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Abstract:

This study aims to compare the accuracy of hybrid audit opinion prediction models based on Particle Swarm Optimization
(PSO) and Barnacle Optimization (BMOQ) metaheuristic algorithms. This applied research adopted a descriptive—analytical
design. The statistical population included companies listed on the Tehran Stock Exchange between 2015 and 2024, with 138
firms selected through systematic elimination. Data were collected from audited financial statements in the CODAL system
and Rahavard Novin software and analyzed using MATLAB 2024 and EViews 13. The multilayer perceptron (MLP) neural
network served as the baseline model, while PSO and BMO algorithms optimized its weights and biases. Model performance
was assessed using the confusion matrix, Receiver Operating Characteristic (ROC) curve, Area Under the Curve (AUC),
correlation coefficient, paired t-test, ANOVA, Friedman, and DelLong tests. All four hypotheses were supported. Optimization
of the MLP neural network using PSO and BMO algorithms significantly enhanced prediction accuracy compared with the
base model. The BMO algorithm exhibited more robust and stable performance than PSO. The proposed hybrid model
combining Random Forest (RF), Extreme Gradient Boosting (XGBoost), and BMO-optimized MLP achieved the highest
performance, with 98.9% accuracy, 98.8% precision, and an AUC value of 0.995. The DelLong and Friedman tests confirmed
that the BMO-based model significantly outperformed the PSO-based model. Integrating machine learning and metaheuristic
optimization substantially improved audit opinion prediction accuracy. The proposed RF—-XGBoost—-MLP-BMO hybrid
framework emerged as the most effective and reliable structure, enhancing auditors’ data-driven decision-making while
minimizing human bias and error.
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Extended Abstract

Introduction

The rapid advancement of information technology and the proliferation of artificial intelligence (Al) have significantly
transformed the auditing profession over the past decade. The emergence of data-driven approaches and machine learning
techniques has revolutionized the traditional auditing process, which was primarily reliant on human judgment and limited
sampling methods (Kokina et al., 2025). In this context, the prediction of audit opinion has gained increasing scholarly
attention, as it serves as an essential indicator of a company’s financial reliability and audit risk (DeAngelo, 1981). Developing
accurate predictive models for audit opinions not only enhances auditors’ decision-making quality but also reduces the
potential for human bias and error.

Recent studies have underscored the role of Al and data mining in improving audit quality and efficiency. Vitali and Giuliani
(vitali & Giuliani, 2024) emphasized that emerging digital technologies have reshaped the nature of audit judgment,
enhancing both transparency and reliability in financial reporting. Similarly, AImufadda and Almezeini (Almufadda &
Almezeini, 2022) demonstrated that Al-based analytical tools contribute to detecting financial irregularities, identifying
hidden patterns, and strengthening risk assessment. These findings have led to a paradigm shift from traditional auditing
toward intelligent auditing systems capable of processing massive volumes of financial data.

At the core of this transformation lies the integration of machine learning algorithms—such as artificial neural networks
(ANN), Random Forest (RF), and Extreme Gradient Boosting (XGBoost) —with optimization techniques that improve predictive
performance (Al Ali et al., 2023; Fedyk et al., 2022). However, a critical challenge in these models is parameter tuning, which
greatly influences their accuracy. To address this, metaheuristic optimization algorithms inspired by natural behaviors, such
as Particle Swarm Optimization (PSO) and the Barnacle Optimization (BMO) algorithm, have gained prominence (Geng et al.,
2023; Nigatu et al., 2024).

The PSO algorithm, based on the social behavior of bird flocks and fish schools, is widely employed to optimize ANN
weights and biases to minimize prediction error (Zhao et al., 2021). Despite its success, PSO is prone to premature
convergence, reducing its capacity to explore global optimal solutions (Nigatu et al., 2024). Conversely, the BMO algorithm,
inspired by the attachment and mating behavior of barnacles, exhibits superior adaptability in multi-dimensional search
spaces and effectively prevents early convergence (Moosavi et al.,, 2023). Studies in computational optimization have
confirmed the robustness of BMO over classical algorithms, particularly in complex engineering and classification problems.

In the auditing domain, several studies have investigated the potential of Al-based approaches. Boritz and Stratopoulos
(Boritz & Stratopoulos, 2023) noted that the integration of Al into auditing enhances decision accuracy while transforming
auditors’ roles from data reviewers to strategic evaluators. Similarly, Torroba et al. (Torroba et al., 2025) found that the
adoption of Al and data analytics in auditing is strongly influenced by auditors’ confidence in the reliability of these
technologies. These insights align with the findings of Sarraf and Farhangian (Sarraf & Farhangian, 2022), who emphasized
that data-driven auditing not only improves accuracy but also accelerates the detection of material misstatements.

In the Iranian context, Pourheidari and Azami (Pourheidari & Azami, 2010) were among the first to apply neural network
models to predict audit opinions, demonstrating that ANNs outperform traditional regression models. More recently,
Rahimzadeh et al. (Rahimzadeh et al., 2025) reported that machine learning algorithms such as logistic regression and support

vector machines (SVM) yield superior prediction performance compared to classical statistical techniques. Similarly, Setayesh
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et al. (Setayesh et al., 2025) showed that data mining techniques improve the auditing process by enhancing accuracy and
efficiency in identifying material misstatements.

Despite these developments, there remains a notable gap in the literature comparing the performance of PSO and BMO
algorithms in audit opinion prediction. While prior research has examined the use of individual algorithms, few studies have
systematically compared their predictive accuracy and stability when integrated with hybrid machine learning models. As
Bakarich and O’Brien (Bakarich & O'Brien, 2021) highlighted, the auditing profession is still transitioning from exploratory
adoption of Al to its systematic implementation. This underscores the need for empirical studies that evaluate advanced
metaheuristic algorithms within auditing frameworks.

Therefore, this study aimed to compare the accuracy of hybrid audit opinion prediction models based on PSO and BMO
algorithms. Building upon previous evidence suggesting that hybrid models can achieve superior predictive performance (Al
Ali et al., 2023; Thakur et al., 2025), this research developed a novel hybrid framework integrating Random Forest, XGBoost,
and an MLP neural network optimized using BMO. The study contributes to bridging the methodological gap by empirically
demonstrating which optimization approach yields higher accuracy and reliability in audit opinion prediction.

Methods and Materials

This applied and descriptive—analytical research utilized financial data from 138 companies listed on the Tehran Stock
Exchange between 2015 and 2024. Data were collected from the CODAL system and Rahavard Novin software. After data
cleansing, variables were analyzed using MATLAB (version 2024) for modeling and EViews 13 for statistical validation.

The study’s dependent variable was the type of audit opinion (1 = unqualified, 0 = qualified/adverse). Independent
variables included 30 financial ratios and corporate governance indicators extracted from established models in financial
statement analysis.

The baseline model was a multilayer perceptron (MLP) neural network, which was subsequently optimized using PSO and
BMO algorithms. PSO optimization parameters included a population size of 50, inertia weight of 0.7, cognitive and social
coefficients of 2, and 200 iterations. For BMO, the population size was 50, mating rate 0.4, mutation rate 0.1, and iterations
set at 200.

The study also developed two hybrid models combining Random Forest, XGBoost, and optimized MLPs (RF-XGBoost—
MLP—PSO and RF—-XGBoost—MLP—-BMO). Performance metrics included Accuracy, Precision, Sensitivity, Specificity, and Area
Under the ROC Curve (AUC). Statistical tests such as paired t-test, one-way ANOVA, Friedman test, and Delong test were
employed to assess model differences and significance levels.

Findings

The empirical results confirmed all four hypotheses of the study. Optimization of the MLP neural network using PSO and
BMO significantly enhanced prediction accuracy compared with the baseline MLP model. The PSO-optimized model achieved
an accuracy of 95.4%, while the BMO-optimized model reached 96.7%.

When combined with Random Forest and XGBoost, both hybrid models demonstrated improved predictive performance.
However, the proposed RF-XGBoost—-MLP-BMO model achieved the highest accuracy (98.9%), precision (98.8%), and AUC
value (0.995), indicating superior discriminative capability in classifying audit opinions.

The results of the paired t-test showed statistically significant differences between the baseline MLP and the optimized

models (p < 0.01), confirming that both PSO and BMO significantly improved the model’s predictive power. ANOVA results
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further indicated significant mean differences among all models (p < 0.05), establishing that model optimization enhances
performance across various evaluation metrics.

The Delong test comparing AUC values revealed that the BMO-based hybrid model outperformed the PSO-based
counterpart with a statistically significant difference (Z = 2.13, p = 0.033). Similarly, the Friedman test ranked the models
based on average accuracy, confirming that the RF—-XGBoost—MLP—BMO hybrid model achieved the first rank with a mean
accuracy of 98.9%.

Regression correlation analysis demonstrated a strong relationship between predicted and actual audit opinions. The
correlation coefficient (R) for the baseline MLP was 0.83, for MLP—PSO was 0.92, and for MLP-BMO was 0.93, while the final
hybrid model reached 0.97, indicating excellent model fit and predictive alignment.

Additionally, the analysis of variable importance identified four key predictors: CEO duality, debt ratio, ownership
concentration, and institutional ownership. These variables had the highest feature importance scores and contributed most
significantly to distinguishing between unqualified and qualified audit opinions.

Discussion and Conclusion

The findings of this study reinforce the transformative role of artificial intelligence and metaheuristic optimization in
modern auditing. The significant improvement in predictive accuracy obtained through PSO and BMO optimization validates
the capacity of hybrid Al models to enhance auditors’ analytical capabilities. The superior performance of the BMO algorithm
confirms its robustness and stability in solving high-dimensional financial prediction problems, as it effectively avoids
premature convergence and achieves global optimal solutions.

The results align with prior studies demonstrating the efficacy of metaheuristic optimization in improving machine learning
models. The superior accuracy of the RF-XGBoost—MLP-BMO hybrid model highlights the synergistic effect of combining
ensemble learning with bio-inspired optimization, echoing findings by Thakur et al. (Thakur et al., 2025) and Al Ali et al. (Al
Ali et al., 2023), who showed that hybrid models outperform standalone algorithms in financial classification tasks.

From a theoretical perspective, the identified key predictors—CEO duality, debt ratio, ownership concentration, and
institutional ownership—align with audit quality theories proposed by DeAngelo (DeAngelo, 1981), emphasizing that
corporate governance and financial risk structure directly influence audit judgment. These findings suggest that corporate
structure and managerial power concentration play a vital role in determining audit outcomes.

The results further substantiate the argument of Vitali and Giuliani (Vitali & Giuliani, 2024) that digital auditing tools can
redefine the scope of auditor judgment by embedding data analytics into decision-making. Similarly, the study supports the
insights of Kokina et al. (Kokina et al., 2025) and Boritz and Stratopoulos (Boritz & Stratopoulos, 2023), who recognized Al’s
potential to shift the auditor’s role from manual examination toward strategic, evidence-based evaluation.

Overall, this study bridges a significant research gap by providing empirical evidence on the comparative performance of
PSO and BMO in audit opinion prediction. The proposed hybrid model demonstrates that Al-based predictive systems, when

optimized through advanced metaheuristic algorithms, can substantially enhance audit efficiency, accuracy, and objectivity.
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