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Abstract 7 

Administrative corruption poses a significant challenge within public and organizational 8 

operations. This paper proposes a simple decision support system to estimate the probability of 9 

individual corruption and the level of societal corruption, and to use these estimates for monitoring 10 

and detection over time. Each period (e.g., monthly), the organization updates the corruption 11 

probability of every person using two inputs: (a) relatively stable personal features from the World 12 

Values Survey (WVS), and (b) live organizational signals from the internal whistleblowing system, 13 

third-party sources, observed suspicious actions, and proximity to confirmed cases. To reflect the 14 

wider environment, we also include a public context signal: a society-level corruption-risk forecast 15 

derived from countries’ Sustainable Development Goals (SDGs) indicators. We analyze three types 16 

of data from international databases using standard data analysis and machine-learning methods 17 

and report model performance. To examine effectiveness, we simulate a small, hypothetical 18 

organization using profiles derived from the WVS dataset and evaluate the approach under 19 

controlled conditions. The proposed approach flags anomalous individuals and detects system-20 

level abnormalities within a reasonable timeframe, while keeping the process transparent, periodic, 21 

and feasible under realistic inspection constraints. 22 
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1. Introduction 1 

Corruption is now a major concern for many governments, organizations, and communities around 2 

the world. It affects both developed and developing countries, and it can be seen in public 3 

administration, private companies, and even in non-profit organizations [1, 2]. In today’s 4 

administrative systems, corruption weakens the quality of governance and reduces public trust [3-5 

5]. Because corruption usually expands gradually and becomes part of everyday practice, it may 6 

develop into a persistent cycle that is hard to interrupt without early detection. This is why 7 

preventive measures and predictive tools are essential for addressing the issue in a more effective 8 

and timely way. 9 

Traditional anti-corruption measures, such as routine audits or legal actions, usually uncover issues 10 

only after the damage has already taken place [6, 7]. Over the past few years, the growth of open 11 

data and different analytical techniques has made it more possible to identify corruption risks 12 

earlier, before they become actual incidents. Machine learning plays an important role in this 13 

regard, as it can detect complicated and nonlinear patterns in administrative records and gives 14 

governments a chance to monitor their systems in a more systematic way.  Even with these 15 

developments, research on corruption prediction is still not very connected. Some studies focus on 16 

corruption at a broad, national level and use large indicators, such as the Sustainable Development 17 

Goals (SDGs), to estimate the overall risk [8, 9]. Other studies examine corruption from the 18 

individual side, looking at how a person’s psychology, moral beliefs, or environment may shape 19 

corrupt behavior [10, 11]. Yet only a few attempts have tried to combine these two viewpoints, 20 

societal and individual, into one predictive decision-support model. Because this link is missing, 21 

we still do not fully understand how wider structural factors and personal characteristics work 22 

together to create corruption risk. 23 

The present study tries to reduce this gap by building a hybrid, data-driven framework for 24 

estimating and monitoring administrative corruption. The study investigates how accurately next-25 

year corruption risk can be predicted at the national level using SDG indicators, how personal 26 

characteristics can be associated with individual corruption, and whether combining these two 27 

levels of information can improve the efficiency of periodic inspections. To answer these 28 

questions, the study uses two connected parts: a country-level model that estimates overall 29 

corruption intensity, and an individual-level model based on data from the World Values Survey 30 
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(WVS). When the two models are applied together, they function as a monitoring system that can 1 

track changes in corruption risk over time. By combining information on individual behavior with 2 

key organizational features and broader national indicators, the approach provides a more complete 3 

view of the factors that shape corruption. This integration supports more timely and informed 4 

decision-making and offers a practical foundation for using data to strengthen integrity in 5 

administrative systems. 6 

 7 

2. Literature review 8 

Corruption is a complicated, multi-layered problem. Researchers have examined it through theory, 9 

institutions, human behavior, and computational models. In this section, we organize the literature 10 

into six themes: (1) Concept and Definitions of Corruption, (2) Determinants of Corruption, (3) 11 

Organizational and Cultural Factors, (4) Consequences, (5) Anti-Corruption Frameworks and 12 

Policies, and (6) Data-Driven Approaches. 13 

2.1. Concept and Definitions of Corruption 14 

Corruption extends across political, administrative, and organizational systems. Early works 15 

defined it as the misuse of delegated authority for personal benefit [12-14]. Later works took a 16 

different view and showed how certain corrupt routines can become accepted inside organizations 17 

and even treated as normal practice [15, 16]. Another group of studies explained corruption as 18 

something that grows within social networks, where exchanges rely on personal ties rather than 19 

formal rules [3, 17]. More recent research points out that cultural and local conditions strongly 20 

influence both how corruption takes shape and how people justify it [18, 19]. Policy frameworks, 21 

such as those from the French Anti-Corruption Agency (AFA) and the UN, also stress that 22 

corruption threatens good governance and slows progress on the SDGs [20, 21]. These frameworks 23 

argue that effective responses must address the wider system in which corruption occurs, not only 24 

punish individual cases. 25 

2.2. Determinants of Corruption 26 

The drivers of corruption operate at different levels, political, organizational, and also individual. 27 

Weak institutions and periods of fast modernization continue to be recognized as major causes [1, 28 

2]. At the same time, cultural norms and the way people reason about moral issues have a strong 29 
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influence on how corruption begins and spreads [22-25]. At the individual level, a person’s own 1 

ethics, the opportunities they think they have, and the broader culture within an organization all 2 

shape their decisions and actions [10, 11, 26-28]. From an economic viewpoint, corruption risk 3 

increases in environments with high inequality and weak transparency, where people feel that rules 4 

are either unclear or not applied consistently [8, 29, 30].  5 

2.3. Organizational and Cultural Factors 6 

Corruption often thrives in organizations where power is concentrated, oversight is weak, and 7 

unethical behavior is culturally tolerated [31, 32]. Studies show that strict hierarchies and dense 8 

informal networks accelerate its diffusion [33, 34]. In societies where informal reciprocity and 9 

“helping each other” are normalized, small deviations can evolve into systemic corruption [18, 24, 10 

35]. Thus, sustainable reform requires combining structural control with cultural transformation. 11 

2.4. Consequences 12 

Corruption disrupts economic systems, slows processes, increases costs, and erodes trust. Early 13 

studies linked it to weak governance and inefficient resource allocation [36-38]. Recent evidence 14 

shows that while it may temporarily facilitate certain processes, it ultimately magnifies crises 15 

under economic stress [29, 30, 39]. UN and development studies confirm its long-term damage to 16 

achieving SDGs, particularly in areas such as education, health, and institutional integrity [20, 21, 17 

40]. 18 

2.5. Anti-Corruption Frameworks and Policies 19 

Modern anti-corruption thinking has slowly shifted from focusing mainly on punishment to paying 20 

more attention to prevention. The basic parts of any control system, clear rules, shared 21 

responsibility, and steady enforcement, are still necessary and remain at the center of most policies 22 

[6, 7]. But in recent years, the growing use of digital tools, such as e-government services and 23 

open-data platforms, has started to change how transparency is achieved in practice [41]. 24 

Frameworks such as France’s Anti-Corruption Agency Guidelines [42] and [19] underline the idea 25 

that ethical practices should be part of normal routines and that relevant data should be visible 26 

rather than hidden. Several studies also point out that systems built on openness, together with 27 

simple algorithmic checks, help reduce excessive discretion and make it possible to spot 28 

irregularities more quickly [11, 43, 44]. 29 
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2.6. Data-Driven Approaches 1 

Recent work has shown that data-driven techniques are becoming more helpful for identifying 2 

corruption risks. Some of the earlier studies already demonstrated that predictive analytics could 3 

offer useful signals in this area [8, 9, 45]. Later research went a step further, using AI methods to 4 

pick out unusual patterns in larger and more complicated datasets [46]. On the practical side, 5 

several decision-support systems have been tested in real procurement settings and in fraud-related 6 

tasks, and they have produced encouraging results [43, 47, 48]. More advanced analytical 7 

approaches are now appearing in different parts of public governance as well [34, 44]. However, 8 

some studies warn that these tools may introduce bias or be used in ways that were not intended 9 

[49].  10 

2.7. Research Contributions 11 

Previous studies often examined corruption either at the national level with macro indicators or at 12 

the individual level through personal traits. Few integrated these dimensions into a single dynamic 13 

system. This study connects both perspectives: societal corruption is modeled using SDG 14 

indicators, while individual risk is predicted using WVS data. The combined results feed a control 15 

loop that updates inspection priorities based on reports, suspicious activity, or social ties to known 16 

offenders. The framework relies on open data and can function in practical organizational contexts. 17 

The research objectives are: (1) predicting annual corruption at the societal level using SDGs; (2) 18 

estimating individual corruption probability via WVS data; (3) integrating both levels into a 19 

unified detection approach; and (4) testing this process through simulation in a hypothetical 20 

organization. 21 

 22 

3. Problem definition 23 

This study attempts to examine corruption in society as a whole, and to focus primarily on 24 

administrative and organizational corruption. It seeks to determine the relationship between 25 

corruption and those factors that most contribute to its occurrence, to predict its incidence, and to 26 

develop a method for more effective monitoring in organizations. This approach will serve as a 27 

decision support system through a systematic process which tries to monitor organizations 28 

periodically to find corrupt persons. Each period (e.g., monthly) the organization aims to pick a 29 
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few people to inspect so it catches real cases faster and avoid bothering low-risk staff. Every person 1 

has a risk score (probability of individual corruption) that updates over time using two kinds of 2 

inputs: (a) relatively stable personal features (from a survey model), and (b) live organizational 3 

signals (internal/third-party whistleblowing, suspicious actions, and so on). To reflect the wider 4 

environment, we also add one public context signal: a society-level corruption risk that is 5 

forecasted from SDGs indicators of countries. When this risk is higher than usual, we change 6 

priorities (more attention to high-risk cases). When this risk is lower, we do the opposite. This way, 7 

the same policy adapts to national conditions without needing sensitive data. We select a small set 8 

for inspection. If evidence is found, the case moves forward; if not, the person’s score is gently 9 

adjusted. The cycle repeats every period. 10 

Therefore, this article will be conducted in three parts. In the first part, a model is developed to 11 

predict corruption at the society level. In the second part, a model is developed to predict corruption 12 

at the individual level. In the third part, an approach is proposed to integrate these models for 13 

identifying anomalies in administrative and organizational systems. In this regard, three types of 14 

data will be collected and examined from different sources, each of which will be described 15 

separately. 16 

3.1. Part one: predicting corruption at the society level 17 

This part of the study looks at building a model that can estimate corruption levels across countries 18 

by using SDG indicators. For this purpose, two datasets were used: corruption figures reported to 19 

the United Nations and SDG-related indicators from the World Bank. The UN data come from the 20 

United Nations Survey of Crime Trends and the Operations of Criminal Justice Systems (UN-21 

CTS) and are managed by the United Nations Office on Drugs and Crime (UNODC). These 22 

records include different forms of economic and corruption-related crimes that national authorities 23 

have reported. UNODC organizes these offenses under the International Classification of Crime 24 

for Statistical Purposes (ICCS), which gives countries a common set of definitions for bribery, 25 

embezzlement, and other corruption categories, making cross-country comparison more 26 

consistent. 27 

The SDGs lay out 17 goals and 169 targets to be met by 2030 [20], and the indicators created by 28 

the UN Statistical Commission and the IAEG-SDGs reflect a broad mix of economic, social, and 29 

environmental factors. Global tracking of these goals is also supported by several major data 30 
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sources, including the UN Global SDG Database [50], the Bertelsmann Foundation and SDSN 1 

dataset [21], the UN Statistics Division [51], and Our World in Data [40].  In this work, the SDGs 2 

Atlas from the World Bank was used because it offers a relatively stable time series and covers 3 

most countries. These data provide a practical basis for connecting development patterns with 4 

corruption outcomes, helping to form a clearer picture of how broader progress is linked to 5 

governance and integrity. 6 

3.2. Part two: predicting corruption at the individual level 7 

The second part of this study relies on data from the World Values Survey (WVS), a long-term 8 

global research program examining people’s beliefs, values, and social attitudes. The WVS carries 9 

out national surveys with a single, standardized questionnaire, and it is generally known as the 10 

largest non-commercial and cross-national study in this area [52]. The World Values Survey started 11 

in 1981 as an extension of the European Values Study, led by Ronald Inglehart and a group of 12 

international researchers. Over time, it expanded far beyond Europe and now includes countries 13 

with very different cultures and levels of development. Because of this diversity, the survey has 14 

become an important source for understanding topics like democracy, religion, gender roles, and 15 

social trust. Its findings are widely used in academic research and often show up in policy 16 

discussions and the media. Most responses are gathered through in-person interviews, although 17 

some countries rely on mail, online, or phone surveys when that works better for them. 18 

In this research, data from Iran are analyzed to build a model that predicts the likelihood of 19 

corruption at the individual level. The independent variables are selected questions from the survey 20 

that most strongly influence a person’s tendency toward corrupt behavior. Also, the dependent 21 

variable represents the respondent’s willingness to accept a bribe when performing their duties. By 22 

examining these patterns, the study seeks to identify behavioral signals that may indicate a higher 23 

probability of individual corruption. 24 

3.3. Part three: proposed identification and control approach 25 

This part integrates the models introduced earlier into a unified monitoring framework. The 26 

approach is based on the AFA Guidelines [42]. The framework of the AFA guidelines is 27 

summarized in Supplementary Material, Appendix A. In this study, Part B of this document, which 28 

focuses on corruption detection is considered. Other sections of the AFA framework (Parts A and 29 

C) are mentioned only briefly to maintain conceptual consistency, but they are not directly applied 30 
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here. In the proposed system, individuals within an organization are periodically assessed to 1 

identify potential cases of corruption or suspicious behavior. During recruitment or annual 2 

evaluation, each employee’s personal and behavioral information is collected through standardized 3 

forms. Using the model described earlier, a corruption probability score is estimated for each 4 

person. This individual score is then adjusted according to the general corruption level in the 5 

country, which is determined through SDGs-based indicators. 6 

Each organization defines its own monitoring schedule depending on internal policies and 7 

reporting cycles. Individuals with higher corruption probabilities are monitored more frequently. 8 

The monitoring process includes reviewing: 9 

• Internal whistleblowing reports, 10 

• Evidence of illegal or unethical acts, 11 

• Public or third-party complaints, and 12 

• Associations with known corrupt individuals in one’s personal or professional network. 13 

If any of these indicators are triggered, the person’s risk score increases, leading to closer 14 

inspection. In such cases, financial transactions and asset ownership may be reviewed to confirm 15 

or dismiss suspicions. If evidence of corruption is found, legal and disciplinary actions are initiated 16 

according to existing regulations. Otherwise, the individual’s risk score is recalibrated during the 17 

next evaluation period based on updated information and contextual factors. This integrated 18 

process, also presented in Figure 1, aims to create a dynamic and evidence-based control 19 

mechanism that supports continuous risk assessment, promotes transparency, and prevents 20 

corruption through early detection rather than post-incident intervention. 21 

The proposed process is implemented periodically in the organization. At the beginning of each 22 

period, a decision is made regarding which individuals will be inspected. A corruption coefficient 23 

is defined for each individual, and inspection is decided based on this coefficient. For example, if 24 

a person’s coefficient is 0.1, the individual will be inspected with probability 0.1. The probability 25 

of committing corruption is estimated from personal characteristics (via questionnaire or records) 26 

using the model of Section 3.2. Each year, the expected society-level corruption is predicted from 27 

SDGs indicators using the model of Section 3.1. If the predicted level is higher than last year, all 28 
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individual coefficients increase by the same percentage (and vice versa). For instance, if last year’s 1 

rate was 1000 per 100,000 and next year is 1100, we multiply each individual’s coefficient by 1.1. 2 

After determining the initial individual corruption coefficient, this value is corrected in each period 3 

throughout the year. Corrections are made based on events that occur during the period, including 4 

inspections, controls, reports received from individuals, and other relevant information. Based on 5 

this approach, it is expected that the corruption coefficient of high-risk individuals will increase 6 

during the year. This, in turn, will increase the probability of detecting criminal acts. Reducing the 7 

corruption coefficient of low-risk individuals will decrease the probability of control, reporting, 8 

and inspection, thus lowering the costs associated with detecting corruption. The method of 9 

correcting the corruption coefficient based on the events of the period is explained in Section 4.3. 10 

In this process, IP  and SP  represent the individual and society corruption coefficients, 11 

respectively.  RIP   represents the corrected individual corruption coefficient at the beginning of the 12 

year, based on the society corruption coefficient. 
T

RIP  represents the corrected individual corruption 13 

coefficient at the end of each period. These are obtained based on relations (1) and (2): 14 

 15 

(1) ( )Percentage of decrease or increase in the society corruption coefficientRI IP P =   

(2) 1( ) ( ) ( ) ( ) ( ) ( ) , , , , , 1, 1T T M K F L N H

RI RI m k f l n h m k f n l hP P a a a a a a a a a a a a−=    

 16 

Where , , , , ,m k f n la a a a a  and ha  are the correction coefficients of the individual corruption 17 

coefficient in each period and M, K, F, N, L, and H are counters that take the value of zero or one 18 

in each period depending on the individual's conditions in that period. These counters are defined 19 

in Table 1. 20 

Based on the above definitions, a report from the internal whistleblowing system, a third-party 21 

report, or a report based on the performance of an individual's surroundings leads to an increase in 22 

the individual's corruption coefficient. This increase can have a large or small effect depending on 23 

the nature of the organization. In the proposed approach, the coefficient fa  is considered very 24 

large, so that if suspicious actions are observed from an individual, their corruption coefficient (or 25 

probability of corruption) becomes equal to one, and that individual must be examined in the next 26 
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period. Also, if no report is received about an individual in any period, we reduce the individual's 1 

corruption coefficient for the next period by using the coefficient ha , which is less than one. On 2 

the other hand, the possibility that an individual's corruption coefficient is always decreasing is 3 

addressed by using the coefficient na . Through this coefficient, if an individual is not randomly 4 

examined in a period, we increase their corruption coefficient by a small amount. With the increase 5 

in their corruption coefficient after a few periods, there will be a possibility of examining this 6 

individual. This method makes it possible to examine all individuals in the organization, whether 7 

non-corrupt or corrupt to varying degrees. 8 

 9 

4. Modeling and Simulation 10 

In this section, we describe the modeling and simulation of the three sections discussed previously. 11 

To do so, individual-level features come from WVS (Wave 7, Iran) and are used to train the 12 

individual risk model. The society-level context uses SDGs indicators. The inspection policy itself 13 

is tested in a simulation to show how a real agency could deploy it. The modeling process is as 14 

follows: 15 

4.1. Part One 16 

This section explains how the machine learning model was developed to estimate corruption levels 17 

across countries using their SDGs indicators. As noted earlier, the analysis relies on two main data 18 

sources: corruption figures reported to the United Nations [20] and the SDG indicators provided 19 

by the World Bank [50]. For each country, the number of corruption cases per 100,000 inhabitants 20 

was taken from the UN dataset, and the SDG indicators were drawn from the World Bank records 21 

and matched to the corresponding country–year entries. Only the country-year pairs with available 22 

corruption values were included in the analysis. Some of the most important SDGs indicators in 23 

our problem are reported in Supplementary Material, Appendix B. 24 

Before modeling, the data underwent extensive preprocessing. In preparing the dataset, several 25 

steps were taken to manage missing or inconsistent entries. Variables with more than 10% missing 26 

values were removed, and the remaining missing data were replaced using a decision-tree 27 

imputation method. All numerical indicators were then scaled to the 0–1 range so that they could 28 

be compared on the same basis. To deal with the large number of variables, two approaches were 29 
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used: feature selection with the ReliefF method, followed by feature extraction through Principal 1 

Component Analysis (PCA). Then, different algorithms were tested to see which one performed 2 

best for predicting corruption levels. The set of models included Elastic Net Regression, Random 3 

Forest, Extra Trees, Gradient Boosted Trees, Support Vector Regression, and AdaBoost. A Genetic 4 

Algorithm was used to tune the hyperparameters, and model performance was assessed through 5 

K-fold cross-validation. When the results were compared, AdaBoost [53] turned out to be the most 6 

effective among the tested methods. 7 

4.2. Part Two 8 

This section develops a machine learning model to estimate the likelihood of individuals engaging 9 

in corrupt behavior based on their personal characteristics. The analysis uses data from the WVS 10 

[52], which includes responses to social and ethical questions from participants worldwide. The 11 

key target variable is Question 181: “How acceptable is it for you that someone accepts a bribe 12 

while performing a task?” Responses are rated on a scale from 1 (“not at all acceptable”) to 10 13 

(“completely acceptable”). Higher values indicate a greater tolerance for bribery and, therefore, a 14 

higher corruption tendency. Some of the most important survey questions in our study are 15 

presented in Supplementary Material, Appendix C. 16 

To make the analysis easier to work with, the original numerical scale was turned into a simple 17 

two-class outcome. Answers marked as 1 were placed in class 0, meaning a non-corrupt attitude, 18 

and all responses from 2 to 10 were grouped into class 1, representing a higher tolerance toward 19 

corruption. After defining these two categories, the dataset had to be balanced because one group 20 

was clearly smaller. Extra samples were added to the minority class so the model could learn from 21 

both sides in a more reliable way.  For identifying which survey items were actually informative, 22 

the ReliefF method was applied. Once these key variables were selected, a number of classification 23 

algorithms were tested to see which one would handle the prediction task better. The models tried 24 

included Logistic Regression, Random Forest, Extra Trees, Gradient Boosting, Support Vector 25 

Machine, and AdaBoost. Hyperparameters were tuned through a Genetic Algorithm, and 26 

performance was checked using K-fold cross-validation. In these comparisons, Random Forest 27 

consistently produced the strongest results. 28 

4.3. Part Three: Simulation 29 
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In order to evaluate the proposed approach, we use a simulation of a hypothetical organization. We 1 

compare two scenarios: (a) a baseline (random inspections; no probability updates), and (b) the 2 

proposed policy (probabilities update each period with live signals). The inspection is done per 3 

period and outcomes are averaged over many runs. In this regard, Algorithm 1 and Figure 2 present 4 

the related simulation process.  In this process, depending on the internal system and policies of 5 

each organization, the determination of the period (T) is different according to the system of that 6 

organization for reporting.  After the period (T) is determined by the organization, the process is 7 

performed. This is done to identify a corrupt person in the administrative system or correct the 8 

corruption coefficient. 9 

 10 

The evaluation criteria in the implementation of the simulation process are the average number of 11 

cycles until finding a corrupt person or persons and the number of inspections of individuals in the 12 

organization. For this purpose, we define indicators under the titles MP, MNCM, and MCM. MP 13 
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is the average number of cycles until finding a corrupt person in the organization, MNCM is the 1 

average number of reports from non-corrupt individuals in the organization, and MCM is the 2 

average number of reports from corrupt individuals in the organization. A lower value for MP 3 

indicates faster detection of a criminal act. Additionally, a lower number of reports from non-4 

corrupt individuals reduces the costs of corruption control. On the other hand, a higher number of 5 

reports from corrupt individuals increases the probability of detecting a criminal act. To calculate 6 

these indicators, the simulation process is repeated SMN times, and the mentioned indicators are 7 

calculated based on this number of repetitions. 8 

 9 

5. Results 10 

In this section, the results of the proposed predictive models are presented. Additionally, to 11 

evaluate the proposed approach, we assume the survey data of 21 individuals as their personal 12 

information upon entering an administrative system. We then perform the process of identifying a 13 

corrupt individual over different periods and present the results of the relevant indicators. For this 14 

purpose, the Python programming language will be used. 15 

5.1. Part One 16 

In this part of the study, data from 261 countries for the period 2010–2021 were examined with 17 

the aim of estimating how many corruption cases occur per 100,000 people. The outcome variable 18 

was simply the number of incidents officially recorded, while the explanatory side originally 19 

consisted of 408 SDG indicators taken from United Nations and World Bank datasets. After the 20 

datasets were merged, the usual cleaning steps were carried out, and entries that were incomplete 21 

or showed inconsistencies were removed. This process reduced the number of usable indicators 22 

from 408 to 76. Once the data were cleaned, all variables were standardized so that they could be 23 

compared on the same scale. To deal with the large number of indicators, PCA was applied. The 24 

first 28 principal components were kept for the modelling stage, as together they explained about 25 

95% of the total variance in the independent variables. 26 

As discussed earlier, several machine learning algorithms were evaluated through five-fold cross-27 

validation, with a Genetic Algorithm used to search the hyperparameter space. Out of all the 28 

models tested, AdaBoost regression performed the best when the learning rate was set to 0.5 and 29 
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the maximum number of estimators to 100. On the test set, representing 25 percent of the full 1 

dataset, the model reached a Mean Absolute Error (MAE) of 18.9, a Root Mean Square Error 2 

(RMSE) of 29.6, and an R-squared of 0.95. These values suggest that the predictive accuracy of 3 

the model was fairly strong. 4 

To improve the interpretability of the results and to understand which SDG indicators were more 5 

closely connected with corruption levels, the ReliefF feature-selection method was applied. The 6 

initial output of this procedure identified the 20 most influential indicators, shown in Figure 3. 7 

After removing highly correlated items, 14 core features were retained, and their pairwise 8 

correlations appear in Figure 4. Definitions of all indicators in Figure 3 and Figure 4 are available 9 

in Supplementary Material, Appendix B. These selected indicators covered several economic and 10 

social dimensions, for example, commercial bank branches per 100,000 adults, forest area relative 11 

to land, the share of urban population, GDP per capita (PPP), women’s parliamentary 12 

representation, total imports, the duration of primary and compulsory schooling, value added in 13 

manufacturing, exports of goods and services, total GDP, trade in goods, growth in urban 14 

population, and the Rule of Law Index. 15 

Using just these selected indicators, a revised AdaBoost regression model was trained with a 16 

learning rate of 0.1 and 100 estimators. On the test data, the model reached an MAE of 13.8, an 17 

RMSE of 20.8, and an R-squared of 0.98. In other words, the ReliefF-based feature selection 18 

produced a slightly more accurate model while offering clearer interpretability compared with the 19 

PCA approach. Selecting around 20 indicators provided a workable balance between accuracy, 20 

model simplicity, and transparency. 21 

To summarize, at the society level, we forecasted the amount of corruption (cases per 100,000 22 

population) from SDGs indicators. On the held-out test set, the best SDGs model attains MAE ≈ 23 

13.8, RMSE ≈ 20.8, and R² ≈ 0.98. In practical terms, these errors are small enough, and the 24 

explained variance high enough, to use the society-level estimates. 25 

5.2. Part Two 26 

The World Values Survey (WVS) is a large international study of people’s beliefs and values, 27 

covering nearly 100 countries and around 90% of the world’s population. It has been conducted 28 

seven times so far, roughly every five years, using nationally representative samples of adults, with 29 
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sample sizes adjusted to the size and diversity of each country. In its seventh wave, the survey 1 

included 64 countries.  This study analyzes data from Iran, collected across 32 provinces and 2 

including 1,499 Persian-language responses. The Iranian survey contains 292 questions 3 

categorized into areas such as social values, well-being, social capital, trust, economic and political 4 

attitudes, corruption, ethics, religion, science and technology, and political participation. The full 5 

list of key questions is provided in Supplementary Material, Appendix C. To identify which 6 

questions most strongly influence an individual’s likelihood of engaging in corrupt behavior, the 7 

ReliefF algorithm was used for dimensionality reduction. Question 181, “How acceptable is it for 8 

you to bribe someone while performing a task?”, served as the target variable. Responses range 9 

from 1 (“not at all acceptable”) to 10 (“completely acceptable”), where higher values indicate a 10 

greater tolerance for bribery. To simplify modeling and improve classification accuracy, this 11 

variable was converted into a binary format, assigning a value of 0 to responses of 1 and 1 to 12 

responses between 2 and 10. 13 

Using ReliefF, the number of features was reduced from 292 to 15 questions, which offered the 14 

best balance between accuracy and interpretability. These 15 questions with their ReliefF values 15 

are shown in Figure 5. Since the dataset was imbalanced, random resampling was applied to 16 

equalize the two target classes. Following model comparison and optimization through Genetic 17 

Algorithm tuning and 5-fold cross-validation, the Random Forest classifier achieved the best 18 

results, using 100 trees with sampling replacement, a minimum of 10 leaves, and one sample per 19 

leaf. On the test set (25 percent hold-out), the model achieved 96% accuracy and an F1-score of 20 

0.95, indicating excellent predictive performance. 21 

A closer look at the selected WVS questions showed a few patterns that stood out in the data. 22 

People who chose a score of 2 (“I agree”) for Questions 174 and 126, a score of 0 on Question 274 23 

(meaning they have no children), and a score of 1 on Question 273 (married) were more likely to 24 

fall into the higher-corruption group. Put together, these results point to a higher corruption 25 

tendency among married respondents without children, possibly because family responsibilities or 26 

constraints play a weaker role in shaping behavior. 27 

Questions 177 and 178, both of which deal with moral evaluations of different behaviors, also 28 

showed strong links with the corruption outcome, but their pattern was unusual. Higher corruption 29 

levels appeared among respondents who justified the behaviors and among those who firmly 30 
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rejected them. Because the relationship did not follow a consistent direction, it is likely that some 1 

respondents did not answer these items very honestly. To avoid adding noise, both variables were 2 

removed, and the model was re-run using the remaining 13 features. 3 

With this adjusted set of predictors, the Extra Trees classifier produced the best results. The model 4 

used one minimum leaf per tree, a minimum split of two samples, and 100 estimators. On the test 5 

data, which represented one-quarter of the full sample, the accuracy reached 0.91 with an F1-score 6 

of 0.91. These figures show that the model stayed strong even without Questions 177 and 178. 7 

Overall, the individual-level estimates based on WVS Wave 7 (Iran) performed well, and in both 8 

stages the chosen classifiers demonstrated steady and reliable predictive ability. 9 

5.3. Part Three: Simulation Study 10 

To evaluate the performance of the proposed simulation procedure, we assume the questionnaires 11 

of 21 Iranian participants in the WVS survey as their personal information upon entering an 12 

administrative system and examine the process of identifying a corrupt individual over successive 13 

periods as a case study. The data used in this section are available on the WVS website (The 14 

questionnaires of these individuals are provided in Table 2.) 15 

To evaluate the proposed approach, data from 21 individuals (20 non-corrupt and one corrupt) 16 

were simulated. For each person and in each period, possible events, internal whistleblowing, 17 

suspected activity, corruption in surroundings, public reporting, inspection, and detection, were 18 

generated randomly using the Bernoulli distribution. A result of 1 indicated the event’s occurrence 19 

and 0 its absence. The parameters of these distributions were defined based on the trained model 20 

and updated each period according to the flowchart in Figure 2. The society corruption coefficient 21 

is calculated based on the trained model in section 5.1 as 1.01. According to Table 2, the individual 22 

corruption probabilities (RIP) obtained from the model were 0.51, 0.57, 0.005, 0.05, 0.02, 0.01, 23 

0.015, 0.055, 0.45, 0.005, 0.145, 0.03, 0.005, 0.01, 0.43, 0.015, 0.01, 0.01, 0.005, 0.005, and 24 

0.0025. The second person was considered corrupt and the others non-corrupt. 25 

The Bernoulli parameters for event generation were set as follows: 0.02 for internal 26 

whistleblowing of the corrupt person and 0.001 for others; 0.02 and 0.0001 for public reports; 0.02 27 

and 0 for suspected activity; 0.02 and 0.0002 for corruption in surroundings; and 0.05, 0.2, 0.5, 28 

and 0.8 for the probability of discovering evidence during inspections for the corrupt person and 29 
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0 for others. The parameter of evidence discovery during inspection is denoted by D . The 1 

coefficients ,  ,  ,  ,  ,  m k f n l h       were used to update probabilities in each simulation round 2 

according to the model described earlier. The simulation was repeated 1,000 times to obtain 3 

average values for three evaluation indices: MP (mean number of periods to identify a corrupt 4 

person), MNCM (mean number of inspections for non-corrupt individuals), and MCM (mean 5 

number of inspections for the corrupt person). These metrics evaluate the time required to identify 6 

corrupt individuals and the control efficiency of the proposed approach. The results in Tables D.1–7 

D.4 of Supplementary Material, Appendix D, show that when the detection power D  is high, there 8 

is little difference between the static and dynamic probability updating methods. However, when 9 

D  is low, the dynamic update mechanism significantly improves performance by reducing MP 10 

and MNCM while maintaining an acceptable MCM. These results indicate that the dynamic 11 

probability approach detects corruption faster and with fewer unnecessary inspections. 12 

For example, when the coefficients were set as 1.25na = , 1.75la = , 1.5ma = , 10fa = , 1.5ka =13 

, 0.9ha =  and 0.05D = , the probability of corruption for the corrupt person changed over time 14 

until the individual was identified. Figure 6 shows the fluctuation of the corrupt person’s corruption 15 

probability during the inspection process, while Figure 7 shows that the corruption probability of 16 

non-corrupt individuals decreased over time. When D  was low, the system required more periods 17 

for detection; when D  increased, corrupt individuals were identified in fewer periods and with 18 

fewer inspections. This finding highlights that D  is the most influential factor determining system 19 

performance. As D  increases, MP and MCM decrease, meaning that corruption is detected faster, 20 

and control effort is reduced. 21 

The simulation results confirm the satisfactory performance of the proposed approach in 22 

identifying corrupt individuals within an administrative system. They also demonstrate that 23 

detection probability, together with factors such as the response of the control system to 24 

unconfirmed reports and its sensitivity to new information, plays a key role in overall effectiveness. 25 

Therefore, improving detection mechanisms directly enhances the system’s ability to identify 26 

corrupt activities while reducing monitoring costs. 27 
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The coefficients na  and ha  which respectively have increasing and decreasing effects on the 1 

individual corruption probability, decrease MP for all D  values. However, these coefficients 2 

increase MNCM and MCM values which lead to higher inspection costs. The impact of na  and 3 

ha  is more intense for lower D  values. Similarly, the coefficient la  which has increasing effect 4 

on the individual corruption probability, decreases MP, MNCM, and MCM measures for all D  5 

values. However, its effect significantly diminishes for higher  D  values. It seems that coefficients 6 

ma  and ka  have limited individual impact on the performance measures. On the other hand, the 7 

coefficient fa  significantly reduces MP, MNCM, and MCM measures for lower D  values. Also, 8 

the impact of this coefficient vanishes as the D  values increase. When MNCM is reduced, lower 9 

priority is given to low-risk individuals. However, this situation can lead to missing corruption if 10 

D  is unreliable. The impact of some parameters is decreased when D  rises. This is because high 11 

detection probability allows stricter filtering of non-corrupt cases without requiring additional 12 

inspections.  13 

In can be observed that higher values of D  result in faster corruption detection but need precise 14 

parameter tuning. For instance, at 0.8D = , moderate na , fa , and ha  result in near-optimal MP 15 

(1.968) and MNCM (0.173). Whereas, low D  (0.05) requires other parameters like 10fa =  to 16 

result in faster corruption detection. As a rule, we can conclude that as D  increases, systems can 17 

decrease fa  to avoid excessive monitoring costs. This aligns with real-world anti-corruption 18 

strategies, where accurate inspections (high D ) reduce reliance on broad surveillance. 19 

Also, the results in Tables D.1–D.4 of Supplementary Material, Appendix D, reveal a nonlinear 20 

behavior with regard to D  changes. Increasing D  from 0.05 to 0.2 yields high reductions, but at 21 

0.5D =  and 0.8 the intensity of the reduction diminishes. The system appears most sensitive to 22 

D  changes in low values (0.05-0.2), where each increment significantly reduces required 23 

monitoring periods. This has practical implications for resource allocation where organizations 24 

may prioritize achieving higher D  before optimizing other parameters. 25 

 26 
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6. Conclusion 1 

Corruption, especially in administrative systems, is a major challenge that impacts social trust, 2 

economic efficiency, and the integrity of institutions. Using machine learning techniques for 3 

prevention, monitoring, and quick detection can greatly help build more transparent and 4 

accountable societies. This study presented such a framework by combining WVS-based 5 

individual data with SDG-based societal indicators to estimate and update corruption probabilities 6 

dynamically. Each individual’s corruption coefficient is periodically recalculated based on 7 

behavioral factors, suspicious activities, internal whistleblowing reports, and contextual changes 8 

in national corruption levels. Through this adaptive process, the system enables continuous 9 

monitoring and early identification of individuals with high corruption risk within organizations. 10 

A simulation using data from 21 WVS respondents was conducted to validate the model. The 11 

results confirmed the effectiveness of the proposed framework in detecting corrupt individuals 12 

over multiple reporting periods. Being able to react quickly to new information, such as inspection 13 

results or early suspicions, was important for the system’s overall performance. These findings 14 

demonstrate that the proposed approach can be applied in practical administrative settings for 15 

ongoing integrity monitoring. 16 

For future research, several directions are recommended. First, the framework can be expanded by 17 

adding more social, behavioral, and institutional factors that affect corruption risk. Second, a 18 

sensitivity analysis of the model parameters would help refine threshold values and improve 19 

predictive reliability. Third, Bayesian updating techniques may provide a more thorough way to 20 

revise corruption probabilities over time. Finally, future studies should look into how this system 21 

can be implemented automatically in government and private organizations to detect corruption 22 

more efficiently and consistently. 23 
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Figure captions: 

Figure 1- Proposed process for detecting administrative corruption 

Figure 2- Flowchart of the simulation process 

Figure 3 - The most important indicators, as determined by the ReliefF algorithm 

Figure 4 - Pairwise correlation of selected features 

Figure 5 - Diagram of 15 questions with the greatest impact on the target value based on ReliefF algorithm 

Figure 6- Changes in the probability of corruption of a corrupt individual ( 0.05D = ) 

Figure 7- Changes in the probability of corruption of non-corrupt individuals ( 0.05D = ) 

 

Table captions: 

Table 1- Description of individual corruption coefficient correction counters 

Table 2- Data from 21 Iranian individuals in the seventh wave of the survey 
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Table 1 

Factors affecting the individual coefficient Counter 
Type of impact on 

individual coefficient 

Reports from the internal whistleblowing system M Increasing 

Third-party reports (customer or people outside the organization) K Increasing 

Reports related to suspected corrupt activity F Increasing 

Corrupt individuals among related people, friends, relatives, 

colleagues, etc. 
L Increasing 

If one or more of the counters M, K, F, and L are one, the value of H 

is considered zero and otherwise one. 
H Decreasing 

Whether or not an individual is inspected depending on their 

individual corruption coefficient. 
N Increasing 

 

Table 2 

Target Q276 Q280 Q274 Q262 Q271 Q275 Q273 Q174 Q279 Q96 Q129 Q126 Q278 Q177 Q178 

0 2 5 2 42 1 2 1 2 3 0 0 0 0 10 4 

1 -3 -3 0 18 2 3 6 2 6 0 2 0 2 5 3 

0 6 2 2 42 1 6 1 2 7 1 0 0 5 1 1 

0 4 3 0 18 2 4 1 2 6 0 0 2 4 1 10 

0 4 5 2 36 1 2 1 2 3 0 0 2 1 1 1 

0 6 3 0 41 1 5 1 2 3 2 2 2 4 1 1 

0 4 7 1 20 3 3 1 2 5 2 2 0 0 1 1 

0 5 7 1 27 2 6 1 2 3 0 2 0 4 1 1 

0 4 5 1 43 1 4 1 1 1 0 2 2 1 1 8 

0 4 5 3 44 1 4 1 2 2 0 0 0 0 1 1 

0 2 3 2 41 1 1 1 2 1 0 2 2 0 5 1 

0 6 5 1 32 4 7 1 2 6 0 0 2 4 1 1 

0 3 5 1 33 2 2 1 2 3 0 2 2 2 1 1 

0 1 5 2 40 2 4 1 2 3 0 0 0 0 1 1 

0 6 1 1 39 2 7 1 2 7 0 2 2 1 5 4 

0 6 2 1 35 1 7 1 2 1 0 0 0 4 5 2 

0 2 8 2 43 4 4 1 2 5 0 2 2 2 1 1 

0 2 5 2 36 1 4 1 2 3 2 0 0 0 1 1 

0 6 1 0 29 1 6 1 2 3 1 0 0 4 2 1 

0 6 8 2 48 1 6 1 2 2 0 0 2 0 5 4 

0 6 3 1 22 1 4 1 2 5 0 0 2 4 5 2 

 


