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The fintech segment is currently one of the most rapidly growing industries, attracting numerous investors who
anticipate substantial returns in the future. Notably, not only individual retail investors but also mutual fund
agencies are actively engaged in predicting stock prices within this sector to maximize their trading gains. The
purpose of the study is to formulate stock forecasting models for top three Fintech Companies of India i.e., Policy
Bazar, One 97 Communications Paytm Ltd., and Niyogin Ltd. Using Random Forest model with high-frequency
data in Python. The literature review section also proves that this study is a novel piece of work as none of the
existing research study focused on predicting stock prices of Fintech Companies of India using Random Forest
model. The data is extracted from www.moneycontrol.com and www.kotaksecurities.com, for the period from
1st October, 2022-30 th September, 2023. The study deals about 293,280 data points i.e., 3 companies @ 97,760
each. It has been found that the forecasting model of random forest provides very successful results for prediction

as the co-efficient of determination of all the selected companies is more than 95%.

1. Introduction

Technological advancements have a longstanding presence in the
financial sector. Digital innovation, in particular, has ushered in sig-
nificant enhancements in system connectivity, computational capabil-
ities, cost efficiency, and the generation of actionable data. These
improvements have led to the reduction of transaction costs and the
emergence of novel business models and players in the financial land-
scape (Feyen et al., 2021). These new entrants are collectively referred
to as "Fintech." In the digital age, numerous Fintech startups have
proliferated, both in developed and developing nations, including India.
Fintech, as the name suggests, is the fusion of finance and technology. It
gained substantial momentum following the global financial crisis of
2008 and continues to evolve rapidly, with many unexplored opportu-
nities remaining (Taujanskaite and Kuizinaite, 2022).

In this dynamic environment, many market participants leverage
technology to streamline financial services, encompassing lending, in-
surance, investments, trading, budgeting, and more (Scardovi, 2017;
Pazarbasioglu et al., 2020). This contributes to the seamless and efficient
operation of financial services traditionally offered by banks and
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insurance companies (Alt et al., 2018; Breidbach et al., 2020). Fintech
companies in India, such as Paytm, gained prominence during events
like Demonetization and the COVID-19 pandemic when cashless trans-
actions became the preferred choice for many (Jakhiya et al., 2020;
Moid and Shankar, 2022; Khando et al., 2023). As the fintech sector
expands, numerous players in India are narrowing their focus to niche
areas. Consumer lending fintech firms constitute a significant portion,
comprising 17% of the total fintech enterprises (Nenavath, 2022;
Migozzi et al., 2023). The demand for credit in India continues to rise,
prompting banks to collaborate with fintech companies to enhance
service offerings. For example, Paytm simplifies payments by reducing
the need for manual intervention in card and net banking transactions
(Ganjoo et al., 2023). Angel investors are increasingly drawn to invest in
fintech startups, recognizing the industry’s substantial growth potential
(Surana et al., 2020; Harris, 2021; Saura et al., 2021). Some fintech
companies have even reached a point where they expand operations and
become publicly listed on stock exchanges.

The fintech sector is currently one of the most rapidly growing in-
dustries, attracting numerous investors who anticipate substantial
returns in the future (Mention, 2019; Zhang-Zhang et al., 2020; Arora
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and Madan, 2023). Notably, not only individual retail investors but also
mutual fund agencies are actively engaged in predicting stock prices
within this sector to maximize their trading gains (Palmié et al., 2020;
Bhatia et al., 2021). Various techniques, such as Exponential Moving
Averages (EMA), AutoRegressive Integrated Moving Average (ARIMA),
GARCH Models, and Holt-Winters Exponential Smoothing, have been
employed to forecast stock prices using univariate data (Priyamvada &
Wadhvani, 2017; Chatterjee et al., 2021). However, the Random Forest
method emerges as a promising alternative. Random Forest is an
ensemble learning approach that amalgamates multiple decision trees
for making predictions (Asad, 2015; Thakur and Kumar, 2018). This
ensemble strategy often yields more robust and accurate predictions
compared to individual models, with the added advantage of accom-
modating non-linearities. While comparing the Random Forest model
with the other benchmark model like ARIMA, random forest model can
also consider non-linear patterns in stock prices movement, and can
successfully handle seasonality and trends, outliers and anomalies and
both short-term and long-term forecasting also.Moreover, it is versatile
enough to handle both regression and classification tasks, making it
suitable for various stock price forecasting scenarios (Valencia et al.,
2019; Landis and Cha, 2020; Mohanta et al., 2020). In this study, we
endeavor to predict stock prices in the burgeoning Indian FinTech sector
using the Random Forest model, employing high-frequency data. The
use of high-frequency data, specifically one-minute closing prices of
Indian fintech companies, enhances prediction accuracy and precision.
Innovation Dynamics research often explores how technological ad-
vancements impact various sectors, including finance. The use of such
kind of high-frequency data and machine learning techniques like
Random Forest to forecast stock prices of fintech companies suggests an
application of technological innovation in the financial industry.Sub-
sequently, the literature review section outlines key research endeavors
related to stock price forecasting, high-frequency data, and Random
Forest. This study not only substantiates the research gap but also un-
derscores the novelty of our research within this field.

2. Review of literature

India is well-known as a thriving center for fintech, and as the Indian
start-up ecosystem expands, more industries inspired by fintech use
cases will start up and receive funding from different sources. Risky
investments in the fintech segment of the equities market may pay off
handsomely, according to a study that indicates a significant risk-return
link in the Indian fintech industry (Mention, 2019; Brown and Wiles,
2020; Bhatnagar et al., 2022).

Akyildirim et al. (2023) test many machine learning strategies for
their ability to foretell intraday excess returns. Prediction rates much
above 50% are generated by machine learning analytics, and optimal
profit ratios can go as high as 33%. The findings support the usefulness
of analytics and machine learning techniques and prompt additional
discourse on the market’s moderate efficiency. Data from the Indian
stock market shows that Levenberg-Marquardt (LM), Scaled Conjugate
Gradient, and Bayesian regularization algorithms all achieve an accu-
racy of 99.9% when using tick data (Selvamuthu et al., 2019). When
compared to the findings obtained using tick data, the accuracy over a
15-minute dataset lowers to 96.2% for LM, 97.0% for SCG, and 98.9%
for Bayesian Regularization.

The potential gains from accurate future forecasting have made it a
goal of many societies and economies. With the help of Al scientists will
have access to more precise predictions than ever before. Over time, as
technology and algorithms improve, they will become more precise.
Overall, feature engineering proved to benefit the models (Alkhatib
et al., 2022). When applied to models using Long Short-Term Memory,
the new method yielded significant improvements. Predicting the Fin-
tech index is useful for a number of different people since it can help
investors create successful short-, medium-, and long-term investment
plans and can direct financial regulators toward making accurate and
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effective regulatory rules. These findings show that the algorithm can be
used as a more precise instrument to forecast the Fintech index (Liu
et al., 2021). High frequency trading (HFT) algorithms are robust and
effective, this is shown by the fact that the whole prediction system,
which includes the deep learning block with RL framework corrections,
can boost trend forecast accuracy to roughly 85% (Rundo, 2019).
Additional insights on network connections may be gained by utilizing
the high-resolution information contained in high-frequency intraday
trading data sets. However, the asynchronicity, complicated dynamics,
and non-stationarity of such data sets make them extremely difficult to
model. Use of random forests, a cutting-edge machine learning approach
that provides high prediction accuracy without the need for costly
hyperparameter tweaking, to estimate financial networks and overcome
these obstacles (Karpman et al., 2023).

Seven machine learning algorithms are compared in (Subasi et al.,
2021) study across four stock index datasets (NASDAQ, NYSE, NIKKEI,
and FTSE) with the goal of making investment risk mitigation easier.
Furthermore, Random Forest were found to produce superior outcomes.
Utilizing several types of random forests, including quantile random
forests and extreme random forests (Demirer et al., 2022), demonstrate
that risk aversion enhances the accuracy of realized volatility forecasts
outside of the sampling frame. Realized skewness and kurtosis, as well as
measures of jump intensity and leverage, have little to no effect on risk
aversion’s ability to anticipate future outcomes. Stock trend prediction
accuracy can be effectively improved by using the random forest model
and optimizing the various processes of stock research (Yin et al., 2023).
Random forest do the best job of predicting both the overalltrend and
the magnitude of future price changes (Akyildirim et al., 2022). Sador-
sky (2021) finds that, compared to logit models, random forest methods
are superior at predicting the direction of stock prices. For forecast ho-
rizons of 10 days or longer, random forests and tree-bagging models
have a prediction accuracy of above 80%. Accuracy ratings of 85-90%
are achieved by the tree bagging and random forest methods for a
20-day forecast horizon, whereas those of 55-60% are achieved by the
logit models. By applying the artificial intelligence algorithm of
ensemble random forest methods, moreover, (Lin et al., 2020) was able
to get the probabilities of market reactions of start-up enterprises listed
on the GISA equity crowdfunding platform and anticipate the degree of
market reaction. Predicting actual data in market reactions using the
GISA platform for startups has an accuracy of 65%. Similarly, according
to (Luong and Dokuchaev, 2018), the random forest method is effective
at predicting the direction of realized volatility. Empirical results on the
S&P 200 indicate that the use of purified implied volatility and this
machine learning technique resulted in an improvement of the
pre-existing heterogeneous autoregressive model (HAR) framework.

2.1. Research gap

From the review of the existing literature, it can be observed that
many researches have been done on forecasting but there are some
studies related to forecasting stock prices using random forest but none
of the study focused on forecasting stock prices of Fintech Companies of
India using Random forest. Moreover, there is not enough studies that
used high-frequency data while framing random forest model for fore-
casting. The study is fully focused on a new dimension by framing
random forest model using the high-frequency data to forecast stock
prices of the companies of most emerging sector of India i.e., FinTech.
Hence, a study on this research gap is considered as a feasible one is
definitely going to contribute to existing studies.Moreover, studying
stock price forecasting in the context of fintech companies can provide
insights into how market dynamics are influenced by innovation in the
financial technology sector. Innovation Dynamics research may seek to
understand the interactions between technological innovation and
market behavior.
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3. Objectives of the study

e To formulate stock forecasting models for top three Fintech Com-
panies of India i.e., using Random Forest model with high-frequency
data.

e To determine the efficacy of the formulated models in forecasting the
future stock prices of fintech companies.

4. Research methodology
4.1. Research design

This research adopts a quantitative approach aimed at predicting
stock prices of Fintech companies in India. The chosen methodology
involves the application of a machine learning technique i.e. Random
Forest, implemented using Python. This method is suitable for fore-
casting financial time series data as it accommodates non-linear re-
lationships and handles high-dimensional data effectively.

4.2. Data collection

The primary data source for this study consists of high-frequency
data i.e., historical one-minute daily open, high, low, close stock price
of top three Fintech companies listed on the Indian stock exchanges
namely Policy Bazar, One 97 Communications Paytm Ltd., and Niyogin
Ltd. Such kind of high-frequency data are proved as rich in quality
specifically in forecasting stock prices due its precision and use in algo-
trading.High-frequency data in the context of the stock market refers to
data that is recorded and updated at very short time intervals, often with
sub-second or intra-second precision. This data can provide valuable
insights for stock market research, trading, and analysis.The data is
extracted from reputable financial databases, such as www.money-
control.com and www.kotaksecurities.com, for a period from 1st
October, 2022-30 th September, 2023, ensuring the availability of a
sufficient historical dataset to train and validate the model. The data set
of each company has 97,760 data points. Hence, the study deals about
293,280 data points i.e., 3 companies @ 97,760 each.Innovation Dy-
namics research can involve studying new methods and tools for gath-
ering and interpreting data to drive innovation and the use of high-
frequency data and machine learning algorithms like Random Forest
in this research indicates an innovation in data collection and analysis
methods.

4.3. Data preprocessing

To prepare the data for model development, several preprocessing
steps are employed. These include data cleaning, feature selection,
handling missing values, and scaling. Stock price returns are calculated
and used as the target variable, while the lags of opening price, high
price and low price are used as independent variables.

4.4. Model development

Random Forest, a powerful ensemble machine learning algorithm, is
chosen as the forecasting model. It is known for its ability to handle
complex relationships and mitigate overfitting. The model is imple-
mented using Python’s scikit-learn library. It is trained on historical
data, and hyperparameters are tuned through cross-validation to opti-
mize performance.

4.5. Softwares and applications used

For the formulation of Random Forest Model to forecast the stock
prices of Fintech Companies of India, PyCharm with Python Software
with version 3.8 (6) has been used. Moreover, various library packages
are installed namely, NumPy for numerical and mathematical
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operations, Pandas for reading and cleaning the financial data, Scikit-
Learn (sklearn) that includes Random Forest Regressor, Matplotlib and
Seaborn, openpyxl and xlrd for data visualization, High-frequency data
source, and pycharm. The selected version of python can smoothly
handle all the selected packages.

4.6. Evaluation techniques

To assess the model’s forecasting accuracy, several evaluation met-
rics are employed. These metrics include Mean Absolute Error (MAE),
Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-
squared (R2). Additionally, the out-of-sample forecasting accuracy is
assessed to validate the model’s generalization performance. The data is
split into training and testing sets, with a rolling window approach to
evaluate the model’s performance over time. 70% of the data i.e., 68432
are training data points and remaining 30% i.e., 29,328 data points are
used as testing sets.

By following the above approach, the study aims to develop an ac-
curate and robust forecasting model that can assist investors, analysts,
and policymakers in making informed decisions in the dynamic and
rapidly evolving Fintech sector of the Indian stock market.

5. Need of the study and managerial implications

A research study focused on forecasting stock prices of Fintech
companies in India using the Random Forest algorithm holds significant
potential for societal benefit. Accurate stock price predictions for these
companies are essential not only for investors but also for the broader
society. Firstly, such research aids investors in making informed de-
cisions. Stock market investments are integral to many individuals’
financial planning, and the Fintech sector’s dynamism offers both op-
portunities and risks. Reliable forecasts can guide investors, helping
them allocate their resources effectively and mitigate potential losses.
This, in turn, promotes financial literacy and stability among the
populace. Secondly, a successful prediction model for Fintech stocks can
stimulate investment in this sector. Fintech companies drive innovation,
financial inclusion, and economic growth. If investors have confidence
in their ability to forecast stock prices accurately, they are more likely to
invest in these companies, fostering innovation and job creation. The
success or failure of fintech companies can have a significant economic
impact. Innovation Dynamics research often delves into the economic
consequences of innovation. Analyzing stock price forecasting in fintech
can contribute to understanding how innovation in this sector affects the
broader economy.Furthermore, a well-developed forecasting model can
serve as a valuable tool for regulators and policymakers. It enables them
to monitor market stability and respond proactively to emerging chal-
lenges, ultimately safeguarding the interests of both consumers and in-
vestors. This research on forecasting stock prices of Fintech companies
using Random Forest is a critical endeavor that benefits society by
empowering investors, fostering innovation, and aiding regulatory
oversight in a sector poised for transformative growth.

6. Limitations of the study

e Limited Generalizability: The findings of the paper may be limited in
their applicability to fintech companies in India. Stock price pre-
diction models developed for one market or time period may not
generalize well to different markets or time frames. Moreover, it may
not explore the robustness of the model to changing market condi-
tions, and whether it continues to perform well in different market
regimes.

Data Quality and Availability: The accuracy and reliability of stock
price data, especially high-frequency data, can be a limitation. Data
may contain errors, gaps, or inconsistencies that can affect the results
and generalizability of the model. Moreover, such High-frequency
data often comes with a lag, which can affect the practicality of
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real-time trading strategies based on the model’s forecasts. The paper
may not address the implications of this lag.

Model Parameter Tuning: Random Forest models have hyper-
parameters that need to be tuned for optimal performance. The paper
may not explore the sensitivity of the model’s performance to
different hyperparameter settings.

Model Interpretability: Random Forest models are often considered
as "black-box" models, making it challenging to interpret the reasons
behind specific predictions. The paper may not delve into model
interpretability techniques or insights into the importance of specific
features.

Market Dynamics and External Factors: The paper is not adequately
considered external factors such as economic conditions, regulatory
changes, or geopolitical events that can significantly impact stock
prices, particularly in the volatile fintech sector.

7. Analysis and discussion

The study employs the Random Forest (RF) algorithm, originally
introduced by Breiman in 2001 as an enhanced version of the decision
tree, to predict stock prices within the fintech sector in India. At its core,
Random Forests consist of multiple decision trees. During training,
Random Forests construct numerous individual decision trees, and the
predictions from these trees are combined to make the final prediction.
This aggregation is achieved by considering the mode of the classes for
classification tasks or the mean prediction for regression tasks. Two key
parameters in the RF model can significantly impact its performance: the
number of trees (n..) and the number of candidate variables randomly
selected at each split (114,). A recommended value for ngy is §, where p
represents the number of input variables (Dudek, 2015).

To forecast a time-series Yt, the study employs the autoregressive
random forest (AR-RF) model, denoted as AR-RF(p), where p signifies
the number of autoregressive lags. In contrast to various other machine
learning models, Random Forests offer superior precision and excel in
handling large datasets with numerous variables, often extending into
the thousands. Furthermore, Random Forests possess the capability to
automatically balance datasets, especially when one class is less
frequent than others in the data.

7.1. Steps of applying random forest in predicting stock prices of fintech
companies

e In this study all the data sets of the fintech companies which are non-
stationary in nature are converted into stationary for the application
of random forest.

Again, the data set of each company i.e., 97,760 data points, is
splitted into two parts, the first part is the 70% contains 68,432 data
points and remaining 30% contains 29,328 data points.

The first part containing 68,432 data points is considered as training
set and the remaining part containing 29,328 data points is consid-
ered as testing set. The training set is used for framing the random
forest model and the testing set is where the formulated model is
applied for predicting.

The strength and suitability of the random forest model can be
judged by values of Mean Squared Error (MSE), Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE) and Coefficient of
Determination (R?)which can be calculated by using the following
formulae:-

Mean Squared Error
1 N ~\2
MSE = > (i - 3)

Mean Absolute Error

Root Mean Squared Error

1 N ~\2
RMSE = VMSE =/ > bi-y)
Coefficient of Determination

1 N - 52
MAE =55 i3] Re -1 - 0

(v -¥)

Where y = predicted value of yandy =mean value of y
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.

After the application of the formulated model in the testing test, the outcomes of the
model in the form of predicted stock prices and the existing observed (actual) stock
prices are represented in graph to mark out the differences between the those two.
As the testing set contains huge data i.e., 29,328 which may lack in clear depiction of
differences between the actual and predicted stock prices if presented through graphs.
Hence, a deviation graph has been used to show the deviations between the actual and
predicted stock prices.

7.2. Parameters for applying random forest

.

This research used “scikit-learn” Python packagefor formulating the
Random Forest model. There are various “hyperparameters” which
control the behavior of the algorithm and form the random forest model.
Research used default “hyperparameters” given in “scikit-learn” Python
package.

Tree Count (n_estimators): Set to scikit-learn’s default value of 100,
which strikes a balance between model performance and computa-
tional economy.

e Trees’ Maximum Depth (max_depth): Left at ‘None’. This will let the
trees to grow until all of their leaves are pure or contain less samples
than min samples split. This helps in fully representing the
Complexity of the data, with further regularization coming from
other hyperparameters to reduce overfitting.

e Minimum Samples for Split (min_samples_split): Set to 2, which is the

bare minimum needed to create a new node. As a result, the dataset

might be segmented finely, enhancing the model’s capacity to learn
from the training set.

Minimum Samples (min_samples_leaf) at Leaf Nodes: Set to 1 allows

for the most detailed class definitions per leaf, especially helpful for

datasets with a complex decision boundary.

Maximum Features (max_features): By default, "auto" is set in “scikit-

learn” Python package and the same is used, which chooses the

square root of the feature count. this parameter is essential in order
to diversify the individual trees and advance model generalization.

Bootstrap Samples: By default, this feature is enabled in “scikit-

learn” Python package, this enables every tree to undergo training

using a bootstrapped sample of the data. By adding randomness to
the model, this lessens overfitting and improves the ensemble’s ca-
pacity to generalize.

7.3. Brief about the selected fintech companies

7.3.1. Niyogin fintech Ltd

Niyogin Fintech Ltd. operates as a non-banking finance company,
specializing in providing loans, financing, investments, and related
services to micro, small, and medium enterprises in India. The company
places a strong emphasis on superior execution, utilizing advanced
technology, innovative risk management, and establishing robust on-
ground connections. Niyogin’s primary objective is to offer small busi-
nesses an efficient and cost-effective support system through cutting-
edge technology and a dedicated network of partners. They aspire to
become the leading organization in India that caters to the needs of
small businesses, empowering their customers with a comprehensive
ecosystem of products, partnerships, technology, and exceptional
customer experiences.

One 97 Communications Ltd (Paytm).

According to RedSeer, One 97 Communications Ltd., better known as
Paytm, is India’s most advanced e-commerce platform. As of June 30,
2021, Paytm served 337 million clients and over 21.8 million registered
merchants with its vast suite of services, which included payment so-
lutions, e-commerce services, cloud services, and financial services.
Paytm, a digital payment platform that was initially released in 2009
with a focus on mobile devices, ushered in a new era of cashless trans-
actions in India. Paytm Wallet first appeared as a means of making
cellphone recharges and bill payments. Based on RedSeer’s analysis of
consumer volume, merchant count, transaction volume, and income,
Paytm had become India’s largest payments platform by March 31,
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2021. Paytm’s brand value of US$6.3 billion, according to the Kantar
BrandZ India 2020 Report, confirms its place as India’s most valuable
payments brand and makes it the go-to option for transactions across
multiple channels.
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policies sold. Also, when looking at the total number of policies sold
online in India, both insurance firms and distributors, Policybazaar
accounted for 65.3%. Following this section is a visual representation of
the real stock values of a few India-based fintech companies.

Graphical Representation of actual Stock Prices of Selected
Fintech Companies.

Stock Prices of Niyogin Ltd. Stock Prices of One 97 Communications Paytm Ltd.
100 1,000
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20 400
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1900
800
700
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400
300
October January April July
2022 2023

7.3.2. PB fintech Ltd. (policybazar)

Policybazaar’s parent business, PB Fintech Ltd., launched its flagship
platform in 2008 to satisfy customers’ demands for improved insurance
education, selection, and disclosure. With the launch of Paisabazaar in
2014, the company set out to streamline the process of securing personal
loans and credit cards for individuals in India by putting an emphasis on
simplicity, speed, and openness. According to research from Frost &
Sullivan, in terms of disbursals in Fiscal 2021, Paisabazaar held a
dominant 53.7% market share in India’s digital consumer credit
marketplace. In addition, Policybazaar overtook all other online insur-
ance distributors in Fiscal 2020 to become the largest digital insurance
marketplace, with a market share of 93.4% based on the number of

Table 1

Source: Authors’ Construction of Graphs using EVIEWS.

The graphs of the stock prices of all the selected fintechs seem non-
stationary, hence, it is necessary to convert the non-stationary data
into stationary data for the application of random forest for which log
returns have been computed and plotted using line graphs which are
shown in the succeeding section.

Graphical Representation of Log Returns of Selected Fintech
Companies.

Values of Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE) and Coefficient of Determination (Rz) using Python.

Statistics Niyogin Fintech Ltd. One 97 Communications Ltd (Paytm) PB Fintech Ltd. (Policybazar)
Mean Squared Error (MSE) 0.00598 0.1502 0.1486

Root Mean Squared Error (RMSE) 0.07736 0.3875 0.3855

Mean Absolute Error (MAE) 0.01148 0.2337 0.2336

Coefficient of Determination (R?) 0.99998 0.99999 0.99999

Source: Authors’ Computation using Python
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Log Returns of Niyogin Fintech Ltd.
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Source: Authors’ Construction of Graphs using EVIEWS.

The line graphs of log returns seem stationary in nature. Moreover,
the stationary of data should be examined through statistical test.
Hence, the stationarity of log returns series of the above fintech com-
panies have been examined with the help of a unit root test named
Augmented Dickey Fuller Test with the inclusion of test equation as
Intercept, Trend and Intercept and None and found stationary and now
prepared to use it for random forest model.

Table 1 depicts the calculated Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE) and Coefficient of
Determination (R?) of all the selected fintechs. MSE measures the
average squared difference between the predicted values and the actual
values. A lower MSE indicates that the model’s predictions are closer to
the actual values. The MSE of Niyogin Fintech Ltd., One 97 Communi-
cations Ltd (Paytm) and PB Fintech Ltd. (Policybazar) is 0.00598,
0.1502 and 0.1486 respectively which suggests that, on average, the
squared difference between the predicted and actual stock prices is quite
small. This is a positive sign for the model’s accuracy.

Table 1RMSE is the square root of the MSE. It provides a measure of
the average magnitude of errors in the same units as the predicted
variable. An RMSE of 0.07736, 0.3875 and 0.3855 of the three fintechs
respectively indicates that, on average, the model’s predictions are
approximately 0.07736, 0.3875 and 0.3855 units away from the actual

log Returns of PB Fintech Ltd. (Policybazar)

April July
2023

stock prices of the three fintechs respectively. In a suitable model a
lower RMSE is always desirable.

Similarly, the MAE measures the average absolute difference be-
tween the predicted and actual values. Like MSE and RMSE, a lower
MAE indicates better model accuracy and this is another indicator of
good model performance.

Moreover, the R? of all selected fintech are very close to 1, suggesting
that the models explains almost all of the variance in the stock prices.
This is an exceptionally high R-squared value and indicates an excellent
fit of the model to the data. In summary, based on the provided statis-
tical results, it appears that the Random Forest model used for fore-
casting stock prices of all Fintech companies are performing
exceptionally well. The low MSE, RMSE, and MAE values indicate that
the model’s predictions are very close to the actual values. Additionally,
the high R-squared value (close to 1) suggests that the model is an
excellent fit for the data.

Again, by using the formulated models the predicted stock prices are
calculated and shown in the line graphs along with the actual stock
prices for comparison.

Graphical Representation of Actual and Predicted Stock Prices
of Selected Fintech Companies on testing data using the formulated
Random Forest Model.
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Source: Authors’” Construction of Graphs using Python.

Since the above graphs consist nearly 29,328 observations used for
prediction, the trend line of actual and predicted stock prices of the
companies cannot be precisely seen.

Hence, for simplicity and clear understanding, deviations plot (the
difference between actual and predicted stock prices) are generated that
could depict a single trend line. If the model’s predictions are perfect,
the difference will be zero, and no spike can be seen on that particular
date and time. Otherwise, the line will oscillate around zero, showing
the upward spike where predictions are high and downward spike where
predictions are low. The succeeding section shows the deviations plot of
all the three selected companies.

Graphical Representation of Deviations plot of Selected Fintech
Companies.

Differences between Observed and Predicted Close Prices (NIYO)

Difference

Difference
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8. Conclusion

From observation of above analysis and discussion it is clear that the
results obtained from this study provide valuable insights into the ac-
curacy and performance of the predictive model. The statistical metrics
presented in Table 1, including Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), and Coefficient of
Determination (R2), serve as crucial indicators of the model’s effec-
tiveness. It is evident that the Random Forest model has demonstrated
exceptional predictive capabilities for all the selected fintech companies.
First, the low MSE values for Niyogin Fintech Ltd., One 97 Communi-
cations Ltd (Paytm), and PB Fintech Ltd. (Policybazar) indicate that the
model’s predictions are consistently close to the actual stock prices. This
reflects the accuracy of the model in capturing the underlying patterns in
the stock price movements. The RMSE values further confirm the

Differences between Observed and Predicted Close Prices

——

0 5000 10000 15000 30000

Observation

20000 25000

15000
Observation

0 5000 10000 20000 25000 30000

Differences between Actual and Predicted Close Prices (policy_bazaar)

4| — Difference (Actual - Predicted)

Difference

0 5000 10000

Source: Authors’ Construction of Graphs using Python.

From the deviation graphs it can be observed that there are very few
and small spikes in the Policy Bazar graph representing much accuracy
in the prediction and a very few i.e., around 5-6 spikes that oscillated
between -1.25 to + 4 against the average price 576.70 in last year.
Again, some spikes can be seen in the Niyogin Ltd. graph with a
maximum oscillation of -3 to + 2 where the average price of Niyogin
Ltd. in last one year is about 48, but still it can be considered as accurate
forecasting as most of the spikes in particular timestamp are near to zero.
Lastly, in Paytm Graph, too many spikes can be seen but the most of the
spikes are oscillating between -2.5 to + 2.5 and very few spikes between
-12.5 to + 5 where the average price in last one year is about 688 and
again it can be considered as optimally accurate forecasting.

15000 20000 25000 30000

Observation

model’s accuracy, with values of 0.07736, 0.3875, and 0.3855 for the
three fintechs, respectively. These results indicate that, on average, the
model’s predictions deviate by a relatively small margin from the actual
stock prices. Lower RMSE values are generally preferred in forecasting
models, and in this case, they signify the model’s reliability in making
precise predictions. Additionally, the MAE values for all selected fin-
techs are low, reaffirming the model’s ability to make accurate pre-
dictions with minimal absolute errors. This is a crucial aspect of model
performance, as lower MAE values imply better accuracy in predicting
stock prices. Perhaps the most compelling evidence of the model’s
proficiency is the high R"2 values, which are very close to 1 for all fin-
tech companies. An R2 value near 1 indicates that the model explains
almost all of the variance in the stock prices, demonstrating an excep-
tional fit of the model to the data. This is a remarkable achievement, as it
signifies that the Random Forest model effectively captures the under-
lying factors influencing the stock prices of these fintech companies.
Furthermore, the deviation graphs provided in the analysis offer visual
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confirmation of the model’s accuracy. The small and infrequent spikes in
the Policy Bazar graph, the limited oscillations in the Niyogin Ltd. graph,
and the relatively manageable spikes in the Paytm graph all contribute
to the overall assessment of accurate forecasting. Moreover, the findings
of this research paper strongly support the effectiveness of the Random
Forest model in forecasting stock prices of fintech companies in India
using high-frequency data. The combination of low MSE, RMSE, and
MAE values, along with the high R2 values and visually confirmed ac-
curacy, underscores the model’s exceptional performance. These results
have significant implications for investors, financial analysts, and
decision-makers, as they can rely on this model to make informed de-
cisions in the dynamic fintech sector. This study contributes to the
growing body of knowledge in financial forecasting and reinforces the
value of machine learning techniques in stock price prediction.But there
are also certain limitations of the findings of this study, like the results
and findings are based on the lagged open, high and low stock prices
only and does not consider any macro-economic factors that might affect
the stock prices of fintech companies in India.Moreover, in last few years
the financial inclusion has been significantly increased. Many people of
India have started using fintech services especially the digital banking
transactions after demonetization and during COVID-19, which ulti-
mately shoot up the demand for services of fintech companies that leads
to increment of retail investment on such companies, but such effect are
also not considered as regressor.Hence, the future researchers may
conduct some study which could overcome such limitations too.
Furthermore, this study could also act as a guide for future researchers to
employ varied nature of random forest using high-frequency data on
unexplored sectors and areas of global stock markets to forecast the
stock prices or values of market indices.
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