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Human resource management in the banking sector involves complex decision-making under 

uncertainty, requiring the evaluation of multiple quantitative and qualitative criteria. Traditional 

approaches often rely on subjective expert judgment, which reduces consistency, transparency, and 

decision accuracy. This study presents the development of an intelligent software-based decision 

support system for human resource management in banking. The proposed system integrates 

artificial intelligence techniques, fuzzy logic, and multi-criteria decision-making methods, 

particularly Fuzzy TOPSIS, to improve the objectivity and efficiency of personnel evaluation. The 

software was implemented as a full-stack web platform using React and TypeScript for the 

frontend, Python and Flask for backend analytical processing, and SQLite for data storage. The 

system supports role-based access, evaluation session management, criteria configuration, expert-

based linguistic assessment, and automated ranking of alternatives. Experimental validation using 

banking HR evaluation scenarios demonstrated that the developed software successfully processed 

expert assessments, generated reliable candidate rankings, and reduced subjective bias. The 

proposed system improves decision transparency, increases evaluation speed, and enhances the 

reliability of human resource management decisions in banking institutions.  
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1. Introduction 

The banking sector is undergoing rapid digital 

transformation, requiring organizations to make 

faster, more accurate, and data-driven human 

resource management (HRM) decisions (Pham et 

al., 2025). Recruitment, employee evaluation, 

promotion, and talent management have become 

increasingly complex due to the large number of 

decision criteria involved, including technical 

competence, adaptability, communication skills, 

professional experience, and performance 

indicators (Theodorsson et al., 2022). Traditional 

HR decision-making approaches in banks often 

rely heavily on expert judgment and manual 

evaluation, which may introduce subjectivity, 

inconsistency, and delays in the decision process 

(Mammadova & Jabrayilova, 2015). 

Recent advances in artificial intelligence (AI), 

decision support systems (DSS), and multi-criteria 

decision-making (MCDM) methods have created 

new opportunities for improving HR-related 

decision processes (Vrontis et al., 2022; Faqihi & 

Miah, 2023; Onwujekwe & Weistroffer, 2025). 

Among MCDM approaches, fuzzy logic-based 

methods are particularly effective in handling 

uncertainty and linguistic assessments, since many 

HR criteria cannot be measured precisely using 

deterministic numerical values (Zadeh, 1965; 

Mammadova & Jabrayilova, 2018; Taherdoost & 

Madanchian, 2023). Methods such as technique for 

order preference by similarity to ideal solution 

(TOPSIS), fuzzy relational models, and Fuzzy 

Positive Ideal Solution/ Fuzzy Negative Ideal 

Solution (FPIS/FNIS) based ranking approaches 

have demonstrated strong potential in candidate 
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evaluation and personnel selection tasks 

(Roszkowska, 2011; Huseynli & Babayev, 2024; 

Huseynli, 2025). Previous studies by the authors 

investigated these approaches in the context of 

banking HR management and confirmed their 

effectiveness in ranking alternatives under 

uncertain decision environments (Huseynli & 

Babayev, 2024; Huseynli, 2025). 

Despite these developments, most existing 

studies primarily focus on mathematical modeling 

and theoretical evaluation frameworks, while 

limited attention has been given to the 

implementation of complete software systems 

capable of applying these models in real 

organizational environments (Onwujekwe & 

Weistroffer, 2025). In practice, banks require 

integrated intelligent platforms that can collect 

expert evaluations, process fuzzy data, execute 

ranking algorithms, and present interpretable 

results through user-friendly interfaces (Xiuhuan & 

Zhenpeng, 2025; Johnson et al., 2020). This study 

addresses this gap by focusing on the design and 

implementation of an intelligent software-based 

decision support system for human resource 

management in banking.  

2. Related work 

Recent studies have demonstrated the growing 

role of artificial intelligence in human resource 

management, particularly in recruitment, talent 

acquisition, performance evaluation, and workforce 

analytics. Charlwood and Guenole (2022) discussed 

the opportunities and challenges associated with AI 

adoption in HR, emphasizing the need to balance 

automation with human-centered decision-making. 

Similarly, Vrontis et al. (2022) highlighted the 

increasing integration of AI, robotics, and advanced 

digital technologies into HR processes, while Faqihi 

and Miah (2023) proposed AI-driven talent 

management frameworks for improving strategic 

workforce decisions. Johnson et al. (2020) also 

showed that AI-enhanced electronic HR systems can 

significantly improve talent acquisition efficiency 

and decision quality. 

In the banking sector, human resource 

management presents additional complexity due to 

high regulatory requirements, digital transformation, 

and the need for rapid adaptation to technological 

changes. Pham et al. (2025) demonstrated the strong 

relationship between effective human resource 

management and bank performance under digital 

transformation. Theodorsson et al. (2022) emphasized 

the importance of talent management in banking 

institutions, while Kuchciak and Warwas (2021) 

proposed strategic directions for improving HR 

management practices in modern banking 

environments. 

From a methodological perspective, fuzzy logic 

and multi-criteria decision-making methods have 

become widely used for solving complex HR 

evaluation problems. The theoretical foundation of 

fuzzy logic was established by Zadeh (1965), 

enabling uncertainty and linguistic assessments to 

be modeled mathematically. Roszkowska (2011) and 

Taherdoost and Madanchian (2023) demonstrated 

the effectiveness of TOPSIS and related MCDM 

methods in ranking alternatives under multiple 

conflicting criteria. Mammadova and Jabrayilova 

(2015, 2018) further applied fuzzy multi-criteria 

approaches to group decision-making and human 

resource performance evaluation. 

In previous studies, the authors developed 

several mathematical models for intelligent HR 

decision support in banking. Huseynli and 

Babayev (2024) proposed a fuzzy relational model 

for candidate selection in banks. Later, Huseynli 

(2025) introduced a fuzzy TOPSIS-based approach 

for HR optimization, applied FPIS/FNIS methods 

for ranking alternatives under uncertainty. 

Additionally, Huseynli and Babayev (2025) 

investigated AI-based e-recruitment reliability 

using McDonald’s Omega. 

Although existing studies provide strong 

theoretical and mathematical foundations for 

intelligent HR decision support, most of them 

primarily focus on analytical models rather than 

complete software implementations. Onwujekwe 

and Weistroffer (2025) noted that modern 

intelligent decision support systems must integrate 

analytical reasoning with scalable software 

architectures to achieve practical usability. 

Similarly, Xiuhuan and Zhenpeng (2025) 

demonstrated the importance of combining HR 

data analytics, automated processing, and 

interactive decision support interfaces within 

unified software platforms. However, limited 

attention has been given to intelligent banking-

oriented systems that simultaneously combine 

expert data collection, fuzzy processing, analytical 

computation, and practical decision support in a 

single environment. Therefore, the goal of this 

study is to develop an intelligent software-based 

decision support system for human resource 

management in the banking sector by integrating 

artificial intelligence techniques with multi-criteria 

decision-making algorithms. 
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3. Material and methods 

This study employs an integrated 

methodological framework combining artificial 

intelligence techniques, fuzzy multi-criteria 

decision-making methods, and modern software 

engineering approaches to address complex 

human resource management problems in the 

banking sector. The proposed framework is 

designed to support objective and transparent 

decision-making under uncertainty by 

incorporating expert knowledge, linguistic 

assessments, and computational ranking 

mechanisms. This section presents both the 

methodological foundation of the proposed 

decision-making model and the software-based 

implementation developed for practical 

application in banking HR processes. 

3.1.  Methodological Framework 

The proposed intelligent decision support 

system applies a fuzzy multi-criteria decision-

making framework for evaluating human 

resources in the banking sector. The method is 

designed to support candidate and employee 

assessment under uncertainty by integrating expert 

knowledge, linguistic evaluations, and 

computational ranking mechanisms. Let the set of 

alternatives be defined as A = {𝐴1, 𝐴2, …, 𝐴𝑚}, 

where each alternative represents a candidate or 

employee. The evaluation criteria are represented 

as C = {𝐶1, 𝐶2, …, 𝐶𝑛}, including professional 

competence, productivity, communication skills, 

innovation, adaptability, and other human 

resource performance indicators. 

Since many HR criteria are qualitative and 

cannot be measured precisely, expert assessments 

are expressed using linguistic variables such as 

Very Low, Low, Medium, High, and Very High. 

These linguistic evaluations are transformed into 

trapezoidal fuzzy numbers to preserve uncertainty 

and subjective expert judgment (Zadeh, 1965; 

Mammadova & Jabrayilova, 2018). 

At the first stage, evaluations from multiple 

experts are aggregated into a unified fuzzy 

assessment using the following expression: 

𝑥̃𝑖𝑗 =  
1

𝐾
 ∑ 𝑥̃𝑖𝑗

(𝑘)𝐾
𝑘=1 x̃ᵢⱼ                      (1) 

where K denotes the number of experts, 𝑥̃𝑖𝑗
(𝑘)

 is the 

evaluation of the k-th expert for the i-th alternative 

according to the j-th criterion, and 𝑥̃𝑖𝑗  is the 

aggregated fuzzy value.  

The aggregated evaluations form the fuzzy 

decision matrix: 

𝑋̃ = [𝑥̃𝑖𝑗]𝑚×𝑛                        (2) 

where m represents the number of alternatives and 

n represents the number of criteria. 

To ensure comparability among criteria with 

different scales, the decision matrix is normalized. 

For benefit-type criteria, normalization is 

performed as follows: 

𝑟̃𝑖𝑗 =  (
𝑎𝑖𝑗

𝑑𝑗
∗ ,

𝑏𝑖𝑗

𝑑𝑗
∗ ,

𝑐𝑖𝑗

𝑑𝑗
∗ ,

𝑑𝑖𝑗

𝑑𝑗
∗ )              (3) 

where 𝑑𝑗
∗ =  max

𝑖
𝑑𝑖𝑗 . 

After normalization, criteria weights are 

applied to construct the weighted normalized 

matrix: 

𝑣̃𝑖𝑗 =  𝑟̃𝑖𝑗  ⊗  𝑤𝑗                 (4) 

where 𝑤𝑗  denotes the weight of the j-th criterion. 

The ranking process is based on fuzzy TOPSIS 

using fuzzy positive ideal solution (FPIS) and fuzzy 

negative ideal solution (FNIS). The final ranking 

score of each alternative is determined using the 

closeness coefficient: 

𝐶𝐶𝑖 =
𝐷𝑖

−

𝐷𝑖
++𝐷𝑖

−                 (5) 

where 𝐷𝑖
+ denotes the distance of the i-th 

alternative from FPIS and 𝐷𝑖
− denotes the distance 

from FNIS. Higher values of 𝐶𝐶𝑖 indicate better 

alternatives. Thus, the optimal candidate is the one 

closest to the ideal solution and farthest from the 

anti-ideal solution.    

The computational workflow of the proposed 

method consists of the following stages: definition 

of evaluation criteria and weights, collection of 

expert assessments, transformation of linguistic 

evaluations into fuzzy numbers, construction of the 

decision matrix, normalization and weighting, 

FPIS/FNIS calculation, and final ranking of 

alternatives. 

3.2. Problem solution 

From the software engineering perspective, the 

proposed intelligent decision support system was 

designed using a multi-layer architecture based on 

the separation of analytical computation and user 

interaction. This architecture improves scalability, 

modularity, and maintainability of the system 

while enabling efficient integration of decision-

making algorithms into real banking HR 

workflows. 
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The computational and decision-support 

functionality was implemented using Python. 

Fuzzy operations and TOPSIS-based ranking 

algorithms were organized as independent 

analytical modules to ensure computational 

flexibility and easier future expansion. The 

backend infrastructure was developed using the 

Flask framework following REST architectural 

principles, enabling efficient communication 

between client and server layers. User 

authentication and session management were 

implemented using JSON Web Token (JWT) 

technology to provide secure access control. 

Structured Query Language (SQLite) was used as 

the database system for storing user profiles, expert 

evaluations, criteria weights, and analytical results. 

The frontend interface was developed using 

modern web technologies to ensure responsiveness 

and usability. React and TypeScript were used for 

building the user interface, while Vite served as the 

build and development environment. React Router 

was used for navigation management, React Hook 

Form for dynamic form processing, and dayjs for 

handling date-related operations. Visual and 

functional interface components were 

implemented using Ant Design, Chakra UI, and 

Ark UI libraries. Additionally, ESLint was used to 

maintain code quality and ensure compliance with 

software engineering standards. 

The problem-solving workflow in the 

developed software consists of four main modules. 

1. Data Input Module. This module collects 

candidate or employee profiles, evaluation criteria, 

criteria weights, and expert assessments. The 

system supports both numerical and linguistic 

input values entered by human resource specialists 

and experts. 

2. Data Processing Module. At this stage, input 

data is validated, structured, and transformed into 

computational form. Linguistic assessments are 

automatically converted into trapezoidal fuzzy 

numbers suitable for analytical processing. 

3. Intelligent Decision-Making Engine. This 

module represents the analytical core of the 

software and executes integrated fuzzy decision-

making algorithms (Huseynli, 2025a; Huseynli, 

2025b). 

(i) The computational workflow consists of: 

(ii) definition of evaluation criteria and 

corresponding weights; 

(iii) collection of expert assessments; 

(iv) transformation of linguistic evaluations 

into fuzzy values; 

(v) construction of the decision matrix; 

(vi) normalization and weighted evaluation; 

(vii) FPIS/FNIS computation; 

(viii) ranking of alternatives based on closeness 

coefficients. 

4. Output and Visualization Module. The final 

results are presented through ranked candidate 

lists, analytical tables, comparison metrics, and 

visual dashboards. This enables HR specialists to 

interpret ranking outcomes transparently and 

support evidence-based decision-making. 

The software supports role-based access with 

three main user roles: administrator, human 

resource specialist, and expert. This role 

distribution improves workflow organization, 

ensures secure permission management, and 

supports controlled access to sensitive HR data. 

The developed system was validated using 

simulated and practical HR evaluation scenarios 

derived from the banking sector. Multiple 

candidate profiles were processed to verify 

computational correctness, ranking consistency, 

and decision transparency. Experimental 

evaluation demonstrated that the software reduces 

subjective bias, improves processing speed, and 

increases the reliability of HR-related decision-

making. 

The obtained results confirm that integrating 

intelligent decision support mechanisms into HR 

software systems provides substantial practical 

benefits for banking organizations, particularly in 

environments characterized by uncertainty, 

multiple criteria, and expert-dependent decision 

processes. 

The practical implementation of the proposed 

intelligent decision support system demonstrates 

the applicability of the developed mathematical 

model in real human resource management 

scenarios within the banking sector. The software 

was developed as a full-stack web-based platform 

that enables secure access, flexible evaluation 

management, expert-based assessment, and 

automated candidate ranking. The implemented 

architecture combines a frontend developed using 

React and TypeScript with a Python-based backend 

responsible for analytical computation and 

decision support operations. The storage of 

evaluation sessions, expert data, criteria 

definitions, and computational results is managed 

through an SQLite database, ensuring structured 

and persistent data management (fig. 1). 

The developed platform supports role-based 

access control and allows users to interact with the 

system according to assigned permissions. Two 

primary user roles are implemented: administrator 
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and expert. The administrator is responsible for 

managing the overall evaluation workflow, 

including creation of evaluation sessions, 

registration of experts, definition of alternatives, and 

configuration of criteria.  

Experts are granted access only to evaluation-related 

tasks, ensuring secure separation of responsibilities 

and controlled interaction with the decision-making 

process (fig. 2). 

 

 

Fig. 1. User authentication interface of the decision support system. 

 

Fig. 2. Evaluation session management interface. 

The evaluation workflow begins with the 

creation of a new evaluation session. To ensure 

structured and periodic assessment, the system 

organizes evaluation processes using session-based 

management, where each session corresponds to a 

specific evaluation period. After session creation, 

the administrator assigns experts to the session and 

determines their corresponding weights. Expert 

weights reflect the relative importance of each 

expert in the decision-making process, and their 

total sum is constrained to 1.0 to satisfy aggregation 

requirements of the fuzzy evaluation model (fig. 3). 
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Fig. 3. Expert selection and weight assignment. 

Following expert assignment, the administrator 

defines alternatives representing candidates or 

employees to be evaluated. In the experimental 

scenario, six alternatives (𝑎1–𝑎6) were used. The 

next stage involves definition of evaluation criteria 

and subcriteria. The implemented system supports 

hierarchical criteria modeling, enabling each 

criterion to include multiple subcriteria for more 

detailed analysis. In the experimental validation, 

five major criteria were used: productivity (𝐶1), 

accuracy (𝐶2), teamwork (𝐶3), innovativeness (𝐶4), 

and work attendance (𝐶5). Each criterion can be 

configured either as a benefit or cost criterion, 

which is essential for correctly determining 

positive and negative ideal solutions during 

TOPSIS-based ranking (fig. 4). 

    

Fig. 4. Criteria and subcriteria configuration interface. 

After configuration of experts, alternatives, and 

criteria, the evaluation phase begins. Experts assess 

each alternative using linguistic variables rather 

than precise numerical values. The implemented 

linguistic scale consists of five qualitative levels: 

very low, low, medium, high, and very high. Such 
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representation enables more natural expert 

judgment and better captures uncertainty inherent 

in human evaluations. The selected linguistic 

values are automatically transformed by the 

system into corresponding trapezoidal fuzzy 

numbers, making them suitable for computational 

processing (fig. 5). 

 

Fig. 5. Linguistic evaluation interface for experts.

Based on the collected evaluations, the system 

constructs the fuzzy decision matrix and performs 

subsequent analytical calculations. Numerical 

aggregation, normalization, weighted matrix 

generation, and distance calculations to FPIS and 

FNIS are executed automatically using the 

integrated decision engine. Intermediate 

computational stages follow the mathematical 

procedure established in our previous studies and 

dissertation experiments, where detailed analytical 

tables and ranking calculations were presented 

(Huseynli & Babayev, 2024; Huseynli, 2025) (Fig. 6). 

 

Fig. 6. Final Fuzzy TOPSIS ranking results.
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The final stage of computation produces the 

ranking of all alternatives using closeness 

coefficients calculated through the Fuzzy TOPSIS 

algorithm. Experimental results obtained from the 

developed software showed that alternative a5 

achieved the highest closeness coefficient 

(0.838819) and was ranked first among all 

evaluated candidates. Alternative a3 ranked 

second with 0.680133, followed by a1 with 

0.612508. The remaining alternatives a4, a2, and a6 

occupied lower positions with decreasing closeness 

coefficients. These results demonstrate the system’s 

ability to objectively distinguish stronger 

candidates from weaker ones under complex 

multi-criteria conditions. 

The obtained results confirm that the developed 

software successfully transforms a complex fuzzy 

multi-criteria decision model into a practical and 

usable decision support platform. The system 

reduces subjective bias, increases evaluation speed, 

improves decision transparency, and provides HR 

specialists with interpretable analytical results. 

Consequently, the developed platform can 

significantly improve the efficiency and reliability 

of human resource management decisions in 

banking institutions. 

4. Discussion 

Compared with previous studies, the proposed 

system provides several important improvements. 

Earlier studies by Huseynli and Babayev (2024) and 

Huseynli (2025) mainly focused on mathematical 

modeling of candidate evaluation and ranking 

using fuzzy decision-making methods. While these 

studies successfully demonstrated the analytical 

effectiveness of fuzzy relational models, TOPSIS, 

and FPIS/FNIS approaches, they did not provide a 

complete software implementation for real-world 

operational use. In contrast, the present study 

integrates these mathematical models into a fully 

functional intelligent software platform with 

automated computation, session management, 

secure authentication, and result visualization. 

Compared to fuzzy HR evaluation models 

proposed by Mammadova and Jabrayilova (2018), 

the developed system offers greater practical 

applicability in banking-specific human resource 

management scenarios. The platform supports 

hierarchical criteria management, role-based access 

control, and real-time analytical processing, 

making the decision-making process more 

transparent and operationally efficient. 

Despite these advantages, the developed system 

has several limitations. First, the experimental 

validation was performed using a limited number 

of alternatives and expert participants. Second, 

criteria weights still depend on expert judgment, 

which may introduce residual subjectivity into the 

evaluation process. Third, the current 

implementation uses SQLite, which may limit 

scalability in large enterprise-level deployments. 

Future research may focus on larger-scale 

validation, integration with enterprise banking HR 

systems, and the incorporation of adaptive 

machine learning mechanisms for dynamic criteria 

weighting. 

5. Conclusion 

This study presented the development and 

practical implementation of an intelligent software-

based decision support system for human resource 

management in the banking sector. The proposed 

system integrates artificial intelligence methods, 

fuzzy logic, and multi-criteria decision-making 

techniques to support objective and efficient 

evaluation of candidates and employees under 

uncertainty. 

The developed platform successfully transformed 

previously proposed mathematical models, including 

fuzzy relational evaluation, Fuzzy TOPSIS, and 

FPIS/FNIS-based ranking methods, into a fully 

functional software solution. The implemented 

system provides secure role-based access, flexible 

session management, criteria configuration, expert 

evaluation using linguistic variables, and automatic 

ranking of alternatives. Experimental validation 

confirmed the correctness and practical applicability 

of the developed software. 

The obtained results demonstrated that the 

system effectively reduces subjective bias, 

improves decision-making speed, increases 

transparency, and enhances the reliability of HR-

related decisions. In the experimental scenario, the 

software successfully ranked six alternatives and 

identified the most suitable candidate based on 

calculated closeness coefficients. 

The proposed intelligent decision support 

platform can be effectively applied in banking 

institutions to improve human resource 

management processes. Future research may focus 

on integrating machine learning models, predictive 

analytics, and adaptive recommendation 

mechanisms to further enhance the intelligence and 

scalability of the system.  
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