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Abstract: Fintech allows investors to explore previously unavailable investment opportunities; it
provides new return opportunities while also introducing new risks. The aim of this study is to
investigate the relationship between risk and return in the fintech industry in the Indian stock market.
This article is based on market-based research that focuses on demonstrating the volatility in the
fintech market’s prices and demystifying the opportunities. Secondary data were collected from
the Bombay Stock Exchange’s official fintech industry website from January 2017 to July 2022 to
determine whether there is any dynamic link between risk and return in the Indian fintech market.
The variance-based Mean-GARCH (GARCH-M) model was used to determine whether there is a
dynamic link between risk and return in the Indian fintech market. The findings emphasize the
importance of taking the risk of investing in India’s fintech industry. The implications for stock
investors’ and fund managers’ portfolio composition and holding periods of equities or market
exposure are significant. Finally, depending on their investment horizons, the Indian fintech industry
may yield significant profits for risk-taking individuals.

Keywords: fintech; risk; return; investments; variance-based Mean-GARCH (GARCH-M) model;
dynamic connectedness

1. Introduction

Globally, India is acknowledged as a strong fintech hub, and as the Indian entrepreneurial
landscape develops further, more businesses driven by fintech use cases will be created and
supported by more investors (EY 2022). India has the highest rate of adoption of financial
technologies (David et al. 2022). The skyrocketing Indian fintech market is appealing to
investors, but is the risk worth it? Fintech unicorns went public around the world in 2020–
2021, with high returns; a similar process is taking place in India. However, the recent drop
in the value of the fintech stock market makes investors nervous. This article formulates
intuition regarding volatility in the Indian fintech market, and the conclusion drawn from
the analysis will be useful for both individual and institutional investors. The adoption
of financial technology, or fintech, is increasing in developing nations (Hinson et al. 2019).
Numerous new platforms have emerged (Lee and Teo 2015), and there has been a rise
in investment activity (Arslanian and Fischer 2019). The fast expansion of the fintech
business has prompted a flurry of activity on the part of governments and regulators
worldwide as they attempt to catch up by creating supportive ecosystems for the sector
(Wonglimpiyarat 2018). Looking at this swiftness of adoption and popularization of the
fintech industry, this sector is seizing the attention of investors (Chishti and Barberis 2016).
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Fintech is a new and rapidly evolving phenomenon with only partially settled regu-
lation. Moreover, the pandemic has also triggered the application of fintech in economic
transactions (Al Nawayseh 2020). How should investors approach the market? Can it be
analyzed using traditional investment theories, or does it require a new one? Until recently,
the majority of fintech capital was private, but that is changing as more fintechs go public.
This means that fintechs will be accessible to a broader range of investors.

The aim of the study is to investigate the relationship between risk and return in the
fintech industry in the Indian stock market. To the best of our knowledge, this is the first
attempt to determine whether investing with high risk in the stock market’s fintech sector
increases the likelihood of a high return.

This article is based on market-based research that focuses on demonstrating the
volatility in the fintech market’s prices and demystifying the opportunities. Secondary data
were collected from the Bombay Stock Exchange’s official website from January 2017 to July
2022 to determine whether there is any dynamic link between risk and return in the Indian
fintech market. The database of Bombay stock is reliable to use to draw conclusions as many
researchers frame their data framework through its official records (e.g., Khan et al. 2022;
Singh et al. 2021; Al-Homaidi et al. 2021; Elangovan et al. 2021; Kumar and Robiyanto 2021).
The variance-based Mean-GARCH (GARCH-M) model was used to determine whether
there is a dynamic link between risk and return in the Indian fintech market.

The structure of this paper is as follows. The literature review is discussed in Section 2.
The data and methodology are covered in Section 3. Section 4 presents the results of data
analysis. Section 5 discusses the findings, and Section 6 concludes.

2. Literature Review

The origins of financial technology may be traced back to the nineteenth century and
earlier. PENTELEGRAPH was invented in 1860 as a signature verification instrument for
financial institutions. The first verifiable instances of financial technology are dated to 1866.
In this year, the transatlantic cables were installed, ushering in a new era of global network
construction and connectivity. The automatic teller machine (ATM) created by Barclay’s in
1967 is widely regarded as the starting point for the modern era of financial technology. In
1967, Telex took over from Telegraph as the de facto international information transmission
method, ushering in a new age of seamless global communication and business dealings.
The advent of Bitcoin, the first cryptocurrency, in 2009 and peer-to-peer (P2P) payment
systems in 2011 were two such landmark developments. Since then, the Western world
has produced hundreds of new “unicorns,” or groundbreaking innovations. Numerous
industries, including BaaS, RegTech, Digital Lending, InsurTech, Wallets, and many more,
are expanding and innovating every day. China and India, two of the world’s most
populous nations, have seen rapid and erratic growth in the financial technology sector
since 2014 (Agrawal 2021).

Nayer, interested in how conventional financial technology like the chit fund may
coexist with newer forms of FinTech like blockchain, wrote the first article to be published
on the subject (Nayer 1986). Publications on FinTech have not developed significantly, and
for a while, none existed until the term’s meteoric rise to prominence in 2015. From that
point on, the annual rate of publishing skyrocketed (Ahmi et al. 2020).

Since the 2008 worldwide economic and financial crisis, the fintech business has
expanded rapidly (Morales et al. 2022). Fintech can serve today’s evolving smart cities by
catering to the increasing financial needs of the urban population (Popova 2021). Global
health crises, including the spread of COVID-19, have had far-reaching effects on the global
economy, hastening the development of fintech (Vasenska et al. 2021).

The fast progress of IT has far-reaching implications for the modern corporate en-
vironment (Varma et al. 2022). As a result of technological advancements, the financial
sector has incorporated information and financial technology into financial technology
(fintech) (Rupeika-Apoga and Thalassinos 2020). Changes in the financial services industry
are slower than those in fintech (Alam et al. 2022). Fintech offers innovative viewpoints
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on financial services and examples of its use. The use of fintech will enable companies
to stay competitive because of the advantages it offers in terms of speed and adaptability
(Rupeika-Apoga and Wendt 2022). So many other companies are now offering similar
financial technology services, and competition has heated up (Feyen et al. 2021). Many
fintech startups are being pushed to excel at customer service. People will use the fintech
company’s services more if the company pays attention to and analyzes people’s actions
and attitudes (Zalan and Toufaily 2017). Customers need to feel safe and confident in
the companies they interact with (Kaur et al. 2021). Researchers are interested in this
because they believe it is critical to know if the company’s fintech services are being used
for other reasons. Using the Theory of Technology Acceptance Model (TAM), the researcher
investigates how trust and perceived risk influence users’ actions (Al-Emadi et al. 2021).

One of fintech’s extrinsic incentives is the need for ease of use, because of the industry’s
emphasis on mobility and instantaneous availability (Laidroo et al. 2021; Ionescu 2020).
The biggest reason why people prefer using online and mobile services is that they are
more convenient in terms of time and location (Laidroo et al. 2021). Mobile devices allow
users to achieve previously unattainable ease and efficacy in managing their finances, all
without having to physically visit a bank (Tanda and Schena 2019).

Research shows that when compared to MSGARCHst and GARCHst, MSGARCH-
MLPst provides superior prediction performance across the board. Because of this, COVID-
19 had a large impact on the returns of precious metals and oil prices, and the two sets of
returns exhibited both co-movement and contagion behavior (Bildirici 2022). Additionally,
a study presented a novel pre-processing to SDICA using multiwavelet based on multivari-
ate GARCH modeling (M-GARCH) with time-varying temporal structure of sub-bands
of mixed sources with restricted independence of sub-bands. Through this approach, re-
searchers are able to get rid of the temporal structural impacts of sources. The suggested
approach is compared to a single sub-band ICA technique through the M-GARCH model
(Fouladi and Amindavar 2012). A study conducted in Malaysia through the GARCH
model strongly suggests that opportunities for effective portfolio diversification between
the sample markets exist primarily for short holding periods; for investment horizons
where investor stock holding periods exceed one year, the markets appear to be mostly
highly correlated, yielding minimal portfolio diversification benefits. Overall, the findings
provide essential insight into the importance of variability in investment perspectives and
have substantial implications for portfolio diversification approaches (Najeeb et al. 2015).

Numerous studies have been conducted on the dynamics of asset covariance, with
the majority focusing on univariate volatilities rather than covariances or correlations
(Wei et al. 2022; Panda and Nanda 2018; Bollerslev and Engle 1993; Engle 2002). A large
number of parameters is a significant issue in the multivariate GARCH (MGARCH) liter-
ature (Wei et al. 2022; Panda and Nanda 2018). The tricky situation can be simplified by
maintaining steady correlations and proposing a model based on continuous conditional
correlations (CCC). According to Bollerslev and Engle (1993), this is the way to go about it.
Afterwards, Engle (2002) suggested a new set of models that let the correlations fluctuate
over time while retaining the simplicity of estimation of Bollerslev’s constant correlation
model. A GARCH-like structure, which Engle incorporates into the CCC model, allows for
a more constrained correlation dynamic. All the dynamics, however, are confined to being
uniform across all the correlations (Aielli 2013).

Both established and developing economies are prone to exhibit correlated short-term
behavior (Cardenas and Carpenter 2008). Using vector autoregression (VAR) models, Janaki-
ramanan and Lamba (1998) and Cha and Cheung (1998) investigated the connections between
equity markets in Asia and the United States and found that the latter had a considerable
impact on the markets studied. In order to investigate the extent of financial integration
across North American stock markets, Beaulieu, Gagnon, and Khalaf used an arbitrage pricing
theory framework to analyze data from 1984–2003. The research found that domestic portfo-
lios and inter-listed equities are only moderately integrated rather than strongly integrated
(Beaulieu et al. 2009). Using a global diversification framework Srivastava et al. (2015) ex-
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amined the interplay between the United States’ developed market and Asia’s developing
stock markets before and after the global financial crisis. The research shows that Indian
stock markets are highly integrated over the long run but not with global markets over
the short term. There is substantial evidence that markets show consistent tendencies over
the long run concerning the mean and volatility spillover. Many researchers have tried
to find evidence of a long-run equilibrium state, e.g., (Chen and Kim 2006; Sotiropoulou
et al. 2009; Chen et al. 2002). Chen et al. (2002) studied stock markets in Latin America
and looked at the dynamic interconnectedness of those markets. Sotiropoulou et al. (2009)
conducted a similar study, but this time for four Latin American stock markets over a period
of several years. This study employed cointegration analysis and the error correction vector
autoregressive model; the findings indicate that investing across Latin American markets is
unlikely to provide significant risk diversification.

The analyses of Berdjane and Pergamenshchikov (2016), Cheng (2020), Chen and Kim
(2006), Da Fonseca and Xu (2019) ignore the relationship in terms of volatility across markets.
It has been proposed that if two markets are interconnected, a sudden and unexpected event
in one market will affect the returns and variation in the other markets. Volatility analysis
may be useful because it offers a different perspective on asset risk. Scheicher (2001) applied a
multivariate GARCH model with a constant conditional correlation to the returns and volatility
of national stock indexes. He concluded that developing stock markets are connected with the
global market. However, the assumption of a fixed conditional correlation is impractical. It
has been established via several investigations that the associations shift throughout time.

3. Methodology
3.1. Sample

According to Invest India, India’s FinTech ecosystem will be one of the largest and
most dynamic in the world by 2022, with 6636 FinTech startups. The Indian FinTech
sector is expected to be worth $50 billion by 2021, rising to nearly $150 billion by 2025
(Invest India 2022). During the last decade, digital payments in India’s payment envi-
ronment have grown rapidly in terms of both volume, with a compound annual growth
rate (CAGR) of 50%, and value, with a CAGR of 6% (Invest India 2022). The total value
of all Fintech transactions is expected to rise from $66 billion in 2019 to $138 billion in
2023, a 20% compound annual growth rate (CAGR) (Invest India 2022). The Indian Fin-
tech sector ecosystem is divided into several subsegments. These subsegments include
payments, lending, Wealth Technology (WealthTech), Personal Financial Management,
Insurance Technology (InsurTech), Regulation Technology (RegTech), and other services
(Kaur et al. 2021). The Indian fintech sector captured 14% of global investment and ranked
second in deal volume during the study period (January 2017–July 2022), covering 2084
transactions and $29 billion (Invest India 2022). To draw a reliable conclusion using the
GARCH model, a minimum of 1000 observations are required (Ng and Lam 2006), which
is why we included the most recent available data for 2022 and the previous 5 years. The
Indian financial technology industry received $8.53 billion in investment in FY22, spread
across 278 separate agreements (Statista 2022). As of July 2022, 23 Fintech companies in
India have achieved “Unicorn Status”, which means they are worth more than $1 billion
(Statista 2022). Over $130 billion in monthly transactions were processed through India’s
Unified Payments Interface (UPI), which is supported by 338 different banks, as of July
2022 (Invest India 2022). Since its inception in July 2016, UPI has set a new monthly record
with approximately 6.28 billion transactions processed in July 2022 (Invest India 2022) (see
Figure 1).
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Figure 1. Statistics that explain India’s position as a global fintech market (Invest India 2022).

The companies that are listed on the BSE (Bombay Stock Exchange) are chosen to
obtain data on fintech return volatility. As of the 8 February 2022, there are 5246 companies
listed on the Bombay Stock Exchange (BSE 2022). The term “fintech” appears in the names
of four companies: Algoquant Fintech Ltd., Policy Bazaar (PB) Fintech Ltd., Niyogin Fintech
Ltd., and Polo Queen Industrial and Fintech Ltd.

Algoquant Fintech Ltd. is a new-age, tech-driven company that focuses on generating
maximum return through complex algorithms and sophisticated technology, allowing
clients to invest for their future financial security (Algoquant Fintech Limited n.d.). The
company specializes in assessing each client’s unique needs and developing a personalized
investment plan and strategy that meets their needs and assists them in achieving secure
and low-risk returns. Since 2 July 2001, the company has been listed on the BSE (BSE 2022).
The asset value of the company in March 2022 was 5.2 million USD (BSE 2022).

PB Fintech Ltd. is an online platform for insurance and lending products. The company
provides easy access to insurance, credit, and other financial products and aims to raise
awareness in India about the financial impact of death, disease, and damage. The company
generates all of its revenue in India. The company was founded in 2008, and its assets
were valued at $780 million USD in March 2022 (BSE 2022). In 2022, the company had
over 11,000 employees (PitchBook 2022a). The company went public on 15 November 2021.
Figure 2 depicts Algoquant Fintech Ltd. and PB Fintech Ltd. share price fluctuations from
January 2017 to July 2022.
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Figure 2. (a) Algoquant Fintech Ltd. share price fluctuations from January 2017 to July 2022; (b) PB
Fintech Ltd. share price fluctuations from November 2021 to July 2022 (BSE 2022).



Risks 2022, 10, 209 6 of 16

Niyogin Fintech Ltd. is an Indian non-banking finance company. It provides small
businesses with a cost-effective holistic support system through innovative technology and
a dedicated network of partners (Niyogin Fintech Ltd. 2022). The company is engaged in
providing lending facilities and credit services to small and medium business. Geographi-
cally, it operates only in India. The company generates its revenue in the form of interest
income, processing fees, bounce charges, and other finance charges. The company was
founded in 1988 and had 78 employees in 2022. The company went public on the BSE on
17 November 2014. The asset value of the company in March 2022 was 47.8 million USD
(BSE 2022).

Polo Queen Industrial and Fintech Ltd. is in the non-banking financial activity and
trading business, with significant revenue coming from the trading segment. The company
was founded in 1967 and had 20 employees in 2022 (PitchBook 2022b). In March 2022,
the company’s assets were valued at $28.5 million USD (BSE 2022). The company went
public on the BSE on 28 September 2017 (BSE 2022). Figure 3 depicts Niyogin Fintech Ltd.
and Polo Queen Industrial and Fintech Ltd. share price fluctuations from January 2017 to
July 2022.
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Figure 3. (a) Niyogin Fintech Ltd. share price fluctuations from January 2017 to July 2022; (b) Polo
Queen Industrial and Fintech Ltd. share price fluctuations from January 2017 to July 2022 (BSE 2022).

The final sample of 906 observations was composed of share prices collected from four
companies from January 2017 to July 2022.

3.2. Model

The GARCH model was developed by Tim Bollerslev (Bollerslev 1986). Black and
Scholes’s (1973) foundational work established continuous time models as a valuable tool
in theoretical financial economics (Black and Scholes 1973). The theory of pricing assets
in general and the idea of pricing options specifically employ them. The emphasis of
this article is on GARCH(1,1) processes since it allows for explicit computations. The
theoretical foundation of GARCH-behaving continuous-time processes is straightforward
to generalize. However, unlike the GARCH(1,1) instance, parameter limits and explicit
formulae in this more generic situation need numerical processes and cannot be stated in a
closed form. For the rest of the study, we will use the Mean-GARCH model on the included
data, focusing only on GARCH-M(1,1). The first article published on the Mean-GARCH
model was by Kroner in 1993, which investigated the impact of exchange rate volatility on
international trade (Kroner and Lastrapes 1993).

Time-varying volatility is more common than constant volatility in economic and
financial data, and accurate modeling of time-varying volatility is critical in financial en-
gineering (Panda and Nanda 2018). MGARCH allows the conditional-on-past-history
covariance matrix of the dependent variables to follow a flexible dynamic structure
(De Almeida et al. 2018).

To determine whether there is any dynamic link between risk and return in the Indian
fintech market, the GARCH-M model is applied to the average returns of listed fintech
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companies in India based on their closing stock prices. The dependent variable is the log of
return from India’s fintech market, and the variance is used to calculate the relationship
between risk and return.

To conclude the result, first the ARMA model is applied to the average return with
906 observations consisting of fluctuations (see Figure 4).
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Figure 4. Fluctuations in the average closing prices of Indian fintech companies (authors calculation
based on BSE stock prices).

Following that, the heteroskedasticity test is applied to the framed data set to ensure
that the conditions for applying the GARCH model (with two lags) are met. When no
ARCH effect or volatility clustering is found, the GARCH model is used with the student’s
T-distribution on the log values of returns (residuals). The GARCH model is based on the
following equation:

σ2
t = α + β1E2

t−1 + β2σ2
t−1 (1)

where σ2
t is the conditional volatility, and E2

t−1 are squired unexpected returns for the
previous period. The β coefficient shows the persistence of the volatility, i.e., how long the
volatility would take to revert back to long-run volatility.

Figure 5 shows the residuals of the log returns.
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Figure 5. LOG (RETURN) residuals (authors calculation based on BSE stock prices).

The GARCH-M model with variance equation is used in the Indian fintech industry to
answer the question of whether or not there is a relationship between returns and volatility.
The GARCH-M model is based on the equation:

GARCH = C(5) + C(6) ∗ RESID(−1)2 + C(7) ∗ GARCH(−1) (2)
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Figure 6 shows the average returns of Indian fintech companies as a dependent variable.
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Figure 6. Average returns of Indian fintech companies (authors calculation based on BSE stock
prices).

4. Results

The application of the augmented Dickey–Fuller test to the data of the average return
of the fintech industry in India is shown in Table 1.

Table 1. Augmented Dickey–Fuller test for unit root.

t-Statistic Prob.

Augmented Dickey–Fuller test statistic 5.313794 0.0000
Test critical values: 1% level 3.437426

5% level 2.864553
10% level 2.568427

The p and t values in the table show statistically significant results at 1%, 5%, and 10%
significance levels. As a result, the return data is stationary at the level.

Table 2 shows the calculations for the Augmented Dickey–Fuller test equation. The
average return in India’s fintech market is used as a dependent variable in this test, and the
method of least squares has been applied to 896 observations after adjustment. According
to the test, the value of r square is 0.762, and the value of adjusted r square is 0.759. Because
the R-square values are within the acceptable limit for time series data, these values indicate
that the model used in the equation is a good fit.

Table 2. Augmented Dickey-Fuller test equation.

Variable Coefficient Std. Error t-Statistic Prob.

RETURN(−1) −0.813562 0.153104 −5.313794 0.0000
D(RETURN(−1)) −0.774386 0.149580 −5.177083 0.0000
D(RETURN(−2)) −1.066055 0.146537 −7.274982 0.0000
D(RETURN(−3)) −1.209492 0.143531 −8.426708 0.0000
D(RETURN(−4)) −1.146063 0.139377 −8.222740 0.0000
D(RETURN(−5)) −1.097207 0.132485 −8.281762 0.0000
D(RETURN(−6)) −0.910645 0.121602 −7.488740 0.0000
D(RETURN(−7)) −0.769113 0.106693 −7.208654 0.0000
D(RETURN(−8)) −0.568617 0.086165 −6.599186 0.0000
D(RETURN(−9)) −0.368982 0.061599 −5.990065 0.0000

D(RETURN(−10)) −0.175751 0.033110 −5.308097 0.0000
C 0.832868 0.156859 5.309644 0.0000
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Table 2. Cont.

Variable Coefficient Std. Error t-Statistic Prob.

R-squared 0.762460 Mean dependent var 4.28 × 10−6

Adjusted R-squared 0.759505 S.D. dependent var 0.391822
S.E. of regression 0.192151 Akaike info criterion −0.447769

Sum squared resid 32.63903 Schwarz criterion −0.383511
Log likelihood 212.6005 Hannan-Quinn criter. −0.423217

F-statistic 257.9532 Durbin-Watson stat 2.006463
Prob(F-statistic) 0.000000

After drawing the correlogram of return, the value of Autocorrelation and Partial
Correlation gave values of p and q as “1”. Hence in the next table, AR(1) and MA(1) with
dependent Variable of LOG(RETURN) with 906 observation is shown.

Table 3 shows the results of the regression analysis using the autoregressive moving
average model. The r square and adjusted r square values are 0.7603 and 0.759, respectively,
which indicate that the model is a good fit. As a result, the average values of return in
India’s fintech industry can be used to make future predictions. However, since the primary
aim of the study is to investigate the relationship between risk and return in the Indian
fintech industry, the following section of the study focuses on testing heteroskedasticity. To
determine whether the ARCH effect exists in the data set’s frame, heteroskedasticity will
be examined.

Table 3. ARMA Model of Average Returns in FINTECH market of India.

Variable Coefficient Std. Error t-Statistic Prob.

C 3.14 × 10−6 2.70 × 10−5 0.116343 0.9074
AR(1) −0.519600 0.017158 −30.28302 0.0000
MA(1) −1.000000 7.329339 −0.136438 0.8915

SIGMASQ 0.031587 0.005246 6.021269 0.0000

R-squared 0.760349 Mean dependent var 5.95 × 10−6

Adjusted R-squared 0.759552 S.D. dependent var 0.363248
S.E. of regression 0.178121 Akaike info criterion −0.599520
Sum squared resid 28.61769 Schwarz criterion −0.578288
Log likelihood 275.5827 Hannan–Quinn criter. −0.591412
F-statistic 953.9377 Durbin–Watson stat 2.262986
Prob(F-statistic) 0.000000
Inverted AR Roots −0.52
Inverted MA Roots 1.00

The heteroskedasticity test of the ARCH model is shown in Table 4, which runs the test
equation of the dependent variable of the square of residuals of the log of the average rate
of return. The table calculations are based on the least squares method, which includes 904
observations after adjustments. The table calculations are best based on the null hypothesis
in that there is no ARCH effect or volatility clustering. However, based on the numerical
values of the various parameters shown in the table, the null hypothesis is rejected because
Prob. F(2,901) and Prob. Chi-Square(2) are less than 0.05. As a result, the GARCH-Model is
then applied in the following sections of the research.
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Table 4. Heteroskedasticity test: ARCH.

F-statistic 84.54389 Prob. F(2,901) 0.0000
Obs*R-squared 142.8438 Prob. Chi-Square(2) 0.0000

Test Equation:
Dependent Variable: RESIDˆ2
Method: Least Squares
Date: 22 September 2022 Time: 10:08
Sample (adjusted): 7 January 2019–21 September 2022
Included observations: 904 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.
C 0.016113 0.002848 5.656841 0.0000

RESID(−1)ˆ2 0.185374 0.031721 5.843919 0.0000
RESID(−2)ˆ2 0.305616 0.031721 9.634534 0.0000

R-squared 0.158013 Mean dependent var 0.031656
Adjusted R-squared 0.156144 S.D. dependent var 0.084311

S.E. of regression 0.077449 Akaike info criterion −2.275074
Sum squared resid 5.404552 Schwarz criterion −2.259122

Log likelihood 1031.333 Hannan–Quinn criter. −2.268981
F-statistic 84.54389 Durbin–Watson stat 2.064221

Prob(F-statistic) 0.000000

Table 5 shows the GARCH model calculations using the log of the average return of the
Indian fintech industry. The method used in Table 5 is MGARCH–Student’s t distribution,
which was applied to 905 observations after adjustment. The calculation consists of failure
to improve likelihood (non-zero gradients) after 19 iterations. The equation can be written
using the values in the table as follows:

σ2
t = 0.043337 + 0.15E2

t−1 + 0.6σ2
t−1 (3)

Hence the value of β1 = 0.15 and β2 = 0.6. Therefore,

β1 + β2 = 0.75 < 1− → Decaying Volatility

Since the summation of β coefficients is less than 1, there is decaying volatility in the
returns of the Fintech market of India with the decaying rate of 0.25. Moreover, this means
the reason for the volatility is persistence.

Table 5. GARCH Model.

Variable Coefficient Std. Error z-Statistic Prob.

C 0.000297 0.027199 0.010922 0.9913
AR(1) −0.309213 0.219286 −1.410090 0.1585
MA(1) −0.305138 0.280940 −1.086130 0.2774

Variance Equation
C 0.131948 0.135561 0.973351 0.3304

RESID(−1)ˆ2 0.150000 0.176532 0.849704 0.3955
GARCH(−1) 0.600000 0.391528 1.532459 0.1254

T-DIST. DOF 19.87092 101.5485 0.195679 0.8449

R-squared 0.517457 Mean dependent var −2.67 × 10−5

Adjusted R-squared 0.516387 S.D. dependent var 0.363448
S.E. of regression 0.252750 Akaike info criterion 0.905366
Sum squared resid 57.62205 Schwarz criterion 0.942554
Log likelihood −402.6781 Hannan–Quinn criter. 0.919568
Durbin–Watson stat 2.917639

Inverted AR Roots −0.31
Inverted MA Roots 0.31
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Table 6 displays the values associated with the application of the GARCH-M model
with the log of return from India’s fintech market as the dependent variable. The model
is used by taking 905 observations after adjustments and computing the coefficient of
covariance using the outer product of gradients. The relationship between risk and return is
calculated using variance. The table’s values assist in determining the relationship between
risk and return on investment in India’s fintech market. The analysis will determine
whether or not taking a high risk in the given market will result in a high return. Because
the probability of the GARCH value is 0.027, which is less than 0.05, there is a significant
relationship between risk and return.

Table 6. GARCH-M Model for risk-return analysis.

Variable Coefficient Std. Error z-Statistic Prob.

GARCH 0.000555 0.000251 2.209806 0.0271
C −8.41 × 10−5 3.31 × 10−5 −2.543014 0.0110

AR(1) −0.241525 0.035507 −6.802208 0.0000
MA(1) −0.992338 0.004089 −242.6798 0.0000

Variance Equation
C 1.208346 0.644220 1.875674 0.0607

RESID(−1)ˆ2 1124.257 540.7955 2.078894 0.0376
GARCH(−1) 0.291233 0.033948 8.578811 0.0000

T-DIST. DOF 2.000462 0.000199 10,053.79 0.0000

R-squared 0.760140 Mean dependent var −2.67 × 10−5

Adjusted R-squared 0.759341 S.D. dependent var 0.363448
S.E. of regression 0.178297 Akaike info criterion −1.737947
Sum squared resid 28.64252 Schwarz criterion −1.695446
Log likelihood 794.4212 Hannan–Quinn criter. −1.721716
Durbin–Watson stat 2.395802

Inverted AR Roots −0.24
Inverted MA Roots 0.99

5. Discussion

Fintech’s rapid evolution means it can improve our financial lives and threaten them.
Fintech had a peak year in 2021 with a record amount of private market funding, mergers
and acquisitions (M&A) deals, and successfully completed initial public offers (IPOs) and
special purpose acquisition companies (SPACs). Private investment in private fintechs
reached an estimated $135 billion, a 206% increase from 2020 (Fintech Insights 2022). The
years 2020–2021 were record years for IPOs, with 54 fintechs going public, including some
of the biggest names like Coinbase, Robinhood, and SoFi (Fintech Insights 2022). However,
huge success in the beginning was reversed in November 2021, when fintech share prices
began to fall (Investor’s Business Daily 2022). As a result, the public fintech market’s
performance over the last two years has been volatile.

With over 2000 FinTech startups and reported investments totaling more than $20
billion in 2021, India was one of the leaders in the development of the fintech industry
(Invest India 2022). The rapid expansion of startups in the sector has been facilitated by a
large talent pool, a supportive regulatory environment, a growing customer base, access to
funding, and a foundation of free public digital infrastructure (Invest India 2022). In spite
of a slowdown in economic activity brought on by the pandemic in 2020, the fintech sector
continued to show growth on a number of fronts and is anticipated to report accelerated
growth in funding, users, and revenues in the following year. Many investors have been
drawn to the growing fintech market, but how risky is it? Fintech is a relatively new
market for advanced economies with stable financial markets and systems, but it still has a
number of unresolved regulatory issues (Rupeika-Apoga and Wendt 2022). Fintech puts
extra strain on already-overburdened authorities in developing and emerging countries,
who often have fewer resources at their disposal to deal with technological advancements
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(Wu et al. 2020). Fintech’s potential effects on financial stability are difficult to gauge since
so little data exists on the topic (Xu and Zou 2022).

As a result, in this article, the first attempt (to the best of our knowledge) was made to
empirically study the relationship between risk and return in the fintech industry in the
Indian equity market. The sampling of the Indian fintech market is conducted by choosing
four fintech firms listed on the BSE. In this article, it was attempted to determine whether
or not investing with high risk in the fintech sector of the equity market increases the
likelihood of obtaining a high return on investment.

The earlier academic and empirical literature provides different discernment concern-
ing asset portfolio investment opportunities (Oehler et al. 2021; Mubarak and Petraite 2020;
Chang 2019). At the same time, an emerging dimension in the literature accentuates
the significance and emergence of the fintech industry around the globe (Li et al. 2017;
David et al. 2022; Feyen et al. 2021; Horn et al. 2020). Present research considers the volatil-
ities and assesses the return dynamics of the fintech market in India. This dimension has
received little attention, with only a few empirical studies (Asmarani and Wijaya 2020;
Bildirici 2022). As a result, in this article, an attempt has been made to empirically investi-
gate the returns of Fintech investment horizons in the Indian landscape using recent data
and recent empirical techniques.

The articulated data set fulfilled the condition of stationarity at the level. With the
application of the augmented Dickey–Fuller test, the results were significant, and the regres-
sion coefficient values made the model acceptable. This average return on the investment
in the fintech market of India can be considered for further calculations. Figures 2 and 3
show the volatility in the prices of significant fintech companies listed on the Bombay
Stock Exchange of India. Whether the riskiness arising out of this volatility also helps
the investor earn a high return or not, the GARCH-M model was applied in the research
(De Almeida et al. 2018).

While heteroskedasticity testing is important, the major aim of this study was to
examine the link between risk and return in India’s fintech business. Heteroskedasticity
was analyzed to see whether the ARCH effect can be found in the given dataset. Using
the test equation of the square of residuals of the log of the average rate of returns, the
heteroskedasticity test of the ARCH model was performed, as shown in Table 4. In the
end, 904 observations were used to compile the data in the table using the least squares
approach. To obtain the most accurate results from the table, it is preferable to work with the
assumption that neither the ARCH effect nor volatility clustering is present. However, the
values of the table’s parameters indicate that the null hypothesis cannot be accepted, since
the probability of both F(2,901) and Chi(2) is less than 0.05. The GARCH Model may thus
be used in the subsequent analyses. In Table 5, the results of applying the GARCH model
to the log of the average return in India’s fintech business, can be observed. The returns of
the Indian Fintech market exhibit fading volatility with a decaying rate of 0.25 since the
total is less than 1. Moreover, this implies that the persistent nature of the underlying cause
of the volatility is to blame. Results from using the GARCH-M model with the log of return
from the Indian fintech industry as the dependent variable are shown in Table 6. In order
to apply the model, 905 post-adjusted data were used and the coefficient of covariance
using the outer product of gradients calculated. The correlation between risk and return
may be determined by examining the variance. The risk and return of an investment in
India’s fintech sector may be calculated using the figures in the table. If the study finds
that high risk in this market yields a high return, then high risk should be taken. There is a
substantial connection between risk and return since the likelihood of a GARCH value of
0.0271 is less than 0.05.

6. Concluding Remarks

In conclusion, the findings emphasize the importance of accepting the risks associated
with investing in India’s Fintech sector. This has significant implications for the portfolio
composition decisions made by stock investors and fund managers, as well as the length
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of time they hold stocks or are exposed to a particular market. Finally, depending on an
investor’s investment horizons, the Indian fintech market can generate high returns for
risk-averse individuals.

Our study is not without limitations. First of all, while the Indian fintech market’s
risk–return relationship is statistically significant according to our GARCH-M model, the
companies that were studied only make up a small portion of the entire sector. Second,
the inclusion of fintech companies from other countries would benefit the discussion and
future research on investments in the Indian fintech industry.

Even though the results of our study and those of other researchers have allowed some
conclusions to be drawn, the fintech industry’s rapid development necessitates ongoing
research to keep up with the high levels of innovation. Furthermore, regulators’ responses
and/or supporting activities may have a significant impact on the fintech investment market.

Present research focuses on the GARCH-M application of the return in the Fintech
Industry of India. To cover other aspects, various volatility models can also be applied
to the framed data set in the same sample, such as seasonality in volatility, E-GARCH,
volatility spillover, dynamic condition correlation, BEKK, BECH Model, etc.

Our research, despite its limitations, can assist institutional and individual investors
in developing investment strategies.
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