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Abstract

This study investigates whether shareholder value creation, defined as beta-adjusted out-
performance relative to a market benchmark, can be effectively predicted in an emerging
market using a sequential machine learning framework. While prior research has predom-
inantly focused on profitability forecasting or stock return prediction, the prediction of
risk-adjusted shareholder value creation remains relatively underexplored, particularly
in emerging economies such as Morocco. To address this gap, the study develops a pre-
dictive framework that combines market-based indicators, macroeconomic variables, and
accounting fundamentals using only information realistically available to investors at each
decision date. These variables are organized into firm-level temporal sequences based
on a monthly decision-date panel of non-financial firms listed on the Casablanca Stock
Exchange over the period 2010–2024. To capture nonlinear relationships and temporal
dependencies in financial data, the empirical analysis compares baseline models with deep
learning architectures, including GRU, LSTM, and CNN1D. The results indicate that deep
learning models consistently outperform naïve and linear benchmark models, suggesting
that shareholder value creation exhibits a measurable degree of predictability. With an AUC
of 0.700 and a PR-AUC of 0.727, CNN1D achieves the strongest performance in the final
evaluation setting and ranks as the best-performing model according to the primary AUC
criterion. The findings also reveal that macroeconomic variables generate the strongest
standalone predictive signal, whereas market-based variables exhibit comparatively weaker
predictive power when considered in isolation. By extending financial prediction toward
a risk-adjusted, benchmark-based, and investor-oriented framework, and by providing
new empirical evidence on the value of temporal modeling and multi-source financial
information for forecasting shareholder value creation in an emerging market context, this
study contributes to the growing literature at the intersection of financial forecasting and
artificial intelligence.

Keywords: shareholder value creation; total shareholder return; deep learning;
macroeconomic variables; emerging markets; time-series analysis

1. Introduction
A central objective in corporate finance and investment research is the creation of

shareholder value, which reflects a firm’s ability to generate returns that exceed market
expectations (Jensen, 2001). In this context, Total Shareholder Return (TSR) has emerged as
a widely used performance measure because it captures both capital gains and dividend

J. Risk Financial Manag. 2026, 19, 493 https://doi.org/10.3390/jrfm19070493

https://crossmark.crossref.org/dialog?doi=10.3390/jrfm19070493&domain=pdf&date_stamp=2026-07-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/jrfm
https://www.mdpi.com
https://doi.org/10.3390/jrfm19070493


J. Risk Financial Manag. 2026, 19, 493 2 of 45

distributions over a given investment horizon, thereby providing a comprehensive investor-
oriented assessment of corporate performance (Boudoukh et al., 2007).

Forecasting shareholder value creation remains a challenging and complex task
(Cochrane, 2005; Rapach & Zhou, 2013). Financial markets evolve continuously and are
influenced by a wide range of interconnected factors, including firm-specific fundamentals,
market-based indicators, and macroeconomic conditions. In this context, operating perfor-
mance, risk exposure, valuation metrics, and broader economic factors such as inflation,
monetary policy, and economic growth are closely associated with firms’ future perfor-
mance (Fama & French, 1993; Campbell et al., 1997). Moreover, financial relationships often
exhibit nonlinear dynamics and evolve over time, making it difficult for traditional linear
models to adequately capture the complexity of these interactions (Gu et al., 2020).

Recent advances in machine learning have provided new opportunities to address
these challenges more effectively. In particular, machine learning methods offer a flexible
framework for modeling complex and nonlinear relationships among variables without
relying on restrictive parametric assumptions (Hastie et al., 2009; Gu et al., 2020). Beyond
capturing static associations, deep learning techniques are particularly well suited to mod-
eling the temporal dynamics inherent in financial data (Fischer & Krauss, 2018). Recurrent
architectures, such as Long Short-Term Memory (LSTM) networks and Gated Recurrent
Units (GRU), are specifically designed to capture long-term dependencies in sequential
data, whereas one-dimensional convolutional neural networks (CNN1D) are effective in
identifying local temporal patterns and short-term dynamics (Hochreiter & Schmidhuber,
1997; Cho et al., 2014; LeCun et al., 2015). Even with these developments, deep learning
is not yet widely used to predict shareholder value, especially in countries like Morocco.
Rather than directly predicting shareholder value creation, most research focuses on stock
return prediction or business profitability (Campbell & Thompson, 2008; Gu et al., 2020;
Penman, 2013). Furthermore, many empirical studies rely on static representations of finan-
cial variables and often ignore sequential information and time dynamics when explaining
company performance (Fischer & Krauss, 2018; Bao et al., 2017).

This paper proposes a predictive approach based on a sequential modeling frame-
work that incorporates macroeconomic variables, market-based indicators, and firm-level
accounting variables to deal with these limitations. By converting firm-level observations
into rolling time sequences, the models can capture temporal dependencies and dynamic
patterns in financial data. The analysis compares baseline models and deep learning archi-
tectures, such as CNN1D, GRU, and LSTM, applied to a panel of companies listed between
2010 and 2024 on the Casablanca Stock Exchange.

Instead of aggregating all predictors to one monthly frequency, the design includes
lower frequency accounting and macroeconomic data into a monthly decision-data
framework because variables are observed at different frequencies (Ghysels et al., 2007;
Andreou et al., 2013).

Despite the growing literature, several important limitations remain in machine learn-
ing and financial prediction. Furthermore, many empirical methods overlook temporal
dynamics and sequential information and instead rely on static representations of finan-
cial data (Bao et al., 2017; Fischer & Krauss, 2018). Lastly, although financial markets in
emerging economies have specific structural features (Bekaert & Harvey, 2003), the use of
deep learning models in financial prediction remains less explored in emerging market
contexts, particularly when accounting, market, and macroeconomic data are combined
(Sezer et al., 2020).

The Moroccan stock market provides a particularly relevant setting for examining
shareholder value prediction because it combines the characteristics of an emerging market
with a relatively limited number of listed firms and lower liquidity than major developed
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markets. Emerging markets are often characterized by information asymmetries, liquidity
constraints, and market frictions that may influence the speed at which new information
is incorporated into security prices (Bekaert & Harvey, 2003). Consequently, accounting
disclosures, market signals, and macroeconomic developments may affect investor expecta-
tions progressively rather than being immediately reflected in stock prices. Such conditions
increase the potential importance of temporal dependencies and nonlinear interactions in
financial data, making sequential machine learning approaches especially relevant (Fischer
& Krauss, 2018; Sezer et al., 2020). Furthermore, while larger and more liquid markets have
already been extensively examined in the financial machine learning literature, evidence
from emerging markets remains comparatively limited. Studying the Moroccan market
therefore provides an opportunity to evaluate whether the predictive advantages of se-
quential deep learning models remain relevant under different institutional, informational,
and liquidity conditions.

This study uses a machine learning approach that incorporates firm-level accounting
variables, market-based indicators, and macroeconomic factors into a sequential modeling
structure to assess the predictability of shareholder value creation. The objective is to
evaluate how effective deep learning models are in capturing nonlinear relationships and
temporal dependencies that drive company performance.

This study makes three main contributions. First, it suggests using Total Shareholder
Return in comparison to a beta-adjusted market benchmark as a risk-adjusted indicator
of shareholder value creation. Second, it makes it possible to explicitly model temporal
dynamics by introducing a sequential representation of financial data using rolling firm-
specific time periods. Third, it offers fresh data on the predictive performance of deep
learning models (GRU, LSTM, and CNN1D) in an emerging market setting by empirically
comparing them with baseline classifiers.

Beyond the methodological comparison between deep learning architectures, the
originality of this study lies in the prediction of shareholder value creation through a risk-
adjusted and investor-oriented framework specifically designed for an emerging market
environment. Unlike most previous studies that focus on stock return forecasting or
accounting profitability prediction, this research examines whether firms can outperform a
beta-adjusted market benchmark using information that would realistically be available to
investors at each decision date.

The study is also positioned at the intersection of asset pricing, financial forecasting,
and artificial intelligence. By combining accounting fundamentals, market-based indicators,
and macroeconomic information within a unified sequential framework, it extends existing
research beyond conventional return prediction models and contributes to a more compre-
hensive understanding of the determinants of shareholder value creation (Kelly et al., 2019;
Gu et al., 2020; Jiang et al., 2023).

Furthermore, as in many emerging markets, information may not be incorporated
into prices instantaneously. Accounting disclosures, market signals, and macroeconomic
developments may influence investor expectations progressively over time rather than
through immediate market adjustments. In such an environment, temporal dependencies
become economically meaningful, making sequential architectures theoretically relevant
for capturing evolving information patterns and dynamic interactions among financial
variables (Bekaert & Harvey, 2003; Sezer et al., 2020; Fischer & Krauss, 2018). Consequently,
this study contributes not only to the growing literature on artificial intelligence in finance
but also to the understanding of how temporal deep learning models can be applied to
predict risk-adjusted shareholder value creation in relatively underexplored emerging
market settings.
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Inspired by the body of the current literature, the following research question is
addressed in this study:

Research Question: Can shareholder value creation be predicted using accounting, market-
based, and macroeconomic information within a sequential machine learning framework?

To address this question, the study further examines:

(i) The complementary contribution of accounting, market-based, and macroeconomic in-
formation.

(ii) The role of temporal dependence captured through rolling firm-specific sequences.
(iii) The comparative performance of sequential deep learning and baseline classifica-

tion models.

General Hypothesis:
Shareholder value creation is not purely random and can be predicted, to some extent,

using firm-level fundamentals, market-based information, and macroeconomic conditions
within a temporally consistent machine learning framework.

1st hypothesis: Firm-level accounting variables, market-based indicators, and macroe-
conomic factors provide predictive information for identifying shareholder value creation.

H1.1. Accounting variables related to operating performance, profitability, leverage, and firm size
provide predictive information about the probability of shareholder value creation.

H1.2. Market-based variables capturing valuation, risk exposure, and price dynamics provide
additional predictive information about shareholder value creation beyond accounting fundamentals.

H1.3. Macroeconomic indicators related to inflation, monetary policy, liquidity, exchange rates,
and economic growth influence the probability of shareholder value creation through their impact on
discount rates and overall market conditions.

2nd hypothesis: Sequential machine learning models capture nonlinear and temporal
patterns that improve the prediction of shareholder value creation relative to naïve and
linear benchmark classifiers.

This second hypothesis is broken down into the following sub-hypotheses.

H2.1. Rolling firm-specific sequences provide useful temporal information for predicting shareholder
value creation.

H2.2. Nonlinear architectures capture interactions between financial and macroeconomic variables
that are not adequately represented by linear decision boundaries.

H2.3. Sequential deep learning models outperform naïve and linear benchmark classifiers, in terms
of out-of-sample predictive performance.

Paper Structure

The remainder of the paper is organized as follows. Section 2 presents the literature
review and theoretical foundations. Section 3 describes the methodological approach,
including data preparation and the research workflow. Section 4 introduces the evaluation
metrics used to assess model performance. Section 5 presents the data and variable con-
struction, while Section 6 details the empirical design and model specification. Section 7
reports the empirical results. Section 8 discusses the findings, and Section 9 concludes by
presenting the main limitations and directions for future research.
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2. Literature Review and Theoretical Foundations
This section reviews the theoretical and empirical literature relevant to the prediction

of shareholder value creation, drawing on insights from financial economics, asset pricing,
and machine learning. It first examines the economic mechanisms underlying shareholder
value creation and the role of accounting, market-based, and macroeconomic determi-
nants. It then discusses the theoretical foundations of the machine learning approaches
employed in this study and their relevance for modeling complex financial relationships
and temporal dynamics.

2.1. Economic and Financial Foundations of Shareholder Value Creation

Financial economics has long regarded shareholder value creation as a central objective
of corporate performance, commonly assessed through stock returns and value-based
performance measures. Traditional frameworks, including market efficiency theories
and value-based management approaches, posit that a firm’s ability to generate returns
exceeding its cost of capital is ultimately reflected in shareholder value creation (Rappaport,
1986; Stewart, 1991; Fama & French, 1993).

In this context, Total Shareholder Return (TSR), which incorporates both capital gains
and dividend distributions over a given investment horizon, is widely recognized as a
comprehensive measure of shareholder value creation (Boudoukh et al., 2007). However,
traditional performance assessments often rely on raw returns and may fail to adequately
account for differences in systematic risk across firms. To address this limitation, recent
research has emphasized the importance of risk-adjusted performance measures, particu-
larly those based on beta-adjusted returns derived from the Capital Asset Pricing Model
(CAPM), which provide a more meaningful evaluation of value creation from an investor’s
perspective (Sharpe, 1964; Lintner, 1965; Jensen, 1968).

According to this framework, a firm’s ability to outperform an appropriate benchmark
after accounting for its level of systematic risk is generally regarded as an indicator of
shareholder value creation. This perspective is particularly relevant in emerging markets,
where structural characteristics, market imperfections, and macroeconomic volatility can
significantly influence asset-pricing dynamics (Bekaert & Harvey, 2003).

Building on this risk-adjusted perspective, shareholder value creation can be formu-
lated as a predictive problem by defining a binary target variable that indicates whether a
firm outperforms its benchmark. This formulation naturally lends itself to a classification
framework, which is widely used in machine learning to predict discrete outcomes and
support decision-making under uncertainty (Fawcett, 2006; Provost & Fawcett, 2013).

2.2. Role of Accounting, Market, and Macroeconomic Variables

Predicting shareholder value creation requires the integration of information from
multiple sources that capture macroeconomic conditions, market dynamics, and firm-
specific characteristics. Accordingly, the explanatory variables considered in this study are
organized into three broad categories: accounting variables, market-based indicators, and
macroeconomic variables. Each category provides complementary information regarding
the determinants of corporate performance and shareholder value creation.

2.2.1. Accounting Variables

Accounting variables provide valuable insights into a firm’s operating performance,
profitability, and financial structure. In this study, the selected accounting indicators include
changes in sales (∆Sales), changes in EBITDA (∆EBITDA), earnings per share (EPS), changes
in earnings per share (∆EPS), leverage, and firm size (SIZE). These variables capture key
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dimensions of corporate performance and are frequently used in the financial forecasting
literature to assess a firm’s growth prospects, profitability, and financial stability.

These variables capture essential dimensions of firm fundamentals. In particular, EPS
and its variation reflect shareholder-oriented earnings performance, while growth in sales
and EBITDA provides information on operating expansion and profitability dynamics
(Penman, 2013). Firm size is commonly associated with scale effects, information avail-
ability, and market positioning (Fama & French, 1993), whereas leverage reflects financing
decisions and the level of financial risk borne by the firm (Bhandari, 1988). A substantial
body of empirical research has highlighted the importance of accounting information in
explaining expected returns, firm performance, and value creation (Sloan, 1996; Fama &
French, 2006; Penman, 2013). Consequently, these variables constitute a relevant foundation
for predicting shareholder value creation.

2.2.2. Market, Valuation, and Risk Variables

Market-based variables capture investor expectations, valuation dynamics, and per-
ceived risk. The variables used in this study include the price-to-earnings ratio (PER),
market-to-book ratio (M/B), stock return volatility (σt), firm beta (βi,t (12m)), close price,
and the MASI monthly closing index.

Two widely used valuation ratios help explain how the market values firms relative
to earnings and book value are PER and M/B (Campbell & Shiller, 1988; Fama & French,
1993). While beta quantifies systematic risk in relation to the market portfolio (Sharpe, 1964),
volatility captures the fluctuation of stock returns and indicates uncertainty (Ang et al.,
2006). While the MASI index represents the general market trend and acts as a stand-in
for aggregate market conditions, the inclusion of the close price enables the capture of
firm-level price changes and momentum-related phenomena (Jagadeesh & Titman, 1993).

These factors are based on frameworks for market efficiency and asset pricing theory,
which highlight how market data reflects and predicts corporate performance (Fama, 1970;
Grossman & Stiglitz, 1980).

2.2.3. Macroeconomic Variables

Macroeconomic variables reflect the broader economic environment in which firms
operate and play a fundamental role in shaping corporate performance, investment deci-
sions, and asset valuation. The macroeconomic indicators considered in this study include
inflation, the policy interest rate, the yield curve slope (SLOPE), money supply growth
(∆M2), exchange rate variation (∆FX), and economic growth (∆GDP).

These indicators influence discount rates, financing conditions, market liquidity, and
overall economic activity. For instance, inflation and interest rates directly affect the cost
of capital, whereas changes in money supply and exchange rates can influence financial
market conditions and investment decisions. The yield curve slope is particularly informa-
tive, as it reflects market expectations regarding future economic activity and monetary
policy developments (Estrella & Hardouvelis, 1991). These macroeconomic variables reflect
broader economic conditions that influence both firm-level cash flows and discount rates
and play an important role in asset pricing and financial performance (Cochrane, 2005).
Macroeconomic factors have a strong impact on stock returns and firm performance, ac-
cording to empirical data, especially in emerging economies that tend to be more sensitive
to economic shocks (Fama & Schwert, 1977; N.-F. Chen et al., 1986; Bekaert & Harvey, 2003;
Rapach et al., 2013; Neely et al., 2014).

2.2.4. Complementarity and Interaction Effects

Accounting fundamentals, market-based indicators, and macroeconomic variables
should be viewed as complementary sources of information rather than as independent
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determinants of shareholder value creation. These dimensions interact in complex ways,
jointly influencing firms’ performance, market expectations, and valuation outcomes
(Rapach et al., 2013; Kelly et al., 2019). Because such relationships are often nonlinear
and evolve over time, they are difficult to capture using conventional linear modeling
approaches (Hastie et al., 2009; Gu et al., 2020).

This perspective is particularly relevant in emerging markets, where financial per-
formance is shaped by the interaction between firm-specific characteristics and broader
economic conditions (Bekaert & Harvey, 2003). Integrating multiple sources of information
within a unified modeling framework enables a more comprehensive assessment of the
factors driving shareholder value creation and enhances the ability to predict its evolution
over time.

2.3. Mixed-Frequency Information and Information Timing

A common challenge in financial forecasting arises from the heterogeneous frequencies
at which different types of information become available. Macroeconomic indicators are
generally observed at monthly or lower frequencies, whereas accounting information is
typically disclosed on an annual or semiannual basis. In contrast, market-based variables,
such as stock prices, returns, volatility, and beta, are available at much higher frequencies
and can be aggregated to monthly intervals when required.

The main methodological difficulty in this situation is to make sure that each predictor
is included in a way that is consistent with its actual informational availability rather than ar-
bitrarily imposing a uniform frequency across all variables. As long as temporal alignment
respects the information set accessible at each decision point, lower-frequency variables
can be incorporated into higher-frequency prediction frameworks, according to the mixed-
frequency econometrics literature (Fama, 1970; Ghysels et al., 2004; Andreou et al., 2010;
Schorfheide & Song, 2015).

In financial markets, the informational content of accounting variables is closely linked
to the timing of their disclosure. Investors typically revise their expectations when new
financial statements are released rather than continuously updating their assessments based
on accounting information. Nevertheless, between reporting dates, investment decisions
continue to rely on the most recently available financial information. From this perspective,
accounting variables should not be viewed as continuously updated monthly series but
rather as lower-frequency firm fundamentals whose informational content remains relevant
until new disclosures become available (Ball & Brown, 1968; Beaver, 1968; Chambers &
Penman, 1984).

Similarly, in a higher-frequency predictive environment, macroeconomic variables like
GDP, which are not naturally seen at a monthly frequency, can be included as low-frequency
signals (Marcellino et al., 2006). In this instance, their function is to record more general
economic conditions that change more slowly over time rather than to accurately depict
intra-period dynamics.

Building on these considerations, this study adopts a mixed-frequency framework
that integrates macroeconomic, market-based, and accounting information within a unified
monthly decision-date structure. This design enables the models to capture both short-term
market dynamics and the more gradual effects of firm fundamentals and macroeconomic
conditions. By aligning variables according to their effective availability while preserving
their original informational content, the framework maintains temporal consistency and
enhances the economic interpretability of the predictive process.

https://doi.org/10.3390/jrfm19070493

https://doi.org/10.3390/jrfm19070493


J. Risk Financial Manag. 2026, 19, 493 8 of 45

2.4. Machine Learning and Baseline Approaches in Financial Prediction

Machine learning approaches can model complex interactions in high-dimensional
data without relying on strict parametric assumptions and have become increasingly
important in finance research (Hastie et al., 2009; Varian, 2014; Gu et al., 2020). In partic-
ular, classification models are often used to predict financial outcomes by estimating the
likelihood of specific events, such as shareholder value creation (Fawcett, 2006).

Recent empirical evidence suggests that machine learning techniques can substantially
improve predictive performance in financial applications, including asset pricing, stock
return forecasting, and corporate performance prediction, by capturing complex nonlinear
relationships and interactions among financial variables (Feng et al., 2020; Kelly et al., 2019;
Gu et al., 2020). Logistic regression is used in this study as a standard machine learning
model. Logistic regression is a probabilistic linear classifier that uses a sigmoid function
to estimate the probability of a binary outcome (Hosmer et al., 2013). Because of its inter-
pretability and solid statistical underpinnings, it is still commonly employed in financial
research despite its simplicity, making it a useful benchmark for performance comparison.

In addition to logistic regression, a majority-class classifier is employed as a naïve
benchmark. This model simply predicts the most frequently observed class in the training
sample and therefore does not involve any learning process. Such baseline models are
commonly used in classification tasks to establish a lower-bound performance benchmark
and to verify that more sophisticated approaches generate predictive improvements beyond
naïve decision rules (Provost & Fawcett, 2013).

While these baseline methods provide useful reference points, their predictive perfor-
mance may be constrained in complex financial environments characterized by nonlinear
relationships and temporal dependencies. This limitation stems from their reliance on
restrictive assumptions, including linearity and the independence of observations, which
may not adequately reflect the dynamic nature of financial markets.

2.5. Sequential Modeling and Deep Learning Architectures

Recent research has increasingly focused on sequential modeling approaches that incor-
porate time dependencies to address the limitations of static models (Goodfellow et al., 2016).
Long short-term memory (LSTM) and Gated Recurrent Units (GRU) are two examples of
recurrent neural networks (RNNS) that are designed to capture long-term relationships in
sequential data (Hochreiter & Schmidhuber, 1997; Cho et al., 2014; Goodfellow et al., 2016;
Fischer & Krauss, 2018).

Convolutional neural networks (CNNS), which were first created for image processing,
have also been adapted for time-series analysis. From sequential data, one-dimensional CNNS

(CNN1D) can extract hierarchical features and local temporal patterns (Kiranyaz et al., 2015;
LeCun et al., 2015; Zhang et al., 2017; Bai et al., 2018).

These architectures are capable of learning hierarchical representations of financial
data, enabling them to capture complex nonlinear relationships and temporal dynamics.
Their strengths are complementary: convolutional networks are particularly effective at
detecting local temporal patterns, whereas recurrent architectures are specifically designed
to model long-term dependencies in sequential data. Examining the performance of these
models therefore provides valuable insights into the underlying data-generating process
and the relative importance of different temporal structures. Their application to financial
forecasting has yielded promising results, particularly in environments characterized by
noisy, high-dimensional, and complex datasets (Nelson et al., 2017; Heaton et al., 2017;
Fischer & Krauss, 2018; Sezer et al., 2020).
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2.6. Theoretical Foundations of Model Selection

The selection of predictive models for financial applications should account for several
important characteristics of financial data, including temporal dependencies, nonlinear
relationships, and interactions among variables (Campbell et al., 1997; Cochrane, 2005).
Conventional approaches, such as logistic regression, may be less effective in complex
financial environments because they rely on restrictive assumptions, including linear
relationships and the independence of observations (Hastie et al., 2009; Gu et al., 2020).

In contrast, deep learning models are better suited to modeling complex nonlinear
relationships and dynamic patterns because of their flexibility in approximating highly
intricate functions (Goodfellow et al., 2016; Heaton et al., 2017). Their capacity to learn
evolving financial structures is further strengthened by the use of rolling windows and
firm-specific temporal sequences, which enable the models to exploit both cross-sectional
and temporal information embedded in the data (Bao et al., 2017; Fischer & Krauss, 2018).

This approach provides a way to evaluate the added value of nonlinear and sequential
model techniques by comparing baseline models with deep learning architectures (Varian,
2014). By comparing different model designs within a single empirical framework, our
study builds on this perspective and adds to our understanding of model selection in
financial prediction tasks.

3. Methodology
This section outlines the empirical framework adopted in the study. It describes the

preparation and temporal alignment of the data, the specification of the predictive models,
and the procedures used to evaluate their performance. Particular attention is devoted
to the monthly decision-date structure, the prevention of information leakage, and the
implementation of a temporally consistent forecasting framework.

3.1. Data Preparation and Preliminary Diagnostics

This study is based on a firm-level panel structured around monthly decision dates for
companies listed on the Casablanca Stock Exchange over the period 2010–2024, combining
variables observed at different frequencies.

As illustrated in Figure 1, financial institutions, leasing companies, investment firms,
and holding companies were excluded because of their distinct regulatory environments,
accounting frameworks, and reporting practices. Additional selection criteria related to
data availability, first-year stability, listing continuity, and fiscal-year comparability were
subsequently applied. The final sample comprises 30 non-financial firms, representing
5400 firm-month observations.

After preprocessing and aligning the data over time, the sample is reduced to 5040 us-
able observations. This reduction mainly comes from the construction of the 12-month
forward TSR used for target definition and by the rolling sequence structure (L = 12), which
mechanically truncates observations at the beginning and end of each firm’s time series.

The relatively small cross-sectional dimension of the sample should be explicitly
acknowledged. Although the panel contains 5040 usable firm-month observations, these
observations are generated from only 30 non-financial listed firms. This feature reflects the
structure of the Moroccan stock market and the strict sample selection criteria adopted in
this study, including sectoral exclusion, listing continuity, data availability, and fiscal-year
comparability. Consequently, the empirical design relies more on the temporal dimension
of the panel than on a large cross-sectional universe of firms.
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Initial population 
Moroccan companies registered on the Casablanca Stock Exchange Study period: 2010–2024 

Criterion 1—Sector  
Financial intermediation firms are filtered out: 

-Banks -Leasing -Investment Firms -Holding companies 
(Non-financial firms retained) 

Criterion 2—Data availability  
Financial statements for the time period being examined are 

available (BS/Income Statement, etc.) 

Criterion 3—Fiscal-year stability  
The fiscal year did not change throughout that time 

Criterion 4—Listing status  
Do not include companies that were delisted during that time 

Criterion 5—Comparability  
Fiscal year-end = December 31 

Final sample for analysis 
30 non-financial listed firms (5400 firm-month observations) 

Figure 1. The process of selecting analytical samples for non-financial companies registered on the
Casablanca stock exchange. Source: Author’s own elaboration.

This limitation is particularly relevant for deep learning models, which are generally
data-intensive and may be sensitive to overfitting when applied to small samples. To
mitigate this risk, the architectures used in this study were intentionally kept relatively
parsimonious, and several regularization and validation procedures were implemented,
including dropout, chronological train–validation–test splitting, early stopping based on
validation AUC, restoration of the best validation weights, and block-bootstrap confidence
intervals. Therefore, the results should be interpreted as evidence of predictive patterns
within the Moroccan listed-firm universe rather than as unrestricted general evidence
applicable to all emerging or developed markets.

The dataset is built inside a rigorous decision date structure to reduce any look-ahead
bias resulting from data delivery delays. Only data that would have been accessible to the
public at or before each monthly decision point (t) is utilized for forecasting.

To preserve the temporal integrity of the dataset, accounting variables are aligned
according to their effective public disclosure dates, thereby incorporating the reporting lag
between the end of a fiscal period and the publication of financial statements. Similarly,
macroeconomic variables are synchronized with their respective release dates to ensure that
only information available at each decision date is included in the predictive framework.
This procedure prevents the inadvertent introduction of forward-looking information and
reduces the risk of information leakage.

This temporal alignment helps mitigate the risk of information leakage by preserv-
ing the chronological integrity of the dataset and providing a realistic approximation of
information availability at each decision date, even though exact release dates are not
explicitly modeled. More specifically, accounting variables are incorporated into the fea-
ture set with an explicit reporting lag of approximately six months following the fiscal
year-end, reflecting the typical delay between the preparation of financial statements and
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their public disclosure. Likewise, macroeconomic variables are aligned according to their
official publication schedules, which generally imply a delay of approximately one month
relative to the observation period. As a result, the predictive framework relies exclusively
on information that would have been available to investors at the time the prediction was
generated. Furthermore, no future market information is included in the target design
since the rolling beta (βi,t) utilized for risk adjustment is only calculated using historical
return data up to time t. In addition to removing any potential look-ahead bias in feature
development and target definition, this explicit lag structure strengthens the dataset’s
temporal consistency.

In addition to temporal alignment, several preprocessing procedures were imple-
mented to enhance data quality and ensure the robustness of the empirical framework.
Extreme observations, which are common in financial datasets, were mitigated through
winsorization at the 1st and 99th percentiles. Missing values were handled using a firm-
level forward-fill procedure when necessary, ensuring that only information available prior
to each decision date was propagated through time.

Furthermore, all input variables were standardized using z-score normalization based
exclusively on the training sample. The estimated transformation parameters were sub-
sequently applied to the validation and test sets, thereby preserving consistency across
datasets while preventing information leakage. Together, these preprocessing procedures
improve model stability, enhance the comparability of variables measured on different
scales, and maintain the temporal integrity of the forecasting framework.

3.2. Research Workflow

The research workflow follows a structured sequence designed to ensure the rigorous
development and evaluation of the predictive models. The process begins with the collec-
tion of accounting, market-based, and macroeconomic data covering the period 2010–2024.
Market variables and most macroeconomic indicators are observed at a monthly frequency,
whereas accounting variables and GDP are available at lower frequencies. Rather than arti-
ficially transforming all variables into monthly series, the proposed framework aligns them
to monthly decision dates in accordance with their effective availability. This approach
preserves the economic meaning of each variable while ensuring that the information set
remains consistent with what would have been available to investors prior to preprocessing
and sequence construction. To further reduce the risk of information leakage, all predictors
were aligned according to their effective availability date. Market variables were com-
puted exclusively from historical observations available up to the decision date, while
accounting variables were incorporated with an appropriate reporting lag reflecting the
delay between fiscal year-end and public disclosure. Missing observations were handled
using a firm-level chronological forward-fill procedure. This approach is consistent with
the low-frequency nature of accounting and certain macroeconomic variables, as the most
recently disclosed information remains available to investors until a subsequent update is
released. Importantly, only past observations were propagated forward, ensuring that no
future information entered the predictive modeling process. Next, firm-level fundamentals,
market indicators and macroeconomic signals were organized within a monthly decision
framework and combined with lagged variables to capture temporal dynamics. Next,
using company TSR relative to the market benchmark, the target variable was defined
based on shareholder value creation. Panel data were converted into temporal sequences
using a 12-month rolling window to enable the use of sequential deep learning models.
The dataset was then split chronologically into training, validation, and test sets. The
modeling strategy was carried out in three stages: stage 1 consists of an initial comparison
between baseline and deep learning models under a preliminary specification; stage 2
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focuses on comparing deep learning architectures (GRU, LSTM, and CNN1D) under a
stricter classification setting; and Stage 3 involves final validation including comparison
with baseline models, along with diagnostic analyses, and robustness tests to assess the
reliability of the selected model. The overall workflow is summarized in Figure 2:

Figure 2. Methodological workflow of the study. Source: Author’s elaboration based on accounting,
market and macroeconomic data (2010–2024).

4. Evaluation Metrics
We use a set of complementary criteria frequently employed in binary classification

issues to assess the prediction performance of the suggested models (Fawcett, 2006; Saito &
Rehmsmeier, 2015; Chicco & Jurman, 2020; Provost & Fawcett, 2013). Let Y ∈ {0, 1} denote
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the true class label and Ŷ ∈ {0, 1} the predicted class. In addition, let P̂ (X) = P (Y = 1|X)
denote the predicted probability that an observation belongs to the positive class.

Unlike traditional studies that model shareholder value creation as a continuous
outcome, this study adopts a binary classification framework. The target variable is
constructed from the beta-adjusted Total Shareholder Return (TSR) relative to the market
benchmark. A positive class (Y = 1) indicates that a firm generated positive shareholder
value creation by outperforming its risk-adjusted benchmark over the evaluation horizon,
whereas a negative class (Y = 0) indicates that the firm failed to outperform the benchmark.

This formulation is motivated by the practical decision-making context faced by
investors. In many investment applications, the primary objective is not necessarily to
predict the exact magnitude of future returns, but rather to identify firms that are more
likely to create shareholder value. Consequently, the classification framework transforms
shareholder value prediction into a decision-oriented problem that is directly aligned with
portfolio screening and investment selection processes.

Based on the confusion matrix, we define the following quantities:

TP =
n

∑
i=1

1
(
Yi = 1, Ŷi = 1

)
(1)

TN =
n

∑
i=1

1
(
Yi = 0, Ŷi = 0

)
FP =

n

∑
i=1

1
(
Yi = 0, Ŷi = 1

)
FN =

n

∑
i=1

1
(
Yi = 1, Ŷi = 0

)
where 1 (.) is the indicator function.

Accuracy measures the probability of correct classification:

Accuracy = P
(
Ŷ = Y

)
=

TP + TN
TP + TN + FP + FN

(2)

4.1. Balanced Accuracy

By averaging class-wise conditional probability, Balanced Accuracy corrects for
class imbalance:

Balanced Accuracy = 1
2 [P

(
Ŷ = 1 | Y = 1

)
+ P

(
Ŷ = 0 | Y = 0

)
]

= 1
2 [

TP
TP+FN + TN

TN+FP ]
(3)

4.2. Precision

The percentage of accurately anticipated positive observations among all predicted
positives is known as precision.

Precision =
TP

TP + FP
(4)

4.3. Recall

Recall (sensitivity) measures the probability of correctly detecting positive cases:

Recall = P
(
Ŷ = 1 | Y = 1

)
=

TP
TP + FN

(5)
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4.4. F1-Score

The harmonic mean of precision and recall yields the F1-score:

F1 = 2 ·
P
(
Y = 1 | Ŷ = 1

)
· P

(
Ŷ = 1 | Y = 1

)
P
(
Y = 1 | Ŷ = 1

)
+ P

(
Ŷ = 1 | Y = 1

) (6)

4.5. Matthews Correlation Coefficient (MCC)

A correlation coefficient between observed and anticipated classes is called the MCC.

MCC =
TP · TN − FP · FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(7)

4.6. Area Under the ROC Curve (AUC)

The probability that a randomly selected positive observation would obtain a higher
projected score than a randomly selected negative observation is assessed by the AUC:

AUC = P
(

p̂
(
X+

)
> p̂

(
X−)) (8)

where X+ and X− denote positive and negative observations, respectively.

4.7. Precision–Recall Area Under Curve (PR-AUC)

The relationship between precision and recall over categorization thresholds is
summed up by the PR-AUC:

PR-AUC =
∫ 1

0
Precision(r) dr (9)

where r = Recall.
When these measures are used together, a thorough and reliable assessment of cat-

egorization performance is produced. While Precision, Recall, and F1-score evaluate
the quality of positive class recognition, Accuracy and Balanced Accuracy reflect total
predictive correctness. Furthermore, MCC offers a fair and trustworthy indicator of classifi-
cation performance, especially when there is class imbalance, and AUC and PR-AUC offer
threshold-independent measures of discrimination.

The Area Under the ROC Curve (AUC), which provides a threshold-independent
measure of overall discriminative ability, is used as the main criterion for model selection
in this study. A more thorough evaluation of sensitivity to class imbalance, error trade-offs,
and the quality of positive class predictions is supported by additional metrics used as
supplementary diagnostic indicators.

5. Data and Variable Construction
Figure 1 shows the sequential filtering process used to define the final analytical

sample of non-financial firms listed on the Casablanca Stock Exchange over the 2010–2024
period. While the initial sample includes 5400 firm-month observations, the number of
usable observations is reduced to 5040 due to the construction of forward TSR and the
use of rolling sequences (L = 12), which remove observations at the beginning and end of
the sample.

5.1. Variable Definition and Construction
5.1.1. Explanatory Variables

This study employs a comprehensive set of explanatory variables capturing firm fun-
damentals, market information, risk characteristics, and macroeconomic conditions. The
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selection of these variables is grounded in the asset-pricing, corporate finance, and share-
holder value creation literature, which highlights the interconnected roles of accounting
performance, market expectations, and macroeconomic factors in shaping firms’ ability to
generate shareholder value.

The explanatory variables are divided into three groups to make understanding easier:
macroeconomic variables, market/valuation/risk variables, and accounting variables.
All of the variables, together with their construction formulas and brief definitions, are
summarized in Table 1.

Table 1. Definition and construction of explanatory variables.

Variable Formula Definition

Accounting variables
∆Sales (Sales (t) − Sales (t−1))/Sales (t−1) Sales growth rate

∆EBITDA (EBITDA (t) − EBITDA (t−1))/EBITDA (t−1) Operating profitability growth.
EPS Net Income (t)/Shares Outstanding (t) Earnings per share.

∆EPS (EPS (t) − EPS (t−1))/EPS (t−1) Earnings per share growth.
Leverage Total Debt (t)/Total Assets (t) Financial leverage ratio.

Size Ln (Total Assets (t)) Firm size measure.
Market/Valuation/Risk Variables

PER Price (t)/EPS (t) Price-to-earnings ratio.
M/B Market Value (t)/Book Value (t) Market-to-book ratio.

Volatility σ t Std (Ri,t−11:t) Stock return volatility.
βi,t (12m) Cov (Ri−11:t, Rm,t−11:t)/Var (Rm,t−11:t) Systematic market risk.

Close Price P i,t Monthly stock closing price.
MASI monthly close I (t)

MASI Market index level.
Macroeconomic Variables

Inflation (t) ∆CPI (t) Monthly inflation rate.
Policy Rate r (t) Central bank policy rate.
SLOPE (t) Long Rate (t) − Short Rate (t) Yield curve slope.

∆M2 (M2 (t) − M2 (t−1))/M2 (t−1) Money supply growth.
∆FX (t) (FX (t) − FX (t−1))/FX (t−1) Exchange rate variation.
∆GDP (GDP (t) − GDP (t−1))/GDP (t−1) Economic growth rate.

Source: Individual creation by the author.

Market variables are observed monthly. Most macroeconomic variables are monthly
indicators. GDP is incorporated as a lower-frequency macroeconomic signal embedded in
the monthly decision framework. Accounting variables are not treated as naturally monthly
observations; instead, they are treated as lower-frequency firm fundamentals aligned to
monthly decision dates based on the latest publicly available information.

5.1.2. Shareholder Value Creation Measures

Using a beta-adjusted benchmarking approach, firm performance is evaluated relative
to a risk-adjusted market return. A binary classification target is then defined to indicate
whether a firm creates shareholder value relative to its benchmark.

Shareholder value creation is measured using Total Shareholder Return (TSR), cap-
turing both capital gains and dividend income over a given horizon H. For firm I, TSR is
defined as:

TSR(i,t→t+H) =
(

P(i,t+H) − P(i,t) + D(i,t→t+H)

)
/P(i,t) (10)

A benchmark return is calculated as follows to account for market-wide fluctuations:

TSR(m,t→t+H) =
(

I(t+H) − It

)
/It (11)
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Shareholder value creation adjusted for systematic risk is defined as:

TSRβ
i,t→t+H = TSRi,t→t+H − βi,t · TSRm,t→t+H (12)

A binary target variable is then defined:

y(i,t) = 1
(

TSR(i,t→t+H) > β(i,t)·TSR(m,t→t+H)

)
(13)

The use of a beta-adjusted TSR benchmark is motivated by the objective of evaluating
shareholder value creation relative to the systematic market risk borne by investors. Rather
than measuring raw stock performance, the proposed target variable captures whether a
firm generates returns exceeding those expected given its exposure to market risk. The
CAPM-based adjustment was selected because it provides a parsimonious, transparent,
and widely used benchmark in the asset-pricing literature (Sharpe, 1964; Lintner, 1965). In
addition, the implementation of multifactor models such as the Fama–French three-factor
model (Fama & French, 1993) or the Carhart four-factor model (Carhart, 1997) requires the
construction of reliable size, value, and momentum factor portfolios over long periods.
Given the relatively small number of listed non-financial firms available in the Moroccan
stock market, the estimation of such factors may be affected by substantial sampling noise
and limited portfolio diversification. Consequently, the CAPM-adjusted benchmark was
retained as the main specification. Nevertheless, future research may extend the analysis by
considering multifactor abnormal return measures derived from Fama–French or Carhart
frameworks when sufficiently stable factor portfolios become available.

From a practical perspective, even a modest positive beta-adjusted return may be
informative because it indicates that a firm has outperformed the return expected given its
systematic risk exposure. Consequently, the proposed classification rule is intended to pro-
vide a risk-adjusted screening signal for identifying firms more likely to create shareholder
value rather than to measure the exact magnitude of abnormal performance. Consistent
with decision-oriented approaches in finance, this binary formulation casts shareholder
value forecasting as a classification problem. From an investment perspective, the primary
objective is often not to predict exact return magnitudes but rather to distinguish between
firms that outperform their benchmark and those that do not. This formulation also facili-
tates the application of deep learning and classification-based machine learning techniques,
which are particularly effective in modeling complex interactions, nonlinear relationships,
and heterogeneous patterns in financial data.

This formulation also reduces sensitivity to extreme values and noise in financial
returns, which are often highly volatile.

To model this classification problem, the input feature space and its temporal structure
need to be defined.

6. Empirical Design and Model Specification
6.1. Data Processing Environment

The empirical analysis was carried out using Python (version 3.13.2) mainly because
of its flexibility and the wide range of available libraries for data processing, statistical
analysis, and machine learning tasks, and deep learning. Python was used throughout
the research workflow, including data preprocessing, variable construction, sequence
preparation, model training, and evaluation. This setup also allowed the implementation
and comparison of deep learning models (GRU, LSTM, CNN1D) together with benchmark
classifiers, ensuring efficient analysis and making the results reproducible.
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6.2. Feature Representation and Sequential Structure

xi,t = [∆Salesi,t, ∆EBITDAi,t, PERi,t, σi,t, LEVi,t, EPSi,t, ∆EPSi,t, Sizei,t, MBi,t, βi,t, zt]
⊤

with:
zt = [In f lt, PolicyRatet, Slopet, ∆M2t, ∆FXt, ∆GDPt]

T (14)

To explicitly account for temporal dependencies and dynamic patterns, the feature
vectors are organized into rolling firm-specific sequences of fixed length L. This representa-
tion allows the models to exploit historical information and capture the temporal structure
inherent in financial data.

X(L)
(i,t) =

[
x(i,t−L+1), . . . , x(i,t)

]
∈ R(L×p) (15)

6.3. Baseline Models

To provide reference points for evaluating predictive performance, two baseline mod-
els are considered.

The majority classifier assigns all observations to the most frequent class in the train-
ing sample:

ŷ(MC)
i,t = arg max

c∈{0,1}
Pr(Y = c) (16)

This naïve model provides a lower bound for predictive performance.
The logistic regression model estimates the probability of shareholder value creation as:

pi,t = σ
(
α+ w⊤xi,t

)
(17)

where σ(u) = 1
1+e−u .

6.4. Sequential Deep Learning Models

To capture temporal dynamics and non-linear interactions, deep learning models are
applied to the sequential input X(L)

i,t .
Recurrent models (GRU and LSTM)
Recurrent architectures transform the input sequence into a latent representation:

hi,t = f (RNN)
θ

(
X(L)

i,t

)
(18)

where fθ (.) denotes either a GRU or LSTM model.
This formulation allows the model to capture temporal dependencies and long-term

dynamics in firm-level data.
Convolutional model (CNN1D)
Alternatively, convolutional filters extract local temporal patterns:

gi,t = Conv1D
(

X(L)
i,t

)
(19)

Unlike recurrent models, CNN1D focuses on extracting local temporal patterns and
short-term structures within the input sequence.

The architecture and training configuration of the evaluated models are summarized
in Table 2.
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Table 2. The prediction model’s architecture and training setup.

Model Key Hyperparameters Values Used Training Configuration

Logistic regression (baseline) Regularization parameter Default sklearn configuration Baseline comparison

Majority classifier - No parameters Baseline comparison

GRU

GRU units 64–32
Dropout units 0.2

Dense layer units 32
Output activation Sigmoid
Training epochs 200 Batch size = 64

LSTM

LSTM units 64–32
Dropout rate 0.2

Dense layer units 32
Output activation Sigmoid
Training epochs 200 Batch size = 64

CNN1D

Filters 64–32
Kernel size 3

Dropout rate 0.2
Dense layer units 64
Output activation Sigmoid
Training epochs 200 Batch size = 64

Source: Author’s own elaboration.

6.5. Output Layer and Decision Rule

The representations learned by the models are then mapped to a probability of share-
holder value creation through a sigmoid output layer.

pi,t = σ
(

w⊤
o hi,t + bo

)
(20)

6.6. Training, Validation and Model Selection Procedure

To enhance transparency and address model tuning concerns, the training setup and
hyperparameter values used for the deep learning models are reported in Table 3 to improve
transparency and solve model tuning issues. The optimization procedure, convergence behavior,
and regularization approach used during model training are all governed by these requirements.

Table 3. Training and hyperparameter configuration of deep learning models.

Element Specification

Optimizer Adam
Learning rate 0.001
Loss function Binary cross-entropy

Evaluation metric during training Validation AUC and accuracy
Maximum epochs 200

Batch size 64
Early stopping Yes

Early stopping monitor Validation AUC
Early stopping patience 12 epochs

Restore best weights Yes
Learning rate scheduler Reduce LROn Plateau
LR reduction monitor Validation AUC

LR reduction factor 0.5
LR reduction patience 6 epochs

Minimum learning rate 1 × 10−6

Model checkpoint Best validation AUC
Model selection criterion Best validation AUC

Validation strategy Chronological validation set
Final evaluation Held-out chronological test set
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All deep learning models were trained using the Adam optimizer with binary cross-
entropy loss and a learning rate of 0.001, as indicated in Table 3. With a batch size of 64,
training was done for up to 200 epochs. Early halting was used to reduce overfitting by
reinstating the top-performing weights while monitoring validation AUC with a patience
of 12 epochs. Furthermore, when validation performance reached a plateau, a learning
rate reduction method was implemented. A tightly held-out test set was used to evaluate
final performance, and validation AUC within a temporal validation framework guided
model selection.

7. Empirical Results
7.1. Preliminary Empirical Evidence
7.1.1. Descriptive Statistics

The descriptive statistics of the macroeconomic and firm-level variables utilized in
the empirical research are in Table 4. The table displays the number of observations,
mean, standard deviation, minimum, median, maximum, skewness, and kurtosis for
each variable.

Table 4. Descriptive statistics of financial and macroeconomic variables for Moroccan listed firms
(2010–2024).

Variable Obs. Mean Std. Dev. Min Median Max Skewness Kurtosis

∆sales 5040 0.004 0.063 −0.287 0.001 0.349 1.067 15.739
∆EBITDA 5040 −0.000 0.076 −0.419 0.002 0.382 −0.511 16.241

PER 5040 1.123 3.615 −0.120 0.017 17.814 3.403 10.265
Volatility σt 5040 0.075 0.049 0.022 0.064 0.355 3.148 13.164

Leverage 5040 0.903 0.869 0.005 0.610 4.710 1.796 3.186
EPS 5040 5.956 7.167 −8.933 4.402 32.721 0.842 0.794

∆EPS 5040 0.008 3.216 −14.297 0.016 11.448 −0.840 6.992
Size 5040 20.818 2.069 16.267 21.032 25.218 −0.012 −0.734
M/B 5040 2.305 3.709 0.014 0.743 25.320 2.922 9.653

βi,t (12m) 5040 0.351 0.699 −1.414 0.138 2.957 1.536 3.788
Close-Price 5040 786.95 953.72 9.30 340 5615 1.86 3.68

MASI monthly close 5040 11,158.92 1415.32 8413.72 11,350.73 14,837.22 0.13 −0.65
Inflation (t) 5040 0.001 0.002 −0.004 0.000 0.016 2.462 10.030
Policy-Rate 5040 0.025 0.005 0.015 0.025 0.032 −0.400 −0.636
SLOPE (t) 5040 0.007 0.003 −0.002 0.007 0.018 −0.305 1.069

∆M2 5040 0.005 0.010 −0.022 0.003 0.035 0.374 0.130
∆FX (t) 5040 0.001 0.019 −0.057 0.001 0.065 0.523 1.284
∆GDP 5040 0.185 0.086 0.036 0.186 0.318 −0.050 −1.249

Source: Authors’ calculations based on financial statements of companies listed on the Casablanca Stock Exchange
(2010–2024).

Due to forward TSR building and sequence window limits, the original dataset of
5400 observations is reduced to 5040 usable observations. Significant variation among firm-
level, market-based, and macroeconomic variables is revealed by the descriptive statistics.
A number of firm-level metrics deviate significantly from normality, especially ∆sales and
∆EBITDA, which show high kurtosis (15.739 and 16.241, respectively), suggesting heavy-
tailed distributions and the presence of extreme observations. Strong positive skewness
and elevated kurtosis are also shown in PER, volatility, and M/B, indicating that a small
number of enterprises have unusually high risk or value levels.

Some variables, however, appear to be more stable. Size is nearly symmetric, but
there is little dispersion in the policy rate, SLOPE(t), and M2. Inflation is still leptokurtic
and positively skewed, with sporadic spikes throughout the data period. Overall, the
distributional characteristics in Table 4 suggest non-normality, asymmetry, and the presence
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of outliers in several predictors, which supports the use of careful preprocessing and more
flexible modeling strategies that can handle these features better than strictly linear models.

7.1.2. Correlation Analysis

The pairwise correlation matrix for the macroeconomic, market-based, and firm-
level variables used in the analysis is shown in Figure 3. Before model estimation, this
matrix helps identify potential multicollinearity issues and provides an initial relationship
between variables.

 
Figure 3. Correlation matrix of explanatory variables. Source: Author’s computation using the
research dataset.

The correlation matrix reveals that the majority of pairwise correlations are still weak,
with absolute correlation coefficients typically falling below 0.20, suggesting that there is
little linear dependency between the explanatory variables. Correlations between ∆sales
and ∆EBITDA at the firm level are nearly nil (p = 0.02), indicating that short-term variations
in sales do not automatically translate into changes in operating profitability. The market-
to-book ratio and firm size show a moderately positive connection (p = 0.58), indicating
that larger firms typically have higher market valuations. As predicted, stock prices have a
positive correlation with the market index (p ≈ 0.58), indicating that larger firms typically
have higher market valuations. As predicted, stock prices have a positive correlation with
the market index (p ≈ 0.19 with MASI), but their correlation with firm-specific risk metrics
is still modest (|p| < 0.10).

The policy rate and GDP growth have the greatest correlation among macroeconomic
variables (p = −0.57), suggesting a counter-cyclical monetary policy stance. Other macroe-
conomic correlations are still weak, such as the one between monetary aggregates and
inflation (|p| < 0.20). The combined inclusion of firm-level, market-based, and macroe-
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conomic variables in the empirical models is supported by the overall magnitude of the
correlations, which indicates a minimal probability of multicollinearity.

Furthermore, individual correlations are still weak, with absolute values often below
0.15, according to a univariate examination of the link between each explanatory variable
and the target variable. Although their magnitudes are still constrained, macroeconomic
factors like the policy rate and the MASI index show the strongest correlations with the
goal. Firm-specific variables, on the other hand, show fewer correlations, indicating that no
single predictor drives the generation of shareholder value. The use of flexible modeling
techniques that may capture nonlinear interactions between variables is further supported
by these findings.

In general, the adoption of flexible nonlinear and sequential learning models which
are better suited to represent complex and dynamic linkages in shareholder value creation
is motivated by the weak pairwise correlations and the existence of non-normal and heavy-
tailed distributions.

7.2. Predictive Performance of Models

This section reports the main results of the empirical analysis. To improve clarity and
facilitate interpretation, the empirical evaluation is organized into three complementary
stages. Table 5 summarizes the role and objectives of each stage and highlights how the
different components of the evaluation framework contribute to the overall assessment of
model performance and robustness.

Table 5. Summary of the empirical design across the three stages.

Component Stage 1 Stage 2 Stage 3

Objective Initial benchmark
comparison

Deep learning architecture
selection

Robustness and
final validation

Models evaluated
Majority Class Baseline,
Logistic Regression, GRU,
LSTM, CNN1D

GRU, LSTM, CNN1D Selected deep learning model
and benchmark models

Main focus Preliminary performance
assessment

Identification of the
best-performing deep
learning architecture

Statistical reliability, temporal
stability, and
robustness assessment

Additional procedures Standard evaluation
metrics

Architecture comparison
under identical settings

Bootstrap confidence intervals,
temporal stability analysis,
alternative beta estimation,
variable block analysis, and
continuous-target
robustness analysis

Main outcome Baseline comparison
Selection of the
best-performing
architecture

Validation of the robustness of
the main conclusions

Validation design Chronological
train–validation–test split

Same validation
framework

Bootstrap confidence intervals
and temporal
stability analyses

Model-selection
criterion

Overall predictive
performance metrics

Best-performing deep
learning architecture based
on AUC and
complementary metrics

Robustness and consistency of
the selected model
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7.2.1. Stage 1: Initial Comparison Between Baseline and Deep Learning Models

This stage’s goal is to present a preliminary comparison between deep learning mod-
els and baseline classifiers under a preliminary prediction specification. Establishing a
reference framework and identifying potential variations in prediction behavior among
model classes are the goals of this first stage.

Baseline Models

In order to create a baseline for further comparison, we start by assessing the prediction
performance of benchmark models. A common linear probabilistic model in empirical
finance is logistic regression, whereas the majority class classifier is a naïve reference that
reflects the unconditional class distribution.

The majority class baseline produces an AUC near 0.50, as predicted, suggesting little
discriminatory power. With an AUC marginally higher than random classification and
minor improvements in balanced accuracy and F1-score, logistic regression outperforms
this benchmark. These findings suggest that linear models might only be able to represent
a small percentage of the underlying relationships, which encourages the investigation of
more adaptable modeling techniques.

Deep Learning Models

We then assess deep learning architectures, such as GRU, LSTM, and CNN1D, to
investigate their capacity to capture possible non-linear and temporal dependencies in the
data, building on the benchmark results presented in Section Baseline Models.

The additional metrics used to assess model performance include AUC, precision–
recall AUC, accuracy, balanced accuracy, F1-score, precision, recall, and the Matthews
correlation coefficient (MCC). This allows for a more comprehensive comparison across
different aspects of model performance.

The out-of-sample predictive performance of all assessed models, including bench-
mark classifiers (LogReg and Majority) and deep learning architectures (GRU, LSTM,
CNN1D), on the test set is shown in Table 6.

Table 6. Predictive performance of deep learning models and benchmark classifiers.

Model AUC PR-AUC Accuracy Balanced Acc. F1-Score Precision Recall MCC

GRU 0.669 0.645 0.641 0.593 0.368 0.766 0.243 0.268
LSTM 0.593 0.561 0.583 0.570 0.496 0.519 0.475 0.142

CNN1D 0.570 0.539 0.588 0.543 0.313 0.557 0.218 0.114
LogReg (baseline) 0.538 0.484 0.571 0.516 0.193 0.511 0.119 0.053
Majority (baseline) 0.500 0.432 0.568 0.500 0.000 0.000 0.000 0.000

Source: Author’s computation using the research dataset.

The predictive performance of deep learning models in comparison to benchmark
classifiers is shown in Table 6. With an AUC of 0.669 and a PR-AUC of 0.645, GRU
outperforms CNN1D (AUC = 0.570) and LSTM (AUC = 0.593) among the assessed models.

GRU also obtains the best accuracy (0.641) and balanced accuracy (0.593) in terms
of total classification performance, indicating a more advantageous trade-off between
sensitivity and specificity under this initial specification.

Despite having a better F1-score (0.496) and recall (0.475) than GRU (F1 = 0.368;
Recall = 0.243), the LSTM model’s lower AUC suggests that it has an inferior ranking
ability. CNN1D performs mediocrely on most evaluation metrics, but it still lags behind
GRU in this initial comparison.

In general, deep learning models perform better than benchmark classifiers. The major-
ity classifier produces AUC of 0.500, showing near-random discrimination, whereas logistic
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regression achieves an AUC of 0.538. By contrast, GRU’s discriminative performance
clearly outperforms these baselines.

These preliminary findings imply that using temporal structures and non-linear mod-
eling could improve predictive accuracy in comparison to linear techniques, but more
validation is needed in later phases.

Although the outcomes presented in Table 6 offer a preliminary evaluation of out-
of-sample prediction performance, they do not take into consideration possible statistical
uncertainty resulting from temporal dependency in the data. Specifically, rolling input
sequences and overlapping 12-month forward TSR horizons may cause serial correlation
across data. Table 7 presents 95% block bootstrap confidence intervals for both AUC and
PR-AUC, calculated using 12-month blocks, in order to solve this problem and guarantee a
more stringent evaluation framework. This method offers reliable uncertainty estimates for
model performance while maintaining the temporal structure of the data.

Table 7. Stage 1. Out-of-sample predictive performance with 95% Block Bootstrap Confidence intervals.

Model AUC AUC (95% CI) PR-AUC PR-AUC (95% CI)

GRU 0.669 [0.545; 0.775] 0.645 [0.482; 0.789]
LSTM 0.593 [0.454; 0.718] 0.561 [0.393; 0.720]

CNN1D 0.570 [0.448; 0.683] 0.539 [0.380; 0.692]
LogReg 0.538 [0.408; 0.650] 0.484 [0.360; 0.622]

Source: Author’s computation using the research dataset.

In terms of key performance indicators, the findings verify that deep learning models
perform better than the logistic regression baseline. With an AUC of 0.669 and a confidence
interval of [0.545; 0.775], the GRU model in particular performs the best and most consis-
tently. With confidence intervals that partially overlap the random benchmark, the logistic
regression baseline, on the other hand, has poorer and less trustworthy prediction power.
Although deep learning models perform better overall, the provided intervals show that
there is no negligible uncertainty.

Robustness and Stability Analysis

To assess the robustness of the projected results, a number of additional analyses are
performed. Classification performance is initially evaluated across different probability
thresholds to demonstrate that the observed patterns are not solely impacted by a certain
cutoff selection. Second, permutation testing shows that the reported AUC values are
unlikely to have happened by chance. Finally, multi-seed research demonstrates that deep
learning models function quite consistently across a range of random initializations.

Together, these results provide more proof of the consistency of the findings, but
further validation is carried out in subsequent stages.

The permutation test results for the top-performing deep learning model (GRU) are
shown in Figure 4. While the empirical null distribution derived from 300 random label
permutations is centered around 0.50, with the majority of simulated AUC values falling
between around 0.45 and 0.56, the observed test AUC exceeds 0.669.

With an empirical p-value below the 5% significance level, the observed AUC is located
in the extreme right tail of the null distribution. This finding implies that random chance is
unlikely to be the only factor influencing the model’s predictive performance.

These results provide additional evidence that the model’s discriminative power is
resilient under the original specification.
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Figure 4. Permutation test for the AUC of the best-performing deep learning model.

The stability of the GRU model under different random initialization is shown in
Figure 5. The test AUC has an average value of about 0.583 and ranges from 0.536 to
0.613. The spread across seeds is about 0.077 AUC points, with seed 7 showing the best
performance (AUC = 0.613) and seed 77 showing the lowest (AUC = 0.536).

Figure 5. Stability of test AUC across random initializations.

Despite this variation, all AUC values remain above the random benchmark of 0.50,
suggesting that the predictive signal is not driven by a specific initialization. The GRU
model shows a respectable level of stability and reproducibility under this initial setup, as
reflected in the relatively small variation between seeds.

The (ROC) curves for each model on the test sample are shown in Figure 6. With an
AUC of 0.669, the GRU model outperforms CNN1D (0.570), LSTM (0.593), and the logistic
regression baseline (0.538) in terms of overall discrimination.

Figure 6. ROC curves of deep learning models and baseline classifiers on the test sample. The dashed
diagonal line represents the performance of a random classifier (AUC = 0.5).
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The difference in performance is notable: GRU shows an AUC gain of 0.076 over
LSTM and 0.131 over the logistic regression benchmark. Although CNN1D and LSTM also
outperform the random benchmark (AUC = 0.500), their gains remain modest.

The GRU curve generally lies above the other models across most false positive rate
levels, indicating a higher true positive rate at similar false positive levels. These results
suggest that, under this initial specification, sequential architectures particularly GRU may
provide better discriminative performance in predicting beta-adjusted shareholder value.

To complement the ROC-based evaluation, Figure 7 presents the confusion matrices
of the deep learning models and the logistic regression benchmark on the test sample.

 
Figure 7. Confusion matrix of the best-performing deep learning model on the test sample. Source:
Author’s calculations based on data from Moroccan listed firms (2010–2024).

The model produces 15 false positives and 153 false negatives, while correctly identi-
fying 251 true negatives and 49 true positives. This corresponds to a recall of about 24.2%
(49 + 153) and a specificity of 94.4% (251/(251 + 15)), suggesting a strong ability to identify
non-performing firms but a more limited ability to detect outperforming firms.

With a recall of 47.5% (96/(96 + 106)) and a specificity of 66.6% (177/(177 + 89)), the
LSTM model shows better detection of positive cases, recognizing 96 true positives, but
with 89 false positives. This may explain its more balanced F1-score compared to logistic
regression and CNN1D.

With a recall of 21.8% and a specificity of 86.8%, CNN1D finds 44 true positives and
231 true negatives, along with 35 false positives and 158 false negatives.

Overall, these findings show that different models under this initial specification have
different trade-offs between sensitivity and specificity.

The GRU model’s F1-score progression over various probability thresholds is shown
in Figure 8. At a threshold of 0.10, the F1-score reaches its maximum value of roughly 0.56,
suggesting that, under this initial specification, a relatively low cutoff produces the best
balance between precision and recall.
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Figure 8. F1-score sensitivity to classification thresholds for the best-performing deep learning model.

The F1-score drops to about 0.37 at the traditional threshold of 0.50, which is a fall of
almost 34% from its peak level. The dashed vertical lines in Figure 8 indicate the threshold
maximizing the F1-score (0.10) and the threshold selected using the Youden criterion
(0.29), respectively. The F1-score stays relatively high at about 0.49 when the Youden
threshold (0.29) is applied, indicating that minor threshold tweaks do not significantly
affect model performance.

The F1-score decreases as the threshold rises above 0.70, reaching about 0.21 at 0.90,
which is consistent with a clear decrease in recall.

Overall, performance remains relatively stable within the 0.10–0.40 threshold range.
The GRU model’s precision–recall curve on the test sample is shown in Figure 9,

with an average precision (AP) of 0.645. This result indicates strong predictive ability on
the positive class and is above the no-skill baseline, which reflects the prevalence of the
positive class.

Figure 9. Precision–recall curve of the GRU model on the test set.

Precision stays near 1.00 for low recall levels (below 0.10), indicating that the model’s
most confident positive predictions are highly accurate. Precision stays between 0.63 and
0.65 when recall rises to roughly 0.40, suggesting that a large share of outperforming firms is
correctly identified. The model maintains relatively strong precision in identifying positive
cases, as evidenced by precision remaining over 0.52 even at recall levels close to 0.60.

Precision progressively drops toward 0.44–0.45 as recall gets closer to 1.00, illustrating
the usual trade-off between higher recall and increased false positives. Overall, the AP
of 0.645 suggests that the GRU model maintains strong precision–recall performance,
particularly when precision remains above 0.60.

Overall, this stage suggests that GRU provides the best overall performance under the
initial specification and highlights the usefulness of sequential modeling for this task.
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7.2.2. Stage 2: Deep Learning Comparison Under Stricter Classification

At this stage, a more stringent panel-safe classification approach is applied to analyze
just deep learning architectures (GRU, LSTM, and CNN1D). The modeling setup becomes
more constrained, avoiding potential knowledge leakage and ensuring a more realistic
forecasting setting, even though the notion of shareholder value generation is still based on
a beta-adjusted market benchmark.

Because the models must capture more nuanced and economically meaningful patterns
related to abnormal performance rather than raw returns, the prediction task becomes more
difficult. This improved methodology allows for a more thorough evaluation of the relative
performance of deep learning models.

The out-of-sample performance of deep learning models under the more stringent
classification framework is reported in Table 8. CNN1D shows the strongest discriminative
performance in predicting future shareholder value creation, with the highest AUC (0.635)
among the evaluated models.

Table 8. Predictive performance of deep learning models.

Model AUC Accuracy F1-Score Precision Recall

CNN1D 0.635 0.600 0.267 0.642 0.168
GRU 0.605 0.579 0.273 0.536 0.183
LSTM 0.597 0.600 0.344 0.590 0.243

Source: Author’s computation using the research dataset.

Nonetheless, LSTM achieves the highest recall (0.243) and F1-score (0.344), suggesting
a better ability to identify positive cases. This highlights a trade-off between minority class
detection (F1/Recall) and overall ranking performance (AUC).

GRU shows moderate performance across most metrics, indicating performance that
is relatively stable but not leading.

The current specification relies on a more constrained modeling setup and a more strin-
gent panel-safe temporal design than the first stage. These changes make the classification
task more challenging and may explain the observed changes in model ranking.

This methodological change makes the classification task more challenging, as reflected
in the following:

Lower recall levels (varying from 0.168 to 0.243), indicating more cautious detection
of positive events, a relative compression of AUC values across models (CNN1D = 0.635,
GRU = 0.605, LSTM = 0.597).

A shift in the model ranking, with CNN1D emerging as the top-performing architec-
ture in terms of AUC, while recurrent models were more competitive in the earlier phase.

Table 9 presents 95% block bootstrap confidence interval for AUC and PR-AUC using
12-month blocks to account for possible statistical uncertainty resulting from temporal
dependence.

Table 9. Stage 2. Out-of-sample predictive performance with 95% Block Bootstrap Confidence intervals.

Model AUC AUC (95% CI) PR-AUC PR-AUC (95% CI)

CNN1D 0.635 [0.568; 0.759] 0.632 [0.483; 0.767]
GRU 0.605 [0.544; 0.769] 0.639 [0.479; 0.777]
LSTM 0.597 [0.495; 0.718] 0.561 [0.410; 0.711]

Source: Author’s computation using the research dataset.

The findings show that all models have moderate but consistent predictive perfor-
mance, with a confidence interval that is completely above the random benchmark. CNN1D
achieves the highest AUC (0.635), indicating comparatively strong discriminative ability. A
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confidence interval that overlaps the 0.5 threshold indicates that LSTM produces weaker
and less stable results, whereas GRU performs similarly but slightly worse. The reported
intervals show a non-negligible degree of uncertainty, underscoring the difficult nature
of the prediction task under the more stringent modeling framework, even though deep
learning models generally outperform random classification.

The three deep learning architectures’ out-of-sample ROC curves under the more
stringent classification framework are shown in Figure 10. The models with the largest area
under the curve (AUC = 0.635) are CNN1D, GRU (AUC = 0.605), and LSTM (AUC = 0.597).
These findings imply that CNN1D has the best overall discriminative performance in
identifying beta-adjusted shareholder value creation events, as model comparison is mostly
based on AUC.

 
Figure 10. ROC curves (test set) deep learning models comparison. The dashed diagonal line
represents the performance of a random classifier (AUC = 0.5).

Additionally, the ROC curves also show that CNN1D generally outperforms the other
models across intermediate ranges (FPR between 0.2 and 0.6, where classification trade-offs
are most informative. This trend implies that CNN1D would be more appropriate than
recurrent architectures for capturing pertinent temporal patterns under this specification,
even though the performance differences are still modest.

To complement the ROC-based evaluation, Figure 11 presents the confusion matrix of
the best-performing CNN1D model on the test set.

 
Figure 11. Confusion matrix analysis—CNN1D (test set, threshold = 0.5).

A more detailed understanding of classification performance is offered by the CNN1D
model confusion matrix. The model accurately identifies 34 value-creation events (true
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positives) and 247 non-value-creation situations (true negatives) out of 468 out-of-sample
observations. Nevertheless, it wrongly identifies 19 negative cases as positive (false posi-
tives) and misclassifies 168 real positive cases as negatives (false negatives).

These numbers correspond to a precision of 0.642, meaning that 64.2% of anticipated
value-creation signals are accurate. Only 16.8% of actual value creation events are ef-
fectively identified, according to the recall, which is still restricted at 0.168. The model
prioritizes avoiding false alarms (low FP = 19) at the risk of missing a significant num-
ber of real positive opportunities (FN = 168). This asymmetry represents a conservative
classification behavior. This imbalance between recall and precision is confirmed by the
resulting F1-score of 0.267. Under the set threshold of 0.5, the model’s sensitivity to actual
shareholder value creation events remains relatively moderate, despite its great reliability
when predicting outperformance.

The three deep learning architectures’ validation AUC progression throughout training
epochs is shown in Figure 12. During the first few epochs, CNN1D’s performance increases
quickly, going from roughly 0.57 to nearly 0.65 by epoch 5, following which it stabilizes at
this level.

Figure 12. Validation AUC across epochs—DL models.

GRU, by contrast, shows more variation over time, with validation AUC ranging
between about 0.60 and 0.67. LSTM shows more stable performance at a lower level,
typically remaining below 0.60 during training.

For the selected CNN1D model, Figure 13 shows how the ROC curve (AUC) evolves
during epochs for both the training and validation sets.

Figure 13. AUC history (best model).

Increasing from about 0.62 in the first epoch to nearly 0.86 in the final epoch, the
training AUC shows a steady upward trend. This pattern suggests that the panel-structured
financial data helps the model capture relevant temporal patterns.

The validation AUC, by contrast, increases more gradually and stabilizes between 0.63
and 0.65 after the initial epochs. This suggests a moderate level of overfitting, which is com-
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mon in deep learning model applications involving noisy financial data, may be indicated
by the difference between training and validation AUC. Nonetheless, the validation AUC
consistently stays above 0.60, indicating that the model still has significant discriminative
power outside of the sample.

The benefit of early stopping in limiting excessive divergence between training and
validation performance is consistent with the validation AUC stabilizing after the mid-
training epochs.

The training and validation loss development for the chosen CNN1D model over
epochs is shown in Figure 14. Improved in-sample fit during training is indicated by the
training loss, which steadily decreases from roughly 0.30 in the first epoch to roughly 0.23
in the last epoch.

Figure 14. Training loss evolution best model (CNN1D).

The validation loss, on the other hand, varies within a comparatively small range,
rising marginally from around 0.67 to roughly 0.72 in the last epochs. Since the model keeps
optimizing the training objective while validation performance stabilizes, the ensuring
divergence between training and validation loss may be a sign of moderate overfitting.

The validation loss shows no signs of sudden instability, indicating relatively stable
training dynamics. This is consistent with the stabilization observed in the validation AUC,
suggesting that despite some overfitting, the model still maintains reasonable generaliza-
tion performance.

Overall, these findings provide more evidence for the dependability of the chosen
model under the more stringent categorization framework by indicating that the learning
process is steady under the chosen training configuration.

7.2.3. Stage 3: Final Model Evaluation and Validation

This stage reintroduces benchmark models and expands the study to a wider range
of performance diagnostics and validation processes, in contrast to stage 2, which solely
concentrates on relative performance among deep learning architectures. It seeks to verify
the chosen architecture’s performance in comparison to both deep learning and baseline
models while assessing its resilience, stability, and usefulness. The chosen model con-
figuration is used in this step, which offers a more thorough and accurate evaluation of
out-of-sample prediction performance.

Final Comparative Performance

Using fixed classification threshold of 0.5, Table 10 presents the predictive performance
of the benchmark models (logistic regression and the majority classifier) and deep learning
architectures (CNN1D, GRU, and LSTM) on the test set.
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Table 10. Predictive performance of deep learning and benchmark models (test set, threshold = 0.5).

Model AUC PR-AUC ACC BACC F1 Precision Recall MCC

CNN1D 0.700 0.727 0.647 0.595 0.337 0.894 0.208 0.312
GRU 0.638 0.537 0.643 0.608 0.460 0.664 0.351 0.255
LSTM 0.607 0.585 0.650 0.613 0.457 0.690 0.342 0.272

LogReg (baseline) 0.538 0.484 0.571 0.516 0.193 0.511 0.119 0.053
Majority (baseline) 0.500 0.432 0.568 0.500 0.000 0.000 0.000 0.000

Source: Author’s computation using the research dataset.

With an AUC of 0.700, the results show that CNN1D performs the best in terms
of discrimination under the major AUC criterion. This result is much higher than the
majority classifier (AUC = 0.500) and logistic regression (AUC = 0.538), indicating that deep
learning architectures in this context capture more relevant temporal patterns than linear
and naïve baselines.

CNN1D’s highest PR-AUC (0.727) and MCC (0.312), which indicate better overall
classification performance, further support its selection as the best performing model.
Despite achieving slightly higher balanced accuracy (0.608 and 0.613, respectively) and
accuracy (0.643 and 0.650, respectively), GRU and LSTM’s lower AUC values indicate
relatively poorer global ranking ability.

LSTM outperforms baseline models but falls short of CNN1D and GRU with a decent
discriminative performance (AUC = 0.607). In contrast, logistic regression only slightly
surpasses random classification, suggesting that only a small portion of the underlying
predictive structure is captured by linear decision boundaries.

CNN1D attains the maximum accuracy (0.894) in terms of classification trade-offs,
but GRU and LSTM show greater recall values (0.351 and 0.342, respectively), empha-
sizing a trade-off between sensitivity to positive instances and prediction purity. All
things considered, our findings confirm that CNN1D is the best model in terms of global
discriminative performance.

Table 11 presents 95% block bootstrap confidence intervals for AUC and PR-AUC using
12-month blocks to account for statistical uncertainty caused by temporal dependency.

Table 11. Final stage. Out-of-sample predictive performance with 95% Block Bootstrap Confidence intervals.

Model AUC AUC (95% CI) PR-AUC PR-AUC (95% CI)

CNN1D 0.700 [0.585; 0.803] 0.727 [0.467; 0.768]
GRU 0.638 [0.538; 0.734] 0.537 [0.413; 0.687]
LSTM 0.607 [0.494; 0.711] 0.585 [0.422; 0.726]

LogReg (baseline) 0.538 [0.408; 0.650] 0.484 [0.360; 0.622]
Source: Author’s computation using the research dataset.

With an AUC of 0.700 and a 95% confidence interval of [0.585;0.803], the findings
verify that CNN1D delivers the best discriminative performance. Although their intervals
show more modest predictive stability, GRU and LSTM likewise perform better than the
logistic regression baseline. Overall, the confidence intervals show a non-negligible level
of uncertainty in the final prediction framework while supporting the superiority of deep
learning models over the linear baseline.

To formally assess the significance of performance differences across models, Table 12
presents pairwise bootstrap comparisons of AUC values.
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Table 12. Pairwise Bootstrap Comparison of AUC Differences Between Competing Models.

Comparison ∆AUC 95% Confidence Interval Bootstrap p-Value

CNN1D − GRU −0.023 [−0.093; 0.043] 0.584
CNN1D − LSTM 0.038 [−0.044; 0.127] 0.430

CNN1D − Log Reg 0.132 [0.059; 0.214] 0.002
GRU − LogReg 0.154 [0.062; 0.258] 0.002
LSTM − LogReg 0.094 [0.001; 0.196] 0.050

GRU − LSTM 0.061 [−0.045; 0.168] 0.296
Source: Author’s computation using the research dataset.

The pairwise bootstrap results provide additional insight into the statistical signif-
icance of performance differences across models. Both CNN1D and GRU significantly
outperform the logistic regression baseline, with AUC improvements of +0.132 and +0.154,
respectively (p = 0.002). LSTM also shows a statistically significant improvement over
logistic regression (∆AUC = +0.094; p = 0.050). In contrast, the differences among the
deep learning architectures themselves remain statistically uncertain. The AUC difference
between CNN1D and GRU is not significant (∆AUC = −0.023; p = 0.584), nor are the
differences between CNN1D and LSTM (∆AUC = +0.038; p = 0.430) and between GRU
and LSTM (∆AUC = +0.061; p = 0.296). These findings indicate that the superiority of deep
learning models over the linear benchmark is statistically supported, whereas the ranking
among deep learning architectures should be interpreted with caution despite CNN1D
achieving the highest overall AUC in the final evaluation stage.

ROC-Based Validation

The ROC curves of the benchmark logistic regression model and the deep learning
models (CNN1D, GRU, and LSTM) that were assessed on the set for the classification of
beta-adjusted stock outperformance are shown in Figure 15.

 
Figure 15. Comparative ROC curves of CNN1D, GRU, LSTM, and logistic regression models on the
test set. The dashed diagonal line represents the performance of a random classifier (AUC = 0.5).

The findings demonstrate that the CNN1D model obtains the greatest discriminative
performance with an AUC of 0.700, which is obviously higher than the random benchmark
(AUC = 0.5). The GRU (AUC = 0.638) and LSTM (AUC = 0.607) models are ranked next,
while the logistic regression baseline (AUC = 0.538) stays around the diagonal reference
line, showing low predictive power.

Over the majority of the false positive rate range, the CNN1D curve often lies above
the other models, suggesting a better ability to distinguish between organizations that are
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operating well and those that are not. Even if the performance differences are still modest,
the consistent model differences are still modest, the consistent model ranking validates
the results shown in Table 10.

These findings imply that deep learning architectures are better at capturing temporal
connections in financial data than linear models. Specifically, CNN1D’s relative perfor-
mance within the chosen sequential framework could be a reflection of its capacity to
identify pertinent local temporal patterns.

Confusion Matrix Diagnostics

The final confusion matrices used for model evaluation are presented in Figure 16.

  

  
Figure 16. Confusion matrices of CNN1D, GRU, LSTM, and logistic regression (test set,
threshold = 0.5).

Beyond overall performance indicators, the confusion matrices provide a thorough
understanding of each model’s categorization behavior. CNN1D shows a precision-oriented
classification pattern among the assessed models. It achieves a high precision of 0.894,
indicating that most predicted outperformance cases are correct, with 261 true negatives and
only 5 false positives. Nevertheless, its recall is still low at 0.208, indicating a conservative
identification of positive cases.

With 71 true positives properly identified and a relatively high number of true nega-
tives (230), the GRU model shows a more balanced classification performance. In compari-
son to CNN1D, this yields a higher recall (0.351), but at the expense of more false positives
(36), which leads to lower precision (0.664). This reflects a trade-off between sensitivity and
precision, which is reflected in this pattern.

With 69 true positives and 133 false negatives, the LSTM model shows intermediate
performance, producing a recall of 0.342 and an accuracy of 0.690. Its performance reflects
a trade-off between classification reliability and detection ability, without outperforming
other models in every dimension.

Logistic regression, on the other hand, performs poorly in identifying high-performing
firms. Although it correctly identifies many negative cases (243 true negatives), it achieves
a low recall (0.119) with only 24 true positives and 178 false negatives. This suggests that
linear models may be less effective at capturing complex patterns in the data.
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Overall, these findings show that different models have different classification profiles,
with CNN1D emphasizing better sensitivity in identifying favorable results.

Threshold Optimization and Decision Rule Diagnostics

For the top-performing deep learning model (CNN1D), Figure 17 shows how sensitive
the F1-score is to changes in the classification threshold. As the barrier climbs from 0.10 to
roughly 0.30, the F1-score grows gradually and reaches its maximum value (≈0.69) at a
threshold of 0.30. The best trade-off between recall and precision is found at this moment.

 
Figure 17. F1-score as a function of the classification threshold for the best deep learning
model (CNN1D).

Higher thresholds decrease the model’s capacity to accurately detect positive cases
(outperformance events), which lowers recall and weakens the balance conveyed by the
F1 metric. This is demonstrated by the F1-score’s sharp reduction beyond this level. The
fixed-threshold performance metrics shown in Table 10, which are calculated using the
traditional classification threshold of 0.5, are not directly comparable to the F1-score values
reported in Figure 17, which are produced under threshold optimization

This contrast emphasizes how crucial threshold selection is in classification problems
because the decision rule selected can have a substantial impact on model performance.

Crucially, the Youden J threshold and the ideal F1 threshold (≈0.30) overlap, indicating
a consistent decision boundary from both angles:

The F1-max criterion, which balanced recall and precision;
Youden’s J statistic (maximization of specificity + sensitivity − 1).

These findings imply that this classification problem may not be best served by the
traditional criterion of 0.5. Precision threshold is increased to about 0.30, especially when
identifying companies that outperform the beta-adjusted market benchmark.

Precision–Recall Validation

The CNN1D model’s precision–recall (PR) curve, as assessed on the out-of-sample
test set, is shown in Figure 18. The PR curve average precision, AP of 0.727, indicates
solid performance in identifying positive cases, with firms outperforming the beta-adjusted
market benchmark.

Precision remains very high (above 0.9) at low recall levels (around 0.1–0.2), suggesting
that high confidence positive predictions are generally reliable. Precision decreases as recall
increases, reflecting the usual trade-off between maintaining precision and identifying
more true positives.

Precision is comparatively stable (around 0.65–0.70) at intermediate recall levels (about
0.5–0.6), suggesting that the model retains acceptable classification quality despite recog-
nizing a significant percentage of outperforming enterprises.

Because the classification problem in this study is somewhat unbalanced (≈54% class
0 vs. 46% class 1), the PR curve is particularly instructive. In these situations, compared to
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ROC-AUC, the PR-AUC (or AP) offers a supplementary and more insightful assessment of
performance on the positive class.

 
Figure 18. Precision–recall curve of the CNN1D model on the test set (AP = 0.727).

Overall, the AP value of 0.727 supports the findings from the ROC study by showing
that the CNN1D model has good precision–recall performance in identifying businesses
that provide anomalous performance in comparison to their beta-adjusted benchmark.

Statistical Significance and Stability

The empirical null distribution of the AUC derived from 500 random permutations of
the target variable is shown in Figure 19. The distribution of AUC value under the null
hypothesis that there is no predictive association between the explanatory variables and
the target (random labeling) is shown by the histogram. The CNN1D model’s observed
test AUC (AUC = 0.700) is shown by the dashed vertical line.

 
Figure 19. Permutation null distribution of AUC—CNN1D.

The performance of a random classifier is represented by the null distribution, which
is centered at roughly 0.50. The observed AUC is obviously outside the range of permuted
AUC values and is located far in the distribution’s right tail. This distinction offers compelling
evidence that random labeling is unlikely to account for CNN1D’s predictive effectiveness.

The measured AUC is statistically significant at conventional levels, according to the
empirical p-value (p < 0.01). When combined, these findings offer compelling evidence
in favor of the theory that the CNN1D model has significant discriminative power when
it comes to forecasting firm-level outperformance in comparison to the beta-adjusted
market benchmark.

Out-of-Sample Temporal Stability Analysis

To further assess the robustness of the predictive results, the out-of-sample test set
was divided into three consecutive chronological sub-periods (P1, P2, and P3). The pre-
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dictive performance of CNN1D, GRU, LSTM, and Logistic Regression was then evaluated
separately within each sub-period using AUC and PR-AUC.

The predictive performance of CNN1D, GRU, LSTM, and Logistic Regression was
then evaluated separately within each sub-period using AUC and PR-AUC. The results are
summarized in Table 13.

Table 13. Temporal Stability of Predictive Performance Across Consecutive Out-of-Sample Test Sub-Periods.

Test Sub-Period Model AUC PR-AUC

Period 1

CNN1D 0.754 0.774
GRU 0.820 0.817
LSTM 0.794 0.784

LogReg 0.618 0.537

Period 2

CNN1D 0.765 0.758
GRU 0.535 0.448
LSTM 0.692 0.726

LogReg 0.435 0.498

Period 3

CNN1D 0.782 0.754
GRU 0.624 0.598
LSTM 0.566 0.515

LogReg 0.655 0.656
Source: Author’s computation using the research dataset.

The results reveal notable differences in temporal stability across the competing mod-
els. Although GRU achieves the highest AUC in P1 (0.820), its performance declines
markedly in P2 (0.535) and remains relatively weak in P3 (0.624). LSTM exhibits a similar
pattern, with AUC values decreasing from 0.794 in P1 to 0.566 in P3. In contrast, CNN1D
maintains the most stable performance across all sub-periods, with AUC values ranging
from 0.754 to 0.782 and PR-AUC values from 0.754 to 0.774. Logistic Regression also shows
considerable fluctuations, with AUC values varying between 0.435 and 0.655. Overall,
these findings indicate that the superior performance of CNN1D is not driven by a single
favorable interval but reflects a more persistent and temporally stable predictive signal
throughout the out-of-sample period.

Continuous Regression Robustness Analysis

To examine whether the binary formulation of shareholder value creation influences
the results, an additional robustness analysis was conducted using abnormal TSR as a
continuous target variable.

The continuous regression robustness analysis reveals limited predictive performance
across all specifications. Linear Regression and Ridge Regression produce very poor out-
of-sample results, with R2 values of −7.982 and −7.977, respectively, and RMSE values
exceeding 1.34. Although ensemble methods perform relatively better, their predictive
power remains weak. Random Forest achieves an RMSE of 0.935 and an R2 of −3.353, while
Gradient Boosting delivers the best performance with an RMSE of 0.587, an MAE of 0.336,
and an R2 of −0.714. Nevertheless, all models generate negative R2 values, indicating that
they fail to predict the exact magnitude of abnormal shareholder returns more accurately
than a simple mean-based benchmark. Directional accuracy remains modest, ranging from
43.8% for linear specifications to 55.3% for Random Forest. These findings suggest that
predicting the continuous abnormal TSR is particularly challenging in the Moroccan market
context. Consequently, the binary classification framework adopted in the main analysis
appears more suitable for distinguishing shareholder value creation from value destruction
and yields more robust predictive performance, as evidenced by the substantially higher
classification results reported for the deep learning models (AUC up to 0.692).
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The performance of the regression models under the continuous robustness analysis is
summarized in Table 14.

Table 14. Continuous Regression Robustness Analysis.

Model RMSE MAE R2

Linear Regression 1.343 1.092 −7.982
Ridge Regression 1.342 1.092 −7.977

Random Forest Regressor 0.935 0.444 −3.353
Gradient Boosting Regressor 0.587 0.336 −0.714

Source: Author’s computation using the research dataset.

7.2.4. Robustness to Alternative Beta Estimation

To evaluate the sensitivity of the results, an alternative 24-month rolling beta is used
in a robustness study. The objective is to assess how sensitive the results are to the selection
of the beta estimation window. This alternative specification is used to reevaluate the
predictive performance. The predictive performance under this alternative specification is
summarized in Table 15.

Table 15. Robustness analysis. Out-of-sample predictive performance with 95% block bootstrap
confidence intervals (β = 24 months).

Model AUC AUC (95% CI) PR-AUC PR-AUC (95% CI)

CNN1D 0.682 [0.567; 0.782] 0.740 [0.598; 0.853]
LSTM 0.678 [0.573; 0.780] 0.758 [0.625; 0.858]
GRU 0.642 [0.517; 0.754] 0.695 [0.549; 0.822]

LogReg (baseline) 0.643 [0.512; 0.765] 0.699 [0.559; 0.827]
Source: Author’s computation using the research dataset.

All models continue to outperform the random benchmark in predicting performance,
according to the robustness study based on a 24-month rolling beta. Although the per-
formance disparities amongst models become more compressed when compared to the
baseline specification, CNN1D earns the greatest AUC (0.682).

In terms of PR-AUC (0.758), LSTM performs competitively, indicating a significant
capacity to detect positive occurrences under the alternative risk adjustment. All models
maintain significant predictive power, as seen by confidence intervals that are significantly
higher than the random benchmark, even if GRU and logistic regression exhibit very similar
performance levels.

Overall, these results show that, despite a little increase in uncertainty, the primary
conclusions are not influenced by the short window beta assumption and are resilient to
other beta estimation specifications.

Across specifications, the variations in AUC are still rather small. While LSTM im-
proves from 0.607 to 0.678 (∆ = +0.071) and GRU stays steady, slightly rising from 0.638
to 0.642 (∆ = +0.004), CNN1D exhibits a tiny reduction from 0.700 to 0.682 (∆ = −0.018).
These differences show that the primary results are unaffected by the selection of the beta
estimation window and that model performance is generally steady. The comparative
results under the two beta estimation windows are summarized in Table 16.

Table 16. Direct comparison of predictive performance under alternative beta specification (β 12m vs.
β 24m).

Model AUC (β 12m) AUC (β 24m) ∆AUC

CNN1D 0.700 0.682 −0.018
LSTM 0.607 0.678 +0.071
GRU 0.638 0.642 +0.004

Source: Author’s computation using the research dataset.
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7.2.5. Variable Block Analysis

This section looks at model results across various groupings of explanatory variables
to further explore the role of various information sources on predicted performance. In
particular, accounting variables, market-based indicators, macroeconomic parameters, and
their different combinations are used to re-estimate models.

The predictive performance of all assessed models across these variable blocks is
shown in Table 17.

Table 17. Predictive performance by variable blocks.

Variable Block Model Number of Features AUC MCC

Accounting variables only

LSTM 6 0.580 0.092
GRU 6 0.525 −0.024

CNN1D 6 0.518 −0.010
LogReg 6 0.516 0.070
Majority 6 0.500 0.000

All variables

CNN1D 18 0.700 0.312
GRU 18 0.638 0.255
LSTM 18 0.607 0.272

LogReg 18 0.538 0.053
Majority 18 0.500 0.000

All variables excluding accounting

CNN1D 12 0.763 0.293
LSTM 12 0.692 0.362
GRU 12 0.690 0.161

LogReg 12 0.531 0.014
Majority 12 0.500 0.000

All variables excluding macroeconomic
variables

CNN1D 12 0.544 0.101
GRU 12 0.542 0.077
LSTM 12 0.500 0.000

LogReg 12 0.490 −0.035
Majority 12 0.457 0.000

All variables excluding market variables

GRU 12 0.728 0.328
CNN1D 12 0.702 0.283
LSTM 12 0.672 0.266

LogReg 12 0.583 0.119
Majority 12 0.500 0.000

Macroeconomic variables only

GRU 6 0.723 0.322
CNN1D 6 0.717 0.277
LSTM 6 0.717 0.264

LogReg 6 0.575 0.089
Majority 6 0.500 0.000

Market variables only

CNN1D 6 0.531 0.035
GRU 6 0.506 0.013

Majority 6 0.500 0.000
LSTM 6 0.494 −0.065

LogReg 6 0.494 −0.004

Source: Author’s computation using the research dataset.

Based on the findings presented in Table 17, Table 18 presents the top-performing
model for each variable block to aid in interpretation.

While MCC is reported as a complementary metric, model comparison in this study mainly
relies on AUC, as it provides a threshold-independent view of discriminative performance.

The results show clear differences across variable blocks. Interestingly, the full spec-
ification does not produce the highest AUC. The best result is instead obtained when
accounting variables are excluded, with CNN1D reaching an AUC of 0.763. This suggests
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that adding all available variables does not always improve predictive performance, and
that some inputs may introduce noise or redundant information.

Table 18. Best-performing model by variable block.

Variable Block Best Model Number of Features AUC MCC

Accounting variables only LSTM 6 0.580 0.092
All variables CNN1D 18 0.700 0.312

All variables excluding accounting CNN1D 12 0.763 0.293
All variables excluding macroeconomic variables CNN1D 12 0.544 0.101

All variables excluding market variables GRU 12 0.728 0.328
Macroeconomic variables only GRU 6 0.723 0.322

Market variables only CNN1D 6 0.531 0.035

Macroeconomic variables, taken on their own, already provide a strong signal, with
GRU reaching an AUC of 0.723. In contrast, market variables alone lead to much weaker
results. The role of macroeconomic information becomes even clearer when it is removed,
as performance drops sharply, with the best AUC falling to 0.544.

Overall, these results point to the central role of macroeconomic variables in the
predictive setup and highlight the importance of selecting relevant inputs rather than
simply increasing their number.

8. Analysis of Results and Discussion
8.1. Predictive Performance Across Modeling Stages

Based on organized financial and macroeconomic data, the empirical findings consis-
tently demonstrate that the development of shareholder value is predictable. Non-naïve
models support the general predictability hypothesis by achieving AUC values above the
random benchmark at all stages.

GRU outperforms LSTM (0.593), CNN1D (0.570), and benchmark models in the first
stage (Table 6) with the greatest AUC (0.669). This outcome supports Hypotheses H2.2 and
H2.3, while H2.2 (temporal dependence) is indirectly supported because sequence-based
designs’ performance indicates that temporal structure makes a significant contribution
to prediction.

CNN1D has the greatest AUC (0.635) in the second stage (Table 8), followed by GRU
(0.605) and LSTM (0.597). The more stringent classification framework and panel-safe
temporal design, which raise task difficulty and alter model ranking, are reflected in
this modification.

The strongest evidence is found in the third stage (Table 10). CNN1D outperforms
GRU, LSTM, and benchmark models with the highest AUC (0.700). PR-AUC (0.727), and
MCC (0.312). ROC and PR analysis, threshold optimization (optimal threshold ≈ 0.30),
and permutation testing (p < 0.01) all support these findings. According to the key AUC
criterion, CNN1D is the best model overall in terms of threshold-independent discrimina-
tive performance.

8.2. Variable Block Analysis and Predictive Evidence

The block-wise analysis provides predictive evidence consistent with H1 and its sub-
hypotheses (Tables 17 and 18). Under the “All variables” specification, CNN1D achieves
the best performance (AUC = 0.700), indicating that combining accounting, market-based,
and macroeconomic information improves prediction. Macroeconomic variables exhibit
the strongest standalone predictive power (AUC = 0.723), followed by accounting vari-
ables (AUC = 0.580), while market variables show the lowest standalone performance
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(AUC = 0.531). The exclusion analysis further shows a substantial decline in predictive
performance when macroeconomic variables are removed (AUC = 0.544). These find-
ings highlight the predictive relevance of different variable groups for shareholder value
forecasting without implying direct causal relationships.

8.3. Interpretation of Model Performance and Implications

The findings show distinct variations in the behavior of the models. While GRU
and LSTM produce stronger recall in some configurations, CNN1D offers better ranking
performance (AUC and PR-AUC). This suggests that the goal, either ranking accuracy or
the identification of favorable results, determines which model is chosen.

From a methodological standpoint, the findings demonstrate that deep learning models
perform better than linear and naïve baselines, demonstrating the value of sequential and
nonlinear modeling in financial prediction. The differences in model ranking between stages
imply that distinct architectures capture distinct facets of temporal financial dynamics.

From an economic standpoint, the significant contribution of macroeconomic variables
suggests that both firm-level trends and general economic conditions have an impact on
the development of shareholder value. Although accounting and market factors offer
complementary information, when taken separately, their predictive ability is still lower.

From an investment perspective, the proposed framework may be viewed as a screen-
ing tool rather than a complete trading strategy. By identifying firms that are more likely to
outperform their risk-adjusted benchmark, the model can assist investors in narrowing the
investment universe and prioritizing firms for further analysis. However, the study does
not evaluate portfolio construction rules, transaction costs, turnover, or realized investment
performance. Consequently, the results should be interpreted as evidence of predictive
usefulness rather than proof of a profitable trading strategy.

8.4. Summary of Evidence Related to the Hypotheses

In general, there is substantial evidence for hypothesis H2. More precisely, H2.1
(temporal dependence) is indirectly supported because sequence-based structures perform
well, indicating that temporal organization significantly influences prediction. However,
a direct comparison with static representations is outside the purview of this work. The
results are consistent with H2.2 and H2.3.

Since the greatest results are achieved when all variable groups are joined, the findings
are consistent with H1 in an integrated sense. The findings are more consistent with H1.3,
moderately consistent with H1.1, and less consistent with H1.2 among the sub-hypotheses.

In conclusion, the results verify that machine learning models may forecast the pro-
duction of shareholder value, with performance contingent upon both model architecture
and input variable structure.

A summary of the predictive performance across the three modeling stages is pre-
sented in Table 19.

Table 19. Summary of predictive performance across modeling stages.

Stage Best Model AUC PR-AUC Accuracy Balanced
Accuracy Key Interpretation

Stage 1 GRU 0.669 0.645 0.641 0.593
First indications that sequential models

perform better in terms of discrimination
when using the AUC criteria

Stage 2 CNN1D 0.635 - 0.600 -
Stricter panel-safe categorization framework;
deep learning model comparison; increased

of local temporal patterns

Stage 3 CNN1D 0.700 0.727 0.647 0.595
Strong final model with statistical validation

and the best discriminative performance
under the primary AUC criterion
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9. Conclusions
The purpose of this study was to determine whether firm-level, market-based, and

macroeconomic data could be used in a sequential machine learning framework to predict
shareholder value creation, which is defined as beta-adjusted outperformance in compar-
ison to a market benchmark. Using structured financial and macro-financial data, the
empirical analysis of a panel of Moroccan listed companies from 2010 to 2024 suggests that
shareholder value creation is not purely random and appears to be partially predictable.

The findings suggest the presence of nonlinear and time-dependent patterns in share-
holder value generation as predictive performance tends to improve when moving from
simple linear baseline models to more advanced sequential deep learning architectures.
Overall, the results provide predictive evidence consistent with the second main hypothesis
(H2), whereas H2.1 (temporal dependence) is indirectly supported because sequence-based
model performance indicates that temporal structure significantly influences prediction.

In terms of global discriminative performance, CNN1D is the best-performing model
among the assessed architectures under the primary AUC criterion, demonstrating the
importance of convolutional structures in capturing local temporal patterns. Neverthe-
less, the findings also show that model performance is still dependent on the predictive
framework’s structure, indicating that various designs capture complementary parts of
financial dynamics.

The block-wise study further demonstrates that combining information from several
sources maximizes predictive performance. Although they still play a complementary
function to accounting and market-based data, macroeconomic variables offer the largest
independent predictive contribution.

Overall, this work adds to the body of literature by demonstrating that the creation
of shareholder value can be represented as a dynamic, data-driven process influenced by
the interplay of macroeconomic variables, market conditions, and business fundamentals.
The study expands previous research beyond conventional return prediction framework
and offers fresh empirical evidence from an emerging market environment by combining a
risk-adjusted concept of value creation with a sequential modeling technique.

Given the relatively limited number of listed firms and the moderate length of firm-
level time series, the findings should be interpreted with caution. The results provide
evidence of predictive patterns within the Moroccan listed non-financial sector, but they
should not be viewed as definitive or universally generalizable conclusions. Instead, the
study should be understood as an emerging-market empirical contribution showing that
shareholder value creation may be partially predictable when accounting, market-based,
and macroeconomic information are structured in a temporally consistent framework.

Limitations of the Study

Despite its contributions, this study has several limitations that should be considered
when interpreting the findings.

First, the empirical analysis is based on a relatively limited number of listed firms.
Although the final dataset contains 5040 usable firm-month observations, these observations
originate from only 30 non-financial companies listed on the Casablanca Stock Exchange.
This characteristic reflects both the size of the Moroccan equity market and the strict sample
selection criteria adopted in this study. While the temporal dimension of the panel provides
a substantial number of observations, the limited cross-sectional dimension may restrict the
generalizability of the findings to larger, more liquid, or more diversified financial markets.

Accordingly, the findings should be interpreted as context-specific evidence from the
Moroccan listed non-financial sector rather than as universal conclusions applicable to all
emerging markets or developed financial systems.
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This issue is particularly important because deep learning models are generally data-
intensive and may be more sensitive to overfitting when applied to relatively small samples.
To mitigate this risk, several safeguards were implemented, including parsimonious model
architectures, dropout regularization, chronological train–validation–test splitting, early
stopping procedures, and block-bootstrap confidence intervals. Nevertheless, the limited
number of firms remains an inherent constraint of the study and suggests caution when
extrapolating the results beyond the Moroccan market context.

Second, the target variable is constructed as a binary classification of shareholder value
creation based on beta-adjusted outperformance relative to a market benchmark. Although
this formulation is consistent with an investor-oriented perspective and facilitates the
implementation of classification-based machine learning models, it inevitably transforms
continuous performance differences into discrete outcomes. Consequently, some of the
information regarding the magnitude of shareholder value creation may be lost.

In addition, the benchmark relies on a CAPM-based risk adjustment rather than
multifactor abnormal return measures. Although the CAPM provides a transparent and
parsimonious framework, alternative specifications based on the Fama–French or Carhart
models may capture additional dimensions of systematic risk and could potentially refine
the measurement of shareholder value creation.

Third, despite their superior predictive performance, deep learning models remain
less interpretable than conventional econometric approaches. The black-box nature of GRU,
LSTM, and CNN1D architectures makes it difficult to identify the precise contribution
of individual predictors and limits the possibility of drawing causal inferences. Accord-
ingly, the results should be interpreted as evidence of predictive relationships rather than
causal mechanisms.

Fourth, although the study compares several benchmark and deep learning models,
the empirical analysis does not include a comprehensive set of modern machine learning
algorithms such as Random Forest, XGBoost, LightGBM, CatBoost, or Support Vector
Machines. The objective of the study was primarily to evaluate whether sequential deep
learning architectures provide additional predictive value in a temporally structured fore-
casting setting rather than to conduct an exhaustive comparison of all available machine
learning approaches. Nevertheless, the absence of these additional benchmarks limits the
breadth of the comparative assessment and should be considered when interpreting the
relative performance of the proposed models.

Fifth, while the reported predictive results indicate statistically meaningful classifica-
tion performance, the study does not directly evaluate whether these predictions can be
translated into economically profitable investment strategies after accounting for transac-
tion costs, market frictions, liquidity constraints, or portfolio rebalancing effects. Conse-
quently, the findings should be interpreted primarily as evidence of predictive capability
rather than direct proof of economically exploitable trading opportunities.

Future research could extend this framework in several directions. One promising
avenue would be to investigate hybrid approaches combining deep learning and tradi-
tional econometric methods, or to explore ensemble architectures integrating recurrent
and convolutional networks. Another extension would involve incorporating additional
sources of information such as textual disclosures, news sentiment, ESG indicators, or
higher-frequency financial data. Expanding the analysis to larger datasets, longer time
horizons, or multi-country emerging market samples would also provide an opportunity
to further assess the robustness and external validity of the findings. Finally, future studies
could evaluate the economic usefulness of the proposed models through portfolio construc-
tion, trading strategies, or risk-management applications in order to assess their practical
value for investors and financial decision-makers.
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Overall, this study highlights the potential of deep learning techniques for predicting
shareholder value creation in an emerging market environment while emphasizing the
importance of combining accounting, market-based, and macroeconomic information
within a temporally consistent predictive framework.

A comparative overview of related studies and their relationship to the present re-
search is provided in Table 20.

Table 20. Comparative overview of related studies in financial prediction using machine learning.

Study Data Type Methodology Dependent Variable Frequency Key Contribution Similarity with Our
Study

Gu et al. (2020)

Firm characteristics
(including-based

indicators) + macro
variables

Machine learning
(RF, NN, LASSO) Stock returns Monthly

Demonstrates
superior predictive

power of ML models
in asset pricing

Very high similarity (ML
+ macro variables)

L. Chen et al. (2021) Firm-level data +
latent factors Deep learning Stock returns Monthly

Captures nonlinear
relationship in asset
pricing using deep
learning evaluates

relevance of
numerous financial

predictors

Very high similarity
(Deep Learning +

nonlinear modeling)

Feng et al. (2020) Large set of firm
characteristics

Machine Learning
factor selection Stock returns Monthly

Evaluates relevance
of numerous

financial predictors

High similarity
(multi-variable financial

modeling)

Kelly et al. (2019)
Firm characteristic

(accounting and
market-based)

Econometric + ML
approach Stock returns Monthly

Links firm
characteristics to

asset pricing
through covariance

structure

High similarity
(firm-level predictor)

Rapach et al. (2013)
Macroeconomic

variables + market
data

Econometric
forecasting models Excess returns Monthly

Highlights
predictive role of
macroeconomic

variables

(macro-driven
prediction)

Neely et al. (2014) Macroeconomic
indicators

Machine Learning &
forecasting Stock returns Monthly

Shows macro
variables improve

return predictability

Moderate similarity
(macro + prediction)

Krauss et al. (2017) Price-based financial
data

Deep Neural
Networks Returns direction Daily

Applies deep
learning to trading

strategies

Moderate similarity (DL +
prediction)

Sirignano and Cont
(2019)

High-frequency
market data Deep Learning Price movements High frequency Model’s financial

dynamics using DL

Low to moderate
similarity

(methodological)

Bekaert and Harvey
(2003)

Emerging market
data (macro +

financial)
Empirical analysis Returns Mixed

Analyzes
characteristics of

emerging markets

High relevance (context
justification)

Harvey (1995) Macro + market data
(emerging markets) Econometric models Returns Monthly Shows predictability

in emerging markets

High relevance
(predictability in EM

context)
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