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ABSTRACT: This study develops a character evaluation model for PT.XYZ’s customers in microfinance credit risk management.
Integrating psychological and industrial engineering approaches, this research assesses customer personality using the International
Personality Item Pool Big-Five Factor Marker-25 (IPIP BFM-25). The five personality dimensions, which are Openness,
Conscientiousness, Extraversion, Agreeableness, and Neuroticism, are assessed to classify customers according to their credit risk
level. Decision Tree is employed for the classification of customers into risk groups, and the latter are represented graphically with
Traffic Light Analysis (TLA) color codes green (low risk), yellow (medium risk), and red (high risk). Research reveals that the
predictors of the classification of credit risk are most powerful for conscientiousness and neuroticism, with more conscientiousness
equating to less risk and more neuroticism equating to more risk. Most of the customers are medium-risk, and more assessment is
necessary prior to granting credit. The study reveals advantages of applying tests of psychology for making financial judgments,
giving a better method to financial institutions than traditional financial standards for assessing creditworthiness. The approach
enhances risk forecasting quality, assists with the minimization of non-performing.
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INTRODUCTION

Microfinance has emerged as a pivotal tool for economic development, particularly in low-income regions, by providing
financial services to underserved populations. However, the sector faces numerous challenges that threaten its sustainability and
effectiveness. One of the primary challenges is the management of various risks, including credit risk, operational risk, and default
risk. These risks are exacerbated by the unique characteristics of microfinance institutions (MFIs), which often operate without
traditional collateral mechanisms, making effective risk management crucial for their survival and growth [1,2].Credit risk is
particularly significant in the microfinance sector, as MFIs primarily lend to individuals and small businesses with limited financial
histories. The absence of conventional risk mitigation tools such as collateral necessitates robust credit risk management practices.
Studies indicate that effective credit risk assessment can lead to improved loan performance and reduced default rates [3,4]. Moreover,
the relationship between the size of the loan portfolio and risk management strategies is critical, as larger portfolios may require more
sophisticated risk management frameworks to mitigate potential losses [5][6].

Operational risk also poses a significant challenge for MFlIs, particularly in regions where financial literacy is low. The lack
of understanding among borrowers regarding financial products can lead to mismanagement of loans, increasing the likelihood of
defaults [7,8] Furthermore, the operational costs associated with providing microfinance services can be high, particularly when
targeting low-income populations, which can strain the financial sustainability of MFIs [9] Effective operational risk management
practices are essential to ensure that MFIs can continue to serve their target populations without compromising their financial health
[10,11].

Conventional credit evaluation systems, while foundational to the financial industry, exhibit several weaknesses that can
hinder their effectiveness in accurately assessing creditworthiness. One major limitation is their reliance on historical data and
traditional metrics, which often fail to capture the complexities of modern borrowers' financial behaviors and circumstances.
Traditional credit scoring methods struggle to adapt to the rapidly changing financial landscape, where machine learning and
predictive analytics could provide more nuanced insights into borrowers' creditworthiness [12]. The inability to incorporate real-time
data and behavioral indicators limits the predictive power of these systems, making them less reliable in assessing risk. Another
significant weakness is the lack of transparency and interpretability in conventional credit scoring systems. Many traditional models
operate as "black boxes," where the decision-making process is not easily understood by either borrowers or lenders. This lack of
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transparency can lead to mistrust among consumers, particularly when they are denied credit without a clear explanation of the reasons
behind the decision [13].

Additionally, conventional credit evaluation systems often fail to consider non-financial factors that can impact a borrower's
ability to repay loans. For instance, social and environmental factors, which are increasingly recognized as important indicators of
creditworthiness, are typically overlooked in traditional assessments [14]. This oversight can lead to a narrow understanding of risk
and may result in missed opportunities for lending to borrowers who, despite lacking traditional credit metrics, may demonstrate
strong repayment potential based on other criteria. the reliance on demographic factors and historical transaction data can introduce
biases into the credit evaluation process. Studies have shown that traditional credit scoring can disproportionately affect certain
demographic groups, leading to systemic inequities in access to credit [15,16] As a result, there is a growing call for more inclusive
and holistic approaches to credit evaluation that consider a wider array of data sources, including behavioral data and social capital,
to create a more equitable lending environment [17][18].

Therefore, the researcher wants to examine the character of customers with the Development of a Character Evaluation
Model in Risk Management for Microfinance in Individuals of small medium enterprises. The method used is to combine the science
of psychology with the science of industrial engineering. The International Personality Item Pool Big-Five Factor Marker-25 (IPIP
BFM-25) is a concise instrument designed to assess the Big Five personality traits: openness, conscientiousness, extraversion,
agreeableness, and neuroticism. Its application in various fields, including customer personality assessment, has garnered attention
due to its potential to enhance understanding of consumer behavior and preferences [19].

One concern is the potential for oversimplification of complex human behaviors into broad personality categories. While the
Big Five model provides a useful framework, individual behaviors can be influenced by situational factors that are not captured by
personality assessments alone (Xue, 2023). Businesses should consider integrating personality assessments with other data sources,
such as behavioral analytics and customer feedback, to gain a more comprehensive understanding of their customers. The use of
decision trees as a classification method for grouping customers based on risk levels has gained traction in various sectors, particularly
in finance and customer relationship management. Decision trees offer a transparent and interpretable approach to classification,
making them particularly suitable for applications where understanding the rationale behind decisions is crucial. One of the primary
advantages of decision trees is their ability to handle both categorical and continuous data effectively. This flexibility allows
businesses to incorporate a wide range of customer attributes when assessing risk levels. The effectiveness of decision trees in risk
classification can be influenced by the quality of the input data. Inaccurate or incomplete data can lead to misleading classifications,
underscoring the importance of data quality in the decision-making process. Organizations must ensure that their data collection and
preprocessing methods are rigorous to maximize the effectiveness of decision tree models [21].

Traffic Light Analysis (TLA) as a visualization system can significantly enhance credit decision-making processes by
providing a structured and intuitive way to assess customer risk levels. By employing a traffic light metaphor—where green indicates
low risk, yellow indicates moderate risk, and red indicates high risk—financial institutions can quickly interpret complex data
regarding customer profiles and behaviors. This approach simplifies the decision-making process and allows for immediate visual
feedback, which is crucial in high-stakes environments such as credit assessment. One of the key advantages of TLA is its ability to
integrate various data sources into a cohesive visualization.

METHOD

The IPIP BFM-25, a concise measure of five core personality traits, has been used effectively in various studies to assess
customer character and trust in banks. In a study, Azzahra et al. showed that personality traits significantly influence consumer trust
and loyalty, using the IPIP-BFM-25 [22]. Similarly, Akhtar and Sumintono's study validated the psychometric properties of the IPIP-
BFM-25, confirming its reliability and dimensionality through Rasch analysis on a large sample [23]. These findings underscore the
relevance of character traits in predicting customer behavior, which can be crucial for tailoring financial products to meet customer
needs.

In the context of credit risk assessment, decision trees serve as a powerful tool to categorize customers based on their
creditworthiness. The decision tree methodology allows for a systematic classification of borrowers into risk categories, which
facilitates informed lending decisions. In a study, Mustofa et al. highlighted that perceived risk significantly influences credit decisions
among micro, small, and medium enterprises (MSMES), suggesting that understanding customer profiles through personality traits
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can improve risk assessment [24]. Furthermore, integrating personality insights with traditional credit scoring models can result in
more nuanced credit risk evaluations, as noted by Khashei and Mirahmadi, who emphasize the importance of a data-driven approach
to credit scoring [25].

Traffic light analysis provides a visual framework for interpreting credit decisions, allowing stakeholders to quickly assess
risk levels associated with different borrowers. This method enhances transparency and aids in decision-making processes by
categorizing borrowers into 'red’, 'yellow', and 'green’ zones based on their risk profiles. The use of visual aids in financial decision-
making has been supported by research that emphasizes the cognitive benefits of visual information processing(Puspasari &
Herwiyanti, 2021). By employing traffic light analysis, financial institutions can streamline their credit evaluation processes, making
them more accessible and understandable for both analysts and clients.

RESULT AND DISCUSSION
International Personality Item Pool Big-Five Factor Marker- 25 (IPIP BFM-25)

The description of the research data aims to determine the highest and lowest scores of the big five personality variables (openness
to experience, conscientiousness, extraversion, agreeableness, neuroticism) on customers at PT. XYZ. The following is a table of
descriptions of the research data which includes the minimum score, maximum score, average score (mean), and standard deviation
score on the variables:

Table 1 Descriptions of The Research

Variable N Min Max Mean Standard Deviation
Openness to Experience 111 9 23 16.48 2.79
Conscientiousness 111 14 25 19.67 2.64
Extraversion 111 10 22 16.72 2.58
Agreeableness 111 15 25 20.03 2.35
Neuroticism 111 6 25 16.39 4.28

After describing the results of the research data description, the next step is to conduct data analysis to determine the category
criteria for each variable in the subject. To obtain the description results of the existing categories, researchers group them into three
categories as follows:

1. Categorization of Openness to Experience Dimension Variables
Table 2 Dimension Openness to Experience
Dimension Openness to Experience

Category  Range Value Frequency  Percentage
Low X <13,69 13 11,2%
Medium 13,69<X<19,27 79 72,3%
High X >19,27 19 16,5%
Total 111 100%

Based on the categorization table above, it is known that subjects with an openness to experience personality showed a low
category of 13 subjects (11,2%), a medium category of 79 subjects (72,3%), and a high category of 19 subjects (16,5%).

2. Categorization of Conscientiousness Dimension Variables
Table 3 Dimension Conscientiousness
Dimension Conscientiousness

Category  Range Value Frequency  Percentage
Low X < 17,06 26 23,1%
Medium 17,06 <X <2229 68 62,6%
High X >22,29 17 14,3%
Total 111 100%
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Based on the categorization table above, it is known that subjects with conscientiousness personality showed a low category
of 26 subjects (23,1%), a medium category of 68 subjects (62,6%), and a high category of 17 subjects (14,3%).

3. Categorization of Extraversion Variables

Table 4 Dimension Extraversion

Dimension Extraversion

Category  Range Value Frequency Percentage
Low X <14,17 21 19,2%
Medium  1417<X<19,7 73 65,3%
High X>19,7 17 15,5%
Total 111 100%

Based on the categorization table above, it is known that subjects with extraversion personality showed a low category of 21
subjects (19,2%), a medium category of 73 subjects (65,3%), and a high category of 17 subjects (15,5%).

4. Categorization of Agreeableness Variables
Table 5 Dimension Agreeableness

Dimension Agreeableness

Category  Range Value Frequency Percentage
Low X <179 16 13,7%
Medium  17,9<X<22,33 77 69,7%
High X >23,33 18 16,6%
Total 111 100%

Based on the categorization table above, it is known that subjects with agreeableness personality showed a low category of
16 subjects (13,7%), a medium category of 77 subjects (69,7%), and a high category of 18 subjects (16,6%).

5. Categorization of Neuroti
Table 6 Dimension Neuroticsm

csm Variables

Dimension Neuroticsm

Category  Range Value Frequency Percentage
Low X<12,3 19 17,6%
Medium 12,3<X<20,66 73 66,1%
High X > 20,66 19 16,3%
Total 111 100%

Based on the categorization table above, it is known that subjects with neuroticism personality showed a low category of 19

subjects (17,6%), a medium category of 73 subjects (66,1%), and a high category of 19 subjects (16,3%).

Many customers have personality scores that tend to be moderate in all dimensions. However, the diversity of scores in
conscientiousness and neuroticism can affect their decision-making patterns, especially in terms of financial risk management.

Decision Tree

Decision trees facilitate customer segmentation by creating clear rules based on customer attributes. Qian et al. utilized
decision trees to segment electronic toll collection customers, transforming the classification results into actionable segmentation
rules that improved precision marketing efforts [27]. This ability to derive straightforward rules from complex datasets enables
organizations to tailor their marketing strategies and risk management practices to specific customer segments, thereby enhancing
overall business performance. The interpretability of decision trees also plays a significant role in their application for risk assessment.
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Unlike more complex models, decision trees provide a visual representation of the decision-making process, allowing stakeholders
to understand how specific customer characteristics influence risk classifications [28].

Conscientiousness

No

> 22,29 (High)
Green Category (Low Risk)
> 20,66 (High) )
Red Category {High Risk)

= 17,9 (Low)
Red Category (High Risk)
Extraversion > 19,7 & Openness = 19,27
Green Category (Low Risk)

Traffic Light Analysis (TLA)

Traffic Light Analysis is intelligent traffic light systems have demonstrated that real-time data collection and analysis can
optimize traffic flow and improve decision-making [29] [30]. TLA can similarly leverage real-time customer data, such as credit
scores, income levels, and spending patterns, to dynamically adjust risk assessments. This adaptability is essential in the financial
sector, where customer circumstances can change rapidly, and timely decisions are critical [31]. Moreover, the traffic light system's
simplicity enhances communication among stakeholders. Just as traffic light systems provide clear signals to drivers, TLA can convey
risk levels to credit analysts and decision-makers in an easily understandable format. This clarity can reduce the likelihood of
misinterpretation and facilitate more informed discussions regarding credit approvals or denials [32].

< 17,06 (Low)
Red Category (High Risk)
<12,3 (Low)
Green Category (Low Risk)
> 22,33 (High)
Green Category (Low Risk)

Extraversion 14,17 - 19,7 & Openess < 13,69
Yellow Category (Medium Risk)

17,9-22.3

Extraversion < 14,17
Yellow Category (Medium Risk)

Figure 1. Decision Tree

Table 7 Traffic Light Analysis

Category  Criteria Interpretation

High Conscientiousness (= 22,26) The customer is trustworthy, has a
Green Low Neuroticism (< 12,1) good level of discipline and emotional
(lowrisk)  High Agreeableness (> 22,32) stability, and is easy to work with. Low

High Extraversion & Openness credit or investment risk.

Medium Conscientiousness (17,04 - 22,26)

Yellow Medium Neuroticism (12,1 - 20,64) Cust_omers ter_lq to be cons_er_vative or
(medium . | cautious. Additional analysis is needed
risk) Medium Agreeableness (17,7 - 22,32) before making financial decisions.
Medium or Low Extraversion and Openness
Low Conscientiousness (< 17,04) Customers are less responsible, have
Rgd _ High Neuroticism (> 20,64) pf)o_r emotional stz_ibility,_ anq a_re
(high risk) difficult to work with. High risk in
Low Agreeableness (< 17,7) financial decision making
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CONCLUSION

In this research, customer character as measured by IPIP BFM-25 was seen to be significant in determining credit risk. The

most prominent factors contributing to risk classification are Conscientiousness and Neuroticism, whereby customers who score high
on conscientiousness tend to be better behaved and financially stable, whereas those who score high on neuroticism are more prone
to risk due to impulsive decision making. The Decision Tree methodology allows for systematic risk classification of customers, with
Traffic Light Analysis allowing simple interpretation of findings through a visualization system of Green (Low Risk), Yellow
(Medium Risk), and Red (High Risk). The majority of the customers are in the medium risk group, indicating that additional analysis
is needed before a credit decision can be made. The implication of this study is that financial institutions can enhance the validity of
credit evaluation by incorporating a personality-based approach in risk evaluation. Use of this data-driven methodology can help
make more transparent and valid credit decisions, as well as reduce the risk of non-performing loans.

REFERENCES

1.

H. Knewtson and H. Qi, “Managing Risk for Sustainable Microfinance,” The Journal of Risk Finance, vol. 20, no. 1, pp. 2—
13, 2019, doi: 10.1108/jrf-05-2018-0075.

2. R.N.CHAKA and P. IBRAHIM ABDULLAH, “Credit Referencing on Loan Performance of Deposit Taking Microfinancial
Institutions in Mombasa County,” vol. 10, no. 2, 2023, doi: 10.61426/sjbcm.v10i2.2625.

3. J. Mwakujonga and C. Komba, “Influence of Credit Risk Management Practices on Loan Performance: A Case of Selected
Microfinance Institutions in Tanzania,” vol. 15, no. 2, pp. 26—35, 2024, doi: 10.4314/jpds.v15i2.3.

4. A. G. Ayayi, “Credit Risk Assessment in the Microfinance Industry,” Economics of Transition, vol. 20, no. 1, pp. 37-72,
2011, doi: 10.1111/j.1468-0351.2011.00429.x.

5. H. Knewtson and H. Qi, “Managing Risk for Sustainable Microfinance,” The Journal of Risk Finance, vol. 20, no. 1, pp. 2—
13, 2019, doi: 10.1108/jrf-05-2018-0075.

6. S. Kassim and M. Rahman, “Handling Default Risks in Microfinance: The Case of Bangladesh,” Qualitative Research in
Financial Markets, vol. 10, no. 4, pp. 363-380, 2018, doi: 10.1108/qrfm-03-2017-0018.

7. C.-W. Lee and A. D. Huruta, “Green Microfinance and Women’s Empowerment: Why Does Financial Literacy Matter?,”
Sustainability, vol. 14, no. 5, p. 3130, 2022, doi: 10.3390/su14053130.

8. H. Annannab, A. A. Bakar, and S. J. M. Khan, “Operational Risk Management and Performance of Cooperative Microfinance
in Thailand,” International Journal of Social Sciences and Economic Review, pp. 17-24, 2022, doi: 10.36923/ijsser.v4i1.148.

9. G. Illangakoon, “Risk Management and Performance of Microfinance Industry,” South Asian Journal of Social Studies and
Economics, vol. 21, no. 3, pp. 1-17, 2024, doi: 10.9734/sajsse/2024/v21i3779.

10. S. Mago, C. Hofisi, and S. Mago, “Microfinance Institutions and Operational Risk Management in Zimbabwe: Insights From
Masvingo Urban,” Mediterr J Soc Sci, 2013, doi: 10.5901/mjss.2013.v4n3p159.

11. L. M. Ewool and J. A. Quartey, “Evaluation of the Effect of Risk Management Practices on the Performance of Microfinance
Institutions,” International Journal of Academic Research in Accounting Finance and Management Sciences, vol. 11, no. 1,
2021, doi: 10.6007/ijarafms/v11-i1/8440.

12. W. A. Addy, A. O. Ajayi-Nifise, B. G. Bello, S. T. Tula, O. Odeyemi, and T. Falaiye, “Al in Credit Scoring: A
Comprehensive Review of Models and Predictive Analytics,” Global Journal of Engineering and Technology Advances, vol.
18, no. 2, pp. 118-129, 2024, doi: 10.30574/gjeta.2024.18.2.0029.

13. B. Zhai, F. Wang, Z. Xie, and S. Song, “An Explainable Enterprise Credit Evaluation Method Based on Logistic Regression
Integration,” 2024, doi: 10.4108/eai.27-10-2023.2341908.

14. C. Serrano-Cinca, B. G. Nieto, and N. M. Reyes, “A Social and Environmental Approach to Microfinance Credit Scoring,”
J Clean Prod, vol. 112, pp. 3504-3513, 2016, doi: 10.1016/j.jclepro.2015.09.103.

15. S. Israel et al., “Credit Scores, Cardiovascular Disease Risk, and Human Capital,” Proceedings of the National Academy of
Sciences, vol. 111, no. 48, pp. 17087-17092, 2014, doi: 10.1073/pnas.1409794111.

16. E. A. Knapp and L. T. Dean, “Consumer Credit Scores as a Novel Tool for Identifying Health in Urban U.S. Neighborhoods,”
Ann Epidemiol, vol. 28, no. 10, pp. 724-729, 2018, doi: 10.1016/j.annepidem.2018.07.013.

1389 “Corresponding Author: Muhammad Igbal Rofif Volume 08 Issue 03 March 2025

Available at: www.ijcsrr.org
Page No. 1384-1390


https://doi.org/10.47191/ijcsrr/V8-i3-45
http://sjifactor.com/passport.php?id=20515
http://www.ijcsrr.org/
http://www.ijcsrr.org/

International Journal of Current Science Research and Review
ISSN: 2581-8341

Volume 08 Issue 03 March 2025

DOI: 10.47191/ijcsrr/V8-i3-45, Impact Factor: 8.048

IJCSRR @ 2025 WWW.ijcsrr.org
17. R. Agarwal, C.-C. Lin, K.-T. Chen, and V. K. Singh, “Predicting Financial Trouble Using Call Data—On Social Capital,

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

Phone Logs, and Financial Trouble,” PL0oS One, vol. 13, no. 2, p. e0191863, 2018, doi: 10.1371/journal.pone.0191863.

V. K. Singh, B. Bozkaya, and A. Pentland, “Money Walks: Implicit Mobility Behavior and Financial Well-Being,” PL0S
One, vol. 10, no. 8, p. e0136628, 2015, doi: 10.1371/journal.pone.0136628.

M. Oskarsdottir, C. Bravo, C. Sarraute, J. Vanthienen, and B. Baesens, “The Value of Big Data for Credit Scoring: Enhancing
Financial Inclusion Using Mobile Phone Data and Social Network Analytics,” Appl Soft Comput, vol. 74, pp. 26-39, 2019,
doi: 10.1016/j.as0c.2018.10.004.

Y. Xue, “Towards Personal Credit Default Prediction Method Based on Data Mining,” 2023, doi: 10.4108/eai.2-6-
2023.2334599.

A. Papa, Y. Shemet, A. Yarovyi, and L. Vahovska, “Development of Information Technology for Analyzing the Customer
Churn of a Telecommunication Company,” Technology Audit and Production Reserves, vol. 2, no. 2(64), pp. 11-15, 2022,
doi: 10.15587/2706-5448.2022.255861.

Z. Azzahra, D. Andriany, and M. Shohib, “Big Five Personality and Consumer Trust: The Impact on Consumer Loyalty,”
KnE Social Sciences, Feb. 2024, doi: 10.18502/kss.v9i5.15197.

H. Akhtar and B. Sumintono, “A Rasch analysis of the International Personality Item Pool Big Five Markers Questionnaire:
Is longer better?,” Primenjena Psihologija, vol. 16, no. 1, pp. 3-28, 2023, doi: 10.19090/pp.v16i1.2401.

R. H. Mustofa, L. N. S. pamungkas, M. Karima, and O. D. Zemafi, “The Effect of Perceived Risk, Benefit, and Ease of
Credit on Credit-Making Decisions Among MSMEs in Sragen Regency,” Journal of International Conference Proceedings,
vol. 6, no. 7, pp. 35-50, Dec. 2023, doi: 10.32535/jicp.v6i7.2744.

M. Khashei and A. Mirahmadi, “A soft intelligent risk evaluation model for credit scoring classification,” International
Journal of Financial Studies, vol. 3, no. 3, pp. 411422, Sep. 2015, doi: 10.3390/ijfs3030411.

N. Puspasari and E. Herwiyanti, “SME’S Accounting Information in the Eyes of Bank Credit Analyst: Exploration with
ZMET Method,” Academic Journal of Interdisciplinary Studies, vol. 10, no. 6, pp. 224-236, Nov. 2021, doi: 10.36941/ajis-
2021-0167.

C. Qian, M. Yang, P. Li, and S. Li, “Application of Customer Segmentation for Electronic Toll Collection: A Case Study,”
J Adv Transp, vol. 2018, pp. 1-9, 2018, doi: 10.1155/2018/3635107.

S. H. Han, S. Lu, and S. C. H. Leung, “Segmentation of Telecom Customers Based on Customer Value by Decision Tree
Model,” Expert Syst Appl, vol. 39, no. 4, pp. 3964-3973, 2012, doi: 10.1016/j.eswa.2011.09.034.

Cite this Article: Rofif, M.l., Immawan, T. (2025). Development of a Character Evaluation Model in Risk Management for
Microfinance in Individuals of Small Medium Enterprise. International Journal of Current Science Research and Review, 8(3),
pp. 1384-1390. DOI: https://doi.org/10.47191/ijcsrr/\V8-i3-45

1390 “Corresponding Author: Muhammad Igbal Rofif Volume 08 Issue 03 March 2025

Available at: www.ijcsrr.org
Page No. 1384-1390


https://doi.org/10.47191/ijcsrr/V8-i3-45
http://sjifactor.com/passport.php?id=20515
http://www.ijcsrr.org/
http://www.ijcsrr.org/
https://doi.org/10.47191/ijcsrr/V8-i3-45

