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Abstract  
In the evolving landscape of banking, effective credit risk management (CRM) is 
crucial for maintaining financial stability and optimising performance. 
Commercial banks face numerous challenges in managing credit risk, which can 
significantly impact their overall performance and resilience. Understanding the 
relationship between CRM challenges and bank performance, along with the 
mediating role of best practices, is essential for navigating the complexities of 
modern banking systems, an area often overlooked in previous financial risk 
management literature. This study, therefore, investigates the impact of CRM 
challenges on bank performance, with a particular focus on the mediating role of 
CRM best practices. Employing a mixed-method research approach, the study 
integrates qualitative insights from credit risk experts with quantitative analysis 
using Partial Least Squares Structural Equation Modelling (PLS-SEM) to assess the 
effects of operational, regulatory, and technological challenges on bank 
performance. Initial findings highlight specific best practices that can mitigate 
these challenges and enhance banks' capacity to manage credit risk despite 
resource constraints. This research thus contributes to the existing literature by 
advancing the understanding of CRM dynamics in emerging markets and offering 
insights for banking practitioners and policymakers. The study also supports the 
development of adaptable CRM practices that strengthen stability and resilience 
within Jordan’s banking sector, with broader implications for similar markets. 
 
Keywords: credit risk, bank performance, best practices, SEM analysis, financial 
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1. Introduction  
The dynamics of the global financial landscape have undergone substantial 
transformations in recent years, marked by heightened volatility, intricate 
regulatory frameworks, and rapid technological developments. Within this 
environment, the banking sector assumes a pivotal role in maintaining economic 
stability and promoting growth, particularly in developing and emerging markets 
(Adel & Naili, 2024; Mateev et al., 2021; Sonjit et al., 2021c). At the centre of this 
complex financial ecosystem lies the critical function of credit risk management, 
which has become increasingly challenging yet indispensable for ensuring the 
stability, profitability, and overall performance of banking institutions (Jungo et 
al., 2022). Credit risk, defined as the potential for a borrower to default on their 
financial obligations, represents one of the most significant vulnerabilities to bank 
performance and financial system stability (Jiménez & Saurina, 2004). The 2008 
global financial crisis and subsequent economic turbulence have had a profound 
impact on our understanding of the importance of effective credit risk 
management practices (Reddy et al., 2014). These events have underscored the 
need for a deeper understanding of the complexities of challenges banks face in 
managing credit risk, as well as the strategies they can employ to mitigate these 
challenges effectively (Dacre, Eggleton, Gkogkidis, et al., 2021; Eggleton et al., 
2023). 
 
Thus far extant research has examined various facets of credit risk management 
and its impact on bank performance. For example, studies have investigated the 
direct relationships between credit risk factors and key performance metrics, such 
as asset quality ratios (Akhanolu et al., 2020) and net interest margins (Oke & 
Wale-Awe, 2018). Furthermore, researchers have explored the influence of 
macroeconomic factors on bank performance, including the impact of GDP 
growth rates, inflation rates, and exchange rate fluctuations (Nguyen & Nguyen, 
2018). Despite these significant contributions, there remains a notable lacuna in 
our understanding of how banks effectively navigate the complex interplay 
between credit risk challenges and best practices. This knowledge gap is 
particularly pronounced in emerging markets, where banks often operate under 
unique economic pressures, evolving regulatory frameworks, and operational 
constraints that may differ substantially from those in more developed economies. 
Insights from risk management practices in other sectors, such as critical 
infrastructure projects (Dacre, Yan, Dong, et al., 2024; Manh et al., 2024), also 
highlight the broader applicability of systematic approaches to risk, which can be 
adapted to bolster credit risk management in banking (Al-Mhdawi et al., 2024). 
 
The banking sector of Jordan presents an exemplary case study for investigating 
the complexities of credit risk management in emerging markets (Alalwan et al., 
2015; Alalwan et al., 2016; Dacre, AlJaloudi, et al., 2024). As a pivotal institution in 
the Middle East and North Africa (MENA) region, Jordan's financial system has 
demonstrated remarkable resilience in the face of regional instability and global 
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economic instability (Adel & Naili, 2024). However, it also confronts unique 
challenges in credit risk management, which are shaped by factors such as 
macroeconomic volatility, regulatory regime shifts, and the imperative for 
technological integration (Mateev et al., 2021). A critical examination of how 
Jordanian banks navigate these complexities and implement best practices in 
credit risk management can provide valuable insights that transcend the MENA 
region to other emerging markets and the broader banking sector. This study 
therefore seeks to address a significant knowledge gap in the existing literature by 
adopting a mixed-methods approach, which integrates qualitative insights from 
industry experts with quantitative analysis using Partial Least Squares Structural 
Equation Modelling (PLS-SEM). The application of advanced methodologies, 
including artificial intelligence (Corbin et al., 2024; Dacre & Kockum, 2022a; 
Mohamed et al., 2024) and systemic modelling and data analytic techniques 
(Brookes et al., 2020; Dacre & Kockum, 2022a; Dacre et al., 2020), has become 
increasingly significant in credit risk management, affording banks enhanced 
predictive capabilities and effective risk mitigation strategies (Al-Mhdawi, Dacre, 
et al., 2023). Thus, leveraging this combined interdisciplinary methodology 
(Reynolds & Dacre, 2019), this research aims to contribute meaningfully to our 
understanding of credit risk management in emerging markets and inform the 
development of effective strategies for banking institutions worldwide (Jungo et 
al., 2022). 
 
2. Literature Review 
2.1 Credit Risk Management and its Influence on Bank Performance 
Credit risk management (CRM) stands as a fundamental concern for banks, 
directly influencing their stability and profitability (Saleh & Abu Afifa, 2020). 
Defined as the risk that borrowers will fail to meet their financial obligations, 
credit risk has been the focus of considerable research aiming to reduce 
vulnerabilities within financial systems (Barboza et al., 2017). Early work in CRM 
laid the foundation for modern practices, emphasising the importance of 
managing credit exposure to protect bank performance and foster financial 
stability (Altman & Saunders, 1997; Cebenoyan & Strahan, 2004). This perspective 
has evolved significantly with studies indicating that CRM frameworks should 
adapt to an increasingly complex financial landscape characterised by new 
regulatory demands, economic uncertainty, and technological advancements 
(Saunders & Allen, 2010; Van Gestel & Baesens, 2009). 
 
In response to these regulatory pressures, the influence of frameworks such as the 
Basel Accords has been significant in shaping CRM practices across the banking 
sector (Altman & Saunders, 1997). These regulatory requirements mandate the 
maintenance of sufficient capital reserves, which in turn underpins systemic 
stability and mitigates risk exposure (Kashyap & Stein, 2004). However, the 
strictness of these regulations may, in contrast, constrain the operational flexibility 
of banks, potentially limiting their adaptability and competitiveness within 
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evolving markets (Bessis, 2011; Van Gestel & Baesens, 2009). In emerging markets, 
where regulatory frameworks can be fluid or less established, CRM practices are 
likely to evolve in response to both shifting regulatory demands and unique local 
market dynamics (Dong & Dacre, 2024), fostering a continuous interplay that 
invites further exploration (Harb et al., 2023; Ismail & Ahmed, 2023). Thus, 
regulation emerges as both a stabilising force and a source of challenge, 
influencing CRM’s development in varied market contexts. 
 
Amid these regulatory priorities, the task of accurately assessing credit risk has 
spurred the evolution of CRM methodologies, particularly with the advent of 
machine learning (Bussmann et al., 2021). Traditionally, CRM relied on 
established risk assessment models, but recent innovations in data science now 
allow banks to process larger datasets and achieve greater predictive precision 
(Babenko et al., 2021; Montevechi et al., 2024). This shift towards data-centric 
approaches underscores machine learning's transformative potential within CRM, 
while simultaneously introducing critical considerations regarding model 
interpretability (Bao et al., 2020).  
 
Advanced techniques such as decision trees, random forests, and neural networks, 
have shown an ability to outperform traditional models when applied to complex 
datasets, including customer behavioural data and macroeconomic indicators 
(Breiman, 2001; Hsu et al., 2021a; Hsu et al., 2021b). However, the opacity of these 
“black-box” models has prompted calls for frameworks that reconcile predictive 
performance with transparency to engender decision-makers' trust (Alvi et al., 
2024; Chang et al., 2024; Giudici et al., 2019). Thus, current CRM practices 
represent a synthesis of traditional methodologies with sophisticated, data-driven 
techniques designed to meet market demands, while adhering to ethical and 
transparent standards in credit risk management (Doumpos et al., 2019; Kumari 
et al., 2024). 
 
Further deepening the scope of CRM, researchers have explored its broader 
impact on bank performance beyond risk reduction alone (Temba et al., 2024). 
Strategic CRM has been associated with not only a reduction in default rates but 
also enhanced profitability and asset quality, underscoring CRM’s potential as a 
driver of financial success (Duho et al., 2023; Eggleton et al., 2021; Zhang et al., 
2016). In emerging markets such as Jordan, CRM is particularly challenging due 
to economic volatility and the subjective nature of some credit approval processes. 
Here, studies suggest that banks which adapt CRM strategies to fit local conditions 
are better able to manage risk and enhance their performance, though subjective 
decision-making still plays a role, especially in smaller institutions where CRM 
practices may not be as formalised (Bekhet & Eletter, 2012; Harb et al., 2023). These 
findings suggest that CRM, when effectively adapted to local and regulatory 
contexts, can serve as a competitive advantage in navigating the evolving 
landscape of modern banking. 
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2.2 Operational, Regulatory, and Technological Challenges in Credit Risk 
Management 

Operational challenges within CRM stem from internal limitations, such as 
constrained resources, outdated infrastructure, and reliance on subjective 
decision-making (Fadun & Silwimba, 2023). In Jordan, many banks, especially 
smaller institutions, may struggle with these issues, as limited technological 
capacity and expertise hinder the implementation of advanced, data-driven risk 
assessment models (Cipovová & Dlasková, 2016; Elsilä, 2015). In such 
environments, CRM processes often rely on basic methodologies or human 
judgement, which can introduce bias and reduce the accuracy and consistency of 
risk assessments (Bastos & Matos, 2022; Becha et al., 2020). Limited resources also 
inhibit banks’ ability to develop or attract staff with specialised CRM expertise, 
creating operational bottlenecks that restrict the adoption of systematic, data-
oriented risk assessment tools (Al-Mhdawi, O'Connor, et al., 2023; Al-Mhdawi, 
Qazi, et al., 2023; Koopman & Lucas, 2005). This lack of operational flexibility 
prevents banks from evolving CRM practices in response to market demands, 
resulting in a cycle where limited capacity exacerbates exposure to external 
economic pressures (Hong et al., 2014). 
 
Regulatory requirements add another layer of complexity, with frameworks such 
as the Basel Accords imposing strict capital and risk-weighted asset guidelines 
intended to promote systemic stability (Thakor, 2014). While these standards are 
crucial for reducing overall financial risk, they can restrict a bank’s operational 
flexibility, particularly during economic downturns when maintaining capital 
reserves becomes more challenging (Drumond, 2009; Van Gestel & Baesens, 2009). 
For example, the procyclical effects of Basel II have been shown to tighten credit 
conditions during recessions, potentially undermining the stability that these 
frameworks are designed to support (Fraisse & Laporte, 2022). In emerging 
markets, regulatory compliance can impose a financial strain that reduces 
profitability and affects banks’ competitive standing, requiring careful balancing 
between regulatory adherence and sustainable growth (Cipovová & Dlasková, 
2016; Koulafetis, 2017). 
 
Technological innovations, while offering significant benefits in terms of 
predictive power, also present banks with substantial integration and compliance 
challenges (Frame & White, 2014; Gong et al., 2022). Adopting advanced models 
such as machine learning requires substantial upfront investments in 
infrastructure, data management, and model validation processes (Barboza et al., 
2017; Hsu et al., 2021a; Hsu et al., 2021b). The importance of adhering to 
established standards, as observed in other sectors such as satellite systems, where 
compliance improves reliability and mitigates critical failures, is similarly relevant 
for financial institutions managing CRM technologies (Xu et al., 2023). For 
Jordanian banks, integrating such technologies can be prohibitive where limited 
technical expertise and financial resources may exist between the potential of 
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advanced CRM models and their practical application. Smaller institutions face 
barriers in acquiring the technical expertise and resources necessary to implement 
these technologies effectively, creating a gap between technological potential and 
practical application (Yan et al., 2015). Additionally, models such as deep learning 
algorithms often lack interpretability, which is a significant barrier to compliance, 
as regulatory bodies increasingly require transparency in CRM practices to avoid 
unethical or biased decision-making (Bussmann et al., 2021; Luo et al., 2017). This 
opacity is a substantial compliance issue, as regulatory bodies increasingly 
mandate transparency in AI-driven CRM processes to prevent unethical or biased 
outcomes (Dwivedi et al., 2021). Bussmann et al. (2021) suggest that explainable 
AI (XAI) models, such as those utilising Shapley value decomposition, can address 
this by providing variable-level contributions to model predictions, thereby 
enhancing transparency and accountability. 
 
The use of Shapley values, derived from cooperative game theory, allows banks 
to break down each prediction by attributing portions of the outcome to specific 
variables (Černevičienė & Kabašinskas, 2024). This approach provides both a 
personalised and comprehensive explanation for each decision, addressing 
regulatory expectations for interpretability (Bussmann et al., 2021). However, 
implementing Shapley-based models also requires significant resources, from 
data preparation to post-processing analysis, further straining smaller institutions 
that may lack the technical or financial means to deploy these complex models 
effectively (Kockum & Dacre, 2021; Yan et al., 2015). Additionally, even though 
Shapley values improve model transparency, they increase computational 
demands, as calculating these values across extensive datasets is resource-
intensive (Milojević & Redzepagic, 2021; Zhang, 2024). In the following table we 
summarise key CRM challenges supported by existing literature. 
 
Table 1:  CRM Challenges 

Challenge 
Type 

Description Associated Best Practices Impact on 
Performance 

Operational Resource constraints, 
outdated infrastructure, 
and reliance on 
subjective decision-
making hinder credit risk 
assessments, particularly 
in smaller banks (Becha 
et al., 2020; Fadun & 
Silwimba, 2023). 

Standardisation of 
training and processes, 
and data governance to 
reduce bias and improve 
consistency (Chen et al., 
2024; Saltz et al., 2018). 

Reduces risk 
through improved 
consistency, though 
it may limit 
adaptability for 
institutions with 
fewer resources 
(Cipovová & 
Dlasková, 2016). 

Regulatory Strict regulatory 
frameworks, such as 
Basel Accords, require 
capital reserves and risk-
weighted assets, 
reducing operational 
flexibility (Bessis, 2011; 

Compliance with Basel III 
guidelines, flexible 
capital allocation models 
to adapt to regulatory 
shifts (Drumond, 2009; 
Thakor, 2014). 

Promotes stability 
but may constrain 
flexibility and 
profitability, 
especially during 
downturns (Fraisse 
& Laporte, 2022). 



 7 

Van Gestel & Baesens, 
2009). 

Technological Advanced models like 
machine learning are 
needed for predictive 
accuracy, but integration 
and compliance present 
challenges, especially in 
smaller banks (Bussmann 
et al., 2021; Luo et al., 
2017). 

Implementation of XAI 
models for transparency, 
alongside investments in 
data management and 
model validation 
(Bussmann et al., 2021; 
Černevičienė & 
Kabašinskas, 2024). 

Enhances predictive 
accuracy and 
compliance but is 
resource-intensive, 
often inaccessible for 
smaller institutions 
(Yan et al., 2015). 

 
In summary, our review of the literature suggests that CRM is essential for bank 
stability and profitability, especially amid economic volatility, regulatory 
demands, and rapid technological change (Bussmann et al., 2021; Saleh & Abu 
Afifa, 2020). While advanced CRM techniques such as machine learning enhance 
predictive accuracy, they also create operational and compliance challenges, 
particularly for smaller institutions in emerging markets (Černevičienė & 
Kabašinskas, 2024; Yan et al., 2015). 
 
3. Methodology 
This study employs a mixed-method research design to examine the mediating 
role of CRM best practices in mitigating the effects of credit risk challenges on 
bank performance (Greene et al., 1989; Reynolds & Dacre, 2019; Tashakkori, 2010). 
In the qualitative phase, we are conducting semi-structured interviews with a 
number of credit risk experts in Jordan to capture preliminary insights into 
prominent CRM challenges and effective practices specific to the region. 
Purposeful sampling guides the participant selection, focusing on individuals 
with extensive CRM experience to provide contextually relevant insights 
(Palinkas et al., 2015). Interview data are being analysed using thematic analysis, 
a technique that enables us to identify key themes related to economic, 
operational, regulatory, and technological challenges, along with foundational 
CRM best practices addressing these areas (Clarke & Braun, 2017). 
 
In the subsequent quantitative phase, Partial Least Squares Structural Equation 
Modelling (PLS-SEM) will be employed to statistically validate the relationships 
identified during the qualitative phase. This model will allow us to assess both the 
direct and indirect effects of CRM challenges on bank performance, specifically 
focusing on the mediating role of CRM best practices (Sarstedt et al., 2021). PLS-
SEM is well-suited to our exploratory goals due to its effectiveness in handling 
complex, multi-variable relationships and its suitability for smaller sample sizes 
(Chin, 1998). Through this mixed-method approach, we aim to provide a deeper 
understanding of the impact of CRM challenges on bank performance, alongside 
insights into the extent to which best practices can mediate these effects, offering 
valuable direction for practitioners and policymakers in the banking sector.  
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4. Results and Discussion 
Our initial insights suggest that “best practices” in CRM represent a set of widely 
endorsed, systematic approaches developed to strengthen banks’ abilities to 
identify, evaluate, and mitigate risks effectively, thus contributing to overall 
financial stability (Gavalas & Syriopoulos, 2014). However, through preliminary 
analysis, we observe that these best practices, while theoretically universal, face 
practical challenges when applied across institutions with varying sizes, 
resources, and operational constraints (Cheng et al., 2024). This observation is 
consistent with literature indicating that CRM frameworks must be tailored to the 
complex and dynamic financial environment, particularly as banks in emerging 
markets encounter distinct pressures and operational constraints (Harb et al., 
2023; Mateev et al., 2021). This early finding underscores the need to critically 
examine how CRM best practices function in real-world settings, as their impact 
may vary significantly depending on the specific context of each bank. In order to 
clarify the practical impact of each best practice, we summarise the key CRM best 
practices in Table 2. 
 
Table 2: CRM Best Practice 

CRM Best 
Practice 

Description Impact on Performance 

Data 
Governance 
Policies 

Structured policies ensuring data 
accuracy, consistency, and 
compliance within CRM models 
(Alnor et al., 2024; Boot & Thakor, 
2012). 

Ensures reliable data for CRM, 
contributing to informed 
decision-making and regulatory 
compliance (Winkler, 2013). 

Adaptive 
Capital 
Allocation 

Flexible capital models that adjust 
reserves based on economic 
conditions to improve adaptability 
(Drumond, 2009; Thakor, 2014). 

Enhances financial stability and 
resilience to market shifts, 
particularly in volatile 
environments (Fraisse & Laporte, 
2022). 

XAI Models AI models with transparent, 
interpretable results that comply with 
regulatory standards (Bussmann et 
al., 2021; Černevičienė & Kabašinskas, 
2024). 

Improves predictive accuracy 
while meeting regulatory 
transparency requirements, 
supporting compliance (Dwivedi 
et al., 2021). 

Standardised 
Training & 
Processes 

Uniform training programs and 
process standardisation to reduce 
human bias in credit assessments 
(Chen et al., 2024; Saltz et al., 2018). 

Increases assessment consistency, 
reduces bias, and strengthens risk 
management efficiency 
(Pokrovskaya, 2019). 

 
At the core of CRM best practice lies data governance, a foundational approach to 
managing data integrity and compliance within CRM models (Alnor et al., 2024). 
Effective data governance is intended to ensure that the data underpinning risk 
models are accurate, consistent, and compliant with regulatory standards, thereby 
enabling more precise risk assessments and informed decision-making (Boot & 
Thakor, 2012). In practice, however, implementing data governance requires 
significant investment in infrastructure, analytics, and personnel, resources that 
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smaller institutions may lack (Winkler, 2013). Consequently, smaller bank, lacking 
the resources to maintain high data governance standards, face increased 
vulnerability to data inconsistencies and regulatory pressures, challenging the 
feasibility of data governance as a universal best practice (Chen et al., 2024; Saltz 
et al., 2018), further emphasising the operational challenges highlighted in 
previous research (Cipovová & Dlasková, 2016).  
 
From a regulatory perspective, best practices frequently emphasise flexible capital 
allocation models that align with Basel III guidelines, allowing banks to adapt 
their capital reserves in response to economic and regulatory shifts (Wen et al., 
2013). As summarised in Table 1, regulatory frameworks like Basel III provide 
stability but can constrain operational flexibility, a challenge particularly noted in 
our findings. This flexibility benefits larger institutions operating in diverse 
markets by supporting competitive positioning within regulatory standards, 
whereas smaller banks find adaptive capital allocation models costly and 
complex, especially in liquidity-constrained downturns (Pantielieieva et al., 2020; 
Silva Buston, 2016). The regulatory best practice of adaptive capital reserves, while 
beneficial for systemic stability, thus becomes a liability for less-resourced 
institutions, which struggle to balance compliance costs with financial 
sustainability (Alsaleh et al., 2017). This issue resonates with the broader literature, 
which identifies Basel Accords as both a stabilising factor and a challenge to 
operational flexibility in CRM (Bessis, 2011; Van Gestel & Baesens, 2009). 
 
The technological dimension of CRM best practice introduces additional 
challenges (Misheva et al., 2021). XAI models in particular, promise transparency 
in risk assessment by clarifying variable contributions to predictions, which is 
crucial for regulatory compliance, however, their implementation impose 
significant infrastructure, computational power, and expertise, making them 
inaccessible for many smaller institutions and highlighting a gap between 
innovation and practical application (Malik & Singh, 2020; Manukyan & Parsyan, 
2024). Furthermore, the interpretability of XAI models introduces significant 
operational and financial burdens, as these methods require continuous auditing 
and recalibration to maintain compliance, thus intensifying the resource demands 
(Jiang et al., 2023). As a result, while XAI has emerged as a best practice in credit 
risk management for large banking institutions, its practical application remains 
constrained for smaller institutions that lack the capacity to meet the extensive 
resource commitments associated with these advanced technologies (Zhong et al., 
2024). 
 
Operational best practices in CRM also illustrate this imbalance. Standardising 
training, allocating resources, and minimising reliance on subjective judgement 
are recommended practices meant to enhance CRM efficacy across institutions 
(Dillnut, 2006). These practices, though designed to reduce bias and improve 
consistency, often impose procedural rigidity that can conflict with the need for 
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flexibility in institutions operating in volatile or emerging markets, where strict 
adherence to uniform standards may hinder the agility required to respond to 
rapid market changes (Huysentruyt et al., 2021). Agile project management offers 
a practical framework to address this challenge, enabling institutions to adopt 
iterative and adaptive approaches that foster responsiveness to evolving CRM 
demands (Al-Mhdawi, Dacre, et al., 2023; Baxter et al., 2023; Dong et al., 2024; 
Zhang et al., 2023). Agile methodologies, which emphasise collaboration, 
flexibility, and incremental improvements, can equip banks to tackle operational 
and regulatory challenges effectively while maintaining efficiency in dynamic 
environments (Dong et al., 2021a, 2021b; Dong et al., 2022; Sonjit et al., 2021b).  
 
Smaller institutions, however, may lack dedicated CRM personnel or automated 
risk management tools, requiring them to rely on more flexible but less 
standardised approaches that reflect the realities of their operating environments 
(Dacre, 2024; Dacre & Kockum, 2022b; Pokrovskaya, 2019; Sonjit et al., 2021a). In 
order to address these gaps, project management education for future 
professionals plays a critical role, equipping them with essential skills in resource 
management, risk mitigation, and strategic decision-making  (Barber et al., 2021; 
Dacre, Eggleton, Cantone, et al., 2021; Gkogkidis & Dacre, 2023; Pontin & Dacre, 
2024; Tite et al., 2021b). Such education strengthens the ability of banking 
professionals to implement CRM best practices while remaining responsive to 
dynamic and constrained environments (Dacre et al., 2014; Dacre et al., 2019). 
Thus, while operational best practices foster standardisation, they may 
inadvertently constrain the adaptability that certain institutions need to navigate 
diverse regulatory and economic landscapes effectively. 
 
In sum, our preliminary insights suggest that while CRM best practices in data 
governance, regulatory compliance, technology, and operations provide a 
foundation for risk management, they may disproportionately benefit larger 
institutions with greater resources. Smaller institutions, meanwhile, face 
significant constraints in adopting these practices fully, highlighting a need for 
flexible best practices that can accommodate varying levels of institutional 
capacity. This conclusion reinforces the argument that CRM frameworks must be 
adaptable, particularly in the context of emerging markets where institutional 
constraints demand customised solutions (Harb et al., 2023; Nguyen et al., 2023). 
Moving forward, our study aims to investigate these insights further to support 
the development of adaptable best practices in CRM that foster resilience and 
stability across the banking sector, promoting a financial system where 
institutions of all sizes can effectively manage credit risk. 
 
5. Conclusion 
In this paper we set out to examine the impact of CRM challenges on bank 
performance, with particular focus on the mediating role of best practices within 
Jordan’s banking sector. The primary contributions to knowledge lie in advancing 
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the understanding of CRM dynamics in emerging markets, where economic 
pressures, regulatory shifts, and resource limitations create distinct challenges for 
banks (Harb et al., 2023; Saleh & Abu Afifa, 2020). The study extends existing 
literature by underscoring the importance of adaptive CRM frameworks that are 
tailored to local market conditions (Mateev et al., 2021). Additionally, it highlights 
the complexities associated with implementing data-driven CRM practices, 
especially the constraints faced by smaller institutions in adopting advanced 
technologies and meeting regulatory standards (Bussmann et al., 2021; 
Černevičienė & Kabašinskas, 2024). Innovative engagement methods in 
education, such as gamification, can enhance the learning experience for future 
professionals by making CRM concepts more accessible and practical 
(Antonopoulou & Dacre, 2021; Dacre et al., 2015; Dacre et al., 2022; Dacre et al., 
2018; Gkogkidis & Dacre, 2020a, 2020b). Ensuring the sustainability of such 
educational initiatives is crucial to building long-term institutional capacity in 
emerging markets (Dacre, Yan, Frei, et al., 2024; Gkogkidis & Dacre, 2021; Tite et 
al., 2021a). 
 
In terms of practical contributions, this research identifies specific best practices 
that strengthen risk management amidst diverse challenges, offering a framework 
that banks in emerging markets can employ to enhance stability and performance 
(Dillnut, 2006). Tables 1 and 2 consolidate these insights, presenting a structured 
summary of CRM challenges and the impact of best practices, which provide 
banks with a practical reference for implementing effective risk management 
strategies. Furthermore, the study emphasises the requirement of flexible CRM 
strategies that accommodate institutional resource disparities, thereby supporting 
smaller banks in effectively managing credit risk within constrained operational 
settings (Pokrovskaya, 2019). 
 
However, as an ongoing study, the findings presented here are preliminary and 
subject to further refinement. The study’s limitations include its focus on Jordan’s 
banking sector, which may impact the generalisability of the findings to other 
emerging markets. Additionally, the sample size in the qualitative phase, while 
adequate for exploratory insights, restricts the depth of perspectives obtained 
from industry experts. As such several promising avenues exist for future 
research. Studies could examine CRM practices across various emerging markets, 
comparing how local economic and regulatory conditions shape CRM challenges 
and best practices (Babenko et al., 2021). Longitudinal studies would also be 
valuable for observing how CRM practices adapt over time in response to shifting 
regulatory frameworks, particularly as advancements in technology reshape CRM 
processes and data governance. Further research might also investigate the impact 
of CRM best practices on specific performance metrics, such as profitability and 
asset quality, or explore the potential of alternative CRM frameworks that 
incorporate emerging technologies such as XAI (Bussmann et al., 2021). Finally, 
sectoral studies within diverse banking environments could provide insights into 
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how different types of financial institutions, ranging from small community banks 
to large multinational corporations, are affected by and respond to CRM 
challenges. 
 
In conclusion, as the banking sector continues to evolve, the strategies and 
frameworks that underpin effective credit risk management must also advance. 
Embracing innovation and adaptability enables banks to mitigate risk while 
fostering sustainable growth and resilience in complex financial landscapes. 
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