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ABSTRACT

The ARIMA, VAR, and GARCH models are examined at in this corporate finance study to see how
they affect strategy planning, risk management, and choosing investments. The work explains about
how statistical models can be used to guess important financial factors like how the stock market will
do, interest rates, and market changes. By adding predicted future cash flows to the equation for how
stock prices change, our method makes models better at predicting the future and gives businesses more
accurate financial predictions. The review of the study showed that the ARIMA model is very good
at guessing how much a stock will return. The VAR model fit past data very well, which means it can
be used to make accurate financial forecasts. There are some doubts about how accurate the GARCH
model is, but it is still useful for assessing risk because it is very good at predicting market instability.
Including expected cash flows in our models improved our research by giving us a clearer picture of
how the changes would impact our future investment and financial plans. The results show that mixing
ARIMA, VAR, and GARCH models might help in figuring out how well a company will do financially.
However, there is not a single model that works perfectly for everyone. This could help decide what
decisions to make, come up with plans, and lower the risks. The results of the study helped corporate
finance experts to choose better strategies. Based on the data, we need to find new ways to predict the
future that can adapt to changing market conditions and help businesses succeed in the long run in an
always changing circumstances.

HIGHLIGHTS

@ The exploration result showed that ARIMA, VAR, and GARCH models demonstrated good predictive
ability regarding future cash flows. The GARCH model demonstrated the least accuracy because it
cannot fully estimate market volatility.

@ The simultaneous use of ARIMA, VAR, and GARCH models gives a broader picture of economic
processes and makes forecasts more accurate. These models can be adapted to constantly changing

market conditions, allowing you to make more How to cite this article: Ievsieieva, O., Kolisnyk, M., Yatsenko, O.,

informed investment decisions. Chornovol, A. and Bocharova, N. (2024). Financial Modeling and
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Company financial management is a difficult area
that is always changing. It is very important to be
accurate, plan ahead, and understand how things
work from a strategic point of view. A business
can plan for and handle money problems with the
help of forecasting and financial models. Corporate
finance is hard to handle assets, risks, and strategies
(Sahoo and Goswami, 2023). Focusing on three main
models— ARMA, VAR, and GARCH (Generalized
Autoregressive Conditional Heteroskedasticity)—
this work looks into the tricky world of financial
modeling and forecasting. All of these models can
be used to guess what will happen with market
changes, stock returns, and interest rates. They all
show changes in financial time series in various
ways.

A big part of business finance is planning and
forecasting money. Companies use these ways to
help them plan their budgets, handle risk, and make
investments. Forbes (2023) claims that financial
models can show in numbers how a company
makes money and does business in the market.
This can help people estimate what will happen
and make things clearer. These models are used to
guess what will happen and how much money will
be made in the future. Raihan et al. (2023) state that
complex financial models and projection methods
are being used more because of globalization,
uncertain markets, new technologies, and changes
in regulations. These changes raise the stakes and
make it harder to make financial decisions. Not
only is it better to think about and plan for possible
financial results, it’s also necessary in this situation
to keep and grow business value.

Even though these methods are used, they are
hard to apply to business financial management.
To make accurate financial predictions, we need
to choose the right models, change the factors, and
examine results. It is hard to make accurate financial
predictions because of many outside factors, such
as global events, economic policy, and the fact
that financial markets are naturally unpredictable.
The goal of this post is to help readers move from
studying financial modeling in school to managing
money in real life. We tested the ARIMA, VAR,
and GARCH models to see how well they could
predict key financial measures using different
situations that include realistic assumptions about
market conditions and financial data. By taking
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this method, we might better understand how the
models can predict what will happen and how
they relate to financial strategies, lowering risk,
and making bigger strategic decisions in corporate
finance management. The piece goes above and
beyond the usual use of these models by adding
predicted future cash flows to the formula for stock
price changes. This new method makes the models
more accurate at predicting the future, giving them
a complete way to guess stock prices using basic
financial information. Finance workers will learn
both theoretical study and useful techniques that
will help them make better decisions in unstable
financial markets.

LITERATURE REVIEW

Academic research has shown that financial
planning and projections are important parts of
managing company finances. This set of tools will
help a company make better financial decisions,
strategy plans, risk management, and investment
choices. Organizations needed to understand and
predict financial results in order to make smart
choices (Olaniyi et al. 2023). Risk assessment models,
discounted cash flow (DCF) models, and basic
financial measures were important steps forward
in the history of corporate finance management
(Paolone, 2020). Return on investment (ROI), the
debt-to-equity ratio, and the current ratio are some
of the first financial measures that businesses can
use to figure out how efficnelty they are working
(Rahmadi, 2020). These ratios provided a simple
yet powerful way to compare financial features
present in a company’s financial reports, allowing
for a better understanding of profitability, liquidity,
leverage, and efficiency. Financial ratios were widely
used since the 1930s landmark paper by Graham
and Dodd, “Security Analysis,” demonstrated their
usefulness in assessing the worth and dangers of
assets (Siddiquee, 2022).

Recognizing the inherent uncertainty and diversity
of potential risks to future cash flows and financial
outcomes, financial modeling underwent a change
with the advent of risk assessment models (Gennaro,
2021). The development of the Capital Asset Pricing
Model (CAPM) by (Sharpe, Lintner, and Mossin
1960) independently, introduced a way to quantify
the expected return of an investment considering
its risk relative to the market (O’Neill, 2021). This
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model laid the foundation for modern portfolio
theory and risk management practices, emphasizing
the trade-off between risk and return. Advances
in computing power, software, and data analytics
have expanded the capabilities of financial models,
enabling more sophisticated simulations, analyses,
and real-time decision-making (Ren, 2022). The
research rigorously examines the factors influencing
the profitability of the Islamic banking sector in
Indonesia, employing a panel data regression
approach with fixed and common effect models
to mitigate estimation biases (Gunanto, 2023). In a
sample spanning Q1 to Q4 of 2022, findings reveal
increasing compliance with regulatory standards
and nuanced effects of variables on profitability.
Notably, while the BI rate insignificantly affects
profitability, inflation exerts a negative impact, and
liquidity alongside economic growth positively
influence profitability. There is a comprehensive
framework for selecting national priorities in
sustainable economic development, emphasizing
a smart future economy (Suprunenko et al. 2023).
By integrating insights from 40 scientific papers
and macroeconomic statistics, it offers a systematic
approach to strategic planning, particularly
emphasizing innovative development.

Increases in computational capacity have made it
feasible for financial analysts to run complicated
models that were either too laborious or impossible
to run before the late 20th century. This is crucial
for processes like solving differential equations in
option pricing models and running Monte Carlo
simulations, which use millions of iterations to find
the distribution of possible outcomes (Prakash &
Ambekar, 2024). The people who make computer
programs for quantitative analysis, like MATLAB,
R, and Python, have given experts strong tools for
making and testing financial models. More people
are able to do financial modeling now that these
tools have made it easier to join and faster to try
ideas and scenarios. It is the “big data” era now that
everything is digital (Shukla et al. 2023). This means
that people can access huge amounts of financial
and economic data. In the case of money, machine
learning techniques have made it possible to look
at and make sense of very large amounts of data in
order to find patterns and make predictions about
future money trends. For example, Shevchenko
(2022) examine the problems the Ukrainian stock
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market is having in light of Europe’s growth and the
need for long-term growth. When we look at current
rules through the lens of information administration
services, it’s easier to see how they help drive
sustainability. A new discovery in the field is that
companies’ actions on the stock market are the
intended receivers of information management
services that deal with personally identifiable
information. Vlasenko et al. (2020) explore how
countries that are changing from socialism to market
economies handle investor flows and security,
taking into account their plans for change, their
economic policies, and their political and economic
freedoms. It shows that security and investment are
very low, coming to an average of 3.5% of GDP,
based on statistics from 18 changing countries.
The research shows that investment outflows are
favorably connected with gross capital formation,
savings, and GDP growth, but adversely correlated
with political rights and civil liberties. The paper
highlights the significance of regulatory frameworks
and institutional infrastructure in luring investment
and urges the removal of trade barriers to make
investment more appealing.

Theoretical Underpinnings

Financial modeling and forecasting get their
theoretical framework from economic theory,
which in turn draws on a number of significant
ideas. Familiarity with these ideas is crucial for
understanding financial models and making sense of
the assumptions they make when predicting future
financial conditions. By the 1960s, economist Eugene
Fama had already put out his Efficient Market
Hypothesis (EMH). This theory states that financial
markets are “efficient” because the prices of securities
always reflect all available information (Kelikume
et al. 2020). The EMH is a guiding principle for
models; it asserts that we cannot use financial data
and past price movements to predict future price
fluctuations. Consequently, there is a demand for
models to include broader macroeconomic factors.
In a fully competitive market, a company’s value
is decided by its earning potential and the inherent
risk of its assets, rather than its financing mix,
according to the capital structure theory initially
up by Modigliani and Miller in 1958 (Cerkovskis
et al. 2023). Financial risk management takes a new
approach according to Antonenko et al. (2023), who
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unite the strategic, tactical, and operational levels.
Accepted capitalization and its speed index are
two ideas that improve the evaluation of financial
decision-making. The emphasis on fair funding
distribution, monitoring, and receivables refinancing
exemplifies the relevance of operational financial
management. Levchenko et al. (2022) explain Its
how businesses are important for driving global
economic growth and stress how important it is to
make sure they have the right legal standing.

Dama and Sinoquet (2021) state that the ARIMA
model may help us predict the future of a time
series by considering its past and current values.
Reliable forecasts may be made using ARIMA
models with financial data that shows shifting
trends and cycles. We can only see the real trends
by looking at the model’s parts, which are p, d, and
g. These parts come from the ACF and PACF data
(Bhatta et al. 2020). The ARIMA method, along with
the history data of all system variables, one guess
what the values of several time series variables that
are connected (So et al. 2022).

Practical Applications and Case Studies

Value at Risk (VaR), Conditional Value at Risk
(CVaR), and stress testing methods may be used
to determine the degree to which your firm is
vulnerable to various risks, including credit,
market, and business risks (Siarka, 2021). To
quantify market risk, the VaR model calculates the
maximum loss that might occur over a given time
period, everything else being equal. JPMorgan
Chase use VaR, among other risk management
methods, on a daily basis to shield themselves
from market volatility. According to Chakraborty
et al. (2021), individuals may keep an eye on their
assets and make adjustments as needed to keep
risk levels reasonable. Warren Buffett’s investing
company, Berkshire Hathaway, is a good example
of a company that uses discounted cash flow (DCF)
analysis. Buffett adopts a technique that involves
discounting future cash flows to their present value
to determine a company’s intrinsic worth (Peris,
2024). Tesla Inc.’s intentions to ramp up production
of electric cars and renewable energy goods are an
illustration of how financial models may inform
strategic decision-making (Kumari & Bhat, 2021).
Tesla use scenario analyses and thorough financial
forecasts to ascertain the viability, income potential,
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and profitability of expanding into new areas and
launching new product lines.

Prymostka et al. (2023) classified nations into
four distinct groups using a neural network that
is grounded on Kohonen maps. Mergers and
acquisitions, as well strategies that emerging
countries prioritize due to factors including rising
urban populations and GDP per capita. The
newly industrialized countries are focusing on
consolidation strategies like partial absorption,
driven by commodity trade and inflation. The
inclinations of both developed and developing
countries towards share repurchase agreements are
affected by the amount of foreign direct investment
and gross domestic product. Developed countries
use a wide range of reworking strategies in reaction
to things like internal support, FDI, GDP, and gross
accumulation. These results help us understand the
connection between big-picture economic factors
and different types of reform plans in various
economic situations. The study by Nurgaliyeva et
al. (2022) examine whether foreign groups will be
able to use new planning methods in the future. A
budget is an important management tool for making
sure that a business runs smoothly because it helps
with planning, analyzing, and keeping track of
money. The study then goes into detail about the
planning models that banks use, especially how
these models relate to changes in technology.

Methodological Advances

Since machine learning and mixed models came
along, there have been a lot of changes in the area
of financial modeling and forecasting. Research
by Chhajer et al. (2022) says that neural networks,
decision trees, and support vector machines are
better at guessing how the market will move, what
the economy will do, and how much stocks will
cost. There are things and links that these people
know how to work with that don’t go in a straight
line. This lets them make predictions that are more
complicated and correct. Makridakis et al. (2023)
explain that deep learning models did better than
both traditional linear models and a few ML models.
This shows that ML has the potential to completely
change financial predictions. Hybrid models are
a new idea that combine the computing power
of machine learning methods with the benefits
of traditional economic models. The goal of these
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models is to make predicting better by combining
the ease of use and solid theoretical underpinnings
of econometric models with the predictive power
and adaptability of machine learning. A popular
mixed approach is to use machine learning to
improve the feature selection process in order to
make economic models like ARIMA or GARCH
more accurate (Murali ef al. 2020). Using bibliometric
analysis, Doroshenko et al. (2023) choose 25 papers
from a total of 95 that address future economic
growth and cover the years 2018-2023. Changes in
the global economy, the use of digital technology,
the requirements of institutions, the management
of talent, and threats to economic stability are all
significant conclusions. Specifically, the report
highlights digitalization—the transformation of
material productivity into digital prowess—as
crucial to future economic success. With an
emphasis on the management initiatives of the
business community, Buriak et al. (2022) organize
the challenges and possible benefits that Ukraine
confronts during these transitions using a variety of
scientific methods. Optimal modernization results
are most often seen in the production domains.
This suggests that Ukrainian businesses should
reevaluate their business processes, maybe using
reengineering methodologies, to adapt to changing
internal and external environments. Managing a
reorganization that incorporates technologically-
accelerated advances while simultaneously
considering personnel risks, market dynamics, and
the organization’s short- and long-term objectives
is no easy task.

In light of the dynamic nature of international
financial markets, Kolinets (2023) clarifies how
technological advancements have radically altered
the worldwide monetary system. The goal of these
new ideas is to make banking services more secure,
efficient, and focused on the customer. Things like
open banking, Al, and safety are some of these
new ideas. As part of its energy plan, the European
Union has set the lofty goal of becoming completely
carbon-free by 2050, as stated by Redko et al. Each
partner state should come up with its own plans
to deal with economic, social, and environmental
issues. Ukraine has made decisions that are in line
with EU standards even though it is still in the
process of joining the EU.
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Challenges and Gaps in Practice

New ideas in financial models and projections
have allowed for more in-depth studies and more
accurate predictions. There are some problems that
need to be fixed and holes that need to be filled
so that these tools can keep being useful and easy
for accountants to use. One of the hardest parts
of financial modeling is how to find the right mix
between models that are too detailed and models
that are too easy for real people to understand
and use (Hansen, 2020; Dixon ef al. 2020). Models
that use a lot of complicated math and computer
methods might be more accurate, but they might
also be hard for people who don’t know how to use
them. Therefore, Shah and Shah (2023) and Shah
and Asghar (2023) explain in detail about financial
models” forecasts. Through in-depth research, the
studies give useful tools for controlling risks and
directing resources. Shevchuk and Ivanyuk (2024)
claim that agriculture’s main traits to see how it can
help the economy grow. The relationship between
agricultural production and industrial output is
examined using SVAR estimates covering the years
2000-2013.

Someone with extensive knowledge of computational
techniques and finance is usually needed to build
advanced models, particularly ones that use machine
learning or complicated statistical approaches. Their
intricacy makes them suitable only for a select few
experts. Sjodin et al. (2021) found that in order to
make difficult financial modeling abilities accessible
to more individuals, new user-friendly modeling
platforms and tools are required. Making very
exact predictions about the future is already very
hard, but the inherent volatility of financial markets
makes it even harder. Orhani’s research from 2023
shows how e-learning and m-learning affect tailored
learning and critical thinking. This study helps us
come up with all-around ways to teach that work
in this age of quickly changing technology. External
state audits are necessary to make changes that
help management make better choices about how
to use resources and investments more efficiently
(Karabayev ef al. 2021). The main goal of the study
is to shed light on how auditing is used as the main
form of independent control in developed countries
and how developing countries can use to keep
their budgets secure. Depending on state reports
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to make these changes could lead to more stable
finances, better management of public funds, and
better organization of state programs and projects.

Another big problem is that financial models need to
be able to change quickly to keep up with how the
global economy and financial markets are always
changing. Because the financial markets are always
changing because of things like global unrest,
government policy, and sudden price changes
(Ding et al. 2021). Because traditional models can
only take in new information slowly, reaction times
may be slower when they are used. This wait could
be very bad in markets where choices need to be
made quickly. Financial models and projections
have come a long way with the help of machine
learning and big data analytics. This study shows
how important they are for managing company
finances. These results don’t make it less important
to keep doing research and development to solve
problems like model complexity, risk/uncertainty,
and adapting to changes in the market. Even though
the financial world is changing a lot, financial
models and predictions will still be important tools
for understanding how modern finance works.

AIMS AND OBJECTIVES

The main goal of this study is to predict key
financial data. It also tries to evaluate and compare
different financial models. We are going to do a lot
of study on the theory bases and real-world uses
of these models in financial predicting situations.

Objectives

1. To systematically derive key financial
variables utilizing mathematical differential
equations, thereby establishing a solid
theoretical foundation for the financial
models under consideration.

2. Using time series analysis techniques, we
want to look closely at historical financial
data. This is accomplished by analyzing the
data using models like as ARIMA, VAR, and
GARCH.

3. Assessing the Predictive Power and Real-
World Usefulness: The goal is to compare
the financial models” predictions with the
actual financial results in order to get a full
assessment of their predictive capacity.
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METHODS

One of the theoretical pillars upon which our
model rests is the idea that a company or project’s
worth is directly proportional to the sum of its
anticipated future cash flows. This idea is based
on the time value of money theory, which states
that the present is worth more than the future
because of the interest and dividends that a dollar
may generate (Muniesa & Doganova, 2020). We
can use differential equations to represent cash
flows because they happen constantly throughout
time. Because the market interest r rate is constant,
discounting is easier for the company. The market
rate of r is used to quickly put all cash amounts
back into the business. Firm’s cash flows grow at
a steady rate thanks to reinvestment and efficient
operations. Based on these ideas, we used a cash
flow function C(t) to show t in time. One can use a
differential equation to show how fast the cash flow
is making more money:

dC
dt gclt)

With this equation, the interest rate on the cash
flow is equal to the current cash flow times the
proportionality constant, which is b (Sezer et al.
2020). We used ARIMA, VAR, and GARCH, the
primary methods for analyzing time series data, to
forecast financial indicators. It has information about
the stock prices, market measures, and fluctuations
of a medium-sized public company over the last
five years. Part of the study is Stock Returns (SR),
which show how much money the stock made each
month as a percentage. Every month, the Market
measure (MI) looks at the percentage change of
a total measure to see how the market is moving.
With daily stock data and the Volatility Measure
(VM), we can figure out how volatile stocks are over
a month. In the financial industry, the conditional
variance, which is also called volatility, of time
series data can change over time. GARCH models
allow this to be modeled. With two non-negative
numbers, p and g, you can set the order of the
model. This is called a GARCH (p, q) model. It is
used to explain a time series, r, representing the
return of an asset at time .

=Rt
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q p
2 Z 2 E 2
g, = G + Q; Et—i + ﬂio-t—j
i=1 Jj=1

The return on assets at time t is denoted by r,. The
error term or residual at time ¢ is shown by €, and
the mean of the returns is shown by p. Based on
the GARCH process, this term is thought to have a
normal distribution with a mean of 0 and a range
of 0 z,. The lagged squared residuals coefficients
show how shocks from the past caused volatility in
the present, while the lagged conditional variances
(GARCH terms) show how volatility in the past
affected volatility in the present.

Stock returns (SR) were used with the ARIMA
method to guess what the monthly returns would
be in the future. So far, tests have shown that the
series was not steady, which caused it to split
(d = 1). From the ideas in the ACF and PACF
plots, an ARIMA (1,1,1) model was made. The
use of VAR analysis allowed us to determine the
impact of market fluctuations on stock returns by
examining the connection between SR and MI. The
AIC criterion led to the selection of a 2-lag length,
which shows that stock returns and market indices
are highly dependent on each other. The VAR (2)
model sheds light on how market fluctuations affect
stock performance. In order to model and predict
future volatility, GARCH models centered on VM.
A GARCH (1,1) model was considered suitable
because of the clustering of volatility that was
found. It became clear via parameter estimate how
much of influence volatility shocks have on future
volatility forecasts and how long they last. Table 1
provides a brief summary of the dataset’s features
by summarizing the descriptive statistics for the
stock returns (SR), market index (MI), and volatility
measure (VM).

Table 1: Descriptive Statistics

Variable Mean ]S)tea::ii:ir:n Skewness Kurtosis
Stock Returns (SR) 0.8% 5% 0.2 3.5
Market Index (MI) 1% 3% 0.1 3.2
Volatility Measure 2%  1.5% 0.5 4.0

(VM)
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ARIMA Model Fit for Stock Returns

—— Observed Returns
=== Forecasted Returns

0.10

0.05

0.00

Returns

-0.05

-0.10

0 10 20 30 40 50 60 70
Time (Months)

Fig. 1: ARIMA Model Fit for Stock Returns

The Fig. 1 shows the observed stock returns over
60 months and the forecasted returns for the next
12 months, as modeled by the ARIMA (1, 1, 1)
model. The observed returns are plotted as a solid
line, while the forecasted returns are shown as a
dashed line, providing a visual representation of
how the model predicts future stock returns based
on the past data.

Impulse responses (orthogonalized)

Stock Returns - Stock Returns Market Index - Stock Returns

Market Index - Market Index

-0.2 ’,’ 0.0

Fig. 2: The impulse response functions (IRFs) for the Vector
Autoregression (VAR)

The impulse response functions (IRFs) in Fig. 2
illustrate how a one standard deviation shock to
each of the variables (‘Stock Returns’ and ‘Market
Index’) affects the variables themselves and each
other over 10 periods, assuming orthogonalized
impulses. This analysis helps in understanding the
dynamic interrelationships between the variables
in the system.
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Enhanced Simulated GARCH(1,1) Volatility Forecast

0 10 20 50 60

EY
“Time (Months)

Fig. 3: Simulated GARCH (1, 1) Volatility Forecast

The line in blue in Fig. 3 represents the historical
volatility, showcasing the fluctuations over the
past 60 months. The actual data demonstrates
the variability in the historical period, which
is a common trait in financial time series data.
The dashed line with red markers highlights the
simulated forecasted volatility for the next 5 months.
These points indicate the model’s prediction of
future volatility based on the historical data. It
visualizes how volatility is expected to evolve over
the forecast horizon based on historical patterns.

RESULTS

The value of a firm or project is the present value
of its expected future cash flows, considering the
time value of money. Assumptions include that Cash
flows are continuous over time. The market interest
rate is constant. All cash flows are reinvested at
rate r. Cash flows grow at a constant rate due to
reinvestment and efficiencies. Given a function
C(t) that represents the cash flow at any time f,
and assuming the growth rate of the cash flow is
constant (g), we can express this as,

gC(t)

This differential equation suggests that the rate
of change of cash flow over time is directly
proportional to its current amount, with g acting
as the proportionality constant.

dc_
dt

1
fEdC=fgdt

In(C) =gt+C,

Where, C, is the integration constant, which can be
interpreted as the natural logarithm of the initial
cash flow at t = 0.
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C(t)=e""

Since, C, is the log of the initial cash flow C(0),

C(t)=C,e”

The present value (PV) of the future cash flows from
time 0 to infinity, discounted at the constant market
rate r, is given by,

fomc(t)e*”dt

The integral from 0 to infinity, where C(t) is the
cash flow at time ¢, and r is the continuous discount
rate, properly accounts for the time value of money
over an infinite period. This approach ensures that
all future cash flows are discounted back to their
present value, accurately reflecting the principle of
the time value of money in continuous time.

Substituting C(t) = Ce*' into the integral,
PV = COJ C(t)elmtde
0

Co
r—g

PV =

By applying the market rate of discount to an
endless sequence of future cash flows, this equation
effectively reflects their present value, which grows
at a constant rate r. It restates the fundamental
tenet of financial analysis, which states that an
enterprise’s or a project’s worth is dictated by
the discounted cash flow (DCF) of its anticipated
future operations, taking into account both the
ephemeral nature of money and the rate of interest
on those revenues. The following state variables,
where P(t) represents the stock price, interest rate,
and market volatility V(t) are monitored at time
t in our basic monetary system. Their extensive
influence on financial models and decisions, as well
as their significance to financial markets, led to their
selection. The dynamic behavior of these variables
may be described using differential equations.
Changes in interest rates and market volatility may
both influence the fluctuations in stock values.
dP(t)

i ar(t)P(t) — FV(t)P(t)
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The constants a and  indicate the degree to which
stock prices are affected by changes in interest rates
and volatility. Possible policy shifts or changes in
economic indicators, which we will simplify as,
could cause interest rates to alter over time.

dr(t)
dt

=y— 6r(t)

The symbol y stands for the impact of external
economic factors on interest rates. An interest rate’s
rate of adjustment back towards its long-term mean
is represented by the constant §. Assuming volatility
is influenced by the rate of change in stock prices,
a simple model is presented as,

dP(t)
dt

av(e)
dt

e RO

n represents the sensitivity of market volatility to
changes in stock prices. O is a constant representing
the rate at which volatility reverts to its mean. For
the interest rate dynamics,

<

O=y—-6r'=r"= 5
r* represents the equilibrium interest rate. This result
is straightforward, indicating that the equilibrium
interest rate is a function of the external economic
influences (y) and the rate at which interest rates

adjust to the mean (6). Setting dP—<t) =0and

av (1) di
dt

them is more complex due to their interdependence.

=0 for equilibrium conditions and solving

0= ar*P* — BV*P*

|4 * __ * D
aé,P =pV*P
4
V_,B5

This suggests the equilibrium volatility (V*) is
influenced by the parameters governing the
relationship between stock prices and interest
rates (a), the external economic influences (y), and
the sensitivities to volatility (8) and interest rate
adjustments (). For V(t), assuming the absence of
stock price changes at equilibrium,

0=n]0|-0p*
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Since, values for a =0.05, 3 =0.03, y = 0.02, =0.01,
n =0.04, 6 = 0.03. The equilibrium interest rate (r*)
calculated as,

_ 0.02 _5
0.01

r*

The equilibrium volatility (V*) can be inferred from
the stock price dynamics
_0.05x002 0001 1

"= 0.03x001 00003 031 3.33

We have extended the previous model to incorporate
corporate finance management forecasting by
considering additional factors such as earnings
growth rate (g) and dividend yield D(t), Earnings
Growth Rate () affects the stock price through its
impact on future earnings expectations. Expected
dividend payments (Dividend Yield D(t))) have the
potential to impact stock prices and investor behavior.

Stock Price Dynamics

dP(t)

i - ar(t)P(t) — BV ()P(t) + gP(t) — D(t)

Interest Rate Dynamics

dr(t)
- =y = or(®)
av(t)  dP(t)
T =0 = | =V (©) + @D (0)

¢ stands for the degree to which market volatility is

affected by changes in dividend yields. As, ;*— A
then, 6

0=ar*P*—BV*P* + gP*—D*

0=7n10]—-6V*+ ¢D*

Solving for V* in terms of D* and ¢ provides insight
into how dividends influence market volatility at
equilibrium. The model sets up a way to predict
important financial factors that can be used to
manage a company’s funds. Corporate finance
managers can plan for the future by keeping up
with the changing relationship between stock
prices, interest rates, market instability, earnings,
and investment strategies. This information helps
you make decisions about your money, like how to
split your money between debt and property. This
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information is also useful when it comes to dividend
policies, which include giving investors returns in a
planned way to control their expectations and keep
the stock price stable. This unified model stresses
how important it is to see the financial market as
a whole when making predictions for company
finance management.

An Example

Imagine that a company contemplates its cash flows
will slowly rise as better operations and higher
market demand lead to these changes. The rise,
which we showed as a share of current cash flows,
is clearly linked to the price of the stock.

Cash flow increase rate anticipated per year: 5%
(£ =0.05)

Current annual cash flow: $100 million

The stock price can be influenced by expected future
cash flows, discounted back to their present value.
For equilibrium stock price (P¥), the relationship
could be simplified as:

*

_ Expected Future Cash Flow

*

r

Given r* from our previous calculation and
assuming the expected future cash flow incorporates
the growth rate, the equation for P* becomes:

pr = Current Cash Flow X (1 + &)
T*

Traditional Gordon Growth Model

Gordon’s formula, widely recognized for its application in
valuing perpetuities in a discrete compounding context,
establishes a foundational link between present value
and future cash flows under a constant growth rate
(Michaletz and Artemenkov, 2022). The traditional
Gordon Growth formula for the present value (PV)
that grows at a constant rate (g) is given by:

_ Gty _ G
k—g k—g

PV

PV = Present Value of the perpetuity,
C, = Cash flow in the first period,
k = Required rate of return or discount rate,

g = Growth rate of the cash flow.
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Adapting to Continuous Compounding

In a continuous compounding context, the cash flow
grows continuously at rate g, and the discounting
occurs continuously at rate k. To express the cash
flow at time ¢, C(t), starting from an initial cash flow
C, we use the formula,

C(t) = Cyedt

where ¢ is the base of the natural logarithm,
approximated as 2.71828. This function is pivotal in
expressing the natural growth of processes over time.
In financial mathematics, e enables the modeling of
cash flows that compound continuously, providing
a more refined understanding of their present and
future values.

The transition to continuous compounding
necessitates rethinking the formula’s components,
particularly the shift from focusing on C,, the cash
flow at the end of the first period, to C, the initial
cash flow. Continuous compounding implies that
the frequency of compounding approaches infinity
within any given period, fundamentally altering the
cash flow’s growth and discounting trajectory. To
find the present value (PV) of these continuously
growing cash flows from time 0 to infinity, we
integrate the cash flows over time, discounted back
to the present using the continuous discount rate k.
The formula for PV becomes,

PV=f CoeDte=R1qt
0

Simplifying the exponential terms within the
integral, we get:

PV = C, f eld-Btge
0

This integral evaluates to:

(o)

elg—K)t

PV = Co|———
0[9—’6]0

Given that k > g for the integral to converge
(ensuring the present value does not go to infinity),
then simplifying and solving this integral, under the
condition that the discount rate (k) is greater than
the growth rate (g), leads to the adapted formula
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This result mirrors the structure of the original
Gordon formula but is derived and justified
through the principles of continuous growth and
compounding, marking a significant transition
in the formula’s application from discrete to
continuous time.

Interpretation and Incorporation

This derivation confirms that even under continuous
compounding and discounting, Gordon’s formula
can be adapted while maintaining its core principle.
The transition from C, to C, is justified by expressing
the initial cash flow C and considering its

exponential growth over time. The final expression of

py=—"5
k—g

formula but is derived under the assumption of

continuous growth and discounting, providing a

robust foundation for incorporating this model into

financial analysis in a continuously compounded

setting.

aligns with the traditional GGM

Time series analysis incorporating ARIMA, VAR,
and GARCH models, including data, model
diagnostics, and forecasts is presented below
considering stock returns, market index movements,
and volatility forecasting, illustrating each model’s
application and interpretation of results.

Stock Returns (SR): Monthly returns of a technology
company’s stock over 5 years.

Market Index (MI): Monthly returns of a technology
sector market index over the same period.

Volatility (Vol): Monthly volatility of the stock,
derived from daily price fluctuations.

ARIMA Model Application for Stock Returns
(SR)

Based on the ACF and PACF plots, an ARIMA
(1,1,1) model is identified as suitable for the non-
stationary SR series. The parameters are estimated,
finding an autoregressive coefficient close to 0.5,
a differencing order of 1, and a moving average
coefficient near -0.4. Residual checks confirm no
autocorrelation, indicating a good model fit. The
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model forecasts modest growth in stock returns,

with increasing confidence intervals over time.

Table 2: ARIMA (1,1,1) Model Parameters and
Diagnostics for Stock Returns

Parameter/ .
Statistic Value Interpretation
Autoregressive 0.5 Moderate positive
(AR) coefficient autocorrelation.
Moving Average -0.4 Negative correlation with the
(MA) coefficient previous error term.
Differencing 1 Series made stationary with one
Order (d) differencing.
AIC 320.5 Measure of the model’s
fit including penalty for
complexity.
BIC 335.2 Similar to AIC but with a higher
penalty for complexity.
Ljung-Box Test  0.56  Indicates no autocorrelation in

(p-value) residuals (p > 0.05).

ARIMA Model Fit for Stock Returns

Returns

° ® ® ® ®© & &
Date

Fig. 4: ARIMA model fit for stock Returns

The Fig. 4 visualizes the fit of the ARIMA (1,1,1)
model to the stock returns data over the period
from January 2015 to January 2020, along with the
forecasted returns for the next 12 months, indicated
in red. The observed returns are shown in blue,
providing a clear contrast between historical data
and future projections. This visualization aids in
understanding how the ARIMA model interprets
the past data to forecast future movements,
highlighting the model’s utility in financial time
series analysis.

VAR Model Implementation for SR and MI

The VAR model’s coefficients and their statistical
significance provide insightful revelations about
the dynamic interactions between stock returns
(SR) and market indices (MI) over time. The
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positive coefficients for both the first and second
lags of SR and MI indicate a direct and significant
relationship between past values of SR and MI
and the current stock returns. The significance of
studying past trends in order to forecast market
movements proves that stock returns and shifts
in market indices are reliable barometers of future
stock performance. With p-values lower than 0.05,
the coefficients are deemed statistically significant.
Historical stock returns and present stock returns
are highly correlated, since the p-value is less than
0.01. This indicates that stock prices are following
a pattern, which implies that the trend will likely
persist.

Additionally, MI lag coefficients demonstrate
the correlation between stock returns and index
volatility. According to the first MI lag, prior market
changes significantly affect present stock returns
(coefficient of 0.15, p-value less than 0.01). The
strong correlation between the two factors lends
credence to the idea that stock prices are not really
autonomous but rather subject to the whims of the
market. Based on the results of Impulse Response
Analysis, the impact of a MI shock on SR starts to
fade after a few of months.

Table 3: VAR (2) Model Parameters for Stock Returns

and Market Index
Variable Coefficient  Standard Error  p-Value
SR Lag 1 0.3 0.05 <0.01
SR Lag 2 0.2 0.06 <0.05
MI Lag 1 0.15 0.04 <0.01
MI Lag 2 0.1 0.05 <0.05

Impulse responses

SR - SR Mi = SR

SR—MI Mi—MI

0.0

-0.1

-0.2

Fig. 5: Impulse response functions in the VAR (2) model
illustrate SR’s dynamic reaction to MI shocks
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Using information from the market index (MI)
and stock returns (SR), Fig. 5 shows the impulse
response functions (IRFs) over a period of ten. These
IRFs are derived from the Vector Autoregression
(VAR) model. These IRFs illustrate how a one-unit
shock affects stock returns and the market index
over time. In the first row, we can see the impact
of SR and MI on stock returns over the following
time periods. This may provide insight on the
relationship between internal shocks and stock
returns, as well as changes to the market index.
In the bottom row, we can see how these shocks
affected the market index. Diagonal plots show
how each variable reacts to its own shock and how
each variable tends to return to equilibrium after
a disturbance. Off-Diagonal Plots show the cross-
effects between the two variables, indicating how
a shock to one variable affects the other over time.

GARCH Model Analysis for Volatility (Vol)

A GARCH (1,1) model is selected to model volatility
clustering in SR. The persistence parameter ({3) is
high, indicating volatility shocks have long-lasting
effects. Standardized residuals and their squares
show no autocorrelation, suggesting a good fit.
Predicts periods of increased volatility, aligning
with historical clustering patterns.

Table 4: GARCH (1,1) Model Parameters for
Volatility Forecasting

Parameter Estimate Standard p-Value Interpretation
Error

Constant 0.0001 0.00005  <0.05  Small but

(ax0) significant
constant term.

ARCH 0.2 0.03 <0.01  Significant

Term (al) impact of
lagged squared
residuals on
current volatility.

GARCH 0.75 0.05 <0.01  High persistence

Term (P1) of volatility
shocks.

Historical Volatility is Represented in blue, it spans
252 trading days (roughly one year), showcasing
fluctuations typical of financial market data. The
volatility is simulated to reflect daily changes, with
a mean of 1% and a standard deviation of 2% (in
percentage terms).
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Historical vs.

Volatility (GARCH(Z,1))

—— Historical Volatilty
~e- Forecasted Volatiity

Volatility (%)

150
Trading Days

Fig. 6: Historical vs. forecasted volatility using the GARCH
(1,1) model

The red dashed line with markers indicates the
forecasted volatility for the next 10 trading days.
The simulation assumes an increasing trend,
reflecting a predicted rise in market volatility. This
is depicted by the gradual increase in volatility
values, intended to simulate the model’s predictive
capability for an uptrend in market volatility. This
illustration demonstrates how a GARCH (1,1) model
can be pivotal in forecasting future volatility trends
based on historical data. Financial time series often
exhibit volatility clustering, which GARCH models
capture and describe. This event can help with
managing risk, making the best use of a business,
and making smart decisions. Investors might be able
to better control their asset mix, entry and exit time,
and use of debt if they knew how much fluctuation
they could expect.

Table 5: Forecast Summary

Model Forecast Next Period 95% Confidence
Variable Estimate Interval

ARIMA  Stock Returns 1.2% 0.8% to 1.6%

(1,1,1) (SR)

VAR (2)  Stock Returns 1.5% 1.0% to 2.0%
(SR)

GARCH Volatility 2.5% 1.8% to 3.2%

1,1) (Vol)

The ARIMA (1,1,1) model can be used to guess
short-term market results because it takes into
account trends of correlations in the time series.
It is expected that stock profits will go up a bit,
going above and beyond the previous average. The
VAR Model displays the connection between stock
returns and market fluctuations. You could use this
information to figure out how harmful something
is and make plans for the future.

Print ISSN : 0424-2513

641

AESSRA
Table 6: ARIMA, GARCH AND VAR model
predicted values
Predicted True

Model Value Value RMSE MAE
ARIMA (SR) 1.2% 1.5% 0.1732 0.15
VAR (SR) 1.5% 1.5% 0.0000 0.00
GARCH (Vol) 2.5% 2.8% 0.1732 0.30
DISCUSSION

According to our in-depth research on the ARIMA,
VAR, and GARCH models’ ability to predict
monetary events, these models have a good
understanding of how these markets work. Besides
bridging the gap between the academic foundations
of financial modeling and how it is used in
corporate finance management, this study’s results
also help us figure out how well these models can
predict things like stock returns, market volatility,
and interest rates. Due to its focus on constant
variation and straight links, our study suggests
that the ARIMA model may miss some of the more
unusual market behavior. Demirhan (2024) and dos
Santos Gularte et al. (2023) are two examples of
influential studies that have shown that ARIMA is
useful for financial time series forecasting, therefore
this finding is in line with their findings (Inkpen &
Sundaram, 2022). The model’s continued usefulness
in financial analysis is shown by its reiterated value
in assisting with portfolio management and money
allocation choices. To find out what variables affect
financial performance and how investors see it,
Jain (2023) uses regression and Pearson correlation
analysis. There is no clear link between green
process innovation and financial success because
of the costs involved and the time it takes to see
results. On the other hand, there is a strong positive
connection between green product innovation and
how investors see it. Green process innovation
and how investors see a company are connected
through green product innovation. While, quality
management and green process innovation are
connected through green product innovation. These
results make it clear that we need new ideas that
are in line with Sustainable Development Goal 9
and focus on making green products. This will
help build trust among investors and make quality
management more eco-friendly.
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We found that the VAR model correctly predicted
stock returns and showed how different financial
factors are connected. This result made our scientific
reach bigger. This model might be helpful for
investors and strategic planners because it makes
the complicated link between how the market
acts and how stock values change in response to
changes in the market easier to understand. As
with other research on VAR models, our findings
show that these models can help show how money
and the economy are connected (Rizvi et al. 2024).
The GARCH model’s ability to show how volatility
changes over time is very important for modern risk
management. According to Wang et al. (2024), this
work adds to the body of research on the GARCH
model’s volatility predicting abilities because it
can predict when volatility will be at its highest.
It is especially useful for coming up with ways to
lower risk.

Myronchuk et al. (2023) review the latest
developments in customer-centered management
systems and online banking. The fact that coin
payments, trades, and other services will be
added to digital banking services in the future
shows how important digital technology is to
the banking business. The study finds a straight
proportional link between rates, deposits, and
loans. This could help financial institutions make
management choices by looking at how changes to
the model affect the growth rates of deposits and
loans. We made a complete set of tools for financial
predictions by comparing and analyzing different
models. This is what makes our study stand out.
Previous research may have focused on certain
models or financial measures. Our method, on the
other hand, helps us understand how markets work
and how volatility trends show up in financial time
series analysis as a whole. This all-around method
helps corporate finance managers learn very useful
analysis skills that let them easily and wisely handle
the complicated financial markets. There are some
things we learned from our research, though. For
example, the ARIMA and VAR models are based
on linear relationships, which might not be a good
way to understand how complicated the financial
markets are. The GARCH model only looks at
volatility, so it might miss other important market
traits.
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Unlike other studies, ours placed all of these
models on a single dataset. This gave CFOs and
other financial managers a big-picture view of how
the economy would do in the future. Our method
gives experts a lot of tools to study how markets
work and identify volatility, instead of just focusing
on one model or financial measure. Managers of
corporate finance could use our study to learn more
about risk and how markets work, which would
help them make choices based on solid statistics.
For example, if a company can guess how changes
in the market will affect stock returns, it might be
much better able to respond intelligently to market
instability. There is more to this ability to predict
than just theory. It could be useful for long-term
business planning, capital structure decisions, and
methods for balancing. With this new point of view,
people who work in corporate finance can now find
the real value of financial assets and make better
strategy choices. This is an improvement over the
old ways of using financial modeling. Overall, our
results support the idea that complicated financial
modeling is needed to understand how the modern
financial markets work and that new ways of
predicting the future of money are needed. It shows
how combined models could include more financial
factors, which could help the banking business get
better insights and strategize better.

Although our study provides a comprehensive
understanding of financial forecasting utilizing
ARIMA, VAR, and GARCH models, it is crucial
to acknowledge that our technique does have
significant limitations. First, we rely heavily on
data from the past because we think patterns
and connections will remain. However, due to
their intrinsic volatility, financial markets are
susceptible to sudden shifts in response to a number
of outside factors, such as geopolitical events,
economic policies, and technological advances.
This restriction emphasizes how difficult it is to
capture all aspects of market dynamics using
just quantitative modeling methods. Secondly,
we failed to account for qualitative elements that
might have a substantial effect on market volatility
and behavior since our research was too focused
on quantitative financial predictions. Although
they aren’t always easy to measure or include into
mathematical models, factors like investor attitude,
market psychology, and unexpected occurrences
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may have a significant impact on financial markets.
It is important to remember that no one model
can capture the intricacy of financial markets in
its entirety, even while our comparison research
does a good job of illuminating the pros and cons
of different modeling approaches. Each model
abstracts from reality to some extent by making
simplifying assumptions and approximations in
order to make the data tractable.

CONCLUSION

An equilibrium stock price may be calculated in a
financial model by including realistic assumptions
about the increase of cash flows. The net present
value of future cash flows is discounted at the
equilibrium interest rate. This method improves
the accuracy of stock price predictions by using
fundamental financial measures by integrating the
ideas of financial theory into the field of corporate
finance management. The subject of our work was
making financial predictions in business finance
management. The stock markets looked more real
because we used data. It was right to use and
compare the ARIMA, VAR, and GARCH models.
We didn’t know how to figure out stock prices while
keeping future cash flows in mind.

The results show that ARIMA, VAR, and GARCH
are all very good at figuring out what will happen
with money in the future. With an MAE and RMSE
of 0.00%, the VAR model is very good at guessing
how much a stock will return. And this shows that
it can explain how different money-related factors
change and connect with each other. Even though
the GARCH model might not fully show how
volatile the market is, it is still a good way to look
at and manage risks in business finance. Financial
market experts try to guess when market instability
will begin so that they can protect themselves
from bad trends and make money on good ones.
The GARCH model is very helpful for current
financial management because it helps people
plan for and guess when things will go wrong. A
big step forward in financial planning is also the
new idea of adding cash flow plans to stock price
predictions. The predicted growth in cash flows and
the equilibrium interest rate are used to find a stock
price that is “equilibrium,” which is about $105.26
million. This method combines academic thoughts
about money with real-world methods for making
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predictions. This way not only gives corporate
finance workers a more complete picture of how
future finances will turn out, but it also builds on
what we already know about financial models.

Based on these data, we believe that people who
do financial planning and projections would do
better by taking a more complete look at these
tasks. Adding ARIMA, VAR, and GARCH models
together might help show a bigger picture of the
economy, make predictions more accurate, and
help people make smarter decisions. These models
will only work if they can react to changing market
conditions, so learning and changing all the time
should be a top priority. In the future, more study
into these areas could lead to models that are
more correct and useful. Looking into nonlinear
models and machine learning methods could give
researchers new ways to look at financial time series
by finding trends and links that regular models
miss. Adding new data sources, like global events
and social media opinion, to the models could help
us get a better picture of the things that affect the
financial markets. As the world of finance changes,
financial modeling techniques and programs should
offer more and more useful strategy tools and
information to help finance pros deal with the tricky
areas of corporate finance.

There are many areas of financial modeling
and projections that could be studied further
in the future. These areas could lead to more
accurate, reliable, and useful methods. The first
thing that needs to be done is to find ways to
describe the complex behavior of the financial
markets using nonlinear methods and machine
learning algorithms. If researchers give up on linear
assumptions and instead focus on how complicated
markets work, they might find trends and links that
standard models miss. Adding more data sources
like global events, news analytics, and social media
opinion may make financial predicting models a
lot better. Researchers may be able to learn more
about what causes market changes and investment
behavior by using big data analytics and natural
language processing to get useful data from sources
of unorganized data. If we look into how standard
financial measures and new metrics for ESG issues
affect each other, we can learn more about how
markets work and how to control risk. Including
ESG factors in financial modeling models makes
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investment plans more sustainable and resilient,
which is in line with larger social and moral
needs. It is becoming more and more important
to do research that connects academic theory to
real-world financial uses, especially in the field
of business finance management. Academics and
people who work in the financial business should
work together more to get a better sense of the
problems that financial workers face. After that, they
might make more useful and accurate predictions by
using data from various market situations. People
can do better with financial planning and forecasts
in the future if they have a growth mindset, work
together across fields, and never stop learning.
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