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Law enforcement agencies face a widespread problem of corruption, which
jeopardizes their credibility and institutional integrity. Thus, the primary goal
of this study is to develop a machine learning prediction model for petty
corruption intentions as an early warning system for law enforcement officials
who fail to perform their duties and obligations with integrity. Using a
questionnaire survey of two hundred twenty-five participants, from senior
officers to rank and file police officers, this study presents the fundamental
knowledge on the design and implementation of machine learning model
based on six selected algorithms; generalized linear model, fast last margin,
decision tree, random forest, gradient boosted trees, and support vector
machine. In addition to demographic factors, the efficacy of each machine
learning algorithm on petty corruption was evaluated using general strain
theory (GST) attributes: financial stress, work stress, leadership pressure, and
peer pressure. The findings indicated that peer pressure has given the highest
weight of contributions to most of the machine learning algorithms. The most
outperformed machine learning in terms of the classification accuracy is
gradient boosted trees with accuracy above 90%. This paper presents useful
knowledge to enhance the realization of implementing intelligent corruption
detection tools.
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1. INTRODUCTION

Corruption is a major issue in many law enforcement agencies around the world [1], [2]. This
institutional disease halts the application of the rule of law and denies equitable access, putting the country’s
security, justice, and economic progress at risk. Corruption, generally defined as abuse of authority by civil
servants for private gain and interests [3]. According to previous research [4], [5], there are two categories of
corruption: grand corruption and petty corruption. Grand corruption is frequently connected with high-ranking
public officials who may be harmful to a long-term functioning economy. For example, high-level influence
over the awarding of government contracts for the construction of new schools may result in unqualified
companies controlled by high-level public official cronies receiving these contracts. Petty corruption, often
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known as bureaucratic corruption, involves low-level public officials who cause public benefit to be distorted.
Examples of petty corruption include bribery, embezzlement, and favoritism.

Similar to other law enforcement authorities, corruption is one of the key difficulties that police
institutions face [6], [7] and it undermines the legitimacy of the agency. As an enforcer of the rule of law of
the country, corruption is often entwined with the police as criminal networks make extensive use of the
institution to carry out criminal activity, avoid investigation and escape prosecution [8]. According to Kleinig
[9], police officers commit corruption when they exercise or neglect to exercise their authority with the primary
goal of advancing personal or departmental gain. Making false reports and perjury, shielding illicit gaming,
theft of drugs on the street, theft of confiscated property, receiving discounts on purchases, and selling
information about police operations are the most typical forms of corruption among police officials [10].
Furthermore, according to the Transparency International Global Corruption Barometer [8], police officers are
the most frequently reported recipients of bribes. Transparency International’s Advocacy and Legal Advice
Centre received over 1,500 reports of police and military abuse during the COVID-19 outbreak [11]. Levi [11]
adds that the bribes required by police and soldiers from civilians who pass through checkpoints, stay out past
curfew, and want to leave the quarantine center were the source of the corruption reports.

Efforts against corruption both petty and grand, have been implemented by most governments around
the world. In Malaysia, the government has launched the National Anti-Corruption Plan (NACP) 2019-2023,
with the goal of making the country free of corruption by 2023. The NACP was developed with practical goals
based on the initiatives done by government and private agencies to address issues around corruption, integrity,
and governance for the coming five years.

Despite the government’s effort to fight corruption in the country, Malaysia was ranked 61% out of
180 countries in the 2021 corruption perception index (CPI), with a score of 52 out of 100. The CPI index
measures the public’s opinion of official corruption in a given country. The lower the CPI score, the greater
the public view of the chance of Malaysian public officials being involved in corruption. Furthermore,
according to the Enforcement Agency Integrity Commission’s (EAIC) annual report 2021 [12], the Royal
Malaysia Police (RMP) receives the most public complaints of misconduct including corruption among
Malaysia’s law enforcement authorities. Since the EAIC commenced in 2004, more than 75% of the
institution’s total misconduct complaints every year involved RMP officers.

Given that, there is an urgent need to identify more effective measures to combat police corruption.
There have been very few studies on police corruption in Malaysia so far. Hence, this study aims to add to the
existing body of knowledge by investigating the use of machine learning classification algorithms for
predicting RMP petty corruption intentions using four general strain theory’s (GST) attributes: financial stress,
work stress, leadership, and peer pressure. This study focuses on petty corruption as [8] argue that it is more
dangerous than grand corruption because it might be institutionalized and lead to more serious misconduct.

There are two major contributions to this work. Firstly, it attempts to build on previous work [13],
[14] by presenting evidence on a machine learning-based police petty corruption intention prediction model in
a developing and non-western country research setting: Malaysia. This study chooses Malaysia as the research
setting because [10] stress that police corruption is more widespread and obvious in developing countries than
in developed countries. Therefore, it is critical to explore the options of using automated prediction of
corruption based on intelligent software tools. Secondly, this paper presents a new design and execution of
machine learning prediction on police petty corruption based on GST constructs.

The rest of the paper is laid out as follows. The second section discusses previous research on
corruption prediction that used machine learning techniques. The data set for this investigation, as well as the
machine learning technique are detailed in section 3. The experimental findings for each algorithm are shown
and discussed in section 4. The summary and conclusions are presented in the concluding section.

2.  LITERATURE REVIEW

According to a review of the literature on corruption, most previous research relied on correlations
and regression-based statistical techniques [15], [16]. Nevertheless, recently, the use of artificial intelligence
and machine learning approaches in identifying and comprehending governmental fraud and corruption has
gained traction in the literature [13], [14], due to its ability to discover trends and patterns in a wide range of
data [13]. This paved the way for real-time surveillance and identification of fraud and corruption. For example,
[17] used three types of data mining approaches to predict corruption perceptions in 132 countries: random
forest, support vector machine, and artificial neural networks. The data set used by the study is gathered from
the World Bank, Transparency International, and the Heritage Foundation for the years of 2017 and 2018. The
results show that random forest, an ensemble-type machine learning method, was the most accurate
classification model, followed by support vector machines and artificial neural networks, with overall accuracy
of 85.77%, 76.15%, and 73.84% respectively.
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Further, study by Rabuzin and Modrusan [18] aims to predict indications of corruption in the public
procurement process using machine learning methods and text-mining techniques such as Naive Bayes, logistic
regression, and support vector machines. As a data set of prediction model, the study used content of the tender
documentation from the croatian procurement portal and grouped them into food, beverages, tobacco and
related products, medical equipment, pharmaceuticals and personal care products, construction work, repair
and maintenance services, architecture, construction, engineering and inspection services, health and social
work services, sewage, refuse, cleaning and environmental services and IT services. The results indicate that
support vector machines and logistic regression were better in producing predictions linked to health and social
work services, whereas the naive bayes algorithm performed better in almost all other groupings.

Meanwhile, using police archives [19], deploy machine learning algorithms to predict corruption
crimes in Italian municipalities from 2012-2014. Over 70% of municipalities that will have corruption incidents
have been correctly identified by the study. In line with [14], [17]-[19] aims to develop a robust predictive
machine learning model on local-government corruption in Brazil. This study used budget accounts data of
Brazilian municipalities from 2003 to 2010. Employing a gradient boosted classifier that consisted of an
ensemble of decision trees, the model was able to detect the existence and predict the intensity of corruption
with accuracy of 76% and an AUC of 0.834.

This study aims to extend prior works [14]-[17] by utilizing GST attributes to construct machine
learning prediction models on police petty corruption intentions in Malaysia. Robert Agnew’s GST, a
criminology theory, has often been used to better understand the phenomena of white-collar crime, including
corruption [20]. The theory holds that stress and pressure are significant predictors of workplace wrongdoing.
It’s because strain or stress often lead to unfavorable feelings like anger, frustration, depression, and despair
which, in turn, create pressures for corrective action, with crime or delinquency being one possible response
[21]. In police jobs, stress/pressure appears to be a substantial component, thus GST could provide a robust
explanation for police behavior and intention to commit petty corruption. Following prior research [20], [21],
this study uses four GST stress/pressure attributes namely financial stress, work stress, peer pressure and
leadership pressure.

3. METHOD
3.1. Sample of data

The data for this study was gathered from 225 RMP officials using a questionnaire survey. The
collected data can be used on evaluating different prediction models that use different machine learning
algorithms. There were two sections of the questionnaires developed for collecting the data. The first section
consisted of gender, age, race, marital status, education level, work experience, department, and position level
as proxies for demographic factors. Meanwhile, section 2 featured four GST attributes that contributed to petty
corruption. To measure each attribute of the theory and petty corruption intention, several indicators have been
developed and employed based on previous studies [22]-[29]. The questionnaire used a five-point Likert scale,
allowing respondents to choose whether they strongly disagree, disagree, neutral, agree, or strongly agree with
each of these indicators. The average values of each construct’s indicator were used to calculate the estimate.
Table 1 shows the indicators of GST’s attributes and the petty corruption, as well as the source of
measurements.

Table 1. Attributes of GST

Attributes Description References
Work stress 10 indicators to measure the degree of work stress among police officials. [22], [23]
Financial stress 8 indicators to measure the degree of financial stress among police officials. [24]
Leadership pressure 10 indicators to measure the degree of leadership pressure among police officials.  [25], [26]
Peer pressure 10 indicators to measure the degree of peer pressure among police officials. [27], [28]
Petty corruption 5 indicators to measure the police officials’ intention on petty corruption. [29]

The total means of petty corruption indicators was used to specify the petty corruption intention among
the RMP officials. If the total means is equal and above 2.5, they were considered to have the intention (class
1). Otherwise, the intention is categorized as class 0 or no intention of petty corruption. Therefore, if the
prediction models gain prediction probability at 0.5 and above, the model will classify the officer as class 1,
meaning the possibility to have petty corruption. Table 2 lists the distribution of the dating violence (DV) from
the dataset, which shows that major data consists of class 0 or no intention of petty corruption. Figure 1 depicts
the examples of prediction from one of the prediction models executed in RapidMiner software.
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Table 2. Optimal hyper-parameters

Class Label in RapidMiner  Count  Percentage
0 (no petty corruption intention) Rangel 181 80.44%
1 (petty corruption intention) Range2 44 19.56%
Row No. DV prediction(DV) confidence(range2) confidence(range1)
1 range1 range1 0.181 0.819
2 range2 range1 0.316 0.684
3 range1 rangei 0.064 0.936
4 range1 range1 0.084 0.916
5 range1 range1 0.0686 0.934
6 range2 range2 0.525 0.475
7 range1 range1 0.059 0.941
8 range1 range1 0.462 0.538

Figure 1. The prediction sample’s

Take for example the data at row 1, the real case is categorized as range 1 or class 0 (no petty
corruption intention) and the model can truly predict the case because the probability of prediction for rangel
is 0.82 confidence. Otherwise in row 2, the real case is range 2 (class 1), but the confidence for range 2 is 0.64
that caused the prediction model to set the prediction value as range 1 (class 0). In this case, the model wrongly
predicts the class.

3.2. Attributes of the prediction models

Figure 2 presents the attributes from demography and GST that were selected as the independent
variables (IVs) in predicting the petty corruption intention DV. Based on the Pearson correlation test, most
attributes have low to very weak correlation to the DV. Nevertheless, all of the 1VVs were considered to have
some degree of information to give knowledge to the machine learning algorithms in making the predictions.
The diversity of the 1Vs in the different prediction models with different machine learning algorithms will be
discussed in the results part.
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Figure 2. Correlation of each 1V to DV outside the prediction model

3.3. The machine learning algorithms

Six machine learning algorithms namely generalized linear model, fast large margin, decision tree,
random forest, gradient boosted trees, and support vector machine were used to be executed in a 16 GB
computer RAM with RapidMiner software. Based on automodel RapidMiner, the six algorithms were
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suggested, and the optimal hyper-parameters setting are given in Table 3. Not available (NA) denotes that the
algorithm is not using the given parameters.

Table 3. Optimal hyper-parameters

Algorithm C Number of trees  Maximal depth  Learning rate  Gamma ___ Error rate (%)
Fast large margin 1 NA NA NA NA 20
Decision tree NA NA 2 NA NA 17.8
Random forest NA 20 7 NA NA 17.8
Gradient boosted trees NA 90 7 0.1 NA 14.8
Support vector machine 1000 NA NA NA 0.005 18.5

Fast large margin has C as the only hyper-parameter, with the worst error rate it achieved was 22.2%
if the value of C was 0.01. The optimal when it was 1 at error rate 20%. The decision tree has maximal depth
as the only hyper-parameter to be observed. The most optimal maximal depth for decision tree was 2 to get
17.8% error rate value. Similarly, the lowest error rate from random forest was 17.8% at the maximal depth 7.
Additionally, random forest has one more hyper-parameter besides maximal depth, namely number of trees.
The optimal value for random forest number of trees was 20. Besides number of trees and maximal depth,
gradient boosted trees has a learning rate, which the optimal values were 20, 7, and 0.1 respectively to achieve
an error rate at 14.8%. Support vector machine has C and gamma with the optimal set for C was 1,000 and for
gamma was 0.005 to get the best error rate at 18.5%. The setting for the machine learning algorithms can be
referred to the Table 2 and no parameters involved for generalized linear model.

3.4. Validation

Another setting for the machine learning algorithms is the training and testing split technique. This
research divided the 225 dataset into 161 data for training dataset and the remaining 64 data as hold-out samples
for testing. As the prediction models are to classify two classes of petty corruption intention, a confusion matrix
was used to measure the algorithms’ accuracy, recall and precision. Figure 3 presents the confusion matrix for
the petty corruption classification in the prediction models, which can be described as the following:
- True Positive (TP) is the number of class 1 (petty corruption intention) can be correctly classified.
- True Negative (TN) is the number of class 0 (no petty corruption intention) can be correctly classified.
- False Positive (FP) is the number of class 1 (petty corruption intention) incorrectly classified as O.
- False Negative (FN) is the number of classes 0 (no petty corruption intention) incorrectly classified 1.

Real class 1 Real class 0 Class precision
Predicted as petty corruption intention | True Positive (TP) False Positive (FP) TP/(FP+TP)

Predicted as no petty corruption False Negative (FN) | True Negative (TN) | TN/(TN+FN)
intention
Class Recall TP/( TP + FN) TN/( TN + FP)

Figure 3. Confusion matrix of the petty corruption classification in the prediction model

TP is the total correct predictions of class 1 (petty corruption intention) while TN is the false total
predictions for the class. On the other hand, FP is the total correction predictions of class 0 (no petty corruption
intention) while FN is the false predictions for the case. Based on the confusion matrix, the accuracy can be
measured with the example (1). Accuracy is the total correct prediction from the total cases of testing data.
Accuracy not presenting the powerful of the prediction model to correctly classify each class, hence precision
and recall can be used. Precision for predicting the intention of petty corruption is complemented with the
recall for class 1.

Accuracy = (TP+TN)/(TP+TN+FP+TN) 1)
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4. RESULTS AND DISCUSSION

The results were divided into two. Firstly, the results of performances of the machine learning in the
petty corruption intention prediction models were presented and discussed based on the generated confusion
matrix. Secondly, the variation of correlation weights from each attribute of the prediction models are
presented. Table 4 lists the performances of each machine learning algorithm in the prediction models. Real is
the value taken from the collected data while predicted is the value generated from the prediction models.

Table 4. Confusion matrix results
Real class 1 Real class 0 Class precision  Accuracy

Generalized linear model 87.7%
Predicted as petty corruption intention. 7 2 77.78%
Predicted as no petty corruption intention. 6 50 89.29%
Class recall 53.85% 96.15%
Fast large margin 89.0%
Predicted as petty corruption intention. 6 1 85.71%
Predicted as no petty corruption intention. 6 51 89.47%
Class recall 50.0% 98.08%
Decision tree 79.7%
Predicted as petty corruption intention. 0 0 00.0%
Predicted as no petty corruption intention. 13 51 79.69%
Class recall 00.0% 100.0%
Random forest 85.9%
Predicted as petty corruption intention. 5 2 71.43%
Predicted as no petty corruption intention. 7 50 87.72%
Class recall 41.67% 96.15%
Gradient boosted trees 90.5%
Predicted as petty corruption intention. 5 0 100.0%
Predicted as no petty corruption intention. 6 53 89.83%
Class recall 45.45% 100.0%
Support vector machine 89.2%
Predicted as petty corruption intention. 9 3 75.0%
Predicted as no petty corruption intention. 4 49 92.45%
Class recall 69.23% 94.23%

Generally, the highest accuracy has been presented by the gradient boosted trees algorithm in the
prediction model. Gradient boosted trees performed the best in predicting the cases of intention for petty
corruption (100%) although the given training and testing data have very less numbers of this case see in Table
2. All machine learning algorithms except decision tree have better ability in classifying class 1. In others work,
the models with these algorithms are powerful to detect petty corruption intentions at precision values above
70% compared to the recall values (less than 70%). Due to more exposure on class 0 from the dataset, all the
six machine learning algorithms present outstanding ability in detecting the cases of no intention for petty
corruption at recall for class 0 above 90%. Furthermore, it will be more interesting to get insight on how the
variances of each attribute’s correlation to the DV that influenced the machine learning performances. Table 5
presents the comparison of the correlation weights.

Table 5. The weights of correlations of each GST and demography attribute

Attributes Generalized Fast large Decision Random Gradient boosted Support vector
linear model margin tree forest trees machine

FTT

Work stress 0.017 0.010 0.019 0.034 0.127 0.092
Financial stress 0.030 0.031 0.008 0.049 0.028 0.079
Leadership pressure 0.006 0.005 0.148 0.021 0.054 0.021
Peer pressure 0.183 0.177 0.008 0.148 0.135 0.167
Demography

Gender 0.092 0.085 0.105 0.048 0.060 0.026
Race 0.002 0.058 0.004 0.017 0.013 0.071
Marital status 0.059 0.163 0.011 0.047 0.039 0.065
Working experiences 0.013 0.006 0.011 0.034 0.032 0.036
Academic 0.066 0.183 0.008 0.041 0.025 0.054
qualification

Officer rank 0.083 0.185 0.014 0.034 0.0066 0.105
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Table 5 shows that GST has given more impact on the performances of the machine learning
algorithms in the prediction models compared to demography. Majority of machine learning algorithms have
gained the highest weight from peer pressure. This is consistent with the results of correlation outside machine
learning prediction models depicted in Figure 1. Besides, the findings also in line with prior research, which
found a significant relationship between peer exposure and employee’s misconducts [30], as peers can be
served as a model that influences the behaviors and attitudes of others in the group [31]. In the decision tree,
leadership pressure has become the most important. Nevertheless, in fast large margin, academic qualification
is the biggest influencer attribute.

5. CONCLUSION

This paper presents significant findings of research concerned with work ethics and integrity of
professional employees. Focused on petty corruption intentions among the officers of law enforcement, this
paper presents the design and empirical findings of machine learning predictive algorithms. Pressure given by
the peers found to be the most influential factor of petty corruption among the officers from the tested dataset
hence became the main contributor in all the machine learning algorithms. The analysis presented in this paper
will convey valuable information for future research that can be explored on advanced machine learning
predictive algorithms to detect corruption of law enforcement officials.

ACKNOWLEDGEMENTS
We acknowledge the University Technology MARA, Universitas Pembangunan Jaya and Accounting
Research Institute that has given full support to this project.

REFERENCES

[1] D. Jancsics, “Law enforcement corruption along the U.S. borders,” Security Journal, vol. 34, no. 1, pp. 26-46, 2021, doi:
10.1057/541284-019-00203-8.

[2] S.B. Jensen and K. Hapal, “Police violence and corruption in the philippines: Violent exchange and the war on drugs,” Journal of
Current Southeast Asian Affairs, vol. 37, no. 2, pp. 39-62, 2018, doi: 10.1177/186810341803700202.

[3] P. M. Heywood, “Combating corruption in the twenty-first century: New approaches,” Daedalus, vol. 147, no. 3, pp. 83-97, 2018,
doi: 10.1162/DAED_a_00504.

[4] 1. Juraev, “Rational choice theory and demand for petty corruption,” Journal of Eastern European and Central Asian Research,
vol. 5, no. 2, 2018, doi: 10.15549/jeecar.v5i2.219.

[5] C. Dahlstrom, “Bureaucracy and the different cures for grand and petty corruption,” QOG-University of Gothenbourg, vol. 2011,
no. February, 2012.

[6] M. Punch, “Police corruption and its prevention,” European Journal on Criminal Policy and Research, vol. 8, no. 3, pp. 301-324,
2000, doi: 10.1023/A:1008777013115.

[71 M. K. Nalla and Y. Nam, “Corruption and trust in police: investigating the moderating effect of procedural justice,” International
Journal of Offender Therapy and Comparative Criminology, vol. 65, no. 6-7, pp. 715-740, 2021, doi: 10.1177/0306624X20928019.

[8] M.Pymanetal., “Arresting corruption in the police. The global experience of police corruption efforts,” Transparency International
UK, 2012, doi: 10.13140/RG.2.2.10000.53764.

[9] J. Kleinig, The ethics of policing. Cambridge University Press, 1996.

[10] J. Wood, “Police corruption,” Australian Journal of Forensic Sciences, vol. 32, no. 1, pp. 3-10, 2000, doi:
10.1080/00450610009410787.

[11] M. Levi, “Fraud, pandemics and policing responses,” European Law Enforcement Research Bulletin, no. SCE 5, pp. 23-31, 2021.

[12] P. K. Czegledy, “Esports integrity policies,” Gaming Law Review, vol. 25, no. 4, pp. 161-170, 2021, doi: 10.1089/g1r2.2020.0017.

[13] L. Silveira, “4 technologies helping us to fight corruption,” World Economic Forum Blog, vol. 18, pp. 1-6, 2016, [Online].
Available: https://www.weforum.org/agenda/2016/04/4-technologies-helping-us-to-fight-corruption.

[14] E. Ash, S. Galletta, and T. Giommoni, “A machine learning approach to analyzing corruption in local public finances,” SSRN
Electronic Journal, 2020, doi: 10.2139/ssrn.3589545.

[15] A. Swamy, S. Knack, Y. Lee, and O. Azfar, “Gender and corruption,” Journal of Development Economics, vol. 64, no. 1, pp. 25—
55, 2001, doi: 10.1016/S0304-3878(00)00123-1.

[16] J. Mangafi¢ and L. Veselinovi¢, “The determinants of corruption at the individual level: evidence from Bosnia-Herzegovina,”
Economic Research-Ekonomska Istrazivanja, vol. 33, no. 1, pp. 2670-2691, 2020, doi: 10.1080/1331677X.2020.1723426.

[17] M. S. M. Lima and D. Delen, “Predicting and explaining corruption across countries: A machine learning approach,” Government
Information Quarterly, vol. 37, no. 1, p. 101407, 2020, doi: 10.1016/j.9iq.2019.101407.

[18] K. Rabuzin and N. Modrus$an, “Prediction of public procurement corruption indices using machine learning methods,” in 1C3K
2019 - Proceedings of the 11th International Joint Conference on Knowledge Discovery, Knowledge Engineering and Knowledge
Management, 2019, vol. 3, pp. 333-340, doi: 10.5220/0008353603330340.

[19] G. De Blasio, A. D. Ignazio, and M. Letta, “Predicting corruption crimes with machine learning. A study for the Italian
municipalities,” Sapienza-University of Rome, 2020.

[20] R. Agnew, “Building on the foundation of general strain theory,” in Recent Developments in Criminological Theory, Routledge,
2018, pp. 311-354.

[21] S. A. Bishopp, J. Worrall, and N. L. Piquero, “General strain and police misconduct: the role of organizational influence,” Policing,
vol. 39, no. 4, pp. 635-651, 2016, doi: 10.1108/PIJPSM-10-2015-0122.

Indonesian J Elec Eng & Comp Sci, Vol. 30, No. 3, June 2023; 1634-1642



Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 O 1641

[22] P. Review, “Evaluation of stress and a stress-reduction program among radiologic technologists,” Radiologic Technology, vol. 87,
no. 2, pp. 150-162 13, 2015.

[23] T. Gigol, “Influence of authentic leadership on unethical pro-organizational behavior: The intermediate role of work engagement,”
Sustainability (Switzerland), vol. 12, no. 3, p. 1182, 2020, doi: 10.3390/su12031182.

[24] M. A.bin M. Arifin and B. A. A. Halim, “Practice of whistleblowing to improve integrity in royal malaysian police (RMP): A study
on contingent of perak,” e-BANGI, vol. 11, no. 1, pp. 137-160, 2016.

[25] E.E. Sr, “Ethical behavior, leadership, and decision making,” Walden University, 2016.

[26] K. Kalshoven, D. N. Den Hartog, and A. H. B. De Hoogh, “Ethical leadership at work questionnaire (ELW): Development and
validation of a multidimensional measure,” Leadership Quarterly, vol. 22, no. 1, pp. 51-69, 2011, doi:
10.1016/j.leaqua.2010.12.007.

[27] E. L. Johnson, “Parenting styles, peer pressure, and the formation of antisocial behavior,” Honors Theses, University of Southern
Mississippi, USA, 2012.

[28] P. M. Hart, A. J. Wearing, and B. Headey, “Perceived quality of life, personality, and work experiences:: Construct validation of
the police daily hassles and uplifts scales,” Criminal Justice and Behavior, vol. 21, no. 3, pp. 283-311, 1994, doi:
10.1177/0093854894021003001.

[29] H. H. M. Bakri, J. Said, and Z. A. Karim, “Case study on integrity among royal malaysian police (RMP): An ethical perspective,”
Procedia Economics and Finance, vol. 28, pp. 121-125, 2015, doi: 10.1016/s2212-5671(15)01090-4.

[30] E. G. Quispe-Torreblanca and N. Stewart, “Causal peer effects in police misconduct,” Nature Human Behaviour, vol. 3, no. 8, pp.
797-807, 2019, doi: 10.1038/s41562-019-0612-8.

[31] A. Palmonari, E. Kirchler, and M. L. Pombeni, “Differential effects of identification with family and peers on coping with
developmental tasks in adolescence,” European Journal of Social Psychology, vol. 21, no. 5, pp. 381-402, 1991, doi:
10.1002/ejsp.2420210503.

BIOGRAPHIES OF AUTHORS

Associate Professor Ts. Dr. Suraya Masrom £ B3 2 is the head of machine learning
and interactive visualization (MaLIV) research group at University Technology MARA
(UiTM) Perak Branch. She received her Ph.D. in information technology and quantitative
science from UiTM in 2015. She started her career in the information technology industry
as an associate network engineer at Ramgate Systems Sdn. Bhd (a subsidiary of DRB-
HICOM) in June 1996 after receiving her bachelor’s degree in computer science from
University Technology Malaysia (UTM) in Mac 1996. She started her career as a lecturer at
UTM after receiving her master’s degree in computer science from University Putra
Malaysia in 2001. She transferred to the University Technology MARA (UiTM), Seri
Iskandar, Perak, Malaysia, in 2004. She is an active researcher in the meta-heuristics search
approach, machine learning, and educational technology. She can be contacted through
email at suray078@uitm.edu.my.

Dr. Rahayu Abdul Rahman k4 12 is an associate professor at the faculty of
accountancy, UiTM. She received her Ph.D. in accounting from Massey University,
Auckland, New Zealand in 2012. Her research interest surrounds areas, like financial
reporting quality such as earnings management and accounting conservatism as well as
financial leakages including financial reporting frauds and tax aggressiveness. She has
published many research papers on machine learning and its application to corporate tax
avoidance. She is currently one of the research members of machine learning and interactive
visualization research group at UiTM Perak Branch. She can be contacted through email at
rahay916@uitm.edu.my.

Nor Asyiqin Binti Salleh BIES Cisan accounting lecturer at faculty of accountancy,
University Technology MARA (UiTM) Perak Branch. She received her master’s degree in
accounting from Curtin University in 1999. Her research interests include accounting
education, financial accounting and reporting and taxation. She can be contacted through
email at noras261@uitm.edu.my.

Machine learning prediction of petty corruption intention among law enforcement officers (Suraya Masrom)


mailto:suray078@uitm.edu.my
mailto:rahay916@uitm.edu.my
https://orcid.org/0000-0001-7957-8697
https://scholar.google.com/citations?hl=en&user=TOulGGoAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=36176242600
https://orcid.org/0000-0002-7787-1096
https://scholar.google.com/citations?hl=en&user=6S42oiQAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57190947483
https://orcid.org/0000-0001-6426-6148

ISSN: 2502-4752

Dr. Endang Pitaloka £ B3 2 is an associate professor at the management department,
Universitas Pembangunan Jaya. She received her Ph.D. in management science from
Universitas Padjadjaran in 2018. Her research interest in economics, finance and banking,
human resources management, marketing management and urban studies. She has published
many papers on finance, economic, management, and urban studies. She is an active
researcher in the management studies. She can be contacted through email at oka@upj.ac.id.

Mohd Auzan Md Nor © 4 12 is an officer at the commercial crime investigation
division, Royal Malaysia Police, Perak, Malaysia. He received his master’s degree in
business administration from University Technology MARA in 2020. He can be contacted
through email at auzan85@gmail.com.

Dr. Nor Balkish Zakaria 2 B B8 € is an associate professor at the faculty of accountancy
and senior fellow at accounting research institute, UiTM. She received her Ph.D. in
accounting from Massey University, New Zealand in 2013. Her research interest surrounds
areas, like financial reporting quality, earnings management, and corporate governance. She
can be contacted through email at norbalkish@uitm.edu.my.

Indonesian J Elec Eng & Comp Sci, Vol. 30, No. 3, June 2023; 1634-1642


https://orcid.org/0000-0002-6516-2866
https://scholar.google.com/citations?user=llrgNvwAAAAJ&amp;hl=en
https://www.scopus.com/authid/detail.uri?authorId=57216828692
https://orcid.org/0000-0001-5911-211X
https://orcid.org/0000-0002-1795-9854
https://scholar.google.com.my/citations?user=IEJDmdwAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=55402723000

