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Abstract:

This study aimed to develop and test a hybrid machine learning framework for forecasting earnings per share (EPS) in the
emerging capital markets of Irag and the UAE. Data from 65 Iraqgi and 150 Emirati listed companies between 2019 and 2024
were collected, including traditional financial indicators, macroeconomic variables, and ESG metrics. After preprocessing and
normalization, several machine learning models were implemented, including artificial neural networks, support vector
machines, random forests, gradient boosting machines (GBM), reinforcement learning, federated learning, and NLP-based
models using FIinBERT and FastText. Model performance was assessed using MAE, RMSE, R?, and the Diebold-Mariano test.
The GBM model achieved the best performance, with MAE=0.127 and R?=0.78 in Irag, and MAE=0.110 and R?=0.83 in the
UAE. NLP models also performed strongly in the UAE (R?=0.83). Sensitivity analysis revealed that financial variables such as
net profit and operating cash flow were the most influential, while oil prices in Irag and innovation indices in the UAE had the
greatest macroeconomic impact. Out-of-sample tests with 2025 data confirmed the superior generalizability of GBM and NLP.
Machine learning algorithms, particularly GBM, significantly enhance EPS forecasting accuracy in emerging markets.
Structural and institutional differences between Irag and the UAE highlight the need for context-specific model selection. The
proposed hybrid framework offers a practical reference for other developing capital markets.
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Extended Abstract

Introduction

Earnings per share (EPS) has long been regarded as one of the most important indicators in evaluating a firm’s financial
performance, serving as a fundamental measure for investors, managers, and policymakers alike. The predictive capacity of
EPS is critical in ensuring efficient resource allocation and in sustaining market confidence (Etemadi et al., 2015). Within the
broader financial literature, the ability to forecast EPS is not only a matter of analytical precision but also a determinant of
how well markets reflect underlying fundamentals (Jamali & Taj Ardekani, 2016). In developed markets, considerable
advancements have been made in establishing reliable prediction models; however, in emerging markets, forecasting EPS
remains particularly challenging due to institutional fragility, data quality issues, and economic volatility (Mahmud et al,,
2024).

Historically, attempts to forecast EPS relied on statistical and linear econometric models. Early work demonstrated the
potential of neural network approaches to capture non-linear relationships that conventional models could not address
(Raghupathi, 1996). Subsequent research argued for the aggregation of earnings forecasts, highlighting that combining
predictions across multiple models could mitigate individual biases and enhance accuracy (Slavin, 2007). Over the last decade,
however, the rapid advancement of machine learning has opened new horizons for financial forecasting, offering robust tools
capable of handling large-scale, noisy, and heterogeneous data (Zhang & Wang, 2020).

Machine learning methods, such as random forests, gradient boosting, and deep neural networks, have gained significant
traction in the financial forecasting domain. Evidence from emerging markets suggests that these algorithms outperform
traditional models, particularly when dealing with noisy, incomplete, or structurally complex data (Zhang et al., 2021). For
example, boosting algorithms have been found to produce more accurate forecasts by iteratively minimizing prediction errors
and handling non-linearity in ways that linear regressions or ARIMA models cannot (Chen et al., 2022). Studies have shown
that deep learning approaches are also highly effective but remain sensitive to the quality and stability of the data inputs,
making them more suitable for stable markets (Kim & Won, 2021).

Empirical findings highlight the value of hybrid frameworks that integrate multiple machine learning algorithms. By
leveraging the strengths of deep learning, ensemble methods, and natural language processing, hybrid frameworks can
incorporate both quantitative and qualitative information (Krauss et al., 2020). In particular, studies in Poland demonstrate
that artificial neural networks and boosting algorithms together can outperform simpler approaches, confirming the utility of
blending models for financial forecasting (Kurytek, 2024). Similarly, evidence from the Middle East underscores that
macroeconomic instability, institutional weaknesses, and the dominance of resource-based revenues complicate prediction
models, suggesting that hybrid solutions are essential for these contexts (Al-Zubaidi et al., 2025).

Additionally, new research emphasizes the growing importance of integrating environmental, social, and governance (ESG)
factors into financial prediction models. Incorporating ESG variables can not only improve the accuracy of earnings forecasts
but also provide more comprehensive insights into long-term risk exposures (Chang et al., 2023). This approach is particularly
valuable in markets such as the United Arab Emirates (UAE), where economic diversification and sustainable development
agendas are central to financial planning. Conversely, in more volatile environments such as Iraq, EPS forecasting is heavily
influenced by macroeconomic uncertainty, particularly oil prices and currency fluctuations, underscoring the importance of

resilient algorithms (Algahtani & Mayhew, 2022).
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Taken together, the literature demonstrates that the advancement of EPS forecasting relies on three critical elements: the
adoption of machine learning algorithms capable of handling noisy and non-linear data, the integration of non-traditional
data sources such as ESG and textual information, and the tailoring of models to the institutional and economic specificities
of emerging markets. Building on these foundations, the present study develops and tests a hybrid machine learning
framework for forecasting EPS in the capital markets of Iraq and the UAE, thereby addressing both methodological innovation
and contextual relevance.

Methods and Materials

The study analyzed financial data from 65 listed firms in the Iraq Stock Exchange (ISX) and 150 firms from the Dubai
Financial Market (DFM) and Abu Dhabi Securities Exchange (ADX) covering the years 2019-2024. The dataset included
traditional financial indicators such as net income, return on assets (ROA), debt-to-equity ratio, and price-to-earnings ratio
(P/E), complemented by macroeconomic variables including inflation rates, exchange rate fluctuations, GDP growth, and oil
prices. ESG-related indicators were also incorporated, particularly for Emirati firms, where disclosure levels are higher.

Data preprocessing steps included treatment of missing values through K-nearest neighbor imputation, outlier removal,
normalization via Min-Max scaling, and dimensionality reduction using principal component analysis in selective cases.
Textual data from financial reports and news articles were vectorized using FinBERT and FastText to extract semantic features.

The modeling phase employed artificial neural networks (ANN), support vector machines (SVM), random forests (RF),
gradient boosting machines (GBM), reinforcement learning (RL), federated learning (FL), and natural language processing
(NLP)-based models. Hyperparameters were tuned using particle swarm optimization, and model validation was performed
using 10-fold cross-validation. Models were evaluated using mean absolute error (MAE), root mean square error (RMSE), and
coefficient of determination (R2).

Findings

The analysis revealed distinct structural differences between the two markets that directly influenced the accuracy of EPS
forecasts. In Iraq, EPS levels exhibited greater volatility, with higher debt-to-equity ratios (average 1.16) and elevated inflation
and exchange rate fluctuations, complicating prediction accuracy. By contrast, Emirati firms reported higher average EPS
values (6.74 AED compared to Irag’s 5.37 1QD) and benefited from a more stable macroeconomic environment, which
supported more accurate and reliable predictions.

Across all algorithms tested, GBM consistently produced the most accurate results. In Iraq, GBM achieved MAE = 0.127,
RMSE = 0.190, and R? = 0.78, outperforming ANN, SVM, and RF. In the UAE, GBM delivered even stronger performance with
MAE =0.110, RMSE = 0.163, and R? = 0.83. NLP-based models performed similarly well in the UAE, where textual data were
more readily available, achieving R? = 0.83, while their performance in Irag was somewhat weaker due to limited data
transparency.

Other models exhibited mixed results. ANN and RF achieved satisfactory results, particularly in the UAE, though they
underperformed relative to GBM. SVM performed the weakest in both markets, with R? values of 0.69 in Irag and 0.75 in the
UAE. Reinforcement learning and federated learning showed moderate performance, highlighting their potential but also
their sensitivity to distributed and incomplete datasets.

Sensitivity analyses confirmed the central role of firm-level financial indicators. Net profit and operating cash flow were

the most influential variables in both markets, while macroeconomic factors had secondary but still significant effects. In Iraq,
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oil prices emerged as the dominant macroeconomic driver of EPS, while in the UAE, innovation indicators and GDP growth
played the leading roles. Out-of-sample testing using Q1 2025 data confirmed the robustness of GBM, which maintained high
accuracy levels (MAE =0.132, R =0.76 in Irag; MAE = 0.118, R? = 0.81 in the UAE).

Discussion and Conclusion

The findings demonstrate that machine learning algorithms, particularly GBM, significantly enhance the predictive
accuracy of EPS forecasts in emerging markets. The superior performance of GBM underscores its capacity to manage noisy,
incomplete, and non-linear data, making it especially effective in volatile environments such as Irag. These results corroborate
prior studies that have identified gradient boosting as a leading technique for financial forecasting (Chen et al., 2022; Zhang
etal., 2021).

The study also confirms that market context plays a decisive role in shaping model effectiveness. While ANN and deep
learning approaches have been celebrated for their predictive power (Kim & Won, 2021), their reliance on stable and high-
quality data reduces their applicability in less transparent contexts such as Iraq. Instead, more resilient algorithms like GBM
or RF prove better suited to such environments, echoing earlier findings that algorithmic performance must be evaluated
with respect to institutional conditions (Algahtani & Mayhew, 2022).

The integration of textual and ESG data further enriches the predictive models. In the UAE, where reporting standards and
ESG disclosure are more advanced, NLP models captured additional insights from financial news and reports, aligning with
evidence that textual analysis enhances the understanding of market sentiment (Pouransari & Chalabi, 2014). Moreover,
incorporating ESG variables improved long-term risk assessment, consistent with studies emphasizing sustainability’s role in
financial modeling (Chang et al., 2023).

The comparative analysis between Iraq and the UAE highlights how structural and institutional differences shape
forecasting outcomes. Iraq’s high reliance on oil and political instability confirm prior warnings about the effects of
macroeconomic uncertainty on predictability (Al-Zubaidi et al., 2025; Mahmud et al., 2024). Conversely, the UAE’s diversified
economy and stable governance provide a fertile ground for advanced machine learning applications, demonstrating how
stronger institutional frameworks enhance the reliability of financial forecasts.

In conclusion, this research contributes to the financial forecasting literature by demonstrating that machine learning, and
particularly hybrid approaches, can meaningfully improve EPS predictions in emerging markets. The results emphasize that
algorithm selection should be context-specific rather than algorithm-centric, as institutional structures and data quality
significantly condition predictive success. Practically, the hybrid framework developed here offers a valuable reference for
both investors and policymakers in emerging markets, underlining the importance of integrating robust machine learning

methods, textual analysis, and ESG data into financial decision-making.
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