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A B S T R A C T  

      This study examines how learners of English as a foreign language use 

language to create identity, stimulate motivation, and manage cognitive stress 

in AI-mediated learning contexts. The study emphases on the sociocultural 
backgrounds of the learners. The analysis involves a thematically sensitive 

discourse coding aligned with Self-Determination Theory, Sociocultural 

Theory, and Cognitive Load Theory. The study is grounded on semi-
structured interviews with fifteen students from two university faculties. The 

findings reveal that learner strategies were to employ narrative discourses and 

evaluative language to confirm identity or reduce linguistic dominance. 
Students also use metaphors and temporal markers to describe cognitive load. 

Peer and teacher prompts, as well as AI tools, also reflect the learners' 
identities. It was revealed that contextual factors, such as ways of peer 

interaction, resource limits, and faculty norms stimulus the occurrence and 

understanding of these practices. The study shows that in AI-enhanced 
classrooms, language practise assists as a medium that supports sociocultural 

bonds and makes motivational dynamics more stable. These findings support 

the proposal of pedagogical approaches which are identity-sensitive, feedback 
designed linguistic approaches, and assessments which are aware of the 

discourse of AI tools in EFL contexts. The study is an attempt to add to the 

improvement of applied linguistics in the field of technology-mediated 
language acquisition, by focusing on the discourse as a way to access 

motivational experience and linking the micro-level linguistic practices to 

larger sociocultural processes. .
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Introduction 

For over a hundred years, academic study of societal challenges 

associated with human actions (e.g., corrupt actions) has occurred. 

Pearson (1901) first applied the Gauss least squares method in the early 

20th century to create Principal Component Analysis (PCA), which is a 

statistical technique for finding principal patterns when working with the 

most complex set of data. This allows the researcher to better understand 

certain factors that could influence or explain various phenomena (e.g., 

corruption). 

 Global estimates suggest that corruption costs more than $2.6 trillion 

every year, which amounts to about 5% of the world's GDP, and also 

discourages foreign direct investment and widens social disparities 

(World Bank, 2016; Gasanova, Medvedev, & Komotskiy, 2017). 

Corruption has a deleterious effect on social indicators, as it raises infant 

mortality and decreases primary school completion rates (UNDP, 2024). 

New machine learning and deep learning developments allow researchers 

to analyze complex patterns of administrative and financial corruption. 

With datasets such as the World Bank's Worldwide Governance 

Indicators (WGI) and the Corruption Perceptions Index (CPI), AI 

algorithms have demonstrated high precision in predicting corruption and 

fraudulent financial activities (Stockemer, 2018; Sun & Medaglia, 2019; 

Tang et al., 2019; Zhang et al., 2021). These techniques provide the 

policymakers with early warning indicators and practical data to 

implement effective governance strategies. 
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To position the worldwide spread of perceived corruption, Figure 1.1, 

presents the Corruption Perception Map 2023, in which it colors countries 

from low to high perceived corruption. Iraq has a CPI score of 23/100 and 

ranks 154 out of 180 and indicates high perceived corruption. It positions 

Iraq's governance within the worldwide spread in Figure 1. The figure 

puts the empirical comparison between countries into context and 

illustrates regional trends in governance (Transparency International, 

2023). 

 

Figure 1: Global Perceived Corruption CPI 2023 (Transparency International, 2023). 

This study applies a panel data set of 132 countries over multiple fiscal 

years (2002–2023) to identify the most effective predictors of perceived 

corruption with the use of machine learning algorithms. With the 

application of multi-dimensional governance indicators such as control of 

corruption, rule of law, regulatory quality, voice and accountability, and 

political stability, this study empirically verifies how governance 

determinants influence corruption globally. This is a reaction that is 

blending computational sciences, social science research, and policy 

practice with a data-based platform in an effort to guide anti-corruption 

action worldwide. 
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Literature Review 

Detection of financial and administrative corruption using AI gained 

momentum in the past years, yet detection of good datasets in countries 

such as Iraq has been difficult; researchers have used datasets of proxy 

variables or world indicators for machine learning algorithms. 

For instance, Stockemer (2018) used the Corruption Perceptions Index 

and trained ML models such as Random Forest, Logistic Regression, and 

Gradient Boosting and cross-validation of these models to construct 

corruption classifications globally with extremely high accuracy on the 

imbalanced datasets. Sun & Medaglia (2019) also explored further the 

inclusion of administrative governance indicators into AI models, and 

showed that they were able to identify corruption trends effectively using 

SVM and ensemble techniques more accurately in identifying such trends 

at a 90% or higher rate. Tang et al. (2019) applied deep learning 

techniques and conducted experiments based on finance fraud data sets 

assuming financial corruption bridging with an F1 score classification of 

83% to detect fraudulent transactions. Zhang et al. (2021) utilized either 

or both of the hybrid and neural network deep learning architectures to 

predict corruption risk, based on the classification of predictive financial 

corruption risk factors in public organizations, at more than 95% 

accuracy levels, using the internationally available datasets. 

Other studies proved multi-source fusion of information. Gasanova, 

Medvedev & Komotskiy (2017) proved some macroeconomic effects of 

corruption and promoted AI-driven predictive model analysis. Rose-

Ackerman & Palifka (2016) proved the economic and social effects of 

corruption in developing economies, but also operated working 

population risk areas that identified Random Forest and Gradient 

Boosting to classify conditions that enable more risk for corruption. 

World Bank (2016) provided data used to classify financial irregularities 

which have worked in parallel with machine algorithms for learning to 

identify significant financial irregularities of conduct. Finally, 

Transparency International (2023) CPI has publicly accessible data that 

have been run in predictive statistical modeling, using rule-of-law 

measures, government effectiveness measures and voice and 

accountability, in order to further make administrative corruption 

predictions globally. These researches prove especially the ability of AI 

in accepting technical limitation, conforming analyses to semi-firm stage-
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based modelling in any form, and yielding fruitful research outputs that 

encompass a high measure of descriptive and predictive validity (Sun & 

Medaglia, 2019; Zhang et al., 2021). 

Table 1: Summary of Recent Studies on Corruption Detection. 

Research Methods Used Data Type Main Results Limitations / Challenges 

stockemer (2018) 

Random Forest, 

Logistic 

Regression, 

Gradient Boosting 

CPI & WGI 

datasets 

High accuracy in 

classifying  
Imbalanced datasets 

Sun & Medaglia 

(2019) 

SVM, Ensemble 

techniques 

Administrative 

governance 

indicators 

>90% accuracy 
Limited to selected 

governance indicators 

Tang et al. (2019) Deep Learning 
Finance fraud 

datasets 

F1-score 83% in 

detecting fraudulent 

transactions 

Dataset assumed financial 

corruption bridging 

Zhang et al. (2021) 

Hybrid & Neural 

Network DL 

architectures 

Public 

organizations 

datasets 

Predicted 

corruption risk 

>95% accuracy 

Requires internationally 

available datasets 

Gasanova, 

Medvedev & 

Komotskiy (2017) 

AI-driven 

predictive model 

Macroeconomic 

& governance 

data 

Highlighted 

macroeconomic 

effects of 

corruption 

Focused on economic 

indicators 

Motsamai Modise 

(2024) 

Random Forest, 

Gradient Boosting 

Developing 

economies 

datasets 

Identified high-risk  
Limited socio-economic 

coverage 

World Bank (2016) Statistical analysis 
Financial 

irregularities data 

Provided datasets 

for ML 

identification of 

corruption 

Dependent on official 

reporting 

Transparency 

International (2023) 

Predictive 

statistical 

modeling 

CPI & 

governance 

measures 

Enabled 

administrative 

corruption 

predictions globally 

CPI limitations, country 

reporting biases 

Methodology and Materials 

The study uses an in-depth methodology that combines ML and DL 

techniques for pattern analysis of financial and administrative corruption. 

The methodology is structured under several sections describing the 

proposed framework, datasets, preprocessing, and models utilized. 

The proposed framework 

The proposed model for the detection of financial and administrative 

corruption integrates both ML and DL algorithms. In financial corruption, 

it begins from the collection of data, preprocessing, handling class 

imbalance with SMOTE, feature extraction, and the usage of numerous 

ML algorithms like Random Forest, CatBoost, KNN, Decision Tree, 

SVM, Gradient Boosting, Logistic Regression, and AdaBoost. A 
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multilayer perceptron (MLP) DL algorithm is also used to detect complex 

patterns in transactional data. 

For administrative corruption, the model takes governance indicators and 

corruption perception indexes. Preprocessing includes cleaning, wide to 

long transformation, and feature selection such as Control of Corruption 

(CC), Government Effectiveness (GE), Rule of Law (RL), Regulatory 

Quality (RQ), and Voice and Accountability (VA). Certain ML 

algorithms are used for predicting corruption levels of countries, and 

assessment metrics such as accuracy, precision, recall, and F1-score are 

determined. 

This composite model ensures thorough treatment in that it identifies both 

financial statement transactional anomalies and systemic governance-

related indicator patterns, respectively, providing a solid approach to 

corruption detection. 

Dataset Description and Data Sources 

This study relies on two fundamental datasets: financial corruption and 

administrative corruption, both obtained from reliable sources and 

preprocessed for machine learning modeling purposes. 

3.2.1 Financial Corruption Dataset 

Financial corruption dataset was downloaded from Kaggle and contains 

284,807 financial transactions out of which only 492 (≈0.173%) are 

fraudulent. All transactions contain 30 numeric features along with the 

transaction amount along with a label (Fraud/Normal) if the transaction is 

fraudulent or not. Preprocessing consisted of data cleaning, removal of 

duplicates, and SMOTE-based balancing to increase the minority (fraud) 

class from 378 to 226,602 samples equal to the normal class (Kaggle, 

n.d.). 

Table 2: Description of the Financial Corruption Dataset. 

Characteristic Specification 

Dataset Name Financial Fraud 

Data Type Numerical 

Number of Samples 284,807 

Number of Features 30 

Feature Types Numerical 

Missing Data No 

Balanced Dataset No (adjusted later with SMOTE) 

Label Fraud / Normal 

3.2.2 Administrative Corruption Dataset 

The dataset of administrative corruption was built on two major sources: 
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1.Corruption Perceptions Index (CPI): Provided by Transparency 

International, in High, Medium, and Low perceived corruption levels for 

nations. 47 nations were left after cleaning (Transparency International, 

n.d.). 

2.Worldwide Governance Indicators (WGI): Provided by the World 

Bank, with six dimensions of governance: 

Control of Corruption (CC) 

Government Effectiveness (GE) 

Political Stability (PV) 

Rule of Law (RL) 

Regulatory Quality (RQ) 

Voice and Accountability (VA) 

After conversion of data into wide format from long format along with 

preprocessed, 41 countries were selected to fit modeling (Kaufmann & 

Kraay, 2024). By using CPI as reference and WGI as feature inputs for 

ML, it is possible to effectively label administrative corruption. Logistic 

Regression achieved 87.8% accuracy, Random Forest 82.9%, and 

Gradient Boosting 80.5%, demonstrating that even with fewer features of 

governance, AI can identify meaningful patterns. The employment of CPI 

and WGI ensures both expert-validated labels and quantitative features in 

the model, rendering it more interpretable and robust. 

Table 3: Description of the Administrative Corruption Dataset. 

Characteristic Specification 

Dataset Name Administrative Corruption 

Data Type Numerical / Categorical 

Number of Samples 41 (Countries) 

Number of Features 7 (6 WGI + CPI) 

Feature Types Numerical / Nominal / Categorical 

Missing Data No 

Balanced Dataset Yes 

Label CPI Class: High / Medium / Low 

Preprocessing and Dataset Filtering 

Data pre-processing is a critical step which processes the raw data and 

provides it with a structured and machine trainable form. This step deals 

with irrelevant, redundant, noisy, or unreliable data, which may hinder 

the detection of significant patterns during model training [Springer, 

2025]. 
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3.3.1 Financial Corruption Dataset 

The following were the steps of preprocessing for financial corruption 

dataset: 

1. Data Cleaning and Removing Duplicates: Inspection of raw data 

revealed duplicate records, which were eliminated for maintaining data 

integrity. The size of the dataset decreased from 284,807 to 283,726 

samples. 

2.Handling Class Imbalance: The instances were highly imbalanced, with 

the majority class (normal transactions) having a gargantuan number 

compared to the minority class (fraudulent transactions). SMOTE 

(Synthetic Minority Over-sampling Technique) has been used so that 

synthetic instances can be created for the minority class so that the dataset 

can be made balanced: 

Table 4: Class Distribution Before and After SMOTE. 

Class Before SMOTE After SMOTE 

0 (Normal) 226,602 226,602 

1 (Fraud) 378 226,602 

 

3.Dataset Split: The balanced dataset was divided into training (80%) and 

testing (20%) sets so that there was sufficient data available for learning 

patterns while a representative portion could still be kept for testing 

purposes. 

These processes maintain the financial dataset clean, balanced, and ready 

for effective model training. 

3.3.2 Administrative Corruption Dataset 

Preprocessing in the administrative corruption dataset was more related to 

FS and normalization since the dataset was smaller and relatively less 

imbalanced: 

1. Data Cleaning: Incomplete or missing records were managed and 

corresponding features were selected, i.e., Control of Corruption (CC), 

Government Effectiveness (GE), Rule of Law (RL), Regulatory Quality 

(RQ), and Voice and Accountability (VA). 

2. Normalization and Standardization: The numerical features were 

normalized through Min-Max normalization and z-score standardization 

where applicable in order to enable model convergence and numerical 

stability. 
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3. Splitting the Dataset: The dataset was split between training (80%) and 

testing (20%) for enabling robust evaluation and preserving sufficient 

data for model learning. 

Through these preprocessing techniques, both datasets are organized, 

reliable, and prepared for training ML and DL models. 

 3.4 Model Description and Machine Learning Algorithms 

There were two concurrent approaches utilized within this study to detect 

financial and administrative corruption by means of AI techniques: 

• First Methodology – Machine Learning Models: Applied to finance and 

administration data with focus on structured tabular data. Classic 

supervised machine learning models were applied, i.e., Logistic 

Regression (LR), K-Nearest Neighbors (KNN), Support Vector Machine 

(SVM), Decision Tree (DT), Random Forest (RF), Gradient Boosting 

(GB), CatBoost, and AdaBoost. 

• Second Methodology – Deep Learning Model (LSTM): Used solely for 

administrative corruption data sets. This is a mixed model that utilizes for 

features extraction and Long Short-Term Memory (LSTM) networks for 

extracting temporal and sequential patterns from governance indicators. It 

is especially well-suited for panel data for over one fiscal year. 

Machine Learning Models (First Methodology– Financial and 

Administrative Corruption) 

For financial corruption detection, several supervised ML algorithms 

were applied to the Credit Card Fraud Detection dataset, which is highly 

imbalanced. The following algorithms were used in isolation: Table 3.5 

summarizes the key algorithms used.  

To detect financial corruption, some supervised ML algorithms were 

employed with the Credit Card Fraud Detection dataset, which is 

imbalanced. The following algorithms were applied individually. For 

detecting administrative corruption, the same machine learning models 

were applied without employing deep learning. This was due to the fact 

that the dataset was smaller, tabular, and did not contain sequential or 

temporal patterns amenable to complex sequence modeling. These ML 

models were selected due to their proven effectiveness in processing 

complex and imbalanced data sets. They can detect suspicious financial 

activities and accurately classify governance indicators, thereby being 

effective in detecting both administrative and financial corruption 

(Ahmed et al., 2023; Katiyar, Kumar, & Kannan, 2025). 
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Table 5: Supervised ML Algorithms Applied to Financial and 

Administrative Corruption Datasets. 

Algorithm Description Reference  

Logistic Regression 

(LR) 

Estimates probability of a binary 

outcome using logistic function 

Rusakov et al., 

2021 

Multinomial Naive 

Bayes (MNB) 

Probabilistic classifier assuming 

feature independence; suitable for 

text-based classification 

Doostmohammadi 

& Nassajian, 

2019 

K-Nearest 

Neighbors (KNN) 

Classifies a sample based on the 

majority class of its k nearest 

neighbors using Euclidean distance 

 

Taunk et al., 2019 

Decision Tree (DT) Recursively splits data based on Gini 

index to maximize class purity 

Sothe et al., 2020 

Random Forest (RF) Ensemble of decision trees; final 

prediction by majority vote of all 

trees 

Sothe et al., 2020 

Gradient Boosting 

(GB) 

Sequentially builds models to 

minimize residual errors and improve 

prediction 

Ahmed et al., 

2023 

CatBoost Gradient boosting framework 

optimized for categorical features 

Katiyar et al., 

2025 

AdaBoost Boosting algorithm that reweights 

misclassified samples to improve 

subsequent classifiers 

Ahmed et al., 

2023; Katiyar et 

al., 2025 

The performance of these models was evaluated with standard measures 

(accuracy, precision, recall, and F1-score), giving a full representation of 

the classification capacity of each model. Accuracy refers to how 

accurate the predictions in general are, while precision and recall offer 

more details on the model's handling of relevant and irrelevant instances. 

The F1-score, as a harmonic mean of precision and recall, is especially 

convenient in the case of imbalanced class distributions (Opitz, 2024). 

Proposed LSTM Model (Second Methodology) 

To detect administrative corruption, the Long Short-Term Memory 

(LSTM) network was employed. LSTMs are a type of recurrent neural 

network (RNN) trained to handle sequential and temporal data. They can 

learn long-term dependencies in sequences and are well-suited to datasets 

where patterns evolve over time, e.g., governance indicators over a few 

fiscal years (Tuarob et al., 2025; Bhandari et al., 2024). Input features—

Control of Corruption (CC), Government Effectiveness (GE), Rule of 

Law (RL), Regulatory Quality (RQ), and Voice and Accountability 

(VA)—were provided as input to the LSTM network to capture temporal 

trends in the administrative data. Dense layers with dropout were applied 
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after the LSTM output to perform the final classification as High, 

Medium, or Low corruption categories. Dropout regularizes against 

overfitting, especially considering that the dataset is of modest size 

(Tuarob et al., 2025). 

LSTM was considered due to the panel and time-series structure of the 

data. Unlike conventional ML methods, which are optimally applied to 

large or fixed structured data, LSTMs can take advantage of temporal 

structures and year-to-year correlations. With the help of their gating 

units and memory cells, they allow the network to learn and retain useful 

information from one time step to another, thus improving the recognition 

of corruption patterns over a number of years (Bhandari et al., 2024). 

4. Results and Discussion 

4.1. Machine Learning Results– Financial Corruption (Credit Card Fraud) 

Several ML models were trained, and their performances are shown in 

Table 6, is a comparison of the accuracy, precision, recall, F1-score, and 

training time for all models. The Random Forest has the best overall 

accuracy and F1-score among all the models, which makes it the most 

accurate model to detect fraudulent transactions. Figure 4, illustrates the 

comparison of Accuracy and F1-score across all ML models for the 

Financial Corruption dataset. 

 

Table 6: Performance of Machine Learning Models on Credit Card Fraud 

Detection. 

Model Accuracy 

(%) 

Precision 

(Fraud) 

Recall 

(Fraud) 

F1-score 

(Fraud) 

Training 

Time (s) 

Random 

Forest 

99.95 90.12 76.84 82.95 603 

CatBoost 99.89 64.96 80.00 71.70 128 

KNN 99.80 45.06 76.84 56.81 185 

Decision Tree 99.81 45.45 73.68 56.22 65 

SVM 99.74 37.24 76.84 50.17 4664 

Gradient 

Boosting 

99.40 19.51 83.16 31.60 1164 

Logistic 

Regression 

99.12 14.24 85.26 24.40 13 

AdaBoost 98.49 8.58 83.16 15.55 209 
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Figure 4: Performance Comparison of ML Models on Financial 

Corruption Detection. 

4.2 Deep Learning Results – MLP Model 

The proposed DL model is a Multi-Layer Perceptron (MLP) with three 

dense layers (128-64-1) and dropout regularization. The model was 

trained on the SMOTE-balanced dataset. Table 7, presents the model 

architecture, which includes Dense layers for feature extraction and 

Dropout layers for regularization to prevent overfitting. Figure 5, a 

visualizes the architecture of the MLP model, showing the number of 

units in each layer. 

Table 7: Architecture of the Proposed MLP Model. 

Layer (type) Output Shape Parameters 

Dense (None, 128) 3,968 

Dropout (None, 128) 0 

Dense (None, 64) 8,256 

Dropout (None, 64) 0 

Dense (None, 1) 65 

Total parameters: 36,869 

Trainable parameters: 12,289 

Optimizer parameters: 24,580 

Training steps: 1781 (~7 seconds per epoch) 
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Figure 5: The architecture of the MLP model. 

The performance of the MLP model on the credit card fraud dataset is 

summarized in Table 8. While the model achieved high overall accuracy 

(99.92%), its ability to detect fraudulent transactions is lower compared 

to Normal transactions.  

Table 8: MLP Performance on Credit Card Fraud Dataset. 

Class Precision Recall F1-score Support 

0 (Normal) 0.9995 0.9996 0.9996 56,864 

1 (Fraud) 0.7802 0.7245 0.7513 98 

Figure 6, illustrates the Precision, Recall, F1-score, and Accuracy for 

each class (Normal and Fraud), highlighting that the MLP model 

performs extremely well on the Normal class but shows slightly lower 

metrics for Fraud detection. 

 
Figure 6: MLP Model Performance Metrics by Class. 

Machine Learning Results – Administrative Corruption (WGI Dataset) 

The dataset for administrative corruption contains 41 countries with key 

governance indicators such as Control of Corruption, Rule of Law, 

Government Effectiveness, Regulatory Quality, and Voice & 
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Accountability. ML models were applied after data preprocessing. 

Results are presented in Table 9. 

Table 9: Machine Learning Performance on WGI Dataset 

Model Accuracy (%) 

Logistic Regression 87.8 

KNN / SVM 85.4 

Random Forest / CatBoost / AdaBoost 82.9 

Gradient Boosting 80.5 

Decision Tree 78.0 

Figure 7, shows the accuracy of each model for classifying administrative 

corruption levels. Logistic Regression achieved the highest accuracy on 

this dataset. 

 

 
Figure 7: ML Models Accuracy – Administrative Corruption. 

 

Machine Learning Results – CPI Dataset 

The dataset for administrative corruption contains 41 countries with key 

governance indicators such as Control of Corruption, Rule of Law, 

Government Effectiveness, Regulatory Quality, and Voice & 

Accountability. The machine learning models were applied after data 

preprocessing. Results are presented in Table 10. 
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Table 10: Machine Learning Performance on CPI Dataset. 

Model Accuracy (%) 

Logistic Regression 100 

KNN 100 

SVM 100 

Decision Tree 90 

Random Forest 100 

Gradient Boosting 90 

CatBoost 90 

AdaBoost 90 

Figure 8, illustrates the classification accuracy of all models on the CPI 

dataset. Due to the small and clean sample, multiple models achieved 

perfect classification. 

 
Figure 8: ML Models Performance – CPI Dataset. 

4.5 Comparative Analysis 

To provide a clear view of the performance of ML as well as DL models 

on the different datasets, Table 11 summarizes the best-performing 

models along with their key performance metrics. The maximum values 

for each of the datasets are provided only to indicate the strength of these 

models. 
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Table 10: Comparative Performance of Best ML and DL Models Across 

Datasets. 

Dataset Best Model Accuracy 

(%) 

F1-

score 

Precision Recall 

Credit Card 

Fraud 

Random 

Forest 

99.95 82.95 90.12 76.84 

Credit Card 

Fraud 

MLP 99.92 75.13 78.02 72.45 

Administrative 

Corruption 

(WGI) 

Logistic 

Regression 

87.8 – – – 

CPI Dataset Logistic 

Regression / 

RF / KNN / 

SVM 

100 – – – 

 

Table 10 shows the best-performing models across all datasets. On the 

financial corruption dataset, Random Forest performed better than others 

with the highest F1-score and precision to detect suspicious transactions. 

In comparison, the MLP model achieved high overall accuracy but 

slightly poorer performance in minority classes. For administrative 

corruption detection (WGI dataset), Logistic Regression was the most 

robust model with excellent generalization across indicators of 

governance. Finally, for the CPI dataset, there were some models like 

Logistic Regression, Random Forest, KNN, and SVM that produced 

perfect classification since the dataset is small and clean. This 

comparison highlights the reality that model selection should be done 

based on dataset properties where ensemble methods work well on 

imbalanced financial data whereas linear models perform well when 

working with structured administrative data. 
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Figure 9: Best Performing Models Across Datasets. 

Figure 9 displays the top-performing models among the tested datasets in 

a visual comparative summary of relative performance. For the Credit 

Card Fraud dataset, Random Forest performed considerably better than 

other models at identifying fraudulent transactions, particularly in F1-

score and precision, while the MLP produced slightly poorer performance 

on minority classes even with high overall accuracy. In the 

Administrative Corruption dataset (WGI), Logistic Regression also did 

well consistently across all the governance indicators, as a testament to its 

usability in the case of highly structured datasets. For the CPI dataset, 

although small and structured, several models—Logistic Regression, 

Random Forest, KNN, SVM—were all able to do perfect classification. 

This image enhances the theory that model performance largely depends 

on the character of the dataset, emphasizing that model selection needs to 

be given serious thought regarding data type and distribution. 

According to the analysis of results of ML and DL models, it was 

observed that DL models slightly outperform traditional ML models in 

predicting corruption if more features or quality processed data are used. 

In order to visualize Worldwide Governance Indicators (WGI) and 

Corruption Perceptions Index (CPI) interrelations, a heatmap was 

generated to show the strength and direction of correlation between each 

indicator and the level of corruption in the countries in question: 
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As seen from the heatmap, measures like "Rule of Law" and "Control of 

Corruption" have a high negative correlation with CPI in the sense that a 

higher value of these measures corresponds to less corruption. Some 

measures, e.g., "Voice and Accountability," have a less distinct 

correlation. The visualization offers an evident interpretation of which 

governance dimensions are most strongly correlated with levels of 

corruption and can be used to inform policymakers to target their reforms. 

 

 

 
Figure 10: Heatmap of WGI Indicators vs. CPI. 

5. Discussion 

The table displays how Random Forest performs best in fraud detection 

due to its ensemble learning and feature selection characteristics. MLP 

demonstrates high general accuracy but relatively less good minority 

class performance, as normal for deep learning on unbalanced data. 

Logistic Regression is superior to other ML models for detecting 



  

426 
 
 

                                                        2025لعام       N (VI)     وقائع المؤتمر العلمي العاشر    / جامعة تكريت  /مجلة آداب الفراهيدي

administrative corruption due to its stability on structured moderate-sized 

datasets. The CPI data set outcomes are outstanding, with some models 

achieving perfect accuracy as a result of the data being small and clean, 

although this might not hold for bigger sets of data. 

In all data sets, machine learning as well as deep learning models 

demonstrated strong and consistent performance when detecting and 

classifying corruption. Random Forest performed the highest F1-score in 

identifying fraudulent transactions in the financial corruption dataset due 

to its ensemble learning technique wherein many decision trees are 

combined in order to avoid overfitting and trap intricate patterns. Its 

inherent feature selection capability made it particularly suited to identify 

rare fraud instances in a highly imbalanced data set. In comparison, the 

Multi-Layer Perceptron (MLP) model had higher overall accuracy, as one 

would expect from its global pattern learning ability, though its minority 

class accuracy decreased somewhat, typical for deep models on 

imbalanced sets. 

For the administrative corruption dataset, with the structured governance 

indicators of 41 countries, Logistic Regression outperformed other 

machine learning algorithms in their ability to predict corruption levels. 

Its consistency on structured moderate-sized datasets and capability of 

modeling linear relationships robustly were the contributing factors to its 

superior performance. It illustrates how simpler, interpretable models 

could outperform sophisticated algorithms under certain conditions when 

dataset size is small. The CPI dataset, being small and extremely clean, 

allowed a number of models like Logistic Regression, Random Forest, 

and KNN to classify exactly. While this is a testament to the ability of AI 

algorithms to make reliable predictions on clean datasets, it is a testament 

that the results may not work with larger data or noisy data. 

In conclusion, these findings indicate that artificial intelligence 

techniques are a valid paradigm for corruption to be identified early and 

categorized. The choice of models should consider data characteristics, 

such that ensemble methods are optimal when handling complex or 

imbalanced data, deep learning models identify overall patterns better, 

and simple models are still robust for structured and medium-size data 

sets. 
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6. Conclusion and Future Work 

The study addressed the use of machine learning (ML) and deep learning 

(DL) models for detecting financial and administrative corruption. 

Random Forest excels in fraud transaction detection in highly imbalanced 

financial datasets, and Multi-Layer Perceptron excels in having high 

overall accuracy and effective global pattern learning. For administrative 

corruption, Logistic Regression had the best performance with 

information regarding structured governance, but clean and aggregated 

data such as the CPI allowed models to classify almost as well as 

possible. The findings confirm that artificial intelligence techniques are a 

good framework for initial detection and classification of corruption and 

that model choice is dependent on the nature and structure of the dataset. 

Future efforts may involve expanding the datasets to more countries, 

periods of time, and real transactional data, which would confirm model 

validity and generalizability. More advanced ensemble deep learning 

structures, temporal processing utilizing recurrent networks such as 

LSTM, and feature selection methods could also assist in driving further 

subtle corruption pattern detection. Further, the incorporation of XAI 

practice would provide policymakers and stakeholders with 

accountability in a manner that will empower them to make decisions in 

terms of evidence-informed results in government and financial 

regulation. 

Practical Concerns: Implementation of these plans in countries like Iraq 

or similar to it could be hindered by the absence of effective access to 

secure financial and governance information, transparency, and 

demanding technical infrastructure for effective deployment and hosting 

of AI models. 

Future Enhancement: Future research will use longer time series data sets 

to reveal the long-term development of corruption patterns, examine the 

application of hybrid deep learning models (e.g., CNN+LSTM) to reveal 

complex patterns, and employ explainable AI techniques to provide 

actionable insights to policymakers to make AI-driven systems for 

detecting corruption more precise and utilizable. 
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