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Abstract 

 This paper evaluates climate change factors and their impact on credit risk management in the banking 

sector of Pakistan. The dataset consists of variables leading to a destabilized climate and banking indicators 

of 32 commercial banks operating in Pakistan between 2015 and 2024. The panel data of four cross-

sectional bank categories; five public sector commercial banks, 20 local private banks, four foreign banks, 

and three specialized banks were collected from the State Bank of Pakistan, while climatic indicator figures 

were extracted from the Climate Change Knowledge Portal of the World Bank and the Food and Agriculture 

Organization (FAO) of the United Nations data. This study is based on two empirical models. In Model-1, 

the dependent variable is non-performing loans, and the climate change indicators temperature anomalies, 

precipitation patterns, sea level rise, flood frequency, and 𝐶𝑂2 emissions are independent variables used to 

quantify climate-driven credit risk. Secondly, Model-2 measures banking profitability in terms of return on 

assets (ROA) and return on equity (ROE) as dependent variables, in relation to loan loss provisioning, 

liquidity ratios, and weighted average capital adequacy ratios as the independent variables. The panel 

Autoregressive Distributed Lag (ARDL) approach was applied to both models in EViews 13. This method 

affirms cointegration in selected types of banks, with cross-sectional heterogeneity revealing that local 

private banks (N=20) and specialized banks (N=3) are significantly more exposed to long-run climate-

induced credit risk compared to foreign and public sector commercial banks. These findings uncover 

variations among cross-sections, revealing structural fragilities in the banking sector, thereby emphasizing 

the critical need for climate-sensitive credit frameworks. The study highlights the importance of integrating 
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advanced environmental, social, and governance (ESG) risk strategies and climate stress testing into 

Pakistan’s banking risk management framework to enhance resilience against climate-related financial 

vulnerabilities. This research directly aligns with the United Nations 2030 Agenda for Sustainable 

Development, specifically Sustainable Development Goal 13 (SDG 13: Climate Action). 

Keywords: Climate Change, Environmental Social & Governance (ESG), Credit Risk Management, 

Sustainable Development Goal 13 (SDG 13), Panel ARDL, Pakistan Banking Sector. 

 

1. Introduction 

The escalating intensity of global climate change has emerged as a critical risk factor for economies 

worldwide (Fan & Gao, 2024). This phenomenon manifests as frequent natural disasters that introduce 

unexpected risks and severe instabilities into global financial markets. The primary anthropogenic and 

environmental drivers disrupting the global climate include greenhouse gas emissions, temperature 

anomalies, rising sea levels, and altered precipitation patterns, all of which culminate in extreme weather 

events. Ample empirical evidence demonstrates that these natural disasters generate systemic credit risk 

and significantly impair banking sector performance (Battiston et al., 2017; Klomp, 2019; Dafermos & 

Nikolaidi, 2021). Because financial sectors serve as the foundational backbone of macroeconomic 

development, understanding these environmental transmissions is paramount. In Pakistan, the banking 

sector is particularly critical, contributing 77% of the total assets of the financial sector dedicated to 

sustaining economic growth (State Bank of Pakistan [SBP], 2024). Consequently, the entire country’s 

financial trajectory is highly exposed to intensifying environmental and economic shocks.  

Pakistan’s banking institutions face severe vulnerabilities from localized climate-induced shocks, including 

catastrophic floods, prolonged droughts, intense heatwaves, storms, and wildfires. These catastrophic 

events directly and indirectly impair commercial operations, destroy physical infrastructure, diminish 

agricultural output, reduce industrial production, and erode the collateral valuation of assets pledged against 

credit facilities. These unpredictable disruptions automatically translate into multi-layered financial risks 

within the commercial banking domain, escalating climate risk drives up borrower default rates, which 



threatens the capital of depositors and can ultimately trigger institutional bankruptcy. This systemic 

vulnerability materializes when borrowers lose their repayment capacities, directly degrading bank balance 

sheets through surging non-performing loan (NPL) ratios. Implementing an effective, climate-sensitive 

credit risk management framework is therefore crucial to mitigating these climate-induced deteriorations 

while bolstering overall institutional performance.  

To address these vulnerabilities, this study is structured around three primary research objectives designed 

to evaluate the empirical association between climate change indicators, credit risk management metrics, 

and banking performance in Pakistan. 

The first objective is to quantify the exact contribution of climate change variables—specifically 

temperature anomalies, carbon dioxide (CO₂) emissions, precipitation patterns, and sea level rise—to the 

accumulation of non-performing loans within the Pakistani banking sector. This objective builds on cross-

country empirical literature indicating that environmental catastrophes drive up NPL volumes. For instance, 

Chen et al. (2023) analyzed data across 101 nations and concluded that natural disasters significantly 

escalate NPL risk exposure. Similarly, Klomp (2014) conducted a rigorous investigation utilizing a sample 

of 160 banks to confirm the direct, destabilizing impact of natural disasters on bank asset quality.  

The second objective examines how internal financial stability indicators namely loan loss provisioning, 

the risk-weighted capital adequacy ratio (CAR), and the liquidity ratio influence the overall operational 

resilience and performance of commercial banks. Loan loss provisioning captures the essential prudential 

measures deployed by banking firms to absorb potential credit losses. Concurrently, maintaining a robust 

CAR ensures that banks retain sufficient capital buffers against risk-weighted assets to uphold solvency 

under stressful market conditions. Furthermore, the liquidity ratio serves as a vital measure of an 

institution's capacity to fulfill short-term obligations without hindering operational efficiency. By modeling 

these factors, this study seeks to clarify how the strategic management of capital adequacy, liquidity, and 

credit provisioning can cushion banks against adverse operational shocks during periods of severe climate-

driven stress. 



5                                                                                        International Journal of Emerging Multidisciplanaries 

 

The third objective evaluates the direct impact of climate-induced credit risks on the core profitability 

indicators of Pakistan’s financial sector: return on assets (ROA) and return on equity (ROE). In recent 

decades, Pakistan has suffered from an increasing frequency and severity of extreme weather events, which 

have decimated agricultural yields, disrupted manufacturing supply chains, and depressed household 

incomes all of which are fundamental determinants of borrower repayment capacities (Pakistan Economic 

Survey, 2023; SBP, 2023). These recurring climate shocks cause sharp spikes in NPLs and necessitate 

higher loan loss provisioning, which ultimately diminishes bank profitability and weakens macroeconomic 

stability (Khan & Ullah, 2022; Ahmad et al., 2020). Extensively mapping the relationship between climate-

induced credit risk and institutional profitability is essential to uncovering the structural fragilities of 

Pakistan’s financial architecture. Ultimately, this empirical inquiry highlights the urgent need for adaptive 

risk management frameworks that seamlessly integrate climate resilience into national financial decision-

making (Battiston et al., 2017; SBP, 2023).  

2. Literature Review 

The literature review establishes a clear relationship between climate change and the deterioration of credit 

quality, reinforcing its downstream implications for bank profitability and performance. While 

macroeconomic and bank-specific factors play stabilizing roles, climate-induced risks remain significant 

determinants of non-performing loans, return on asset and return on equity based on this foundation.  

2.1 Climate Shocks and Financial Vulnerabilities 

Prevailing empirical research demonstrates a robust relationship between climate change stressors and 

heightened credit risk, carrying severe implications for banking sectors in emerging economies like 

Pakistan. Global climate shifts have accelerated the frequency and severity of natural disasters, reshaping 

financial architectures and introducing systemic uncertainties for financial intermediaries (Capasso et al., 

2020; Roncoroni et al., 2021). Environmental shocks—such as temperature anomalies, heatwaves, 

catastrophic floods, and severe droughts—depress household and business income streams, destroy 



productive fixed assets, and erode borrower repayment capacities (Battiston et al., 2017; Ul Mustafa, 

Ansari, & Younis, 2012). These compounding vulnerabilities directly impair commercial banking 

performance by accelerating non-performing loan (NPL) accumulation, suppressing profitability, and 

exposing structural operational weaknesses.  

2.2 Temperature Variability, Emissions, and Systemic Transmission Channels 

Macroeconomic and microeconomic evidence establishes that temperature variability and anthropogenic 

greenhouse gases serve as primary environmental transmission channels to the financial system. 

Temperature anomalies and severe climate fluctuations disrupt long-term economic productivity by 

depressing agricultural yields, lowering manufacturing outputs, and diminishing labor productivity 

(Addoum et al., 2019; Ng et al., 2020; Ortiz-Bobea et al., 2020). Developing nations with shallow financial 

buffers experience deeper, prolonged economic contractions following these environmental shocks (Noy, 

2009; State Bank of Pakistan [SBP], 2022). Furthermore, carbon dioxide 𝐶𝑂2 emissions accelerate wider 

ecological instabilities, exposing financial institutions to both physical risk via asset destruction and 

transition risk via de-carbonization regulatory pressures (Ng & Tao, 2016; IPCC, 2021; Rahat et al., 2023; 

Nguyen et al., 2023; Qadir, Iftikhar, & ul Mustafa, 2025). Despite contributing less than 1% of global 

emissions, Pakistan remains disproportionately vulnerable to intensifying monsoon patterns and glacier 

melt; this structural vulnerability was demonstrated during the devastating 2010 and 2022 nationwide flood 

events, which caused widespread physical asset damage, collapsed collateral values, and triggered acute 

credit defaults (Ahmed et al., 2021; National Disaster Management Authority [NDMA], 2022; Zhao et al., 

2024).  

2.3 Hydrological Risks and Macroeconomic Determinants 

Hydrological extremes, including erratic precipitation, severe flooding, and rising sea levels, actively 

damage credit portfolio quality by disrupting local supply chains and degrading collateral assets (Ahmed et 

al., 2021). These climate shocks reduce core bank profitability specifically Return on Assets (ROA) and 
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Return on Equity (ROE) by inducing credit risk and weakening broader asset performance (Campiglio et 

al., 2021). Concurrently, macroeconomic conditions act as central determinants of credit stability. While 

robust Gross Domestic Product (GDP) growth improves borrower liquidity and lowers default probabilities, 

climate-induced economic contractions drive up NPL volumes and diminish overall banking efficiency 

(Athanasoglou et al., 2008; Beck et al., 2013; International Monetary Fund [IMF], 2021). Consequently, 

controlling for GDP is essential when modeling the climate-credit risk nexus.  

2.4 Internal Bank Buffers and Non-Financial Risk Governance 

Internal financial indicators and institutional risk governance act as vital defense mechanisms to moderate 

climate-driven shocks. Weak internal risk screening worsens NPL accumulation during crises (Louzis et 

al., 2012; Musyoki & Kadubo, 2012). Conversely, maintaining a strong Capital Adequacy Ratio (CAR) 

serves as a primary shock absorber that preserves bank solvency, profitability, and operational resilience 

(Berger & Bouwman, 2009; Tan et al., 2019; Schuwer et al., 2019). Furthermore, ample liquidity positions 

cushion institutions against mass deposit withdrawals and sudden surges in emergency credit demand, 

though proactive loan loss provisioning may temporarily suppress short-term returns (Dietrich & 

Wanzenried, 2014; Brei et al., 2019; Rehbein & Ongena, 2020). Beyond traditional balance sheet metrics, 

adopting Environmental, Social, and Governance (ESG) practices alongside the Task Force on Climate-

related Financial Disclosures (TCFD) framework improves transparency and strategic planning (Shoaib et 

al., 2024; Fair Finance Thailand, 2025). Enterprise Risk Management (ERM) systems similarly enhance a 

bank's capacity to absorb environmental shocks, despite potential short-term profit trade-offs in emerging 

markets like Pakistan when reallocating capital away from high-yield, carbon-intensive industries (Sarfraz 

et al., 2022; Mukhtar Adam et al., 2023).  

2.5 Regional Disparities and Risk-Transfer Gaps 

The vulnerability of financial networks is further compounded by a lack of mature risk-transfer instruments 

in emerging economies. Low insurance penetration leaves commercial markets heavily exposed to post-



disaster losses, preventing the rapid liquidity recovery typically facilitated by parametric insurance or 

structured risk-pooling tools (Ghesquiere & Mahul, 2010; Melecky & Raddatz, 2011; Surminski & Oramas-

Dorta, 2017). Empirical findings across South Asia reinforce these dynamics, showing that catastrophic 

flooding consistently triggers spikes in credit default rates alongside sharp increases in emergency 

reconstruction borrowing (Smith, 2003; International Finance Corporation [IFC], 2021; Baulch & Saleem, 

2022). These regional parallels emphasize the critical need to empirically evaluate how temperature 

variations,  𝐶𝑂2 emissions, rising sea levels, and volatile precipitation patterns affect credit risk frameworks 

and institutional profitability metrics across Pakistan's diverse banking cross-sections. 

2.6 Hypotheses Development 

2.6.1 Environmental Shocks and Asset Quality Transmission 

Physical climate anomalies heavily compromise the financial viability of borrowers by systematically 

destroying collateral infrastructure, depressing localized industrial and agricultural incomes, and 

diminishing debt-servicing capabilities. Chronic shifts in macro-climatic patterns including sudden 

temperature spikes, coastal sea-level intrusion, and irregular precipitation thresholds directly translate 

physical vulnerabilities into institutional credit defaults. Based on these transmission mechanisms, the first 

hypothesis is structured as follows 

𝑯𝟏: Macro-climatic factors (temperature anomalies, sea-level rise, precipitation volatility, and 𝐶𝑂2 

emissions exert a significant, positive long-run impact on non-performing loans within Pakistan's 

commercial banking sector. 

2.6.2 Balance Sheet Buffers and Institutional Squeezes 

Maintaining aggressive loan loss provisioning matrices, elevated capital buffers, and stringent short-term 

liquidity reserves enhances a bank's macro prudential resilience against unexpected defaults. However, 

sustaining these regulatory and precautionary buffers ties up investable funds, limits credit allocation 
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volumes, and imposes high compliance overheads, which can compress short-term corporate returns. This 

trade-off leads to the second hypothesis:  

𝑯𝟐: Internal risk indicators—specifically loan loss provisioning, risk-weighted capital adequacy ratios 

(CAR), and institutional liquidity ratios exert a significant negative effect on short-term commercial 

banking performance. 

2.6.3 Climate-Driven Credit Risk and Corporate Profitability 

When severe weather anomalies degrade a bank's underlying loan portfolio, the resulting surge in NPLs 

structurally alters its income streams. This asset degradation shrinks the volume of interest-generating 

capital, requires larger provisioning expenses, and inflates administrative work related to workouts and 

defaults, ultimately reducing core capital efficiency metrics. Consequently, the final hypothesis is proposed:  

𝑯𝟑: Climate-induced credit risk exposures significantly and negatively impair commercial banking 

profitability indicators, specifically decreasing Return on Assets (ROA) and Return on Equity (ROE). 

2.7  Conceptual Frame work 

  

                                                       

Climate Change Indicators                                          

    (Temp, CO₂, Precipitation, Flood 

                                ↓ 

 

 

                                                                                                                         

                       

                                  ↓ 

 

INDEPENDENT VARIABLES  

Macro-Climatic Shocks  

 Temperature anomalies, Sea level fluctuation, 

Precipitation pattern, CO2 Emission & Hydro 

disaster(Flood) 

       MODERATING MATRIX 

       GDP Growth (Business Cycle) 

      DEPENDENT VARIABLES 

  Credit Risk/ Asset Quality, (Model-1: NPL) 

 

 

INDEPENDENT VARIABLE: Bank-Specific Risk 

Buffers          

      Loan Loss Provisioning (LLP), Capital   Adequacy Ratio 

(CAR), Liquidity Ratio 

           

  BANK PROFITABILITY                              

(Model-2: ROA and ROE) 

 



 The conceptual framework illustrates how climate stressors—including temperature anomalies, rainfall 

deviations, elevated 𝐶𝑂2 emissions, and high-impact hydrometeorological disasters (floods) exert long-run 

pressure on borrower repayment capacities and underlying asset quality. Empirical evidence indicates that 

these unexpected environmental shocks accelerate borrower default probabilities and cause severe collateral 

devaluation, driving up institutional non-performing loans (NPLs) and threatening systemic financial 

stability (Addoum et al., 2020; Battiston et al., 2017; Klomp, 2014). This asset degradation cascades into a 

severe squeeze on bank profitability metrics. Escalating NPL volumes require more intense provisioning 

adjustments, which heavily suppress overall return on assets (ROA) and return on equity (ROE) through 

reduced interest income and elevated credit risk charges (Beck et al., 2013; Bushman & Williams, 2012). 

Concurrently, macroeconomic variables like GDP growth are modeled to capture structural business-cycle 

dynamics, as deep economic downturns regularly amplify credit infection rates and compress institutional 

returns within climate-vulnerable developing economies like Pakistan (Louzis et al., 2012; Nkusu, 2011). 

Ultimately, this integrated pathway enables a comprehensive evaluation of the direct and indirect 

transmission channels shaping climate-driven credit behavior and commercial banking efficiency. 

3. RESEARCH METHODOLOGY 

This section outlines the quantitative research design, data provenance, variable operationalization, and 

econometric strategy deployed to evaluate the transmission channels of climate change indicators onto 

credit risk and commercial banking performance in Pakistan. 

3.1 Research Design and Sample Classification 

This study implements a quantitative, empirical research design utilizing a balanced panel dataset. The 

baseline data spans from 2015 to 2024 on a quarterly frequency (T = 40). Rather than modeling individual 

institutions, the cross-sectional dimension (N = 4) is structured around four major aggregated bank 

categories operating in Pakistan, yielding (160) total panel observations. This Long-T, Short-N panel design 
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provides sufficient dynamic time variation to capture both immediate climate shocks and long-run 

equilibrium relationships.  

The cross-sections are classified as: 

Public Sector Commercial Banks (n = 5) 

Local Private Banks (n = 20) 

Foreign Banks (n = 4) 

Specialized Banks (n = 3) 

Each distinct banking group is assigned a unique categorical ID (1 to 4) to handle institutional and cross-

sectional heterogeneity during estimation. 

3.2 Data Sources and Provenance 

Macro prudential banking metrics and internal financial resilience indicators were extracted from the 

Quarterly Compendium of Statistics published by the State Bank of Pakistan (SBP). Macro-climatic data 

vectors were compiled from standardized international monitoring platforms to ensure comparability and 

reliability (Table 3.1). 

Table 3.1: Data Provenance Matrix 

Variable Category Specific Variable Symbol Data Source 

Dependent (Model-1) / Independent 

(Model-2) 

Non-Performing Loans 

Ratio 
(NPLCR) State Bank of Pakistan (SBP) 

Dependent (Model-2) Return on Assets (ROA) State Bank of Pakistan (SBP) 

Dependent (Model-2) Return on Equity (ROE) State Bank of Pakistan (SBP) 

Independent (Model-1) Temperature Anomaly (TC) 
World Bank Climate Change 

Knowledge Portal 

Independent (Model-1) Precipitation Volatility (PRECIP) 
World Bank Climate Change 

Knowledge Portal 

Independent (Model-1) Sea Level Change (SLC) 
World Bank Climate Change 

Knowledge Portal 

Independent (Model-1) 
Carbon Dioxide 

Emissions 
(CO2) 

Food and Agriculture Organization 

(FAO) 



Independent (Model-1) Acute Flood Frequency (FF) EM-DAT (CRED, 2024) 

Independent (Model-2) Provisioning for NPLs (PNPL) State Bank of Pakistan (SBP) 

Independent (Model-2) Capital Adequacy Ratio (CAR) State Bank of Pakistan (SBP) 

Independent (Model-2) Liquidity Ratio (LR) State Bank of Pakistan (SBP) 

Macroeconomic Control Real GDP Growth (GDPG) 
IMF International Financial Statistics / 

SBP 

 

Data Trim Minimization Note: The initial baseline sample collected comprised 160 potential panel 

observations (N=4, Cross Sections} in times 40). The finalized effective regression sample utilized in the 

dynamic PMG model (Table 4.5) consists of 144 observations. This intentional 10% data compression is 

entirely due to the mathematical loss of lag endpoints during EViews 13 automatic lag selection 

optimization via the Akaike Information Criterion (AIC), combined with balancing adjustments across the 

cross-sections. 

3. 3   Econometric Strategy: Panel ARDL Framework 

Macroeconomic and environmental time series often display mixed integration orders where some variables 

are stationary at levels, I (0), and others are stationary at first differences, I (1) traditional cointegration 

methodologies are prone to spurious regressions. To circumvent pre-testing constraint, this study adopts 

the Panel Autoregressive Distributed Lag (Panel ARDL) model evaluated via the Pooled Mean Group 

(PMG) estimator. The Panel ARDL model captures short-run dynamics and long-run equilibrium among 

climate variables, credit risk indicators, and performance measures. The PMG estimator allows group-

specific short-run responses while constraining long-run coefficients across all banking categories, 

consistent with Pakistan’s unified regulatory environment. The ARDL framework effectively handles 

mixed-order integration, avoiding pre-testing constraints. It controls for omitted variable bias and 

unobserved heterogeneity (Blackburne & Frank, 2007) and the Models are dynamic adjustment processes 

(Loayza & Rancière, 2006). The Panel ARDL is well-suited as per collected data for assessing climate-

induced credit risk to analyses the banking performance in Pakistan. 
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The PMG estimator is highly suited for panels where (T > N). It establishes a rigorous middle ground by 

constraining the long-run equilibrium coefficients to be homogeneous across all bank cross-sections (𝛽𝑖 =

𝛽), reflecting Pakistan’s unified regulatory environment and overarching climate geography. Concurrently, 

it allows short-run coefficients, intercepts, speed of adjustment parameters, and error variances to vary 

freely (𝛽1𝑖𝑗, 𝛼𝑖) to capture the structural variations across public, private, foreign, and specialized banking 

categories. The PMG framework effectively neutralizes unobserved cross-sectional heterogeneity and 

protects against omitted variable bias. 

The generalized ARDL (p, q, q, … q)) error correction equation is specified as: 

             ∆𝑋𝑖𝑡 = 𝛼𝑖 + ∑𝑗=1
𝑝−1

𝜙𝑖𝑗∆𝑋𝑖,𝑡−𝑗∑𝑗=0
𝑞−1 ∑(𝛽1𝑗 ∆𝑉1(𝑖,𝑡−𝑗) + 𝛽2𝑗∆𝑉2(𝑖,𝑡−𝑗) + 𝛽3𝑗∆𝑉3(𝑖,𝑡−𝑗) +

                                     𝛽4𝑗∆𝑉4(𝑖,𝑡−𝑗) + 𝛽5𝑗∆𝑉5(𝑖,𝑡−𝑗) +   … … … … … … … … … . . 𝜆𝑖𝐸𝐶𝑇𝑖,𝑡−1 + 𝜇𝑖,𝑡 

Where; 

 

∆𝑋𝑖𝑡        = Credit Risk in model 1 and the profitability in model 2 for bank i in period t and lag j.  
∆𝑉𝑖𝑡−𝑗    =  the selected explanatory variables  

𝜆𝑖            = 𝑆𝑝𝑒𝑒𝑑 𝑜𝑓 𝐴𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡  

𝐸𝐶𝑇𝑖𝑡−1 = 𝐸𝑟𝑟𝑜𝑟 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑇𝑒𝑟𝑚  

𝜇𝑖𝑡             =  Error term     
β              =  The constant term    
 

3.4 Model Specifications 

To map the dual transmission pathways detailed in the conceptual framework, two distinct empirical models 

are declared in EViews 13. 

                                   Credit Risk =  f (Climate Change factors)          and  

                                   Profitability =  f (Credit Risk) 

 

 

 



Model 1: Climate Change and Credit Risk 

This model evaluates how macro-climatic factors drive the accumulation of non-performing loans. 

Equation 1: 

   ∆𝑁𝑃𝐿𝐶𝑅𝑖𝑡 = 𝛼𝑖 + ∑𝑗=1
𝑝−1

𝜙𝑖𝑗∆𝑁𝑃𝐿𝐶𝑅𝑖,𝑡−𝑗 + ∑𝑗=0
𝑞−1 ∑(𝛽1𝑖𝑗 ∆𝑇𝐶(𝑖,𝑡−𝑗) + 𝛽2𝑖𝑗∆𝐶𝑂2(𝑖,𝑡−𝑗) +

𝛽3𝑖𝑗∆PERCIP(𝑖,𝑡−𝑗) + 𝛽4𝑖𝑗∆𝐹𝐹(𝑖,𝑡−𝑗) + 𝛽5𝑖𝑗∆𝑆𝐿𝐶(𝑖,𝑡−𝑗) +  𝜆𝑖𝐸𝐶𝑇𝑖,𝑡−1 + 𝜇𝑖,𝑡 

Model 2: Credit Risk and Bank Performance 

Model 2 evaluates how climate-driven credit risk (NPLCR) and internal macro prudential safety buffers 

alter the bottom-line profitability metrics (ROA) and (ROE) of commercial bank cross-sections, 

conditioned on the broader business cycle (GDPG).                                        

Equation 2(a) (ROA Specification) 

 

∆𝑅𝑂𝐴𝑖𝑡 = 𝛼𝑖 + ∑𝑗=1
𝑝−1

𝜙𝑖𝑗∆𝑅𝑂𝐴𝑖,𝑡−𝑗 + ∑𝑗=0
𝑞−1

 (𝛽1𝑖𝑗∆𝑁𝑃𝐿𝐶𝑅𝑖,𝑡−𝑗 + 𝛽2𝑖𝑗∆𝑃𝑁𝑃𝐿𝑖,𝑡−𝑗 + 𝛽3𝑖𝑗∆𝐶𝐴𝑅𝑖,𝑡−𝑗

+ 𝛽4𝑖𝑗∆𝐿𝑅𝑖,𝑡−𝑗) + 𝛽5𝑖𝑗𝐺𝐷𝑃𝐺𝑡−𝑗) + 𝜆𝑖𝐸𝐶𝑇𝑖,𝑡−1 + 𝜇𝑖𝑡 

 

Equation 2(b) (ROE Specification) 

 

 

∆𝑅𝑂𝐸𝑖𝑡 = 𝛼𝑖 + ∑𝑗=1
𝑝−1𝜙𝑖𝑗∆𝑅𝑂𝐸𝑖,𝑡−𝑗 + ∑𝑗=0

𝑞−1 (𝛽1𝑖𝑗∆𝑁𝑃𝐿𝐶𝑅𝑖,𝑡−𝑗 + 𝛽2𝑖𝑗∆𝑃𝑁𝑃𝐿𝑖,𝑡−𝑗

+ 𝛽3𝑖𝑗∆𝐶𝐴𝑅𝑖,𝑡−𝑗 + 𝛽4𝑖𝑗∆𝐿𝑅𝑖,𝑡−𝑗) + 𝛽5𝑖𝑗𝐺𝐷𝑃𝐺𝑡−𝑗) + 𝜆𝑖𝐸𝐶𝑇𝑖,𝑡−1 + 𝜇𝑖𝑡 

3.5 Diagnostic Testing Procedures 

To ensure the mathematical validity and robustness of the PMG estimations, a sequential diagnostic 

protocol is executed: 

Panel Unit Root Verification confirms that no series exceeds an integration order of I (1), first-generation 

panel unit root tests including Levin-Lin-Chu (LLC) and Im-Pesaran-Shin (IPS) alongside Fisher type 

Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) tests are conducted. 

Lag-Length Optimization is for the optimal lag structures (p, q) for the individual cross-sections are 

determined via the Akaike Information Criterion (AIC) and Schwarz Bayesian Criterion (SBC) to eliminate 

serial correlation in the residuals. 
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 Long-run cointegration is established directly through the statistical significance, negative sign, and 

magnitude of the estimated Error Correction Term (𝜆𝑖). A significant negative (𝐸𝐶𝑇𝑖,𝑡−1) confirms a stable 

error-correcting feedback mechanism. 

Model stability, structural integrity, and reliability are verified using diagnostic check routines to confirm 

that the estimated parameters are fit for macro prudential policymaking. 

4. EMPIRICAL RESULTS AND DISCUSSION 

Table 4. 1: Descriptive Statistics of Key Variables (2015Q1–2024Q4) 

Variable Mean Median 
Std. 

Dev. 
Maximum Minimum N 

ROA (%) 1.12 1.09 0.41 2.35 0.45 160 

ROE (%) 11.36 11.21 3.52 19.84 5.12 160 

NPL (% of Total 

Loans) 
9.43 9.12 2.87 15.78 4.33 160 

CAR (%) 15.62 15.1 2.45 21.34 11 160 

Provisioning for NPL 

(%) 
5.34 5.21 1.52 8.96 2.14 160 

Liquidity Ratio (%) 25.14 24.98 3.29 33.24 19.15 160 

CO₂ Emissions 

(metric tons/capita) 
0.83 0.85 0.06 0.93 0.72 160 

Temperature Change 

(°C) 
0.79 0.78 0.13 1.12 0.58 160 

Precipitation Change 

(%) 
5.12 4.95 2.61 12.43 –3.21 160 

Sea Level Change 

(mm) 
2.47 2.41 0.63 3.52 1.18 160 

GDP Growth (%) 3.14 3.06 1.79 5.8 –1.4 160 

 

Explanation of Descriptive Statistics 

Table 4.1 outlines the key operational, macroeconomic, and environmental variables. The banking 

sector features moderate profitability, with a mean Return on Assets (ROA) of 1.12% and a Return 

on Equity (ROE) of 11.36%. However, persistent credit risk is highly apparent, with Non-



Performing Loans (NPLs) averaging 9.43%. This indicates vulnerable borrower resilience 

common in developing markets experiencing macro shocks. 

The sector maintains adequate risk mitigates, with a mean Capital Adequacy Ratio (CAR) of 

15.62%, safely outpacing Basel III regulatory floors. Liquidity ratios average 25.14%, but their 

noticeable variation (SD = 3.29%) suggests that institutions adopt varying liquid asset 

management strategies to insulate themselves during climate-induced stress events. High 

variability in NPL provisioning (mean = 5.34%) indicates unequal geographical exposures; banks 

deeply integrated within disaster-prone or flood-affected provinces maintain robust provisioning 

buffers to offset environmental degradation of borrower repayments. 

Concurrently, the environmental parameters validate a severe baseline of climate risk for Pakistan, 

highlighted by a steady temperature anomaly (mean = 0.79°C), severe precipitation shifts (ranging 

from –3.21% to 12.43%), and rising sea levels (mean = 2.47 mm). 

Table 4.2: Panel Unit Root Test Summary (P-Values and Integration Levels) 

Variab

le 

LLC 

(Level) 

IPS 

(Level) 

ADF-

Fisher 

(Level) 

PP-

Fisher 

(Level) 

LLC 

(1st 

Diff) 

IPS (1st 

Diff) 

ADF-

Fisher 

(1st 

Diff) 

PP-

Fisher 

(1st 

Diff) 

Conclus

ion 

ROA 
0.0011*

** 

0.0401*

* 

0.0160*

* 

0.0342*

* 
— — — — I(0) 

ROE 
0.0011*

** 
0.0523* 

0.0259*

* 

0.0465*

* 
— — — — I(0) 

NPLC

R 
0.421 0.9088 0.9558 0.5404 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 
I(1) 

CAR 
0.0101*

* 
0.1369 0.1937 

0.0029*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 
I(1) 

PNPL 0.9999 0.9815 0.4541 
0.0266*

* 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 
I(1) 

LR 
0.0014*

** 
0.1337 0.1806 

0.0044*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 
I(1) 

TC 
0.0242*

* 

0.0066*

** 

0.0168*

* 
0.7023 — — — — I(0) 
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CO₂ 
0.0010*

** 
0.7823 0.1338 0.2238 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 
I(1) 

PREC

IP 
0.2624 

0.0031*

** 

0.0090*

** 
0.7089 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 
I(1) 

SLC 0.0557* 
0.0196*

* 

0.0424*

* 
0.9361 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 
I(1) 

FF 
0.0001*

** 

0.0004*

** 
0.0664* 0.3166 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 
I(1) 

GDP

G 

0.0017*

** 

0.0000*

** 

0.0000*

** 
0.5116 — — — — I(0) 

 

Notes: ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively. Dash 

(—) indicates that testing at first difference was bypassed due to level stationarity. 

 

To ensure the statistical validity of the panel estimation and eliminate the risk of spurious regressions, a 

sequence of first-generation panel unit root tests was conducted (Table 4.2). The empirical results reveal a 

mixture of integration orders across the vectors. Profitability measures (ROA, ROE) and primary 

environmental transmission indicators (TC, GDPG) are stationary at levels, exhibiting an (I(0)) operational 

structure. Conversely, macro prudential banking metrics (NPLCR, CAR), (PNPL,LR) alongside core 

ecological risk variables (𝐶𝑂2), (PRECIP), (SLC), (FF) stabilize exclusively after their first mathematical 

difference, confirming an (I(1)) profile. This structural mix of I(0) and I(1) series confirms that standard 

Johansen cointegration is inappropriate and validates the use of the Panel Autoregressive Distributed Lag 

(Panel ARDL) framework under a Pooled Mean Group (PMG) setup. 

Table 4.3: Kao Residual Cointegration Master Summary 

Test 

Summary 
Value   

Test Type Kao Residual Cointegration  
 

Series ROA, CAR, CO2, FF, GDP, LR, NPLCR, PERCIP, PNPL, SLC, TC 

 

Sample Period 2015Q1 – 2024Q4 
 

Included 

Observations 
160 

 



Null Hypothesis 
H₀: No cointegration (i.e. the variables don’t share a long run 

relationship). 

 

Alternative 

Hypothesis        
H₁: Cointegration exists among the variables. 

Trend 

Assumption 

No deterministic trend: The model assumes that the time series do not 

contain a deterministic linear time trend, which is appropriate when 

the focus is on co-movements rather than trending behavior. 

 

User-specified 

Lag Length 

User-specified Lag Length = 1: A lag of 1 is used in the test, which 

allows for short-run dynamics without overfitting. It helps control for 

autocorrelation in residuals. 

 

Bandwidth 

Selection 

Newey-West (Bartlett kernel) The Newey-West estimator adjusts for 

heteroscedasticity and autocorrelation in the residuals to provide 

robust standard errors. 

 

The Bartlett kernel is a weighting scheme used to smooth the residual 

variance over lags and ensures consistent estimates. 

Statistic Results Value Probability 

ADF t-Statistic –1.3680 0.0857 

Residual 

Variance 

1.1125 (Indicates the variability of the estimated residuals; higher 

values may reflect model noise). 
– 

HAC Variance 

0.1714 (The heteroscedasticity and autocorrelation-consistent (HAC) 

variance helps ensure robustness of the test statistic by accounting for 

autocorrelation and non-constant variance in the residuals). 

– 

 

The Kao (1999) test produced an ADF t-statistic of –1.3680 with p = 0.0857, indicating weak rejection of 

the null at the 10% level. Although not significant at 5%, this provides marginal evidence of long-run 

cointegration among bank performance (ROA), credit risk (NPLCR, PNPL), and climate indicators (CO₂, 

temperature, precipitation, sea level change, flood frequency). The presence of a weak but meaningful long-

run association justifies the use of PMG-based ARDL modelling, which accommodates heterogeneous 

short-run dynamics while restricting long-run relations. 
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Table 4.4: Augmented Dickey-Fuller (ADF) Test on Cointegration Residuals 

4.4 ADF Test on Cointegration Residuals 

Table 4. 4: Augmented Dickey-Fuller Test Equation (Residuals) 

Variable Coefficient Std. Error t-Statistic Prob. 
RESID(–1) –0.4603 0.0867 –5.3115 0.0000 *** 

D(RESID(–1)) –0.2555 0.0805 –3.1723 0.0019 ***      

Model Diagnostics 
    

Statistic Value 
   

R-squared 0.3541 
   

Adjusted R-squared 0.3495 
   

S.E. of Regression 0.9205 
   

Sum Squared Residuals 116.923 

   

Mean Dependent 

Variable 
–0.0199 

   

S.D. Dependent 

Variable 
1.1412 

   

Akaike Info Criterion 2.6863 

   

Schwarz Criterion 2.7283 
   

Hannan-Quinn 

Criterion 
2.7034 

   

Durbin-Watson 

Statistic 
1.9919 

      

 

• RESID (–1) coefficient = –0.4603 (p < 0.01) 

• DRESID (–1) coefficient = –0.2555 (p < 0.01) 

The ADF test on panel residuals strongly confirms residual stationarity: The significant negative 

coefficients indicate rapid mean reversion in deviations from equilibrium, confirming a valid long-

run relationship among variables. Diagnostic indicators (R² = 0.3541, DW = 1.9919) suggest no 

autocorrelation and an appropriately specified error correction process. Kao test & ADF residual 

tests validate long-run cointegration between climate, risk, and profitability variables. 

 

 

 



4.5 Panel ARDL (PMG) Long-run and Short-run Estimates 

Model Summary                 

Feature Details 
    

Method ARDL – Pooled Mean Group (PMG) 
    

Dependent Variable D(ROA) 
    

Sample 2015Q2 – 2024Q1 
    

Observations 144 
    

Cross-sections 4 
    

Lag Structure Automatic (AIC-based) 
    

Selected Model PMG(1,1,0,0,1,0,0,0,0,0,1) 
    

Deterministic Restricted constant, no trend (Case 2) 
    

Log-Likelihood –72.994 
    

      
Long-run Coefficients (Pooled) 

    

      
Variable Coefficient Std. Error t-Statistic p-Value Significance 

CAR 0.1168 0.0254 4.6034 0 *** 

CO₂ 7.094 6.5829 1.0776 0.2831 
 

FF –0.5483 0.2903 –1.8886 0.0611 * 

GDP –0.2182 0.1872 –1.1654 0.246 
 

LR 0.002 0.001 2.0409 0.0432 ** 

NPLCR –0.2421 0.0277 –8.7406 0 *** 

PERCIP 0.00009 0.0048 0.0183 0.9854 
 

PNPL –0.0621 0.0185 –3.3524 0.001 *** 

SLC 0.0439 0.0152 2.8788 0.0047 *** 

TC 2.5644 1.3169 1.9474 0.0536 * 

Constant (C) –7.2387 7.1636 –1.0105 0.3141  
      
Short-run Coefficients (Mean Group) 

    

      
Variable Coefficient Std. Error t-Statistic p-Value Significance 

COINTEQ –0.4043 0.3474 –1.1639 0.2465 
 

D(CAR) 0.0554 0.0271 2.0433 0.0429 ** 

D(GDP) –0.1841 0.0616 –2.9914 0.0033 *** 

D(TC) –0.1360 0.3389 –0.4012 0.6889   

 

The PMG ARDL model selected using AIC highlights both short-run adjustments and long-run 

relationships between climate variables, credit indicators, and ROA. 

The empirical outputs from the PMG estimation (Table 4.5) confirm that climate change indicators act as 

critical, long-run determinants of commercial banking profitability in Pakistan. In the pooled long-run 

model, the Non-Performing Loans Ratio (NPLCR) exerts a highly significant negative impact on (ROA) (β 

= -0.2421, p < 0.01). This confirms that deteriorating borrower debt-servicing capabilities driven by 

environmental stress directly reduces bank returns. Furthermore, acute flood frequency (FF) severely 

damages long-term profitability (β = -0.5483, p < 0.10), pointing to structural capital destruction during 
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climate shocks. Chronic climate risks also present a significant footprint: sea-level change (SLC) and 

temperature anomalies (TC) display positive, significant long-run coefficients (β = 0.0439\) and ( β = 

2.5644), respectively, which likely reflects the inflationary expansion of emergency restructuring credit 

demand within vulnerable economic zones. Conversely, maintaining a robust Capital Adequacy Ratio 

(CAR) (β = 0.1168, p < 0.01) and ample liquidity (LR) (β = 0.0020, p < 0.05) act as successful balance 

sheet buffers that preserve long-term institutional resilience. 

However, the short-run Mean Group dynamics reveal a critical structural gap. The overall error correction 

term (COINTEQ) is negative but statistically insignificant (β = -0.4043, p = 0.2465\)). This insignificance 

indicates that the banking sector as a whole does not automatically converge back toward a stable 

equilibrium following a macro prudential or environmental shock. Instead, short-run adjustments are highly 

fragmented and uneven across bank categories. This behavior is explained by the disaggregated bounds 

testing in Section 4.6, where Local Private Banks (Cross-Section 2) and Specialized Banks (Cross-Section 

4) exhibit highly active, rapid short-run corrections due to their direct exposure to climate-sensitive 

portfolios like agriculture, infrastructure, and small-to-medium enterprises (SMEs). In contrast, public 

sector commercial banks and foreign institutions remain insulated in the short run, breaking the uniformity 

of the panel's error correction path. 

4.6 Panel Autoregressive Distributed Lag bounds test for Cointegration 

It determines the long run cointegration across four cross-sections. 

 

  



Table 4. 6: The Panel Autoregressive Distributed Lag bounds 

 

Null Hypothesis No levels relationship 
  

Trend Type Restricted Constant (Case 2) 

 

Cointegrating Variables (Models) 4 and 10 

 

   

Cross-Section Observations F-Statistic 

1 36 1.9688 

2 36 4.4699 

3 36 1.5729 

4 36 5.7103 

 

The Panel ARDL (Autoregressive Distributed Lag) bounds test for cointegration determines the long-run 

cointegration in selected variables across four cross-sections, under the restricted constant assumption (Case 

2). The F-statistics for cross-sections 1 to 4 were 1.9688, 4.4699, 1.5729, and 5.7103, respectively. 

Interpretation Note 

  10% 5% 1% 

Sample Size I(0) I(1) I(0) I(1) I(0) I(1) 

35 -1 -1 -1 -1 -1 -1 

40 -1 -1 -1 -1 -1 -1 

Asymptotic 1.76 2.77 1.98 3.04 2.41 3.61 

*** Finite sample critical values are valid up to 7 error-correction variables.  
Based on the small-sample 5% upper bound I(1) critical value of 3.04, Cross-Sections 2 and 4 exhibit 

significant long-run cointegration, while Cross-Sections 1 and 3 provide no evidence of a long-run 

equilibrium relationship. This clear divergence confirms structural panel heterogeneity across the banking 

sector. These mixed findings indicate that long-term financial sensitivity to environmental trends is not 

uniform, reflecting distinct institutional differences in risk management frameworks, operational resilience, 

and geographic exposure to physical climate shocks. 

4.7 Panel ARDL Bound Test for Critical Values 

The Panel ARDL Bounds Test critical values are vital for identifying long-run cointegration relationships 

in panel data analysis. 
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Table 4.7: Panel ARDL Bounds – Critical Values 

Significance Level I (0)(Lower Bound) I(1) (Upper Bound) 

10% 1.76 2.77 

5% 1.98 3.04 

1% 2.41 3.61 

 

Note: Finite sample critical values are valid for up to 7 error-correction variables. 

Entries marked -1 for sample sizes 35 and 40 indicate that critical values are not tabulated (replaced by 

asymptotic values instead). 

The disaggregated bounds and short-run matrix tests confirm substantial institutional heterogeneity across 

the panel. Cross-Sections 2 (F = 4.4699) and 4 (F = 5.7103) comfortably exceed the 5% upper bound critical 

threshold of 3.04, rejecting the null hypothesis to establish a stable long-run relationship with climate and 

performance indicators, whereas Cross-Sections 1 and 3 show no evidence of cointegration. This structural 

variation is validated by short-run dynamics; the error correction speed (COINTEQ) is active and highly 

significant only within Model 4 (β = -1.4446, p = 0.0000), signaling rapid equilibrium adjustment, while 

Models 1 through 3 remain insignificant. Furthermore, Model 1 displays unique short-run sensitivity with 

highly significant shifts in capital adequacy (∆CAR), economic growth (∆GDP), and temperature shocks 

(∆TC), proving that physical climate risks accumulate gradually and produce highly localized, uneven 

short-term impacts across the banking sector. 

5. Conclusion 

This study provides robust empirical evidence that climate-change-induced risks have become significant 

long-run determinants of credit risk and banking sector performance in Pakistan. Using quarterly panel data 

from 2015Q1–2024Q4 and a PMG-Panel ARDL framework, the analysis confirms strong cointegration 

between climate variables and key banking indicators. 



Long-run results indicate that climate shocks contribute to a persistent deterioration in asset quality and 

profitability, demonstrating that climate risks are transitioning from peripheral environmental concerns to 

core financial stability drivers. While traditional determinants such as capital adequacy, liquidity, and GDP 

growth remain influential, climate factors increasingly shape banking sector vulnerabilities. 

Short-run effects reveal pronounced heterogeneity across bank groups: Local Private Banks and Specialized 

Banks exposed particularly to agriculture, SMEs, and rural branch networks are the most adversely affected, 

showing higher NPL sensitivity and slower adjustment to climate disturbances. Large Banks remain 

relatively resilient due to portfolio diversification, while Small Banks show moderate exposure. Error-

correction terms confirm stable convergence toward long-run equilibrium, supporting the robustness of the 

model. In light of these empirical findings, several critical policy interventions are required to reinforce 

financial stability. First, the State Bank of Pakistan must enforce mandatory climate stress testing 

frameworks that use forward-looking flood and heatwave trajectories to insulate highly vulnerable 

specialized and private commercial bank portfolios. Concurrently, commercial banks must integrate formal 

Environmental, Social, and Governance (ESG) guidelines explicitly within their corporate credit appraisal 

systems, effectively hedging asset exposures and mitigating climate-induced credit risks before default 

cycles emerge. 
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