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Abstract

This study examines the use of predictive artificial intelligence models in corporate risk management. Recurrent Neural
Networks (RNN), Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) architectures are evaluated in
forecasting five widely used market risk indicators based on daily financial time series for Apple Inc. Model performance
is assessed using a unified experimental framework and out-of-sample data, with accuracy measured by Root Mean
Squared Error (RMSE) and Mean Absolute Error (MAE). Results show that predictive effectiveness varies across risk
measures and model types, and no single model consistently outperforms the others. These findings highlight the need to
align model choice with the structural properties of the specific market risk indicators being predicted.
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1. Introduction opportunities for the analysis of financial risk. Neural
network architectures designed for sequential data have
shown large potential in modelling complex, non-linear
relationships and high-dimensional data structures [4, 5].
However, despite their increasing adoption, the practical
applicability and relative predictive performance of vari-
ous sequential machine learning models in the context of
corporate market risk management remain insufficiently
explored. This creates a clear motivation for further in-
vestigation in this area.

Financial risk management has become a fundamental
aspect of decision-making process in modern enterprises
operating in global financial markets. Among various
categories of financial risk, market risk plays a particu-
larly significant role, as it directly affects asset prices,
firm valuation and investment performance. Comprehen-
sive frameworks for identifying, measuring and manag-
ing market risk have been discussed in both academic lit-
erature and professional practice [1, 2]. Therefore, effec-
tive identification and forecasting of market risk is essen- 2. Literature review
tial for maintaining financial stability and supporting
strategic corporate decisions.

In recent decades, financial markets have been char-
acterized by increasing volatility, accelerated dissemina-
tion of information and stronger interdependencies be-
tween assets and market. Such conditions give rise to
complex and non-linear patterns in financial time series,
making risk assessment more challenging. Classical ana-
lytical approaches often struggle to capture such dynam-
ics, particularly during periods of market stress or struc-
tural breaks [3, 4]. As a result, enterprises and financial
institutions increasingly depend on analytical tools that
not only measure historical risk indicators but also pro-
vide reliable forecasts of future risk exposure.

Traditional approaches to market risk assessment are
largely grounded in statistical and econometric methods,
including volatility measures, Value-at-Risk methodolo-
gies and linear factor models. Although these approaches
are well established and offer high degree of interpreta-
bility, they often rely on restrictive assumptions, such as
linear dependencies, time series stationarity and prede-
fined distributional forms. In practice, actual financial
data often deviate from these assumptions, which may re-
duce the predictive accuracy of traditional risk modelling
techniques.

Recent advances in artificial intelligence, particularly
in the field of machine learning, have created new

The role of artificial intelligence in financial risk man-
agement has gained importance in recent years due to its
ability to process large volumes of data and capture com-
plex, non-linear patterns present in financial time series.
Although traditional risk assessment methods have been
widely analysed and applied for decades, the increasing
complexity of financial markets has encouraged re-
searchers to explore more advanced data-driven method-
ologies.

Early studies on financial risk prediction were primar-
ily based on statistical models, particularly linear and lo-
gistic regression. Pioneering studies by Altman [6] and
Ohlson [7] demonstrated that financial ratios combined
with linear probabilistic frameworks could be success-
fully used to predict corporate bankruptcy. Despite their
simplicity and ease of interpretation, these models rely
on restrictive assumptions related to linearity and station-
arity, which limits their effectiveness in dynamic market
conditions.

The development of machine learning significantly
expanded the range of tools available for financial risk
analysis. Recurrent Neural Networks (RNNs) were
among the earliest neural architectures designed to pro-
cess sequential data, what made them one of the most
suitable tools for predicting financial time series. Empir-
ical studies confirmed the potential of RNN-based mod-
els in market prediction tasks [8, 9]. However, they also
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highlighted well-known limitations of standard RNNs,
particularly the vanishing gradient problem, which re-
stricts the ability of modelling long-term dependencies.

To overcome these limitations, Long Short-Term
Memory (LSTM) networks were developed, incorporat-
ing gating mechanism that enable more effective reten-
tion of long-term information. Fischer and Kraus [10] re-
ported that LSTM architectures achieved superior predic-
tive performance in comparison to traditional statistical
approaches in financial market forecasting tasks. Simi-
larly, Bao et al. [11] proposed hybrid approach, which
combines stacked autoencoders with LSTM networks,
achieving improved forecasting accuracy. Subsequent
studies confirmed the effectiveness and stability of
LSTM-based models in various financial risk prediction
contexts [12, 13, 14].

Recent studies have increasingly focused on compar-
ative analyses of sequential deep learning architectures.
Both articles and analyses suggest that models incorpo-
rating gating mechanism, such as LSTM and GRU, gen-
erally outperform traditional statistical techniques in cap-
turing non-linear patterns in financial data [15, 16].
GRU-based models have also been successfully applied
to specific risk management tasks, including liquidity
risk assessment and banking stability analysis [17]. Ad-
ditionally, alternative deep learning architectures, such as
transformer-based time series models, have been pro-
posed for financial risk prediction, further expanding the
methodological landscape [18, 19].

At the same time, these models are frequently criti-
cized for their limited interpretability, high data require-
ments and sensitivity to hyperparameter configurations.
Although hybrid approaches have been proposed to ad-
dress these challenges [17, 20], their increased complex-
ity may reduce transparency and practical applicability in
corporate risk management settings.

In summary, the existing literature provides substan-
tial evidence of growing relevance and effectiveness of
sequential deep learning models in financial risk manage-
ment. However, despite numerous studies on individual
architectures, there is still limited evidence comparing
the predictive performance of RNN, LSTM and GRU
models across multiple market risk indicators within a
unified experimental setting. This research gap motivates
the present study.

2.1. Research hypothesis

Based on the reviewed literature, the following research

hypotheses are formulated:

e HIl: Predictive artificial intelligence models (RNN,
LSTM, GRU) exhibit significantly different predic-
tive performance when applied to market risk indica-
tors derived from financial time series.

e H2: Gated recurrent architectures (LSTM and GRU)
achieve lower prediction errors than classical RNN
models in forecasting market risk indicators.

e H3: The predictive effectiveness of RNN, LSTM and
GRU models varies across different market risk
measures, indicating that no single architecture is
usually optimal.

3. Materials and methods
3.1. Data description

The analysis is based on daily financial market data re-
trieved from the Yahoo Finance database using the
yfinance Python library. The study focuses on market
risk exposure of a representative publicly listed company,
Apple Inc. (AAPL), which serves as an example of a
large-cap corporation operating in the U.S. equity mar-
ket. To capture overall market movements, the S&P 500
index (*GSPC) is employed as a benchmark reflecting
market performance.

The dataset consists of daily closing prices spanning
a ten-year period from January 1% 2016 to January 1%
2026 yielding 2515 trading-day observations. The effec-
tive training set consists of 80% of the data, while the test
set 20% of it. The selected time frame captures a broad
range of market conditions, including periods of in-
creased volatility, such as the COVID-19 market disrup-
tion or the interest rate tightening cycle of 2022, as well
as periods of relative stability.

3.2. Market risk indicators

The study focuses on market risk, defined as the com-

pany’s exposure to fluctuations in asset prices and overall

market conditions. Five widely recognized market risk

indicators were analysed:

e Volatility, measuring the variability of asset returns.

e Beta (f5), capturing the sensitivity of a stock market
movement.

e Value-at-Risk (VaR), estimating potential losses un-
der adverse market conditions.

e Maximum Drawdown, reflecting the largest observed
decline from peak to a trough.

e Sharpe Ratio, reflecting risk-adjusted performance.

3.3. Risk Indicator Computation

All market risk indicators were calculated using rolling
windows based on daily return. A window of 20 trading
days was applied to Volatility, VaR and Maximum
Drawdown, corresponding approximately to one calen-
dar month of trading activity. A longer window of 60
days was applied to Beta, as estimating covariance be-
tween two return series requires a larger sample to reduce
the estimation noise. The following definitions were ap-
plied:

e Volatility was calculated as the standard deviation of

returns with given rolling window:

Vot, = o(ry) (1)

e Beta (f) was estimated as the product of the correla-
tion between stock and market returns and the ratio of
their respective standard deviations:

Ostock
Be = CorT[Tsrock, Tmarket] X

2
Omarket ( )
where 0g¢pcr and 0,,,,,-ke: denote the standard deviations
of stock and market returns, respectively.
e Value-at-Risk (VaR) at the 5% confidence level was
estimated as the 5™ percentile of returns:
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VaRgos = Qo.os(T) 3)

e Maximum Drawdown was defined as the maximum
observed loss from a peak to a subsequent trough:

MDD, = min[ “)

P; 1]
maX(Pl:t)

e The Sharpe Ratio was calculated as the ratio of excess
average returns over the risk-free rate to return vola-
tility. Due to the daily frequency of the data, the risk-
free rate was assumed to be equal to zero:

Hr — 7%

r

Sharpe, = 5)
where (4, is the average return, 75 is the risk-free rate and
o, represents return volatility.

3.4. Data preprocessing and feature construction

Prior to model training, all calculated risk indicators were
scaled using min-max normalization to ensure numerical
stability and comparability across variables. Normaliza-
tion was applied separately to each indicator to prevent
scale dominance in the learning process.

The dataset was divided into training and testing sub-
sets using a chronological split, allocating 80% of the ob-
servations to the training set and 20% to testing set. This
procedure preserves the temporal ordering of the data and
mitigates the risk of information leakage.

3.5. Sequential input windows

To enable the learning of temporal dependencies, sequen-
tial input windows were constructed using a sliding win-
dow approach. Each input sequence consisted of a fixed
number of past observations (look-back window), repre-
senting historical values of a given risk indicator, while
the prediction target corresponded to the subsequent
value of the same indicator.

This setup enables recurrent neural networks to cap-
ture both short-term and long-term dependencies present
in financial time series.

3.6. Predictive artificial intelligence models

The analysis considers three recurrent neural network ar-

chitectures:

e Recurrent Neural Network (RNN), used as a baseline
sequential model

e Long Short-Term Memory (LSTM), incorporating
gating mechanisms to effectively capture long-term
dependencies

e Gated Recurrent Unit (GRU), designed as a computa-
tionally efficient alternative to LSTM

To ensure a fair comparison, all models were imple-

mented within a consistent experimental setup, employ-

ing the same network depth, number of hidden units and

training procedures. Model parameters were optimised

using the Adam optimiser and training was performed via

backpropagation through time.

3.7. Experimental setup and evaluation metrics

To ensure the comparability and reproducibility of the
conducted experiments, all three architectures were con-
figured using identical hyperparameter settings. Each
model consists of two recurrent layers, with 64 hidden
units in the first layer and 32 in the second. The larger
first layer is responsible for capturing higher-dimensional
temporal dependencies, while the smaller second layer
reduces the total parameter count and consolidates the ex-
tracted representations. A dropout rate of 0.2 was applied
between the layers to reduce the risk of overfitting. All
models were trained using the Adam optimiser with a
learning rate of 0.001 for 50 epochs, with a batch size of
32. The look-back window was set to 20 trading days and
the Mean Squared Error (MSE) was used as the loss func-
tion during the training.

4. Results

This section presents the performance of the three predic-
tive artificial intelligence models (RNN, LSTM and
GRU) applied to five market risk indicators for Apple
Inc. (AAPL). Model evaluation was performed on out-
of-sample test data, with forecasting accuracy measured
using Root Mean Squared Error (RMSE) and Mean Ab-
solute Error (MAE).

For each risk indicator, all models were trained and
evaluated under identical settings and experimental con-
ditions.

4.1. Volatility prediction

Daily volatility was computed as the rolling standard de-
viation of returns over a 20-day window. Table 1 shows
the predictive performance of the three models for vola-
tility. RMSE and MAE values are reported for the out-of-
sample test set.

Table 1: Models predictive performance for volatility

Model RMSE MAE

RNN 0.00157 0.00078
LSTM 0.00177 0.00092
GRU 0.00167 0.00081

The results for daily volatility indicate relatively low
error values for all three models. The RNN architecture
achieved the lowest RMSE (0.00157) and the lowest
MAE (0.00078) among the evaluated models. The GRU
model produced results most comparable to the RNN in
terms of MAE (0.00081), while the LSTM architecture
exhibited the highest prediction errors for both evaluation
metrics (RMSE 0.00177, MAE 0.00092).

4.2. Beta prediction

Beta measures the sensitivity of the stock to overall mar-
ket movements and was calculated relative to the S&P
500 index using a 60-day rolling window. Table 2 pre-
sents RMSE and MAE for three models.

Table 2: Models predictive performance for Beta

Model RMSE MAE
RNN 0.04858 0.03243
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LSTM
GRU

0.05741
0.05011

0.03966
0.03278

Forecasting the beta coefficient resulted in noticeably
higher error magnitudes compared to volatility. This out-
come shows the greater complexity of beta dynamics.
Among the evaluated models, the RNN achieved the low-
est error values for both RMSE and MAE, followed
closely by the GRU model. In this case, the LSTM re-
turned noticeably higher errors for both metrics.

4.3. Value-at-Risk (5%) prediction

Value-at-Risk at 5% (VaR_5) was calculated as the 5%
percentile of daily returns over a rolling 20-day window.
Table 3 summarizes the RMSE and MAE for all models
on the set.

Table 3: Models predictive performance for VaR at 5%

Model RMSE MAE

RNN 0.00505 0.00318
LST™M 0.00644 0.00421
GRU 0.00472 0.00292

For the 5% Value-at-Risk, the models’ error values
were slightly larger than those for volatility, but signifi-
cantly smaller than the results for Beta. The GRU
achieved the lowest RMSE and MAE, while LSTM ex-
hibited the highest values of prediction errors. The RNN
produced results very similar to those of the GRU.

4.4. Maximum Drawdown prediction

Maximum drawdown represents the largest peak-to-
trough within a rolling window of 20 days. Table 4 re-
ports RMSE and MAE for this indicator.

Table 4: Models predictive performance for Maximum drawdown

Model RMSE MAE

RNN 0.00865 0.00516
LSTM 0.00936 0.00464
GRU 0.00915 0.00450

The prediction results for maximum drawdown show
similar error values across all three architectures. Differ-
ences in RMSE and MAE are minor and no single model
consistently outperforms the others across both metrics.

4.5. Sharpe Ratio prediction

The Sharpe ratio was calculated as the mean return over
standard deviation of returns for each rolling window. It
is presented in Table 5 with RMSE and MAE provided
for all models.

Table 5: Models predictive performance for Sharpe ratio

Model RMSE MAE

RNN 0.07475 0.05629
LST™ 0.08279 0.06260
GRU 0.07909 0.06013

The Sharpe ratio returned the highest error values
among all analysed indicators, regardless of model. The
RNN architecture achieved the lowest RMSE and MAE,

while the LSTM and GRU produced slightly larger er-
TorS.

5. Discussion

The present study evaluated the predictive capabilities of
RNN, LSTM and GRU in forecasting multiple market
risk indicators derived from daily financial time series.
The findings enable a direct assessment of the strengths
and limitations of the recurrent neural network in the con-
text of financial risk management and allow for explicit
verification of the proposed research hypothesis.

Regarding H1, which assumes significant differences
in predictive performance among RNN, LSTM and GRU
models, the results indicate that performance variations
are present but not even across all indicators. For risk
measures such as volatility and Value-at-Risk, error dif-
ferences between models were relatively small, with no
model consistently outperforming the others. In contrast,
the performance variations turned out to be more notice-
able for complex risk indicators like Beta or Sharpe ratio.
These findings suggest that H1 is partially supported, as
model architecture affects forecasting performance, but
the significance of its impact depends on the modelled
risk measure.

The second hypothesis (H2) proposed that gated re-
current architectures (LSTM and GRU) outperform clas-
sical RNN models in terms of prediction accuracy. The
actual results do not provide consistent evidence to sup-
port this assumption. While LSTM and GRU occasion-
ally achieved lower prediction errors for selected indica-
tors, the classical RNN demonstrated comparable or even
superior performance in specific cases, particularly for
volatility-based measures. This indicates that theoretical
advantages of gating mechanisms do not significantly
impact the predictive performance in the considered ex-
perimental setup. Consequently, the results do not pro-
vide unambiguous evidence to confirm H2, as LSTM and
GRU did not systematically achieve lower prediction er-
rors than the RNN across all evaluated indicators and
metrics.

The third hypothesis (H3) referred to the variability
of model effectiveness across different market risk indi-
cators. The results strongly confirm this hypothesis: pre-
dictive accuracy depends strongly on the specific risk
measure. Measures derived directly from return distribu-
tions, such as volatility and Value-at-Risk, forecasted
with higher accuracy, while indicators that integrate mar-
ket relationships or risk-adjusted performance demon-
strated higher prediction inaccuracy. Moreover, no single
architecture consistently outperformed the others, high-
lighting the dependence of model suitability on the char-
acteristics of the risk measure.

Overall, all the findings highlight the importance of
picking or adjusting the model to the structural properties
of financial risk indicator. Furthermore, increasing the ar-
chitectural complexity of the models does not guarantee
improved predictive performance in market risk forecast-
ing tasks.
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6. Conclusions

This study investigated the performance of predictive ar-
tificial intelligence models in forecasting multiple market
risk indicators that are commonly used in corporate fi-
nancial risk management. The analysis provides a thor-
ough assessment of the strengths and limitations of the
recurrent neural networks (particularly RNN, LSTM and
GRU) in financial risk modelling and allows for direct
evaluation of the proposed hypothesis.

The results indicate that while differences in predic-
tive performance among the models exist, they are not
regular or consistent across all risk measures. As a result,
hypothesis H1 was partially confirmed, suggesting that
model choice influences forecasting accuracy, but the
scale of the impact depends on the selected risk indicator.
In subsequent analyses, hypothesis H2 was rejected, as
gated recurrent architectures did not systematically out-
perform classical RNN models. In contrast, H3 was fully
supported, demonstrating that predictive effectiveness
varies across different market risk indicators and that no
single architecture is universally optimal.

From a practical perspective, the results suggest that
simpler recurrent architectures may offer a favourable
trade-off between accuracy and computational efficiency
in market risk management systems.

This work leaves room for the future investigations
that may extend the study by analysing broader set of as-
sets, incorporating diverse market conditions and includ-
ing additional independent variables in models. Further-
more, the application of statistical significance tests, hy-
brid or attention-based architectures may offer deeper in-
sights into which artificial intelligence models offer the
best performance in context of market risk prediction.
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