, increased and more
efficient fund inflows reduce transaction costs and administrative delays, contributing to
higher profitability. Similarly, by increasing liquidity and stability, digital deposits help
Unit funds maintain competitive risk-adjusted returns, which relates to principles in the

Capital Asset Pricing Model (CAPM).

Third, the study concludes that digital portfolio management positively influences the
financial performance of Unit Trust Funds. The use of digital platforms for asset
allocation, monitoring, and decision-making has improved diversification, return
optimization, and responsiveness to market changes. This confirms the alternative
Hypothesis Hs Digital portfolio management has a statistically significant effect on the
financial performance of Unit funds in Kenya, addressing the third research objective; to
determine the effect of digital portfolio management on financial performance of Unit in
Kenya. This affirms that the adoption of digital Portfolio tools enables more efficient asset
allocation, real-time monitoring, automated rebalancing, and more responsive data-driven

investment decisions, all of which enhance return generation and risk control.
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This aligns with the Mutual Fund Theory, which emphasizes the role of professional
management and diversification in enhancing investor returns, and extends the Technology
Acceptance Model by demonstrating the usefulness of digital portfolio systems in
supporting managerial efficiency and superior fund performance. Guides fund managers
to prioritize investing in digital portfolio management to enable more responsive and
profitable investment decisions which provide real-time data analytics, risk tracking, and

automated decision support to improve investment performance.

Fourth, the study concludes that digital risk management significantly improves the
financial performance of Unit Trust Funds. The adoption of digital risk analytics tools
enables fund managers to identify, quantify, and mitigate both systematic and
unsystematic risks effectively, leading to more stable and predictable returns. This
conclusion is consistent with the Capital Asset Pricing Model (CAPM), which links
expected returns to systematic risk, and with the Profit Maximization Theory, which
suggests that minimizing risks enhances profitability. The result highlights that effective
use of digital risk management systems supports optimal risk-return trade-offs and

protects investors from potential losses.

Fifth, the study concludes that fund size has a significant positive effect on Unit Trust
Funds performance where digital portfolio management and digital risk management have
statistically significant using secondary data. Larger funds perform better due to
economies of scale, greater diversification capacity, and stronger financial and

technological capabilities. This conclusion supports the Profit Maximization Theory,
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which emphasizes efficiency and cost reduction as means of increasing profitability,
demonstrating how digital risk tools reduce volatility and protect fund profitability, aligns
withe Mutual Funds Theory, which highlights the advantages of pooled investment and
professional management emphasizing digital governance and internal control. Larger
funds are therefore able to leverage technology more effectively to sustain superior
financial performance. Fund managers are informed on investing in modern, integrated
risk management systems that provide real-time alerts, scenario analysis, and compliance

tracking to safeguard assets and maintain performance stability.

Lastly the moderating effect of fund size on the relationship between financial technology
and the performance of Unit funds in Kenya is clearly evident, though its impact varies
depending on the dimension of fintech integrated. Stakeholders overwhelmingly believe
that larger fund size enhances the effectiveness of digital innovations, particularly in digital
deposits and portfolio management, by providing greater capacity and flexibility to
leverage technology. This belief is reflected in a significant perceived amplification of

fintech benefits as fund size increases.

The study concluded that the moderating effect of fund size on performances depends on
the dimension of fintech integrated. Fund size significantly moderates the relationship
between financial technology adoption in (portfolio management and digital payments)
and the financial performance of Unit funds. Larger funds appear to derive more value
from FinTech tools due to greater access to capital, infrastructure, skilled personnel, and
economies of scale. In contrast, smaller funds may face constraints in adopting and fully

leveraging technology.
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Mutual Fund Theory is strengthened by highlighting the strategic role of fund size in
technological performance gains. It also provides practical extensions to Profit
Maximization Theory and CAPM by linking scale to technological efficiency and
improved portfolio positioning. In contribution to practice, Fund managers of large funds
are enlightened on leveraging their scale to adopt advanced financial technologies. For
smaller funds, tailored made options, collaborations, shared technology platforms, or

outsourced FinTech solutions can bridge capability gaps and support competition.

In summary, the study concludes that financial technology and fund size are crucial
determinants of Unit Trust Funds performance in Kenya. The adoption of FinTech tools in
diverse dimensions enhances efficiency, reduces costs, improves diversification, and
strengthens risk control, all of which contribute to improved financial outcomes. The
findings collectively demonstrate that the integration of financial technology into Unit
Trust Funds operations aligns with theoretical expectations and provides a practical
pathway for improving the competitiveness and sustainability of the Kenyan Unit Trust

Funds industry

5.4 Recommendations

5.4.1 Recommendations for Theory

Based on the study's conclusions that digital payments, deposits, portfolio management,
and risk management tools significantly affect Unit fund performance, moderated by fund
size, the study recommends for the extension of the Technology Acceptance Model (TAM)

to Institutional Contexts. The TAM should be expanded to include organizational-level
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factors such as fund size, regulation, and system integration challenges. This will improve

its explanatory power in institutional fintech adoption contexts like Unit funds.

Additionally, the study makes recommendations to reinforce and Reinterpret Profit
Maximization Theory in a Digital Age to effectively evaluate how fund size influences the
fintech—performance relationship. This means Integration of Fintech into Financial
Performance Models, where by future theoretical models assessing fund performance
should explicitly incorporate fintech-related variables. Constructs like digital deposits,
digital risk management, and digital portfolio tools can be theorized as dynamic

capabilities influencing fund outcomes.

Since the study concluded that Fintech adoption contributes to operational efficiency and
higher returns, especially in larger funds, the Profit Maximization Theory should
incorporate digital efficiency as a core mechanism for enhancing returns. The theory
should be revisited to reflect how digital innovations reduce costs and optimize resource

utilization, particularly in scale-sensitive operations like Unit funds.

The study makes recommendations to modernize Mutual Fund Theory and include Fintech-
Enabled Diversification and Access in order to effectively determine the joint effect of
fintech and fund size on performance. The findings revealed that Fintech enhances
transparency, access, and portfolio diversification, therefore the Mutual Fund Theory
should evolve to account for fintech tools that strengthen traditional fund advantages, such
as investor access, diversification, and liquidity. The theoretical framework should now

include digital onboarding, Robo-advisory services, and Al-assisted fund structuring.
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Furthermore, the study makes recommendations for the Integration of Fintech into Capital
Asset Pricing Model (CAPM) Assumptions. This will allow for effective analysis of the
effect of various digital tools on fund performance. The study made conclusion that digital
tools improve risk-return optimization, therefore recommends that CAPM should be
theoretically extended to include the influence of fintech-driven data analytics on beta
estimation and expected returns. Digital portfolio systems can enhance a manager’s

capacity to align asset pricing with market risk factors.

Another recommendation is to update Financial Intermediation Theory to Reflect
Technological Disruption. The objective of the study was to investigate the effect of digital
risk management on Unit fund performance, and the conclusion was that digital platforms
enhance intermediation by improving trust, access, and information flow. To effectively
achieve this objective, the financial Intermediation Theory should reflect the evolving
nature of intermediaries through technology. Digital platforms are no longer peripheral
tools but core enablers of the intermediation function, particularly in emerging markets like

Kenya where they expand market participation and reduce friction.

5.4.2 Recommendations for Policy

The study recommends the strengthening of Fintech Regulation and Oversight. The
government and regulatory bodies such as the CMA should develop clear, adaptive policies
that support innovation in fintech while protecting investors. Tailored guidelines on the
use of digital payments, deposits, portfolio management, and risk management systems in

Unit funds would enhance transparency and stability in the sector.
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Digital Infrastructure Development by policymakers to prioritize investment in digital
infrastructure, particularly in underserved regions, to foster inclusivity. Enhancing internet
access and digital literacy among retail investors to expand Unit fund reach and
participation. Also, the government is encouraged to introduce Incentives for Fintech
Adoption. For example, introducing tax incentives or grants to encourage Unit fund
managers to integrate advanced fintech tools, especially among smaller fund managers that

may lack adequate resources.

5.4.3 Recommendations for Management practice

The study makes recommendations for Strategic Investment in Fintech Solutions. Fund
managers should prioritize investment in fintech solutions that align with fund size and
objectives. Larger funds benefit from more complex Al-based portfolio management,
while smaller funds to focus on automating digital deposits and payment systems.
Alternatively, Collaboration with Fintech Firms is encouraged where UTFs collaborate
with fintech startups to co-develop customized solutions that enhance operational

efficiency and customer engagement, to foster innovation and competitive advantage.

There is need for Capacity Building and Training, through continuous training on Fintech
for their personnel. This enhances operational efficiency and ensures that staff can leverage
available technology to improve client experience and fund performance.
Recommendations are made for Fintech and Risk Management Integration whereby the
Management should adopt integrated fintech platforms that not only streamline operations
but also embed risk management protocols. This reduces exposure to systemic risks and

enhances investor confidence. Unit fund managers can embrace the adoption of Client-
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Centric digital Platforms, tailor-made for their funds. Business managers should focus on
building user-friendly digital platforms for clients, incorporating real-time access to

portfolio performance, easy digital onboarding, and secure transactions.

Furthermore, recommendations are made for use of more sophisticated and advanced
digital tools like Analytics tools and Al in investment decision making, client profiling,
and market forecasting. These tools can optimize fund performance and responsiveness to
market changes. UTF managers should enhance and scale up their digital payment systems
to improve operational efficiency and investor experience. Given the positive link between
digital payments and financial performance, particularly in secondary data, funds should
prioritize secure, user-friendly platforms that support instant transactions. Standardizing
digital payments adoption across fund types, especially those lagging behind like Balanced

Funds, can further optimize liquidity and competitiveness.

Fund managers are encouraged to invest in secure, flexible digital deposit infrastructure
supporting diverse investor profiles. Given the strong perceived and actual impact of digital
deposits, efforts should be made to reduce variability in transaction volumes through better
digital onboarding, targeted investor education, and integration with mobile and online
platforms. Additionally, funds should continuously monitor and analyze deposit trends to

tailor-make services that promote consistent inflows.

To maximize performance, Unit funds should deepen their use of digital portfolio
management tools, including real-time analytics, algorithmic asset rebalancing, and Al-
driven advisory platforms. Training investment managers to effectively use these tools and
integrating them with broader digital strategies can improve responsiveness to market
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dynamics. Funds that actively manage portfolios using digital solutions tend to report better

outcomes, thus expanding such practices is advisable.

Unit fund firms should prioritize more structured and data-driven digital risk management
strategies to enhance resilience and performance. This includes adopting advanced tools
for volatility tracking, cyber-risk assessments, and automated compliance monitoring.
Larger funds, in particular, should evaluate the diminishing marginal benefits of current
digital risk tools and consider more scalable solutions. Continuous training on risk

protocols and investment in secure digital infrastructures is also crucial.

Given that fund size significantly moderates the effectiveness of fintech tools, especially
digital deposits and portfolio management, larger funds should leverage their scale to adopt
more sophisticated fintech systems. Smaller funds to explore strategic partnerships or
shared platforms possibly with fintech firms to access similar tools affordably.
Policymakers and regulators to support smaller funds through digital capacity-building

initiatives to ensure more equitable performance outcomes across the sector.

5.5 Contribution to Theory and new knowledge

This section discusses the practical and theoretical implications of the study’s findings. It
demonstrates how the insights gained can inform stakeholders such as fund managers,
investors, and policymakers in Kenya’s Unit fund industry. Additionally, the section
highlights the study’s contribution to existing literature by providing new evidence on the
influence of financial technology and fund size on Unit fund performance, thereby

advancing understanding in this emerging area of financial technology.
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5.5.1 Contributions to Theory

This study makes several theoretical contributions by applying and extending established
models in new and underexplored contexts. The first contribution to theory is the extension
of the TAM to Institutional Investment Settings, specifically Unit funds which was
originally designed to explain individual user adoption of information systems. While
TAM’s constructs of perceived usefulness and perceived ease of use have been widely
applied in consumer and organizational settings, this study demonstrates their relevance to

fund-level technology adoption and its impact on financial outcomes.

The positive effect of digital deposits and portfolio management tools on fund performance
supports the argument that ease and usefulness of FinTech solutions directly influence not
just adoption but also operational efficiency and profitability within Unit funds. This
expands the theoretical applicability of TAM by linking it to performance-related
constructs in non-user-centric financial institutions, suggesting TAM can be adapted

beyond behavioral intention to include organizational performance indicators.

The Incorporation of Fund Size as a Moderating Factor contributes to theory by adding
theoretical depth through introducing an organizational dimension into the traditional-
technology adoption framework. The findings show that larger funds may be better
positioned to benefit from FinTech due to economies of scale, greater capacity for
investment in systems, and higher regulatory leverage. This theoretical insight suggests
that resource capacity and institutional positioning are critical enablers or constraints in the

effectiveness of FinTech adoption, a nuance often underexplored in existing models.
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The Contextualizing FinTech within an African Financial Market contributes to theory. By
focusing on Unit funds in Kenya, the study provides theoretical insights into how FinTech
adoption manifests in emerging market settings, characterized by different infrastructure,
regulatory environments, and investor behaviors compared to developed markets. This
contributes to contextual theory-building, suggesting that existing adoption models may
need to be adapted or extended to reflect developing-country constraints such as limited

digital literacy, regulatory bottlenecks, and infrastructural gaps.

The study makes contribution to Capital Asset Pricing model and the Mutual Fund Theory.
The findings reinforce key insights from Capital Asset Pricing Model (CAPM) and Mutual
Fund Theory by showing that the use of FinTech enhances the ability of fund managers to
achieve better returns at a given level of risk. The findings also relate to the Capital Asset
Pricing Model (CAPM), particularly through the role of digital risk management in
controlling portfolio volatility Digital portfolio management tools were found to support
more efficient asset allocation and real-time risk tracking, consistent with CAPM's

emphasis on optimal risk-return trade-offs.

Furthermore, Mutual fund theory emphasizes professional management, diversification,
and liquidity, all of which are increasingly facilitated by digital technologies. This suggests
that FinTech acts as a strategic enabler for realizing theoretical goals of Unit fund
operations, providing a modern digital lens through which foundational investment
theories can be viewed and applied. Reinforcement of Financial Intermediation Theory.
Financial intermediation theory posits that institutions like Unit funds exist to reduce

transaction costs, manage risk, and improve capital allocation.

293



This study proves that FinTech tools, particularly in digital payments and risk management,
enhance core intermediation functions. The evidence from Kenyan Unit funds shows that
digital platforms lower administrative costs, increase transparency, and improve access to
real-time market information, thus improving the intermediation process. This supports the
argument that FinTech is not a disruption of intermediation, but a refinement and
advancement of it, particularly in developing markets where inefficiencies are more

pronounced.

Application of the Profit Maximization Theory in the FinTech Era. The study also
contributes to the profit maximization theory by empirically demonstrating that FinTech
adoption contributes to enhanced financial performance of Unit funds. Fund performance,
as measured by returns, efficiency, and customer acquisition, was found to be positively
influenced by FinTech-driven strategies. The study thus reinforces the view that
technology adoption is not merely operational, it is strategic, aligning with the central tenet

of profit maximization theory that firms make decisions that optimize profitability.

5.5.2 Contribution to new Knowledge.
The original contribution to knowledge of this study is in the integration of Fintech
constructs with classical financial and investment theories to explain the financial
performance of Unit trust Fund within an emerging market context (Kenya). Conceptual
Integration is highlighted by developing and empirically testing a composite model that
links digital payments, digital deposits, digital portfolio management, and digital risk
management and alongside fund size to the financial performance of Kenyan Unit Trust

Funds.
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This integrated model had not previously been empirically tested within the Kenyan Unit
Trust Funds sector. This provides new empirical evidence on how specific FinTech
dimensions influence fund outcomes, filling a conceptual gap in both FinTech and Unit

Trust Funds performance literature.

The study as well brings out a theoretical advancement by extending Technology
Acceptance Model beyond individual behavioral contexts to institutional adoption by
Unit Trust Funds managers. This demonstrates that perceived usefulness and ease of use
also drive organizational performance outcomes. Initially the theory was based on
individual perception on usefulness and ease of use of technology. Additionally, it
contextualizes the Capital Asset Pricing Model and Profit Maximization Theory within
digital risk management settings, showing how digital tools alter the risk return

relationship in real markets.

This theoretical synthesis provides a new lens through which classical finance models can
be reinterpreted in the modern digital era. Most firms and organizations are moving away
from the traditional methods of trade and manual transactions and gradually embracing
the emerging technological advancements, this study gives conceptual back up to this

technological shift.

The study presents significant empirical novelty within the Kenyan financial sector
context. While prior studies on Fintech has largely concentrated on banks and other
microfinance institutions, this study uniquely extends the unit of analysis to Unit Trust

Funds, a sector that has received limited scholarly attention. Furthermore, the study is
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among the comprehensive empirical investigations to use both primary and secondary
data to analyze Fintech’s effect on Unit Trust Funds performance in Kenya, a rapidly
digitizing yet under-researched financial environment. This introduces context-specific

evidence that enriches global and local literature and informs regional policy.

Finally, the study has provided insights to operationalization of FinTech in Fund
Management by identifying measurable indicators for each FinTech construct (payments,
deposits, portfolio, risk management), providing a structured measurement framework
that can guide future academic and industry research on digital transformation in fund
management. In summary the study develops and validates a novel integrated model
linking FinTech dimensions and fund size to Unit Trust Funds performance, extends
classical financial theories into the digital finance domain, and provides new empirical

evidence from Kenya’s Unit Trust Funds industry

The study introduces and promotes a new philosophy and perspective, a new digital-
intermediation philosophy of fund management that re-conceptualizes how Unit Trust
Funds create value in the FinTech era. This philosophy emphasizes that FinTech is not
merely a support tool, nor a peripheral tool but a core strategic determinant of fund
performance. The study advances a new thinking that digital efficiency, risk analytics,
and technological scalability are now as fundamental to fund success as traditional

financial metrics.

There is Institutional Technology Acceptance which promotes a shift from individual-

level technology adoption (classical TAM) to organizational-level digital transformation
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within investment institutions. This philosophy positions FinTech as an embedded
component of fund management culture, influencing performance, transparency, and
investor engagement. The study proposes a digital-Performance Paradigm which is a new
perspective that performance in Unit Trust Funds is increasingly technology-mediated.
Fund performance is now driven by how well technology enhances operational speed,
decision accuracy, risk mitigation, and investor experience, rather than size or
management expertise alone. Considering the study context as Kenya, the study advances
a contextual philosophy of financial modernization, that emerging markets can avoid
traditional inefficiencies through FinTech adoption, this redefines competitiveness in the

Unit Trust Funds industry.

5.5.3 Contribution to management Practice and Policy

The findings of this study carry several practical implications for Unit fund managers,
financial technology providers, and policymakers within Kenya’s financial services sector.
First, the differentiated impact of FinTech components across fund categories suggests that
Unit fund managers should adopt a tailored digital strategy rather than a one-size-fits-all
approach. For instance, equity and bond funds can benefit significantly from investments
in digital payments and risk management tools, while balanced and money market funds
may need to reassess the integration and effectiveness of digital portfolio management

tools.

Second, the study highlights the strategic importance of fund size in maximizing the

benefits of FinTech adoption. Larger funds tend to extract more value from digital deposits
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and portfolio tools due to economies of scale and resource availability. Therefore, smaller
funds should consider forming digital partnerships or outsourcing certain FinTech
functions from fintech firms to remain competitive and reduce implementation costs.
Third, the observed gap between fund managers’ perceptions and actual financial outcomes
underscores the need for data-driven decision-making. Fund managers should regularly
evaluate the return on investment of their digital initiatives using real performance metrics

to avoid overreliance on optimistic assumptions.

Finally, for policymakers and regulators, the findings point to the need for supportive
regulatory frameworks that encourage innovation while guiding fund managers on best
practices in FinTech integration. Capacity-building initiatives and industry guidelines can
help standardize digital transformation across the Unit fund industry, ensuring both small
and large funds can leverage technology effectively to enhance transparency, efficiency,

and investor trust.

5.5.4 Policy Implications

The study provides essential policy recommendations for financial regulators such as the
Capital Markets Authority (CMA) and the Central Bank of Kenya (CBK). Given the
positive impact of fintech adoption on Unit fund performance, policymakers should
develop regulatory frameworks that promote digital transformation while ensuring
financial stability. This includes creating regulatory sandboxes that allow Unit funds to test
fintech innovations, formulating policies that incentivize digital adoption, and

implementing robust cybersecurity regulations to protect digital transactions. Enhancing
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investor confidence through increased transparency in digital transactions will also be

crucial in fostering trust and boosting Unit fund participation.

Additionally, the study highlights the need for fair competition policies to ensure that both
small and large Unit funds have access to fintech infrastructure. Larger funds currently
have an advantage in adopting and benefiting from fintech solutions, but regulatory support
can help smaller funds bridge this gap. Initiatives such as government-backed fintech
grants, collaborative technology partnerships, and enhanced financial literacy programs
can facilitate broader fintech adoption. By implementing these policy measures, regulators
can create an enabling environment for fintech-driven Unit fund growth, fostering financial

inclusion and economic development.

5.6 Suggestion for Further Studies

The study contributes to understanding how the integration of fintech and fund size
influence fund performance of UTFs in Kenya. However future studies can expand on
several areas to enrich this field of inquiry. Further study could include emerging
technologies like, Robo-advisory services for automated investment advice, Al-driven
investment advisory services and blockchain-based Unit fund platforms. These areas
remain largely unexplored and scarcely mentioned in the Kenyan context. This would
capture the evolving nature of financial technology and its implications for fund

performance in a rapidly digitizing global economy.

The study helped assess Fintech impact along the digital value chain, however further

research can be done using variables based on various fintech platforms away from
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functions. Future research be done using other methodologies to explore comparative
studies between Kenya and other countries in Sub-Saharan Africa or emerging markets, to
understand how different regulatory environments, digital infrastructures, and investor
behaviors influence the adoption and effectiveness of FinTech in Unit fund management.
Such research could uncover best practices and context-specific challenges in different

jurisdictions.

This study was primarily guided by TAM as the anchor theory. However, other factors
such as trust in technology, regulatory compliance, and user readiness could also
significantly influence the relationship between FinTech and fund performance. Other
alternative or complementary theories can be utilized. For example, the Diffusion of
Innovations Theory to explain how new financial technologies spread within the Unit fund
sector. The Institutional Theory to demonstrate how regulatory pressures and industry
norms shape FinTech adoption. Behavioral Finance Theory to examine how investor biases
and digital trust affect interactions with FinTech-based fund platforms. Future studies
could adopt these theoretical frameworks to provide a more holistic understanding of

FinTech adoption and its implications.

While this study employed a robust mixed-methods approach, several methodological
avenues remain open for further exploration. For example, the Longitudinal and
Experimental Designs for Causality. Future research could employ pure longitudinal
designs, to track changes in FinTech adoption and fund performance over time. This would

provide stronger evidence of causal relationships rather than associations.
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Consider incorporating comparative designs, for instance, comparing Unit funds in Kenya
with those in other African or emerging markets. This would reveal whether the observed
FinTech-performance relationships hold across different contexts and organizational
profiles. Other dimensions triangulation of data sources such as combining interviews,
platform usage logs, and financial statements, could further enhance validity and provide

a more comprehensive picture of FinTech adoption and its effects on fund performance.

The findings indicated that the impact of FinTech adoption varied across different types of
Unit Trust Funds. This suggests that sector-specific characteristics, such as risk profile,
investor demographics, and investment horizons, may influence how FinTech tools are
utilized and their effectiveness. Further research to be done on how these internal fund
attributes and external market conditions moderate the relationship between FinTech and
fund performance. The study focused on Unit Funds, further studies should be conducted
in other institutions such as pension funds, insurance companies, and commercial banks

that offer investment products.

The study used fund size as a moderating variable, further studies can be done using other
moderating variables such as regulatory framework, management expertise, and market
volatility. Finally, future studies could explore mediating variables, such as regulatory
quality, digital literacy, or organizational culture, to better understand the conditions under
which FinTech enhances fund performance. Lastly, a study on funds experiencing massive

withdrawals and closures, receiverships due to financial distress is recommended
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APPENDICES
Appendix I: Questionnaire
You are kindly requested to fill the questionnaire honestly. Your responses will be treated

with utmost confidentiality.

Part One

General information about respondents

. What is your Job Title
CEO Financial Analyst [

Finance officer Manager

. What is your approximate duration in working for the fund (years.)

15 ] 6-10 ]
11-15 [ ] 16-20 [ ]

. What are your daily official duties

Strategic Decision making I:I Data Analysis I:I

Operations and investments I:I Financial reporting I:I
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b) Information about the percentage of the Value of Digital Transactions
1) What percentage of total annual payment transactions processed in your fund

involve digital technological methods (e.g., E-wallet transactions, mobile apps)

1-25% [:] 26-50%

51-75% [ ] 76-100%

ii) What percentage of total annual deposits are done digitally? (ETF’s and Fintech App

deposits)
1-25% 26-50%
51-75% |:| 76-100%

ii1) What proportion of the assets managed by your Unit fund are handled and
analyzed digitally? (e.g., digital investment platforms, data analytics tools-Al,

Robots etc.)

1-25% 26-50%

51-75% I:I 76-100%

iv) What percentage of total profits is allocated to risk management reserves?

1-25% [ ] 26-50% ]
51-75% [ ] 76-100% [ ]

v) How has the volume of investments in your firm grown over the past ten

years? Describe any notable trends recorded.

1-25% [ ] 26-50% [ ]
51-75% [ ] 76-100% [ ]
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Part 2: Information about utilization of fintech in Kenyan UTFs

You are kindly requested to participate in the study on Financial Technology, Fund Size
and Performance of Unit Trust Funds in Kenya. Kindly read each statement carefully and
tick the option that represents your experience and opinion using the scale

1-Strongly disagree, 2- Disagree, 3-Nuetral, 4-Agree, 5-Strongly Agree

Effect of digital payments on financial performance of Unit trust funds in Kenya.

Strongl |Agree | Neutra | Disagre Strongly
y Agree 1 e Disagree

1| The fund has allow investors
to use digital payment
platform to do redemptions

Most clients are conveniently
using the digital platforms
available

3| The use of digital platforms to
make payment to clients
leads to remarkable reduction
in transaction costs

4| The use of digital platform in
making  payments has
influenced the clients
participation in investment
activities

5| The use of digital payments

platform has made
investment in Unit funds
more accessible and
transparent

6| There is remarkable increase
in  number of payment
transactions done using digital
platform
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Effect of Digital Deposits
on financial performance
of Unit fund institutions

Strongl

y
Agree

Agre

Neutra
1

Disagre
e

Strongly
Disagree

The funds have enabled its
clients to remotely make
deposits into their
investment accounts using
a set up digital platform

There is a  notable
improvement in customer
deposits transactions done
remotely on the digital
platform

The use of digital platforms
1s convenient for investors

The investors dominantly
use digital platform to
make deposits into client
investment

The use of digital platform
to make deposits has
enhanced accuracy in
investor accounts

The use of digital deposits
has caused a significant
decrease in the processing
costs
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Effect of Digital Portfolio Management on financial performance of Unit funds in
Kenya.

Stro Agree | Neutral | Disagree | Strongly
ngly Disagree
Agre
e

The fund employs financial
technology platforms and
tools in performing data
analysis

Digital tools are used by the
fund in the decision-making
process

The automation of business
transactions improves the
growth  through remote
engagement of clients

Provision of investment
advice to its clients remotely
using digital tools like
chatbots helps to expand the
fund AUM

The digital portfolio tools
and platforms have reduced
administrative costs

The firm provides investment
advice to its clients remotely
using digital tools-chatbots

The digital systems improve
accuracy of investment
decisions
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Effect of Digital Risk Management on financial performance of Unit funds in Kenya.

Strongly | Agree | Neutral | Disagree | Strongly
Agree Disagree

The fund has put in place
digital systems to manage
and track risks real time

There is engagement of
techno savvy experts to
manage the funds
systems.

There is a significant
reduction in risk relayed-
costs since the uptake of
fintech tools

The fund has an
automated-risk-
assessment system for
monitoring and
evaluation

The fund is duly
compliant ~ with  the
relevant data protection
regulatory framework

The firm has experienced
significant positive trends
in risk management due
to engagement of
qualified techno-savvy
personnel

The use of digital tools to
manage risks proves to be
more effective than the
traditional ways
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Moderating effect of
Fund Size

Strongl

y
Agree

Agre

Neutr
al

Disagre
e

Strongly
Disagree

The fund  manages
relatively large assets
compared to other funds

The size of fund
contributes to operational
efficiency

Unit fund size impacts
access to investment
opportunities and asset
allocation decisions.

Large funds allow for
access  to  superior
technology and digital
investment strategies

Unit fund size affects the
diversification
opportunities and
portfolio  management
strategies employed.

The use of digital tools
and platform leads to
fund growth

327




Financial performance of Unit Trust Funds in Kenya

Strongly | Agree | Neutral
Agree

Disagree

Strongly
Disagree

1 | Actively managed Unit
funds consistently
outperform the market over
the long term

2 | Our Unit fund's
performance will meet or
exceed investor
expectations in the
foreseeable future.

3 | The performance of our
Unit fund is reflective of its
investment mandate and
objectives.

4 | The  performance of
digitally enabled Unit
funds compares favorably
to similar funds in the
market with traditional
approach

5 | Fintech enables Unit fund
to adapt to changing market
conditions and deliver
competitive returns

6 | Financial technology gives
a fund competitive
advantage over its peers
within the same investment
category.

7| Our Unit fund has
consistently outperformed
its peers within the same
investment category.
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Appendix II: Secondary Data Collection Tool
Name of INSHIULION ....ventit et e aenaes

VARIABLE | Indicator Measur | 20| 20| 20 20| 20| 20| 20| 20| 2
ement | 14| 15/ 16 17| 18| 19| 20| 21| 0
2
2
D.V
Financial Return on Asset PAT
Performance Total
Asset
Independent
Variables

1)Digital | Value of digital
payments | payment
transactions through|
mobile channels

2)Digital | Value of-digital
deposits deposits done on
mobile channels

Digital Net Asset Value Portfolio
portfolio return
management

Value of Portfolio
investments done | turnover
digitally (C/Flows

Digital Risk Standard deviation | volatility
Management | of fund returns

Risk Reserves: Risk
Total Assets Reserve
ratio
Moderating
Variable AUM Ln(AU
Fund size M)
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