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Abstract 

Non-Performing Assets (NPAs) have persistently posed a significant challenge for public sector banks, with 

profound implications for financial stability and credit accessibility. Traditional methodologies employed for 

credit monitoring often lack the necessary adaptability and predictive capacity to effectively address the 

dynamic nature of evolving risks. This paper scrutinizes the deployment of machine learning (ML) 

techniques in the formulation and execution of a comprehensive framework aimed at enhancing NPA 

tracking. Drawing upon an extensive body of literature, the review delves into various ML models, including 

Long Short-Term Memory (LSTM) networks, the incorporation of alternative data and the ethical dilemmas 

associated with the adoption of AI-driven credit monitoring systems. Although existing research identifies 

certain gaps—such as the challenges of real-world implementation and a limited emphasis on explainable 

AI—this paper proposes future avenues for bolstering credit monitoring frameworks, thereby augmenting 

the resilience of public sector banking institutions. However, it is crucial to consider these factors holistically 

to ensure more effective strategies moving forward. 

Keywords: Non-Performing Assets, Credit Monitoring, Machine Learning, Public Sector Banks, LSTM 

Networks, Alternative Data, Explainable AI. 

 

 

 

http://www.ijcrt.org/


www.ijcrt.org                                             © 2024 IJCRT | Volume 12, Issue 11 November 2024 | ISSN: 2320-2882 

IJCRT2411569 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org f59 
 

Introduction 

Non-Performing Assets (NPAs) represent a persistent obstacle within the Indian banking landscape, 

predominantly affecting public sector banks (PSBs). The increasing prevalence of NPAs detrimentally 

influences the profitability, liquidity and operational stability of these financial institutions. Specifically 

defined as loans or advances for which either principal or interest payments are overdue for a designated 

duration, NPAs obstruct the flow of credit and impede economic growth (Rajan & Dhal, 2003). Although 

the Reserve Bank of India (RBI) has implemented numerous regulatory measures, including the NPA 

Framework (RBI, 2019), challenges related to credit monitoring continue to endure. This situation raises 

concerns among stakeholders; however, the potential for reform remains an area of ongoing exploration. 

Conventional credit monitoring methodologies, exemplified by statistical credit scoring and financial ratio 

analysis, exhibit a deficiency in sophistication necessary to respond to the fluidity of borrower behaviour and 

the unpredictable nature of economic environments. These inadequacies prompt the imperative need for the 

integration of machine learning (ML) techniques, which present enhanced analytical prowess for the 

assessment of credit risk. Machine learning models—such as decision trees, support vector machines (SVM) 

and Long Short-Term Memory (LSTM) networks—have revealed substantial promise in augmenting 

predictive accuracy and facilitating the early identification of non-performing assets (NPAs) (Chowdhury, 

Das, & Roy, 2019). This article endeavours to furnish a thorough examination of the existing literature on 

NPA management and credit monitoring within public sector banks, emphasizing the pivotal role that ML 

plays in constructing a resilient framework for the effective tracking of NPAs. However, one must 

acknowledge that the transition to such advanced methodologies can be contentious, often encountering 

resistance due to traditional practices. 

Literature Review 

1 Traditional Approaches to NPA Management 

Non-Performing Assets (NPAs) have persistently posed a significant challenge for public sector banks, as 

traditional methodologies for NPA management have depended primarily on manual evaluations and 

statistical techniques. Rajan and Dhal (2003) conducted one of the earliest thorough examinations of NPAs 

in India; they illuminated how unfavorable credit conditions and macroeconomic volatility (for instance, 

GDP contractions and inflationary pressures) contributed to escalating NPAs. Their conclusions highlight 

the inadequacies of static credit monitoring systems in adapting to ever-evolving economic landscapes. Das 

and Ghosh (2007) built upon these insights by discerning essential determinants of credit risk in Indian public 

sector banks. Their empirical analysis indicated that deficient credit appraisal mechanisms, combined with 

policy-mandated lending requirements, significantly intensified NPAs. Furthermore, they observed that 

conventional models relied excessively on retrospective data and were devoid of frameworks for integrating 

real-time risk variables; this rendered them ineffective in forecasting prospective defaults.  
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Mohan and Prasad (2019) underscored the critical significance of credit monitoring in alleviating non-

performing assets (NPAs). They observed that, despite the adoption of the Reserve Bank of India's (RBI) 

NPA management framework in 2019, numerous banks grappled with operational inefficiencies because of 

their dependence on manual processes. Such methodologies were susceptible to human error and protracted 

response times, particularly when it came to recognizing early warning indicators of borrower distress. 

Furthermore, Sengupta and Vardhan (2017) highlighted that the absence of technological integration in credit 

monitoring considerably hampered the capacity of conventional systems to adapt to the increasingly intricate 

demands of the banking sector. However, this limitation poses a challenge to the sustainability of banking 

operations. 

2 Technological Advancements in Credit Monitoring 

The significance of technology in the enhancement of credit monitoring has garnered considerable attention 

in recent years. Sengupta and Bhattacharya (2017) elucidated the transformative potential inherent in 

automation and digitization, specifically regarding the improvement of credit appraisal systems. They 

contended that digital tools enable banks to conduct a more comprehensive analysis of borrower profiles, 

which, in turn, facilitates faster and more precise risk assessments. 

Artificial intelligence (AI) and machine learning (ML) have undeniably emerged as pivotal technologies 

within this transformative landscape. Gupta and Jain (2021) deliberated on the utilization of AI for the 

analysis of extensive datasets to discern patterns that might signify credit risk. They underscored the 

application of neural networks—capable of processing unstructured data, including text and images—

thereby adding a novel dimension to risk analysis. Mohan (2019) further investigated the opportunities and 

challenges associated with the deployment of ML in credit monitoring, noting that although these 

technologies provide unparalleled accuracy, their successful implementation necessitates a robust 

infrastructure and skilled personnel. However, the integration of such advanced technologies remains a 

complex endeavour, primarily because the requisite expertise and resources are often lacking in many 

institutions. 

3 Machine Learning Models for NPA Prediction 

The advent of machine learning methodologies has markedly transformed the landscape of non-performing 

asset (NPA) prediction by facilitating data-driven decision-making processes. Sharma and Goyal (2020) 

elucidated that ensemble models—such as random forests and gradient boosting—systematically surpass 

conventional techniques when it comes to predicting borrower defaults. These advanced models employ 

multiple algorithms to mitigate bias and variance, thereby yielding enhanced predictive accuracy. One of the 

most auspicious machine learning strategies within this realm is the implementation of Long Short-Term 

Memory (LSTM) networks. LSTMs (a specific category of recurrent neural networks (RNNs)) are 

particularly adept at analysing sequential data. Kumar, Singh and Goel (2021) harnessed LSTMs to construct 

models of borrower repayment histories and discovered that these networks significantly eclipsed traditional 
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models in detecting early indicators of default. Furthermore, Patel and Mehta (2021) conducted a 

comprehensive review of various studies focusing on LSTMs, underscoring their capacity to encapsulate 

temporal dependencies and forecast credit risk over prolonged durations. However, this innovative approach 

is not without its challenges; because of the complexity inherent in LSTM architectures, careful consideration 

must be given to model tuning and data preparation. 

Chowdhury, Das and Roy (2019) utilized long short-term memory (LSTM) networks to predict loan defaults 

within Indian public sector banks, achieving remarkably high accuracy rates. Their findings imply that  

LSTMs can effectively manage expansive, multidimensional datasets; this capability renders them a valuable 

instrument for non-performing asset (NPA) management. However, one must consider the complexities 

involved in data pre-processing and model training, as these factors can significantly influence outcomes. 

Although the results are promising, further research is necessary to validate these findings across different 

financial contexts, because variations in economic conditions may yield divergent results. 

4 Integration of Alternative Data Sources 

The integration of alternative data sources has surfaced as a pivotal domain of inquiry within the realm of 

credit monitoring. Traditional credit scoring systems predominantly depend on structured financial data (e.g., 

income and repayment history). However, the incorporation of non-traditional data—such as utility bill 

payments, social media sentiment and transactional data—has the potential to enhance model performance, 

particularly for borrowers who possess limited credit histories (Demirguç-Kunt et al., 2018). Sengupta and 

Bhattacharya (2017) conducted a thorough exploration of the application of alternative data in credit 

monitoring, emphasizing its capacity to refine the granularity of risk assessments. Their  investigation 

demonstrated that the amalgamation of traditional metrics with alternative data yielded more comprehensive 

borrower profiles. Zeng et al. (2022) further bolstered this perspective, revealing that alternative data 

significantly improved the robustness of machine learning models, particularly in regions characterized by 

underbanked populations. Although the promise of alternative data is compelling, it is imperative to navigate 

the complexities associated with its implementation, because this can lead to unforeseen challenges and 

ethical considerations. 

Natural Language Processing (NLP) has indeed garnered significant attention within the realm of credit 

monitoring. Sharma and Verma (2022) elucidated the implementation of NLP methodologies in the 

examination of unstructured text data—examples include loan application notes and customer reviews. By 

extracting valuable insights from these diverse sources, banks can enhance their comprehension of borrower 

behaviour. This process, in turn, facilitates their capacity to render more informed lending decisions; 

however, it also introduces complexities. The ability to analyse data effectively is crucial (1) because it 

enhances decision-making. However, the challenges associated with data variability must not be overlooked, 

for they can complicate the analytical process. Although the potential for improvement exists, the efficacy 

of such techniques is contingent upon the quality of the underlying data. 
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5 Ethical and Explainability Challenges 

As machine learning (ML) systems increasingly integrate into the domain of credit monitoring, ethical 

considerations and the imperative for explainable AI (XAI) have emerged as critical focal points. Lipton 

(2016) underscored the inherent opacity of black-box models—exemplified by deep neural networks—that 

often lack the requisite interpretability. This deficiency in transparency creates significant challenges for 

regulatory compliance and erodes stakeholder trust. 

Mishra and Ghosh (2020) elucidated instances of algorithmic bias manifesting within ML models, wherein 

specific borrower groups faced unjust disadvantages. They accentuated the necessity of implementing 

fairness-aware algorithms (to) alleviate these biases and promote equitable decision-making. Furthermore, 

Sharma and Verma (2022) highlighted the importance of XAI frameworks, including SHAP (Shapley 

Additive Explanations) and LIME (Local Interpretable Model-Agnostic Explanations), in enhancing the 

interpretability of ML models. These methodologies facilitate a deeper understanding of the factors 

influencing model predictions, thereby bolstering accountability; however, the challenge remains significant.  

6 Real-World Implementation Challenges 

While machine learning (ML) presents considerable advantages, its application in the real world encounters 

a plethora of challenges. Mohan and Prasad (2019) elucidated that issues related to data quality—such as 

incomplete or inconsistent records—frequently impede the effectiveness of ML models. Furthermore, the 

integration of ML systems with legacy infrastructure within public sector banks constitutes a significant 

hurdle.  

Regulatory compliance emerges as another paramount concern. The Basel Committee on Banking 

Supervision (2017) underscored the necessity of aligning ML-driven credit monitoring systems with pre-

existing regulatory frameworks. However, Sengupta and Vardhan (2017) pointed out that regulatory 

ambiguity often engenders uncertainty for banks that are adopting new technologies.  

Scalability remains a pressing issue; Dash et al. (2021) examined the difficulties associated with scaling ML 

models for real-time credit monitoring in expansive financial institutions. They proposed that advancements 

in cloud computing and distributed systems could potentially mitigate these challenges, thereby enabling 

banks to process and analyse data at scale. 

7 Comparative Analysis of Public and Private Sector Banks 

The efficacy of machine learning (ML) systems within public sector banking institutions frequently trails 

behind that observed in their private sector counterparts—this phenomenon can be attributed to variances in 

technological adoption and resource allocation. Kaur and Singh (2021) executed a comparative analysis,  

elucidating that private banks tend to adopt ML technologies for credit monitoring more proactively. This 
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disparity underscores the necessity for targeted strategies aimed at augmenting ML adoption within the public 

sector banks.  

Rajeev and Mahesh (2019) examined the ramifications of economic downturns on non-performing asset 

(NPA) levels in public sector banks, contending that these institutions display heightened vulnerability to 

external shocks, primarily due to their policy-driven lending obligations. They posited that ML systems could 

potentially alleviate these risks by furnishing early warning signals and facilitating proactive interventions. 

However, such implementation remains contingent upon a willingness to embrace transformative 

technologies. 

Research Gap 

1. Limited Empirical Studies: The majority of investigations concerning machine learning (ML) 

within the domain of credit monitoring predominantly emphasize theoretical frameworks or small-

scale experimental paradigms. However, there exists a notable paucity of empirical research 

pertaining to the real-world application of these models in public sector banks. This lack of 

comprehensive study is particularly concerning because the implications of ML deployment could 

significantly enhance operational efficacy. Although some preliminary findings have emerged, the 

depth of analysis remains insufficient to draw definitive conclusions about the potential benefits and 

challenges faced by these institutions. (Anand & Kaushal, 2021; Goyal & Jha, 2021). 

2. Underexplored Advanced Models: Although LSTMs (Long Short-Term Memory networks) have 

demonstrated considerable promise in various fields, their application within the realm of credit 

monitoring remains somewhat constrained. This limitation is evident, as few studies have thoroughly 

examined the deployment challenges associated with these advanced algorithms. However, the 

potential benefits of utilizing LSTMs in this context are significant, because they could enhance the 

predictive accuracy of credit assessments. Nevertheless, further research is imperative to address the 

existing gaps in understanding and to effectively implement these models in practice. (Kumar et al., 

2021). 

3. Integration of Alternative Data: Practical frameworks for the incorporation of alternative data into 

machine learning (ML) models remain insufficiently developed, despite their demonstrated potential. 

However, the absence of robust methodologies impedes advancements in this domain. Although 

several researchers have acknowledged the significance of alternative data, the integration process 

proves complex; this complexity can be attributed to various factors. Because of these challenges, 

many practitioners find it difficult to leverage the full capacity of alternative data sources. 

Consequently, further investigation is necessary to establish effective frameworks that can facilitate 

seamless integration. (Sengupta & Bhattacharya, 2017; Gupta & Jain, 2021). 

4. Ethical AI Practices: Investigations into fairness-aware algorithms and explainable artificial 

intelligence (AI) within the realm of Non-profit Organization (NPA) management remain inadequate; 

thus, significant deficiencies in transparency and accountability persist. Although some progress has 
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been made, the existing body of research is limited. This limitation is particularly concerning because 

it hinders the development of robust frameworks that could enhance ethical practices. However, 

without a comprehensive understanding of these algorithms, stakeholders may struggle to trust the 

outcomes they produce. Therefore, it is imperative to address these gaps to foster a more equitable 

and transparent environment. (Sharma & Verma, 2022). 

5. Scalability and Real-Time Monitoring: Few studies explore the design of scalable ML systems 

capable of continuous, real-time credit monitoring (Chowdhury et al., 2019). 

Future Directions 

1. Longitudinal Studies represent a pivotal avenue of inquiry: by conducting comprehensive 

longitudinal research, one can assess the efficacy of machine learning (ML) models within authentic 

banking environments, emphasizing both robustness and scalability.  

2. Advanced Hybrid Models emerge as another significant development; they necessitate the creation 

of hybrid frameworks that effectively intertwine traditional statistical methodologies with deep 

learning techniques to achieve a delicate balance between accuracy and interpretability.  

3. Ethical AI Implementation is critical; it is imperative to prioritize the formulation of fairness-aware 

algorithms alongside explainable AI (XAI) frameworks, particularly to mitigate ethical and 

regulatory apprehensions.  

4. Alternative Data Integration, therefore, demands innovative approaches: designing pragmatic 

strategies for the assimilation of alternative data sources into ML models is essential, especially in 

light of data quality and privacy compliance considerations.  

5. Real-Time Analytics provides yet another intriguing domain of exploration; by investigating online 

learning techniques and leveraging distributed computing, one can facilitate real-time credit 

monitoring and implement proactive risk management strategies.  

However, these multifaceted challenges require a nuanced understanding of both technical and ethical 

dimensions, for it is only through such an integrative lens that one can truly appreciate the complexities 

at play in these transformative fields. 
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Machine learning (ML) presents an opportunity that is truly transformative for the enhancement of Non-

Performing Asset (NPA) management within public sector banks. By addressing the limitations inherent in 

traditional credit monitoring methodologies, ML techniques offer advanced predictive capabilities and 

adaptability to evolving risks. However, it is crucial to acknowledge that significant challenges exist; these 

include ethical concerns, scalability issues and data integration hurdles that must be addressed. Future 

research should, therefore, focus on developing robust, transparent and scalable frameworks that can 

modernize NPA tracking and ultimately strengthen public sector banking resilience. Although these 

frameworks are necessary, the complexity of implementation cannot be underestimated, because it requires 

a multifaceted approach to overcome the existing barriers. This multifaceted approach should be systematic 

and inclusive, ensuring that all stakeholders are adequately represented and that their concerns are addressed. 
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