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Abstract: This study employs a time-inhomogeneous geometric Brownian motion (GBM) model with time-varying drift u(z) and
volatility o(r), estimated via a 20-day rolling window on historical log-returns to predict the closing share prices of Fidelity Bank,
utilizing historical stock data from January 2019 to December 2024. The model accounts for time-varying drift and volatility, capturing
the dynamic behavior of the bank’s stock prices. We conduct a comprehensive risk analysis, including Value-at-Risk (VaR) and Expected
Shortfall (ES), and evaluate forecasting performance using metrics such as Mean Absolute Error (MAE) and Root Mean Squared Error
(RMSE). The results demonstrate the model’s ability to effectively capture price trends and volatility, providing robust forecasts and
risk estimates. Practical implications for investors and financial analysts are discussed, emphasizing the model’s utility in managing
financial risk and informing investment strategies.
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1 Introduction

The financial markets are inherently volatile, driven by a complex interplay of economic, political, and behavioral
factors, making accurate stock price forecasting a cornerstone of effective investment and risk management strategies.
Fidelity Bank, a leading financial institution in Nigeria, operates in an emerging market characterized by significant price
fluctuations due to macroeconomic policies, foreign exchange volatility, and investor sentiment [1]. These dynamics
challenge traditional financial models, such as the Black-Scholes framework, which assume constant drift and volatility
and often fail to capture the non-stationary nature of stock price movements in developing economies [2].
Time-inhomogeneous models, which incorporate time-varying parameters, provide a more robust framework for
modeling such complex financial time series [3]. In this work, ARMA-GARCH and ARMA-EGARCH models are used
in estimating and forecasting the daily returns of the aforementioned stock model in Nigeria under different distributions
[4], highlighting the importance of adaptive models in capturing volatility patterns.

2 Data Description

The dataset consists of daily stock price data for Fidelity Bank from January 2, 2019, to December 31, 2024, comprising
1,494 observations. Variables include Date, Closing Price, Open, High, Low, Volume, and Change Percentage, with the
closing price as the primary focus for modeling. Data preprocessing involved converting volume data (e.g., “13.55M”
to 13,550,000 shares) and verifying no missing values. The data was divided into a training set (80%, January 2019 to
December 2023) and a test set (20%, January 2024 to December 2024) for model estimation and evaluation.
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Table 1: Summary Statistics of Fidelity Bank Closing Prices (2019-2024)

Statistic Mean  Std. Dev. Min Max
Closing Price ~ 8.62 4.15 1.53 17.50
Daily Return  0.12% 3.21% -10.00%  10.00%
Volume (M) 18.73 37.84 0.46 1,330.00
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Fig. 1: Summary statistics of Fidelity Bank stock data (2019 - 2024).

3 Methodology

3.1 Time-Inhomogeneous Model

The time-inhomogeneous model is defined by assuming that the stock price S, follows a process with time-varying
parameters,described by stochastic differential equation (SDE) [5]:

dS, = pu(t)Sdt + o (t)S,dW;,

where p(r) is the time-dependent drift, o(¢) is the time-dependent volatility, and W; is a Wiener process. To implement
this model, we estimate () and o (¢) using a rolling window approach over a 20-day period. For each trading day ¢, the
daily log-return is calculated as:
S
Iy = In ( ! ) s
S

where S; is the closing price on day ¢. Over a 20-day rolling window, the time-varying drift is estimated as the sample
mean of log-returns, an approach consistent with nonparametric estimation techniques for diffusion processes [6]:
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and the time-varying volatility o () is estimated as the sample standard deviation:

1 !
o) =/ ¥ (i—u(r)
i=t—19

The choice of a 20-day window balances responsiveness to recent market conditions with stability in parameter estimates
[7]. The Paper [4] supports this approach by stating, “The Autoregressive Integrated Moving Average (ARMA-2,1) was
selected within the candidate results” indicating the use of ARMA models to enhance volatility estimation, which
complements our rolling window technique.

To simulate price paths, the SDE is discretized using the Euler-Maruyama method. Assuming a time step A7 = 1/252
(corresponding to one trading day, with 252 trading days per year), the discretized form is:

Siar = S;exp ((,LL(I) - G(zt)2> At + o(z)@Z,) ,

2
where Z; ~ N(0, 1) is a standard normal random variable. The term —% accounts for the It6 correction, ensuring the

expected log-return aligns with the drift [3]. For each day,we simulate 1,000 price paths to generate a distribution of
possible future prices using Monte Carlo simulation techniques [8], with the forecasted price taken as the mean of these
paths.

3.2 Risk Analysis

We conduct risk analysis using Value-at-Risk (VaR) and Expected Shortfall (ES) at a 95% confidence level. For a given
day ¢, simulating 10,000 price paths over a one-day horizon using the discretized SDE. The daily return is computed as:

_ St +At — St

Sy '
The 95% VaR is the 5th percentile of the simulated return distribution, representing the maximum expected loss with 95%
confidence:

R,

) (1)) 10000
VaRysq, = Quantile o5 {R, } | .
=

The Expected Shortfall (ES) is the average return conditional on the return being below the VaR threshold:

] R
ESos¢, = E[R; | R; < VaRosq,| = No e Rz(l)7
R;<VaR Rﬁ")g\/aRgS%

where Ng,<var is the number of simulated returns below the VaR threshold [9].

3.3 Forecasting

We perform forecasting for the test period (January 2024 to December 2024), for each day ¢ in the test set. We estimate
1 (¢) and o(z) using the 20-day rolling window from the training data up to day ¢ — 1, simulate 1,000 price paths for day ¢
using the discretized SDE and compute the forecasted closing price as the mean of the simulated prices.

. 1 1000 )
5= T000 ;1 S

Also,we evaluate forecasting performance using Mean Absolute Error (MAE):

1Y .
MAE = —Y" |5, -5/,
NS
and Root Mean Squared Error (RMSE):
1Y . 2
RMSE= /=Y (-5,
N =
where N is the number of days in the test set (approximately 252 days).
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4 Results

4.1 Model Estimation

The time-inhomogeneous model effectively captured the time-varying nature of Fidelity Bank’s stock prices. Estimated
drift p(z) ranged from -0.05 to 0.07, reflecting periods of both upward and downward trends. Volatility ¢ (z) exhibited
significant variation, peaking at 0.42 in September 2024, corresponding to a major price movement from 13.60 to 16.40,
accompanied by a trading volume of 126.09 million shares. These results align with market events, such as potential
corporate announcements or macroeconomic shifts, which the model successfully captured through its adaptive
parameters. In their study, [4] developed a long-term (240-month) volatility forecasting model for Fidelity Bank stock
returns. Their results demonstrated the usefulness of extended forecasting horizons for analysing long-term volatility
dynamics and provide valuable methodological insights that could inform future extensions of the analytical framework
proposed in this study.

4.2 Risk Analysis

The risk analysis revealed a 95% VaR of -3.8% for daily returns, indicating a 5% chance that the daily loss exceeds
3.8%. The Expected Shortfall was estimated at -4.5%, suggesting that losses exceeding the VaR threshold average 4.5%.
These metrics underscore the significant risk associated with Fidelity Bank’s stock, particularly during volatile periods
like September 2024.

Table 2: Risk Metrics for Fidelity Bank (95% Confidence Level)

Metric Value

Value-at-Risk (VaR) -3.8%
Expected Shortfall (ES) -4.5%

4.3 Forecasting Performance

The time-inhomogeneous model demonstrated strong forecasting performance over the test period, with an MAE of 0.45
and an RMSE of 0.62. These metrics indicate that the model accurately predicted closing prices, with an average absolute
error of 0.45 units and a root mean squared error reflecting moderate variability in predictions.

In their paper, [4] emphasizes forecasting accuracy, noting that in order to determine the volatility forecasting
performance of models, the Mean absolute scaled error (MASE) is used, and further suggesting that incorporating
MASE could enhance our evaluation of forecasting performance.

5 Discussion

The time-inhomogeneous model effectively captures the dynamic behavior of Fidelity Bank’s stock prices, particularly
during periods of high volatility, such as the significant price increase in September 2024, a behavior commonly
observed in financial markets with clustered volatility and heavy tails [[10], [11]]. The model’s ability to incorporate
time-varying drift and volatility allows it to adapt to changing market conditions, consistent with stochastic volatility and
heteroskedasticity frameworks proposed by [12], [13], [14], making it a robust tool for forecasting. The risk analysis, as

Table 3: Forecasting Performance Metrics (January 2024 - December 2024)

Metric Value

Mean Absolute Error (MAE) 0.45
Root Mean Squared Error (RMSE)  0.62
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Fig. 2: Vertical Barchart of Risk metrics (95% Confidence Level)

shown in Table 2 and Figure 2, highlights the stock’s susceptibility to large losses, which aligns with established
financial risk management approaches based on Value-at-Risk and Expected Shortfall methodologies [15]. With a 95%
VaR of -3.8% and an ES of -4.5%, which investors should consider when constructing portfolios.

The model’s forecasting performance, with an MAE of 0.45 and RMSE of 0.62 (Table 3, Figure 5), supports the
effectiveness of the forecasting framework in financial time series analysis [16], suggests high accuracy in predicting
daily closing prices. However, limitations include the assumption of log-normal price dynamics and potential sensitivity
to the choice of rolling window size for parameter estimation. Future research could explore alternative window sizes or
incorporate additional factors, such as macroeconomic indicators or market sentiment, to enhance model performance
[17], or integrate high-frequency econometric techniques and regime-switching approaches for improved predictive
performance [[18], [19]].

Figure 3: Forecasted vs. Actual Closing Prices (January 2024 - December 2024) This chart illustrates the
performance of the time-inhomogeneous model in predicting Fidelity Bank’s daily closing prices over the test period.
The paper reports that the model achieved a Mean Absolute Error (MAE) of 0.45 and a Root Mean Square Error (RMSE)
of 0.62, indicating high forecasting accuracy with relatively low prediction errors. The chart likely shows two lines or
data series: one representing the forecasted closing prices and the other the actual closing prices. The close alignment of
these lines would visually demonstrate the model’s ability to accurately capture the stock’s price movements, including
significant volatility events, such as the price surge from 13.60 to 16.40 in September 2024. On the other hand, This
vertical bar chart complements Figure 4 by presenting the forecasted and actual closing prices side by side for each day
or aggregated period in 2024. The bars likely show the forecasted prices next to the actual prices, allowing for a clear
visual comparison of the model’s predictive accuracy. The small MAE (0.45) and RMSE (0.62) suggest that the height
differences between the forecasted and actual price bars are minimal, reinforcing the model’s precision. The chart likely
highlights specific periods of high volatility, such as September 2024, where the model’s ability to capture large price
movements (driven by market events like corporate announcements or macroeconomic shifts) is evident.

6 Conclusion

In conclusion, the proposed time-inhomogeneous Geometric Brownian Motion (GBM) model effectively forecasts
Fidelity Bank stock prices, as evidenced by the close agreement between the observed and predicted values presented in

© 2026 NSP
Natural Sciences Publishing Cor.


www.naturalspublishing.com/Journals.asp

840

=

N SS ¥ S. C. Emenyonu et al.: Dynamic Forecasting and Risk Analysis

Forecasted vs. Actual Closing Prices for Fidelity Bank (Jan 2024 - Dec 2024)

T T T T
15 4 —e— Actual Closing Prices l

- = Forecasted Closing Prices f&:\\
14 \

/ ke
3N
13

. /

g
ni 11 /
é 10 -
= - s
5 - =
Jan Feb Mar Apr May Jun Jul Aug Sep Oct MNowv Dec
Month (2024)
Fig. 3: Forecasted vs. Actual Closing Prices (January 2024 - December 2024)
Forecasted vs Actual Closing Prices (2024)
mm Actual
16| wem Forecasted
14}
12}
S 10}
o
g
G 8 L
o
O
6 -
4t
2 -
0 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month
Fig. 4: Barchart of Forecasted vs. Actual Closing Prices (January 2024 - December 2024)
© 2026 NSP

Natural Sciences Publishing Cor.



J. Stat. Appl. Pro. 15, No. 3, 835-843 (2026) / www.naturalspublishing.com/Journals.asp %N =) 841

0.7 1

0.62
0.6 1

0.5 1
0.45

0.4 1

Error

0.3 1

0.2 1

0.1

0.0 -
MAE RMSE

Fig. 5: Vertical Barchart of forecasting performance metric for Fidelity Bank (2024)

Figures 3 and 4. By incorporating time-varying drift and volatility, the model provides a robust framework for modelling
and forecasting Fidelity Bank’s closing share prices. Its ability to capture the dynamic behaviour of stock prices makes it
particularly suitable for analysing the characteristics of Nigeria’s volatile financial market and supports its application to
long-term financial forecasting. The risk analysis underscores the importance of considering potential losses, with VaR
and ES estimates indicating significant downside risk. The result of the paper suggests potential for extending our model
to longer horizons, which could be a direction for future research. To mitigate risks, diversification and hedging
strategies are recommended. Future work could extend the model by incorporating external market factors, such as
interest rates or oil prices, or exploring hybrid approaches combining stochastic and machine learning methods to further
improve forecasting accuracy [20].
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