Vol. 05 No. 01. Jan-March 2026 Sociology & Cultural Research Review

https://scrrjournal.com
S 3007-3103 3007-3111
SREVEW Open Journal Systems
https://doi.orq/10.5281/zenodo.22871546
Financial Uncertainty and Bank Performance in Pakistan’s Dual Banking System: Evidence
from System GMM and Machine Learning Models

Ghulam Nabi (Corresponding Author)
College of Statistical Sciences, University of the Punjab, Lahore, Pakistan
gnabi.stat@pu.edu.pk
Muhammad Ather Ashraf
Deparment Banking and Finance, UMT, Lahore, Pakistan
ather.ashraf@umt.edu.pk
Hassan Rasheed
Deparment Banking and Finance, UMT, Lahore, Pakistan
hassanrasheed3537@gmail.com
Jawad Ahmad
College of Statistical Sciences, University of the Punjab, Lahore, Pakistan
jawad.csas@gmail.com

ABSTRACT

Purpose: This article examines how financial uncertainty affects the profitability and stability
of banks in Pakistan’s dual banking system. It focuses on oil price volatility, exchange-rate
volatility and gold-price/market uncertainty, and compares Islamic and conventional banks
through an integrated econometric and machine-learning design.
Design/methodology/approach: The study uses annual bank-level panel data for 21 Pakistani
banks over 2010-2024. Bank performance is measured using Return on Assets (ROA), Return
on Equity (ROE) and Z-Score. The empirical design combines one-step and two-step System
GMM for dynamic explanatory inference with linear regression, Ridge, Lasso, Random Forest,
XGBoost, SVR, ANN, LSTM and GRU models for predictive comparison and variable-ranking
evidence.

Findings: The empirical results indicate that Islamic banks show significantly higher ROA,
lower NPLs and stronger liquidity than conventional banks, while differences in ROE and Z-
Score are not statistically decisive. System GMM confirms persistence in ROA and Z-Score and
identifies credit risk as the most damaging internal mechanism. Linear, Ridge, Lasso, Random
Forest and XGBoost results consistently show that NPL, CIR, CAR, liquidity and bank size
dominate oil, exchange-rate and gold-price variables in explaining and predicting bank
outcomes. Recurrent deep-learning models provide limited additional predictive value
because of the small annual panel and weak sequential depth.

Originality/value: The study contributes an integrated explanatory-predictive framework for
Pakistan’s dual banking system by combining dynamic panel estimation with machine-
learning and deep-learning evidence. The main originality is not the use of algorithms alone,
but the empirical triangulation showing that external financial uncertainty matters through
banking resilience channels, while credit risk, operating efficiency, capital adequacy, liquidity
and bank size dominate the predictive structure of bank performance.

Keywords: Financial Uncertainty; Oil Price Volatility; Islamic Banking; Conventional Banking;
Bank Performance; System GMM,; Machine Learning; Deep Learning; Pakistan.

JEL classification: G21; G32; C23; C45; E44.
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1. Introduction

Financial uncertainty has become a central concern in banking research because banks are
highly exposed to changes in commodity markets, exchange rates, market confidence and
borrower behaviour. Banks transform deposits into credit, manage liquidity and allocate
capital; therefore, shocks to macroeconomic and financial conditions can alter profitability,
credit quality and overall stability. The banking sector is particularly sensitive in developing
economies, where external imbalances, exchange-rate pressure, inflation and fiscal
constraints can move quickly into the balance sheets of firms and households. This makes the
study of financial uncertainty not only a macroeconomic question but also a banking-
performance question (Naifar et al., 2020; Gao et al., 2022; Lee et al., 2022).

Oil price volatility is one of the most important forms of external uncertainty. Oil is a
production input, a determinant of transport costs, an inflationary force and a signal of global
demand conditions. When oil prices become uncertain, firms face cost unpredictability,
borrowers may experience repayment pressure and banks may confront higher credit and
liquidity risks. Studies have shown that oil shocks affect exchange rates, sovereign risk,
corporate investment and bank stability through multiple transmission channels rather than
through a single linear route (Basher et al., 2016; Wegener et al., 2016; Maghyereh and
Abdoh, 2020; Smiech et al., 2021; Kilian and Zhou, 2022).

Exchange-rate volatility provides a second channel through which uncertainty affects banks.
In import-dependent economies, depreciation increases import costs, worsens inflationary
pressure and may reduce the debt-servicing capacity of borrowers whose input costs or
foreign-currency liabilities increase. Exchange-rate movements also influence investor
confidence, foreign inflows and the value of external obligations. Qil prices and exchange
rates are jointly connected because oil-related pressures affect trade balances and foreign-
currency demand, while currency depreciation changes the domestic cost of oil imports
(Castro & Jiménez-Rodriguez, 2020; Hameed et al., 2021; Donkor et al., 2022).

Pakistan is a useful context for this investigation because it operates a dual banking system in
which Islamic and conventional bank’s function side by side. Conventional banks are mainly
organized around interest-based intermediation, whereas Islamic banks are structured
around Shariah-compliant financing, asset-backed contracts and risk-sharing principles. These
differences suggest that financial uncertainty may not affect both systems in exactly the same
way. Islamic banks may be less exposed to speculative financial cycles, but they remain linked
to the real sector and therefore cannot be isolated from oil price shocks, exchange-rate
volatility and credit risk (Mirjalili, 2016; Ghouse et al., 2022; Bhuiyan et al., 2023; Tanin et al.,
2025).

Despite growing research on financial uncertainty and banking stability, three gaps remain
important. First, much of the existing literature examines single sources of uncertainty, while
banks are usually exposed to several uncertainty channels at the same time. Oil price
volatility, exchange-rate volatility and market uncertainty may jointly influence bank
profitability and stability through credit, liquidity and capital channels. Second, the
comparative response of Islamic and conventional banks to financial uncertainty remains
insufficiently explored in developing dual banking systems such as Pakistan. Third, most
studies rely either on econometric explanation or predictive modelling, whereas fewer
studies combine dynamic panel estimation with machine-learning evidence in the same
empirical framework.

This study addresses these gaps by examining the effect of financial uncertainty on bank
performance in Pakistan’s dual banking system. The analysis uses panel data for 21 banks
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from 2010 to 2024 and evaluates bank performance through return on assets, return on
equity and Z-Score. Financial uncertainty is represented through oil price volatility, exchange-
rate volatility and market-related uncertainty, while bank-specific factors include credit risk,
liquidity, capital adequacy, operating efficiency and bank size. The study applies System
Generalized Method of Moments (System GMM) to address persistence, endogeneity and
unobserved bank heterogeneity. It also uses machine-learning and deep-learning models to
examine predictive performance and variable importance.

The novelty of the study is not simply the use of several models. Many recent studies now
apply machine learning in finance. The contribution lies in combining three elements in a
single Pakistan-specific framework: financial uncertainty from oil, exchange-rate and market-
related channels; comparative performance of Islamic and conventional banks; and
explanatory econometrics with predictive and variable-ranking machine-learning evidence.
This design allows the study to examine not only whether uncertainty matters, but also
whether internal banking factors dominate external uncertainty after dynamic persistence
and bank-specific characteristics are controlled.

The empirical contribution is also important. Although financial uncertainty is theoretically
relevant, the evidence indicates that the strongest and most consistent determinants of bank
performance are credit risk, operating efficiency, capital adequacy, liquidity and bank size. In
the descriptive results, Islamic banks exhibit stronger average profitability and liquidity than
conventional banks. In the dynamic and predictive results, non-performing loans and cost
efficiency emerge as key determinants of profitability and stability. This suggests that
uncertainty does not disappear from the model; rather, its effects are filtered through bank
balance sheets and risk-management capacity.

The study makes three main contributions. First, it provides Pakistan-specific evidence from
a dual banking system in which Islamic and conventional banks operate under the same
macroeconomic environment but differ in liquidity structure, asset composition, financing
principles and credit-risk exposure. Second, the study combines dynamic panel estimation
with modern predictive modelling. System GMM is used to address persistence, endogeneity
and unobserved heterogeneity, while machine-learning models are used to evaluate the
predictive importance of bank-specific and macro-financial variables. Third, the study
provides a careful interpretation of deep-learning results. Rather than assuming that
recurrent neural networks are automatically superior, the findings indicate that LSTM and
GRU models are not always the most suitable choice for relatively small annual banking
panels. This clarifies the conditions under which machine learning may be more informative
than deep learning.

Overall, the study contributes through empirical triangulation. A consistent message emerges
from descriptive statistics, dynamic panel estimation, regularized regression, Random Forest
and XGBoost results: internal banking variables explain bank performance more consistently
than broad macro-financial uncertainty variables. This does not imply that oil prices, exchange
rates or gold prices are irrelevant. Rather, it suggests that their effects on the banking sector
are filtered through internal risk-management and balance-sheet channels. For policymakers,
regulators and bank managers, this distinction is important because it shifts the practical
focus from attempting to forecast every external shock toward strengthening the internal
buffers that determine how banks absorb uncertainty.

The remainder of the article is organized as follows. Section 2 reviews the relevant literature
and develops the research context. Section 3 describes the data, variables and methodology.
Section 4 presents the empirical results. Section 5 discusses the findings in relation to banking
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theory, risk management and methodological contribution. Section 6 concludes the article
and outlines limitations and future research directions.

2. Literature review and research positioning

The literature on financial uncertainty and banking performance can be organized around five
related streams. The first stream examines the macro-financial effects of oil price shocks.
Basher et al. (2016) shown that oil shocks affect exchange rates in a nonlinear and regime-
dependent way. Wegener et al. (2016) linked oil price fluctuations to sovereign credit risk in
oil-producing countries. Naifar et al. (2020) also demonstrated that oil-price returns and
financial uncertainty have nonlinear effects on sovereign credit default risk. These studies
establish that oil price uncertainty is not a narrow commodity-market issue but an important
source of financial stress.

The second stream links oil price uncertainty with firm behaviour and borrower risk. Gupta
and Krishnamurti (2018) showed that rising oil prices can reduce corporate risk-taking by
increasing costs and cash-flow uncertainty. Maghyereh and Abdoh (2020) found asymmetric
effects of oil price uncertainty on corporate investment, with rising-price uncertainty
producing stronger negative effects. Song and Yang (2022) further showed that oil price
uncertainty can reduce firm performance and that governance conditions alter this
relationship. These findings are relevant to banks because firm-level pressure affects loan
quality and repayment capacity.

The third stream focuses on exchange rates and financial markets. Castro and Jiménez-
Rodriguez (2020) argued that the oil-price/exchange-rate relationship varies over time and
depends on macroeconomic conditions. Hameed et al. (2021) showed that oil price volatility
transmits to foreign-exchange markets. Kilian and Zhou (2022) emphasized the joint
determination of oil prices, exchange rates and interest rates. For Pakistan, where oil imports
and currency pressure are recurrent policy concerns, this literature implies that financial
uncertainty should be studied as an interconnected system rather than as isolated variables.
The fourth stream compares Islamic and conventional banking. Islamic banks differ from
conventional banks in contract structure, balance-sheet composition and Shariah-based
constraints. Mirjalili (2016) argued that Islamic banks may show resilience during crises
because of their asset-backed orientation. Dibooglu et al. (2022) found that Islamic and
conventional banks can behave differently under crisis and non-crisis regimes. Ghouse et al.
(2022) showed that recovery patterns during COVID-19 differ between Islamic and
conventional banks. Tanin et al. (2025) provided more recent evidence on resilience under oil
price uncertainty. These studies support the decision to examine the Islamic banking
interaction in the current article.

The fifth stream concerns methodology. Dynamic panel models are widely used in banking
because current bank performance depends on past performance, and because bank-specific
heterogeneity and endogeneity are major empirical concerns. System GMM is appropriate
when lagged dependent variables appear in the model and when explanatory variables may
be correlated with unobserved bank-specific effects (Arellano & Bond, 1991; Blundell & Bond,
1998; Hidayat & Sakti, 2020). Machine learning, by contrast, is useful when the goal is
prediction, feature ranking and nonlinear pattern detection. Random Forest, XGBoost, SVR,
ANN, LSTM and GRU models are increasingly used for financial risk and banking-performance
prediction (Ko¢oglu & Ersoz, 2022; Guerra et al., 2022; Maté et al., 2023; Kassim et al., 2024).
However, a gap remains in Pakistan-specific research. Existing studies often examine
uncertainty, Islamic banking or machine learning separately. This study addressed this gap by
combining financial uncertainty, dual banking comparison, System GMM and predictive
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models in one design. The study strengthens this contribution by linking the empirical results
to banking resilience, risk transmission and model-based evidence in Pakistan’s dual banking
system. The emphasis is not on claiming that all uncertainty variables directly determine every
performance outcome. Instead, the study tests whether uncertainty variables remain
important after bank-specific controls are introduced and whether predictive models rank
external uncertainty or internal risk variables as more important.

Based on the literature, the article expects financial uncertainty to influence bank
performance, but it also expects internal banking variables to mediate or dominate the
practical impact of uncertainty. Oil price volatility and exchange-rate volatility may shape
profitability and stability through borrower conditions, liquidity demand and macroeconomic
pressure. Yet credit risk, capital adequacy, cost efficiency and bank size directly describe the
banking mechanism through which those pressures enter the financial system. This is why the
article treats internal bank variables not as routine controls but as central empirical
mechanisms.

The research positioning of this study is built around three guiding arguments. First, financial
uncertainty is expected to influence bank performance in Pakistan’s dual banking system
through profitability, credit-risk and stability channels. Second, Islamic and conventional
banks may differ in profitability and liquidity because of differences in financing structure,
asset composition and risk-sharing principles, although their overall stability may not differ
significantly. Third, machine-learning models are useful not only for prediction but also for
identifying the relative empirical importance of bank-specific and macro-financial variables.
The empirical results support the importance of this third argument, as the predictive models
repeatedly identify internal bank characteristics, particularly credit risk, operating efficiency,
liquidity, capital adequacy and bank size, as the strongest drivers of bank performance.

3. Data, variables and empirical methodology

The empirical analysis uses annual bank-level panel data for 21 Pakistani banks over the
period 2010-2024. The unit of analysis is the bank-year. The banking sample covers Islamic
and conventional banks, allowing the article to compare performance differences and to
include an Islamic-bank interaction term in selected specifications. The dependent variables
are ROA, ROE and Z-Score. ROA captures profitability relative to assets, ROE captures
shareholder return, and Z-Score captures financial soundness or distance from distress. The
explanatory variables include oil price volatility, exchange-rate volatility, gold price volatility
or market uncertainty, non-performing loans, liquidity, capital adequacy, cost-to-income
ratio, bank size and macroeconomic controls.

The empirical design is hybrid. The first layer is explanatory and uses System GMM. This layer
tests dynamic persistence and controls for endogeneity, bank-specific heterogeneity and
lagged performance. The second layer is predictive and uses machine-learning/deep-learning
methods to test whether the same variable set can forecast profitability and stability
outcomes and to determine which variables rank highest in predictive importance. This two-
layer design is appropriate because banking research requires both theoretical explanation
and predictive assessment. A statistically significant coefficient tells one story, while a
variable-importance ranking tells another. The article interprets these together rather than
treating them as competing methods.

The three core performance indicators are measured as follows. ROA is calculated as net
income divided by total assets. ROE is calculated as net income divided by shareholders'
equity. Z-Score is calculated as a stability proxy using profitability, equity/assets and the
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standard deviation of ROA. In this context, a higher Z-Score indicates greater financial stability
and a greater distance from insolvency risk.
3.1 Measurement equations

ROA _it = Net income_it / Total assets_it (1)

ROE_it = Net income_it / Total equity_it (2)

ZScore_it = (ROA_it + ETA_it) / SD(ROA_i) (3)

Y_it=alpha Y_i,t-1 + betal OP_t + beta2 GP_t + beta3 ER_t + betad MV _t + gamma X_it +

mu_i + epsilon_it  (4)

RMSE = sqgrt[(1/n) sum_i (y_i - yhat_i)*2] (5)

MAE = (1/n) sum_i |y_i-yhat_i| (6)

RA2=1-[sum_i(y_i-yhat_i)*2 /sum_i (y_i-ybar)?2] (7)
In Equation (4), Y represents ROA, ROE or Z-Score; the lagged dependent variable captures
dynamic persistence; OP, GP, ER and MV represent oil, gold, exchange-rate and market
uncertainty variables; X represents bank-specific and macroeconomic controls; mu is the
unobserved bank-specific effect; and epsilon is the idiosyncratic error term. The GMM
framework is suitable because bank performance is likely to be persistent and because some
explanatory variables may be endogenous or predetermined rather than strictly exogenous.
The predictive layer applies linear regression, Ridge regression, Lasso regression, Random
Forest, Gradient Boosting/XGBoost, SVR, ANN, LSTM and GRU models. Linear regression
provides a baseline. Ridge and Lasso address multicollinearity and variable selection. Random
Forest and XGBoost identify nonlinear relationships and variable importance. SVR provides a
kernel-based prediction benchmark. ANN, LSTM and GRU provide neural-network and
recurrent-neural-network benchmarks. The thesis results show that recurrent deep-learning
models are not automatically superior in this application, which is an important practical
finding for banking researchers using relatively small annual panels.
Model performance is evaluated using RMSE, MAE and R-squared where reported. Lower
RMSE and MAE indicate lower prediction error. A higher R-squared indicates better
explanatory power, whereas a negative R-squared indicates that the model performs worse
than a mean benchmark. The article therefore does not interpret small RMSE or MAE alone
as proof of good performance; it reads prediction error together with R-squared and the
stability of training/validation curves. This is particularly important in the LSTM and GRU
results, where apparently small errors occur alongside negative R-squared values in some
cases.
3.2 Variables and operational definitions

ROA Return on assets Net income divided Profitability outcome
by total assets

ROE Return on equity Net income divided Profitability outcome
by shareholders’
equity

Z-Score Bank stability (ROA + Stability outcome
ETA)/SD(ROA)

opP Oil price Oil-price Financial-uncertainty
level/uncertainty predictor
proxy used in thesis
models
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GP Gold price Gold-price Financial-
level/uncertainty market/safe-haven
proxy predictor

ER Exchange rate Exchange-rate Financial-uncertainty
level/volatility proxy  predictor

MV.OP, MV.GP, Moderating/market- Interactions or Uncertainty

MV.ER volatility interactions  uncertainty-related  transmission terms

terms reported in
thesis models

NPL Non-performing loans Non-performing Credit-risk control
loans to total loans

LIQ Liquidity Liquid assets to total Liquidity/resilience
assets control

CAR Capital adequacy Regulatory capital to Capital-strength
risk-weighted assets = control

CIR Cost-to-income ratio  Operating expenses Efficiency control
divided by operating
income

BS Bank size Natural log of total Scale control
assets

INF, GDP, GRW, Macroeconomic Inflation, output, Macro controls

FDI, INT, IDEBT, controls growth, foreign

EDEBT investment, interest

and debt indicators
Note: ROA, ROE and Z-Score are the dependent variables; NPL, LIQ, CAR, CIR and BS are bank-
level controls; OP, GP, ER and market-volatility terms capture financial uncertainty.

External financial
uncertain

rtail
OP, ER, GP, market volatility _—
Profitability
System GMM l— ROA and ROE

Dynamic explanation
Internal bank

fundamentals
NPL, CIR, CAR, LIQ, BS

Financial stability

—_—m
/' Z-Score
ML / DL models

/ Predictive validation
Banking regime

Islamic vs conventional

Notes: OP = oll price; ER = exchange rate; GP = gold price; NPL = non-performing loans; CIR = cost-to-Income ratio; CAR = capital adequacy; LIQ = liquidity: BS = bank size

Figure 1. Integrated explanatory-predictive framework for financial uncertainty, bank
resilience mechanisms and performance outcomes.

4. Empirical results

4.1 Descriptive evidence from the study data

The empirical results begin with descriptive evidence in Table 2. The results show that Islamic
banks have a higher mean ROA than conventional banks, with an average ROA of 1.148
compared with 0.786 for conventional banks. The reported mean-difference test indicates
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that this difference is statistically significant. This finding suggests that, during the study
period, Islamic banks in the sample used their asset base more profitably than conventional
banks. However, this result does not imply that Islamic banks are universally superior. Rather,
it shows that, within this sample and period, Islamic banks converted assets into income more
effectively.

The average Z-Score is also slightly higher for Islamic banks than for conventional banks, with
mean values of 2.200 and 2.061, respectively. However, the difference is not statistically
significant. This distinction is important because stronger profitability and liquidity do not
automatically translate into a statistically higher stability score. Bank stability depends not
only on profitability but also on credit risk, capital strength, cost efficiency, liquidity and the
broader balance-sheet structure. The descriptive evidence therefore suggests that bank type
alone does not fully explain stability differences in Pakistan’s banking sector.

The most relevant descriptive differences are found in credit risk and liquidity. Conventional
banks report higher non-performing loans than Islamic banks, with mean values of 0.120 and
0.072, respectively. The difference is statistically significant, indicating that conventional
banks experienced greater credit-risk exposure during the study period. Islamic banks also
report stronger liquidity, with a mean value of 14.035 compared with 11.326 for conventional
banks. This difference is also statistically significant. These descriptive results support the
view that Islamic banks in the sample were more liquid and had lower credit-risk exposure,
but they do not prove that Islamic banking itself caused better stability. For that reason, the
article uses System GMM and machine-learning models to examine these relationships more
carefully.

Table 2. Descriptive Comparison of Islamic and Conventional Banks

Z-Score 2.094 2.061 2.200 Not Islamic banks show a
(1.947) (2.060) (1.539) significant  slightly higher stability
score, but the

difference is  not
statistically significant.

ROA 0.872 0.786 1.148 t = -2.665, Islamic banks have
(1.476) (1.633) (0.744) p =0.008 significantly higher
asset profitability.
ROE 14.405 14.257 14.879 Not Shareholder  returns
(34.867) (39.635) (9.194) significant  are similar across the
two banking systems.
NPL 0.108 0.120 0.072 t = 5.384, Conventional banks
(0.101) (0.1112) (0.045) p <0.001 show significantly
higher credit-risk
exposure.
Liquidity 11.971 11.326 14.035 t = -2.592, Islamic banks show
(8.258) (8.316) (7.766) p =0.011 significantly  stronger
liquidity.
CAR 0.159 0.156 0.167 Not Capital adequacy is not
(0.137) (0.156) (0.033) significant  meaningfully different

across systems.
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Bank size 26.954 26.998 26.813 Not Conventional banks

(1.258) (1.312) (1.063) significant  are slightly larger on

average, but the

difference is  not

statistically significant.
Note: Values are reported as mean with standard deviation in parentheses. NPL = non-
performing loans; CAR = capital adequacy ratio; CIR = cost-to-income ratio; BS = bank size.
Test results refer to reported mean-difference tests between conventional and Islamic banks.
OP, GP and ER are common macro-financial variables and therefore do not vary by bank group

in the same way as bank-level variables.

Descriptive comparison of selected bank indicators
14.04

14 Conventional banks
Islamic banks

124 1133

10 A

Mean value

2.061 2.200

1148
0.786

0.120 0.072

ROA NPL Liquidity Z-Score

Source: Thesis descriptive statistics. ROA difference is significant at p = 0.008; NPL and liquidity differences are significant at p < 0.05

Figure 2. Descriptive comparison of selected indicators for conventional and Islamic banks.
4.2 Correlation evidence and preliminary interpretation

The correlation evidence indicates that bank performance indicators are positively related to
each other. ROA is positively correlated with Z-Score and ROE, suggesting that more profitable
banks tend to be more stable and generate better shareholder returns. Bank size is also
positively associated with performance indicators, which is consistent with the argument that
larger banks may benefit from scale, diversification and institutional capacity.
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Selected Correlation Evidence from the All-Bank Sample

ER and IDEBT -
IDEBT and LN(EDEBT) - 0.909
INT and GRW - 0.877
INF and INT -
GP and ER -
ROA and Z-Score -
NPL and Z-Score -
ROA and ROE -
Bank size and Z-Score -
CAR and ROA -
Bank size and ROA -
NPL and ROE -
NPL and ROA - -0.546

CAR and NPL - -0.557

0.959

—0.6 —0.4 ~0.2 0.0 0.2 0.4 0.6 0.8 1.0
Correlation coefficient

The most important preliminary finding from the correlation matrix is the role of NPLs. NPLs
are negatively associated with ROA and related performance measures, confirming that credit
risk is a major threat to bank performance. This result is economically intuitive: once loans
become non-performing, banks face lower income, greater provisioning pressure and
reduced confidence. The correlation evidence therefore supports the later regression and
machine-learning findings that credit quality is one of the most consistent determinants of
banking outcomes.
The correlation matrix also shows that several macroeconomic variables are strongly related
to each other, especially exchange rate, gold price and debt-related indicators. This provides
a methodological reason for using Ridge and Lasso regression alongside linear regression.
When predictors are correlated, ordinary coefficient estimates can be unstable or inflated.
Regularized models help identify whether the key relationship remains after shrinking less
reliable coefficients. In this article, the regularized results strengthen the conclusion that
NPLs, cost efficiency and bank size remain central, while several macro-financial variables lose
importance after penalization.
4.3 Dynamic panel evidence from System GMM
The System GMM results provide the main explanatory evidence. For ROA, the lagged
dependent variable is positive and statistically significant across the reported models. In the
one-step GMM estimates, lagged ROA ranges from 0.299 to 0.536 and is consistently
significant. In the two-step estimates, lagged ROA also remains positive and significant in most
specifications. This shows performance persistence: banks with stronger profitability in the
previous period tend to maintain higher profitability in the current period. Banking
performance is therefore not purely contemporaneous; it has a dynamic structure.
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Credit risk is the most important negative driver in the dynamic evidence. In the one-step
GMM model for ROA, NPL has a negative coefficient of -6.190 and is statistically significant.
In the Z-Score specification, NPL is also negative and significant in the one-step model. This
means that a rise in non-performing loans weakens both profitability and stability. The finding
is consistent with banking theory and with the machine-learning evidence later in the article.
It also gives the article a clear managerial message: under financial uncertainty, credit-risk
control is more important than simply tracking external commodity and exchange-rate
variables.

The GMM results for ROE are weaker. Lagged ROE is not statistically significant across most
specifications, indicating that shareholder returns are more volatile and less persistent than
ROA and Z-Score. The one-step model shows a very large negative coefficient for NPL in one
specification, but the two-step results are less stable. This suggests that ROE is more difficult
to explain through a dynamic panel structure because equity returns fluctuate strongly with
leverage, capital structure and income changes. The article therefore treats ROE as a useful
but less stable profitability indicator.

The Islamic bank interaction term is positive in the reported specifications but not statistically
significant. This is important because it prevents overclaiming. The descriptive results show
that Islamic banks perform better in ROA and liquidity, but the GMM interaction evidence
does not establish a robust structural difference between Islamic and conventional banks
after controls are included. The publishable conclusion is therefore balanced: Islamic banks
show favourable descriptive features, but bank type alone is not the dominant explanatory
mechanism once credit risk, liquidity, capital and size are considered.

The diagnostic tests reported in the empirical analysis, including AR(2) and Sargan/Hansen-
type validity checks, generally support the use of GMM. However, the article interprets the
dynamic evidence cautiously, especially where one-step and two-step results differ. The
robust conclusion is not that every uncertainty coefficient is significant; rather, it is that past
performance and bank-level credit risk are the strongest dynamic mechanisms. This is a
stronger and more publishable interpretation than simply listing all coefficients.

ROA Lagged ROA is NPL is negative Positive but Profitability s
positive and and significant insignificant. persistent, but
significant in in the one-step credit risk
most model. sharply weakens
specifications. asset returns.

ROE Lagged ROE is NPL is negative Positive but Shareholder
generally and significant insignificant. returns are less
insignificant. in one-step predictable and

evidence but more volatile
unstable in than ROA.
two-step

evidence.

Z-Score Lagged Z-Score NPL is negative Positive but Stability is
is significant in and significant insignificant. dynamic, but
one-step in the one-step credit quality is
models. stability model.
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the key internal

mechanism.
Note: Dynamic persistence refers to the coefficient of the lagged dependent variable in the
GMM models. NPL = non-performing loans. Islamic-bank interaction refers to the reported oil-
price/bank-type interaction term.
4.4 Linear, Ridge and Lasso regression evidence
The linear regression results reinforce the central role of bank-specific variables. For ROA, NPL
is negative and highly significant (B = -7.7075, p < 0.001), meaning that higher credit risk
reduces asset profitability. CAR is also negative and significant (B = -3.3970, p < 0.001),
suggesting that higher capital buffers may reduce short-term profitability by limiting leverage
or reflecting conservative balance-sheet strategies. CIR is positive and significant, while bank
size is positive and significant. These results indicate that profitability is explained more by
credit quality, capital structure, efficiency and scale than by direct commodity or macro-
financial effects.
For ROE, the linear regression results show NPL (B = -10.967, p < 0.01), CAR (B =-149.82, p <
0.001) and CIR (B =-0.36853, p < 0.001) as significant negative predictors. This suggests that
shareholder returns are harmed by credit risk, by the lower leverage associated with high
capital buffers and by lower cost efficiency. The coefficient on CAR is large, which may reflect
the sensitivity of ROE to capital structure in a banking setting. Since ROE is a leverage-sensitive
measure, higher capital may reduce returns to equity even while improving regulatory
resilience.
For Z-Score, NPL is the only statistically significant predictor in the linear regression (B = -
3.7260, p < 0.05). This means that bank stability is most directly weakened by poor asset
quality. Other uncertainty and macroeconomic variables are not significant in the linear
model. This result is not a weakness of the paper; it is one of its main findings. It shows that
the path from financial uncertainty to banking stability operates through the health of bank
portfolios rather than through a simple direct coefficient on oil price or exchange-rate
variables.
Ridge and Lasso provide important robustness evidence. Ridge regression shrinks coefficients
and reduces the influence of multicollinearity. In Ridge results, NPL remains negative for ROA,
ROE and Z-Score, while bank size remains positive for several outcomes. Lasso is even more
selective. For ROA, Lasso retains NPL and CIR while setting many other variables to zero. For
ROE, Lasso eliminates almost all explanatory variables, implying that ROE is difficult to predict
linearly. For Z-Score, Lasso retains NPL, liquidity, CAR and bank size, with NPL negative and
bank size positive. This regularized evidence supports the conclusion that the most reliable
signals are internal bank characteristics rather than broad macro-financial variables.

ROA NPL, CAR, CIR, bank NPL = -7.7075***; Asset profitability is
size CAR = -3.3970***, reduced by credit risk
CIR = 0.0000647***, and high capital
BS =0.015347* buffers but
supported by
efficiency/scale
effects.
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ROE NPL, CAR, CIR NPL=-10.967**; CAR Shareholder
= -149.82***; CIR = - profitability is
0.36853*** sensitive to credit
risk, capital structure
and operating
efficiency.
Z-Score NPL NPL =-3.7260* Financial stability is
most directly

weakened by non-
performing loans.
Lasso ROA NPL and CIR | NPL =-3.737551; CIR ' Variable selection
retained =0.000001169 identifies credit risk
and efficiency as the
most compact ROA

predictors.
Lasso ROE Almost all variables CIR retained with ROE is unstable and
removed near-zero coefficient weakly predictable in
the Lasso framework.
Lasso Z-Score NPL, LIQ, CAR, BS NPL=-6.175321;BS= Stability depends
and some small 14.87564 mainly on credit risk
macro terms and bank size after
retained variable selection.

Note: Asterisks follow the thesis convention: *** p < 0.001, ** p <0.01, * p < 0.05. BS = natural
log of bank size; CIR = cost-to-income ratio; CAR = capital adequacy ratio; NPL = non-
performing loans.

4.5 Machine-learning and deep-learning evidence

The machine-learning evidence gives the most direct empirical return from the empirical
analysis because it ranks the variables by predictive importance. In the XGBoost model for
ROA, the most influential predictor is NPL with relative influence of 33.50, followed by CIR
(27.01), CAR (15.74) and bank size (11.65). This ranking is economically coherent: asset
profitability is driven by credit quality, cost structure, capital strength and scale. External
uncertainty variables such as oil price, exchange rate and gold price have much smaller
relative influence.

For ROE, XGBoost ranks CAR as the most important variable (34.94), followed by CIR (21.12),
liquidity (16.73), NPL (14.67) and bank size (8.39). This confirms that shareholder returns are
especially sensitive to capital structure and operational efficiency. It also explains why ROE is
difficult to model through conventional regression alone. ROE is affected by leverage, capital
buffers, liquidity and credit-risk conditions in a nonlinear way. Machine learning captures
these rankings more clearly than simple coefficient estimates.

For Z-Score, XGBoost ranks CIR first (27.07), followed by NPL (23.90), CAR (11.22), bank size
(11.18) and liquidity (11.14). This ranking indicates that stability is not merely a capital issue.
Operational efficiency and credit risk are at least as important as capital adequacy. Banks that
control costs, manage credit risk and maintain adequate liquidity are more resilient. This
provides a strong policy contribution: supervisors should look at efficiency and credit quality,
not only regulatory capital ratios, when assessing resilience under uncertainty.

Random Forest results support the same conclusion. For ROA and ROE, internal bank
characteristics dominate the variable-importance rankings. For Z-Score, CIR and NPL have the
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highest %IncMSE importance, followed by bank size and CAR. These results converge with the
XGBoost findings. The convergence across tree-based models strengthens the article because
it shows that the conclusion is not dependent on a single algorithm.

The SVR and neural-network results are more mixed. SVR explains approximately 24.3% of
the variance in ROA, 10.9% in ROE and 28.3% in Z-Score. ANN shows modest explanatory
power: about 16.9% for ROA, 2.36% for ROE and 13.18% for Z-Score. The LSTM models report
negative R-squared values in several outcomes, and GRU results are also described as poor.
This is an important methodological finding. In small annual bank-level panels, recurrent
deep-learning architectures may not be suitable because they generally require large
sequential datasets to learn stable temporal patterns. More complex models do not
automatically produce better research.

ROA NPL; CIR; CAR; Bank 33.50; 27.01; 15.74; ROA is mainly a
size; Liquidity 11.65; 2.76 function of credit
quality,  efficiency,
capital strength and
scale.
ROE CAR; CIR; Liquidity; 34.94; 21.12; 16.73; ROE is most sensitive
NPL; Bank size 14.67; 8.39 to capital structure,
efficiency and
liquidity.
Z-Score CIR; NPL; CAR; Bank 27.07; 23.90; 11.22; Bank stability is
size; Liquidity 11.18; 11.14 driven by efficiency,
credit risk, capital,

size and liquidity.
Note: Relative influence values are taken from the empirical analysis XGBoost tables. Higher
values indicate greater contribution to predictive performance. NPL = non-performing loans;

CIR = cost-to-income ratio; CAR = capital adequacy ratio.
Top XGBoost predictors by banking outcome
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Figure 3. Top XGBoost predictors by outcome using empirical thesis results.
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The fact that the deep-learning models underperform is publishable when interpreted
correctly. It should not be presented as a failure of the thesis. Instead, it should be presented
as evidence that model choice must fit the structure of the data. The dataset is an annual
panel of 21 banks, which is more appropriate for panel econometrics and tabular machine
learning than for sequence-heavy recurrent networks. This result is valuable because many
studies apply deep learning without checking whether the data structure justifies it. The thesis
evidence suggests that, for this banking dataset, interpretable models and tree-based
machine learning provide stronger empirical value than LSTM and GRU models.

The joint interpretation is therefore as follows. System GMM shows that performance is
dynamic and that credit risk matters. Linear and regularized models show that NPL, CAR, CIR
and bank size remain central in parametric structures. Tree-based models show that these
same variables dominate predictive importance. Neural-network models do not improve the
empirical conclusion. This convergence supports a clear article-level finding: uncertainty
affects bank performance through the quality and structure of bank balance sheets, and
internal bank conditions dominate direct macro-financial variables in this sample.

Triangulated empirical strength across methods

- - N o

limited

Descriptive

System GMM dominant limited limited limited limited

OLS/Ridge/Lasso dominant limited

limited

Random Forest dominant dominant limited

XGBoost dominant dominant dominant limited

SVR/ANN/LSTM/GRU limited limited limited limited limited

T T T T T
Credit risk Efficiency Capital Liguidity Bank size External uncertainty
(NPL) (CIR) (CAR) (LIQ) (BS) (OP/ER/GP)

Interpretive synthesis based on the reported thesis evidence; it summarizes direction and empirical dominance rather than introducing new estimation results.

Figure 4. Empirical strength of predictors across methods based on thesis results.

4.7 Consolidated empirical contribution

A publication-ready interpretation of the results should emphasize the consistency between
the explanatory and predictive layers. The dynamic panel results identify persistence and
credit risk as central mechanisms. The regression and regularization results confirm that the
strongest statistically visible effects are concentrated in NPL, CAR, CIR and bank size. The tree-
based machine-learning models add a further layer by ranking the same internal variables as
the most important predictors across ROA, ROE and Z-Score. This convergence across
methods is the strongest empirical contribution of the paper. The article is therefore not
merely a comparison of models; it is a triangulated account of banking resilience in which
different methods point to the same substantive conclusion.

For ROA, the evidence is especially clear. Islamic banks display higher average ROA, while the
linear model identifies NPL, CAR, CIR and bank size as significant predictors. XGBoost ranks
NPL and CIR as the two strongest ROA predictors, with relative influence scores of 33.50 and
27.01, respectively. This indicates that asset profitability depends heavily on loan quality and
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operational efficiency. A bank cannot maintain strong returns simply because the
macroeconomic environment is favourable; it must also control default risk, manage
operating costs and use its asset base effectively. This is why the model’s empirical message
is more managerial than purely macroeconomic.
For ROE, the interpretation is more complex because shareholder returns are sensitive to
leverage, capital policy and volatility in equity. The GMM evidence is weaker for ROE, and the
Lasso model removes most predictors, showing that ROE is not as stable or easily predictable
as ROA. However, XGBoost ranks CAR, CIR, liquidity and NPL as the main ROE predictors. This
indicates that shareholder profitability in Pakistan’s banking sector is not driven by a single
external uncertainty channel. It is more strongly associated with capital adequacy, operating
efficiency and balance-sheet management. Such a result should be presented positively: the
study shows that ROE is a more volatile and specification-sensitive outcome, while ROA and
Z-Score provide more stable evidence.
For Z-Score, the study contributes a clear financial-stability message. Descriptive evidence
suggests only a modest and statistically insignificant difference in average stability between
Islamic and conventional banks. However, the predictive models reveal that stability is
governed by operational efficiency, non-performing loans, capital adequacy, bank size and
liquidity. XGBoost ranks CIR and NPL as the two most important Z-Score predictors, while
Random Forest also places CIR, NPL, CAR and bank size at the top. The implication is that
stability is not simply a matter of the bank’s religious or institutional category; it is a matter
of how effectively the bank controls credit losses, costs, liquidity and capital buffers.
The deep-learning evidence should be interpreted with methodological care. LSTM and GRU
models are designed for richer sequential structures, but the study uses annual bank-level
panel observations. This dataset has meaningful cross-sectional and institutional variation but
limited temporal depth for recurrent networks. The weak performance of LSTM and GRU
therefore strengthens rather than weakens the article because it demonstrates that model
complexity must fit the data structure. In this application, tree-based machine learning and
dynamic panel methods provide more interpretable and policy-relevant evidence than
recurrent deep-learning architectures.
Evidence layer Dominant Practical
implication

Meaning
publication

empirical signal

Descriptive statistics  Islamic banks have The  dual-banking Islamic banks
higher ROA, lower comparison is appear stronger in
NPLs and higher meaningful but asset profitability
liquidity;  Z-Score should not be and liquidity, while
difference is overstated. system-wide
modest. stability remains
comparable.
System GMM ROA and Z-Score Dynamic persistence @ Supervisors should
are persistent; NPL | justifies GMM and monitor asset
is the most prevents purely = quality as a stability
consistent negative  static interpretation. = channel under
mechanism. uncertainty.
OLS/Ridge/Lasso NPL, CAR, CIR and The statistical Bank management
bank size dominate models support an should prioritize
the retained and internal-resilience credit screening,

significant effects.

interpretation.
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Random
Forest/XGBoost

SVR/ANN/LSTM/GRU

Tree-based models
rank NPL, CIR, CAR,
LIQ and BS above
most macro
variables.

Predictive power is
mixed; recurrent
deep learning is
weak in the annual
panel.

Sociology & Cultural Research Review

Machine  learning
confirms the
empirical

dominance of bank-
level fundamentals.

The article avoids

overclaiming Al
superiority and
offers a data-
appropriate
conclusion.

capital planning and
cost efficiency.
Predictive risk
dashboards should
track internal bank
ratios before broad
uncertainty
indicators.

Future work needs
higher-frequency or
longer time-series
data before relying
on recurrent neural
networks.

Table 5. Consolidated empirical contribution of the article

Note: The table synthesizes empirical evidence reported in the study. It does not introduce new
estimates; it converts the thesis results into a publication-oriented interpretation.

5. Discussion

The empirical evidence has three major implications. The first is theoretical. The findings
support the view that financial uncertainty affects banks through balance-sheet mechanisms
rather than only through direct macroeconomic coefficients. Qil price volatility, exchange-
rate volatility and gold-price uncertainty are theoretically relevant because they influence
borrower costs, inflation, confidence and liquidity needs. However, after bank-level variables
are introduced, credit risk, efficiency, capital adequacy and bank size become the dominant
empirical drivers. This indicates that the uncertainty-performance relationship is mediated by
the strength or weakness of bank balance sheets.

The second implication concerns Islamic versus conventional banking. The descriptive results
show that Islamic banks in the sample have higher ROA, lower NPLs and stronger liquidity
than conventional banks. This provides evidence of comparatively favourable risk and
liguidity conditions. However, the GMM interaction terms do not prove a statistically
significant structural advantage of Islamic banks after controls are included. The correct
conclusion is therefore nuanced: Islamic banks appear stronger in selected descriptive
indicators, but bank type alone does not determine performance once internal risk, capital,
efficiency and size are controlled.

The third implication concerns model selection. The thesis applies a wide range of models,
but the results show that model complexity does not guarantee better insight. GMM s
appropriate for dynamic explanation, while XGBoost and Random Forest are useful for
ranking nonlinear predictor importance. LSTM and GRU are less suitable for this annual panel
dataset. This methodological message is important for publication because it goes beyond
reporting results. It advises researchers to match modelling strategy to the data structure and
research purpose.

The results also challenge a common assumption in financial-uncertainty studies: that
external macro-financial variables will always dominate performance outcomes. In this study,
the direct effects of OP, GP, ER and volatility interaction terms are often weak or statistically
insignificant in linear models. This does not mean that external uncertainty is irrelevant.
Rather, it means that the observable bank-level response to uncertainty is more visible in
NPLs, liquidity, capital and cost efficiency. Bank managers cannot control oil prices, exchange
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rates or global uncertainty, but they can manage loan quality, liquidity buffers, capital
planning and operating costs. That is the main managerial value of the article.

The results are consistent with studies emphasizing credit and liquidity risk as central to bank
stability (Ahamed, 2021; Ben-Ahmed et al., 2023; Al-Husainy and Jadah, 2021). They are also
consistent with studies showing that oil price uncertainty and exchange-rate pressure can
affect financial systems indirectly through borrower conditions and sovereign or corporate
risk (Naifar et al., 2020; Gao et al., 2022; Liu et al., 2023). The article’s contribution is to show
this pattern in Pakistan’s dual banking system using both econometric and machine-learning
evidence.

For regulators, the findings imply that supervisory attention should not be limited to capital
adequacy. Capital remains important, but the evidence shows that NPLs and cost efficiency
are equally central. Supervisors should therefore monitor asset quality, provisioning
discipline, cost-to-income trends and liquidity positions during periods of commodity and
exchange-rate uncertainty. For Islamic banks, the findings suggest that liquidity strength is a
potential advantage, but it must be supported by continuous credit-risk monitoring. For
conventional banks, higher average NPLs suggest the need for more robust credit-screening
and recovery mechanisms.

For bank managers, the findings indicate that profitability improvement requires more than
revenue expansion. In the ROA and ROE models, credit risk and efficiency are repeatedly
important. This means that profit growth from aggressive lending may be unsustainable if
loan quality deteriorates. Cost management and portfolio quality are therefore strategic
performance variables. Banks should strengthen early-warning systems, stress-test borrower
exposure to oil and exchange-rate shocks, and integrate macro-financial uncertainty into
internal credit scoring.

For researchers, the article shows the value of hybrid designs. System GMM provides
theoretically meaningful coefficients and controls for endogeneity, while machine-learning
models provide a ranked view of predictors and nonlinear patterns. A good finance article
should not use machine learning only as decoration. It should explain what machine learning
adds. Here, machine learning adds a confirmation that internal bank variables dominate
predictive performance and that deep recurrent models are not always appropriate for small
annual panels.

5.1 Implications for regulation, Islamic banking and risk management

The empirical findings have direct implications for banking regulation in Pakistan. If external
financial uncertainty affects banks mainly through internal mechanisms, then supervisory
attention should focus not only on macroeconomic surveillance but also on the bank-level
transmission channels that determine resilience. NPLs should be treated as the first warning
indicator because they appear repeatedly as a negative determinant of ROA and Z-Score and
as a top predictor in machine-learning models. During oil-price and exchange-rate stress,
borrowers in import-dependent sectors may face higher costs, weaker cash flows and
repayment difficulties. A rise in NPLs therefore converts macro-financial uncertainty into
banking-sector fragility.

The results also have implications for Islamic banks. The descriptive evidence shows that
Islamic banks have higher average ROA, lower NPLs and stronger liquidity, which is consistent
with the argument that Islamic banking may have some resilience advantages because of
asset-backed financing and more conservative liquidity management. However, the lack of a
decisive stability difference and the insignificant interaction effects mean that the article
should avoid claiming unconditional Islamic-bank superiority. A stronger and more
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publishable interpretation is that Islamic banks show selective resilience in profitability and
liquidity, while their overall stability depends on the same internal fundamentals that matter
for conventional banks.

For bank managers, the key message is operational. The article identifies a practical hierarchy
of risk-management priorities: credit quality first, operating efficiency second, capital and
liquidity planning third, and macro uncertainty monitoring fourth. This hierarchy does not
deny macroeconomic risk. Rather, it explains that macroeconomic risk becomes damaging
when banks have weak credit portfolios, inefficient operations or insufficient buffers. A bank
with disciplined loan screening, cost control and liquidity management can better absorb
external uncertainty than a bank that relies only on favourable macroeconomic conditions.
For researchers, the article provides an important methodological implication. System GMM
remains useful for causal and dynamic explanation, while XGBoost and Random Forest
provide strong predictive and variable-ranking evidence. Deep learning should be used
cautiously in annual bank panels because sequential models require enough temporal
information to learn reliable patterns. This finding is valuable for future financial research
because it supports a principle of data-method fit: the most complex algorithm is not
necessarily the best algorithm for every financial dataset.

5.2 Outcome-specific interpretation for publication

The article should be read as three connected outcome stories rather than as a single
undifferentiated performance model. The first story concerns ROA, which represents asset-
based profitability and is the most stable profitability outcome in the empirical analysis. ROA
is particularly important in banking research because it measures how effectively a bank
converts its asset base into earnings. The study shows that Islamic banks have a significantly
higher average ROA than conventional banks, but the multivariate evidence goes further by
showing that this profitability advantage is conditioned by credit quality, capital structure,
cost efficiency and bank size. In other words, the descriptive Islamic-bank advantage is not
enough by itself; the stronger publication claim is that asset profitability is shaped by balance-
sheet discipline. This is why NPL and CIR emerge so strongly in the machine-learning rankings.
The ROA results also help refine the interpretation of oil-price and exchange-rate uncertainty.
External uncertainty is relevant for the financial environment, but the estimated models do
not suggest that macro-financial variables dominate bank profitability directly. This is not a
weakness. It is an economically meaningful finding in a banking study because banks do not
respond mechanically to oil prices or exchange rates. They respond through borrowers, loan
losses, funding conditions, capital buffers and cost structures. Therefore, the ROA evidence
supports a filtered-transmission argument: external uncertainty becomes visible in
profitability when it weakens asset quality or raises operating and risk-management
pressures. Such an interpretation is more publishable than a simple claim that oil uncertainty
has a direct and uniform effect on profitability.

The second story concerns ROE, which is more volatile and less stable across models. ROE
measures profitability from the shareholders’ perspective, but it is also affected by leverage
and equity structure. The weak persistence of ROE in the GMM results and the sparse Lasso
selection indicate that ROE is not as robustly explained as ROA. A superficial reading might
treat this as a weak result. A stronger journal interpretation is that ROE is a more specification-
sensitive outcome in Pakistan’s banking sector. It reacts to capital adequacy, cost efficiency
and credit risk, but it does not yield the same stable dynamic pattern as ROA. This supports
the argument that bank shareholders’ returns are more volatile than asset-based profitability
and are more vulnerable to capital structure and balance-sheet composition.
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The third story concerns Z-Score, which captures financial stability rather than profitability
alone. The descriptive comparison indicates that Islamic banks have a slightly higher average
Z-Score than conventional banks, but the difference is not statistically decisive. This finding is
important because it prevents the article from making an overgeneralized claim that Islamic
banks are automatically more stable. The stability evidence instead shows that financial
soundness is determined by operational efficiency, asset quality, capital adequacy, bank size
and liquidity. This is a more sophisticated conclusion: Islamic banks may have selective
strengths in liquidity and asset profitability, but system-wide stability still depends on internal
management fundamentals.

The Z-Score results also justify the inclusion of machine-learning models. Linear models
identify NPL as a significant negative predictor of stability, while XGBoost and Random Forest
reveal a wider internal-risk structure in which CIR, NPL, CAR, BS and LIQ all matter. The
advantage of the machine-learning layer is that it does not replace the econometric results;
rather, it expands the interpretation by ranking the relative strength of predictors. This
creates a publication-ready contribution because the paper links explanatory inference and
predictive relevance. It shows not only which variables are statistically significant, but also
which variables dominate prediction when nonlinearities and interactions are allowed.

5.3 Methodological contribution and data-method fit

A major improvement in the article is the careful interpretation of the hybrid methodology.
In empirical finance, there is a tendency to present machine learning and deep learning as
inherently superior to econometric models. The results of this study do not support that
simplistic view. Instead, they support a data-method fit argument. System GMM is
appropriate for dynamic panel explanation because the sample contains repeated bank-year
observations and potential endogeneity. Tree-based machine-learning methods are
appropriate for ranking nonlinear predictor importance. Recurrent deep-learning methods
are less appropriate because annual bank-level data do not provide the dense sequential
structure needed for LSTM and GRU models to perform strongly.

This methodological lesson strengthens the article because it provides a realistic and
reproducible assessment. The paper does not overclaim the superiority of artificial
intelligence. It shows that Random Forest and XGBoost are useful because they reveal the
empirical dominance of internal banking variables, while LSTM and GRU are limited in this
setting. A journal reviewer is more likely to trust this conclusion because it is cautious,
transparent and consistent with the sample structure. The article therefore contributes to the
financial machine-learning literature by showing that algorithmic sophistication must be
matched to the available data frequency, sample size and research purpose.

The study also demonstrates why a hybrid design is preferable to a single-method approach.
If only GMM had been used, the article would have offered dynamic causal evidence but
limited information about nonlinear predictor strength. If only machine learning had been
used, the article would have provided predictive rankings but weaker theoretical
interpretation. By combining both layers, the paper produces a richer empirical story. GMM
explains persistence and endogeneity; regularized regressions check stability and variable
selection; Random Forest and XGBoost identify predictive dominance; and neural networks
test whether sequential nonlinear learning adds value. The convergence of these layers
supports the reliability of the main conclusion.

For publication purposes, the most defensible methodological claim is therefore not that the
study uses many models. The stronger claim is that the study uses complementary models for
different empirical purposes. System GMM is used for dynamic explanation; Ridge and Lasso
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are used for regularized robustness; Random Forest and XGBoost are used for nonlinear
variable importance; SVR and neural networks are used as additional predictive benchmarks.
This positioning turns methodological breadth into methodological coherence. It also reduces
the risk that reviewers will view the article as a mechanical model comparison without
conceptual integration.

5.4 Final empirical message

Taken together, the empirical evidence provides a clear final message. Financial uncertainty
matters for Pakistan’s banking sector, but bank performance under uncertainty is mainly
determined by how banks manage credit risk, operational efficiency, capital adequacy,
liquidity and size-related capacity. Islamic banks show promising descriptive advantages in
ROA, NPL and liquidity, but the stability evidence does not support a blanket claim of
superiority. The policy implication is that both Islamic and conventional banks require strong
credit-risk governance, cost control, capital planning and liquidity monitoring to remain
resilient under oil-price, exchange-rate and market uncertainty.

This interpretation gives the article a stronger publication identity. It is not simply an Islamic-
versus-conventional comparison, not simply an oil-price uncertainty paper, and not simply a
machine-learning exercise. It is a banking-resilience paper that uses the dual banking system
of Pakistan as an empirical setting and combines econometric and predictive tools to show
which mechanisms matter most. This identity is suitable for journals in Islamic finance,
banking performance, risk management, emerging-market finance and applied financial
econometrics.

5.5 Reviewer-facing strengths of the empirical design

The reviewer-facing strength of the study is that the empirical design avoids one-sided
interpretation. The descriptive results identify differences between Islamic and conventional
banks, but the multivariate models test whether those differences persist after accounting
for bank fundamentals. The econometric models provide dynamic evidence, while machine-
learning models provide a second layer of predictive evidence. The result is not a single
isolated coefficient but a consistent pattern across several empirical tools. This makes the
article stronger than a purely descriptive comparison and stronger than a purely algorithmic
prediction exercise.

The paper also has a clear boundary condition, which should be seen as a strength rather than
a weakness. It shows that deep-learning models are not automatically superior when annual
banking data are limited. This cautious interpretation makes the article more credible because
it aligns the methodological conclusion with the data structure. A publishable paper should
not only report positive results; it should also explain why some models perform less
effectively. In this respect, the study provides a balanced empirical contribution that is useful
for researchers, regulators and banking practitioners.

6. Conclusion

This article converts the thesis on financial uncertainty and bank performance into a focused,
publication-oriented article. Using bank-level data for 21 Pakistani banks over 2010-2024, it
examines how oil price volatility, exchange-rate volatility, gold-price/market uncertainty and
bank-level characteristics affect ROA, ROE and Z-Score in a dual banking system. The article
combines System GMM with machine-learning and deep-learning models to provide both
explanatory and predictive evidence.

The main conclusion is that bank-specific factors dominate the empirical results. Credit risk,
measured through NPLs, is the most consistent negative determinant of profitability and
stability. Cost efficiency, capital adequacy, liquidity and bank size also play central roles.
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Financial uncertainty matters, but its most visible influence appears through bank balance-
sheet risk and operational efficiency rather than as a consistently significant direct coefficient
in every model.

Islamic banks show favourable descriptive performance in ROA and liquidity, and lower credit-
risk exposure than conventional banks. However, the GMM interaction evidence does not
support an overgeneralized claim that Islamic banks are structurally superior in every respect.
The more balanced conclusion is that Islamic banks show promising resilience indicators, but
performance and stability are ultimately shaped by credit quality, efficiency, capital, liquidity
and size.

The predictive evidence shows that XGBoost and Random Forest provide strong empirical
value by ranking the drivers of bank performance. NPL, CIR, CAR, liquidity and bank size are
repeatedly identified as leading predictors. By contrast, LSTM and GRU models do not
perform well in this annual panel setting. This demonstrates that more complex models
should not be preferred unless the data structure supports them. For this study dataset,
dynamic panel econometrics and tree-based machine learning provide the strongest
combined insight.

The article has practical implications for regulators, Islamic banking managers, conventional
bank executives and researchers. Regulators should monitor credit risk and cost efficiency
along with capital adequacy. Bank managers should strengthen loan-quality controls and
liguidity planning under financial uncertainty. Researchers should use hybrid models carefully
and interpret predictive algorithms in relation to economic theory. Future research can
extend the analysis using quarterly data, bank-level stress-testing measures, Shariah-
compliance intensity, and explainable machine-learning tools such as SHAP values where raw
model outputs are available.

Declarations

Funding: The article is based on academic thesis work and reports no external funding.
Conflict of interest: The author declares no conflict of interest.

Data availability: The article is based on the study dataset and reported thesis outputs. The
underlying dataset should be made available by the researcher subject to institutional and
supervisor approval.

Ethical statement: The study uses secondary bank-level and macro-financial data and does
not involve human participants.

References

Abdulrahim, H., Alshibani, S. M., lbrahim, O., & Elhag, A. A. (2025). Prediction of OPEC oil
prices using long short-term memory and multi-layer perceptron models. Alexandria
Engineering Journal, 110, 607-612. https://doi.org/10.1016/j.aej.2024.10.057.

Ahamed, F. (2021). Determinants of liquidity risk in the commercial banks in Bangladesh.
European Journal of Business and Management Research, 6(1), 164-169.
https://doi.org/10.24018/ejbmr.2021.6.1.729.

Alaali, F. (2020). The effect of oil and stock price volatility on firm-level investment: The case
of UK firms. Energy Economics, 87, 104731. https://doi.org/10.1016/j.eneco.2020.104731.
Aledeimat, S. R. M., & Bein, M. A. (2025). Does uncertainty affect the banks’ non-performing
loans/non-performing finance in the MENA region? A comparison study between
conventional and Islamic banks. SAGE Open, 15(1).
https://doi.org/10.1177/21582440251320239.

1973 |Page



Vol. 05 No. 01. Jan-March 2026 Sociology & Cultural Research Review

Al-Husainy, N. H. M., & Jadah, H. M. (2021). The effect of liquidity risk and credit risk on bank
performance: Empirical evidence from Iraq. iRASD Journal of Economics, 3(1), 58-67.
https://doi.org/10.52131/joe.2021.0301.0025.

Alsharif, M. (2024). How does oil price uncertainty affect the stability of conventional and
Islamic banks in major oil-exporting countries? Evidence from the GCC region. Finance
Research Letters, 69, Article 106161. https://doi.org/10.1016/].frl.2024.106161.

Alturki, S. A. M., & Hibbert, A. M. (2021). The impact of oil shocks on sovereign default risk.
World Bank Policy Research Working Paper No. 9546.

Ayinuola, T. F., & Gumel, B. I. (2023). The nexus between liquidity and credit risks and their
impact on bank stability. Asian Journal of Economics, Business and Accounting, 23(11), 15-27.
https://doi.org/10.9734/AJEBA/2023/v23i11975.

Basher, S. A, Haug, A. A., & Sadorsky, P. (2016). The impact of oil shocks on exchange rates:
A Markov-switching approach. Energy Economics, 54, 11-23.
https://doi.org/10.1016/j.eneco.2015.12.004.

Ben-Ahmed, K., Kasraoui, N., & Soulami, A. (2023). Exploring the interplay of credit and
liquidity risks: Impacts on banks’ profitability. International Journal of Advanced and Applied
Sciences, 10(8), 64-70. https://doi.org/10.21833/ijaas.2023.08.007.

Butt, U., & Chamberlain, T. (2025). Performance of Islamic banks during the COVID-19
pandemic: An empirical analysis and comparison with conventional banking. Journal of Risk
and Financial Management, 18(6), 308. https://doi.org/10.3390/jrfm18060308.

Capasso, G., Gianfrate, G., & Spinelli, M. (2020). Climate change and credit risk. Journal of
Cleaner Production, 266, 121634. https://doi.org/10.1016/j.jclepro.2020.121634.

Catik, A. N., Huyuglzel Kisla, G., & Akdeniz, C. (2020). Time-varying impact of oil prices on
sectoral stock returns: Evidence from Turkey. Resources Policy, 69, 101845.
https://doi.org/10.1016/j.resourpol.2020.101845.

Cevik, N. K., Cevik, E. I., & Dibooglu, S. (2020). Oil prices, stock market returns, and volatility
spillovers: Evidence from Turkey. Journal of Policy Modeling, 42(3), 597-614.
https://doi.org/10.1016/j.jpolmod.2020.01.006.

Chakroun, M. A., & Mensi, S. (2025). Impact of crude oil price uncertainty on systematic risk
in the Saudi Arabian banking sector. Cogent Economics & Finance, 13(1), 2473998.
https://doi.org/10.1080/23322039.2025.2473998.

Choi, D., Gam, Y. K., & Shin, H. (2023). Environmental reputation and bank liquidity: Evidence
from climate transition. Journal of Business Finance & Accounting, 50, 1274-1304.
https://doi.org/10.1111/jbfa.12669.

Choudhary, J., Sharma, H. K., Malik, P., & Majumder, S. (2025). Price forecasting of crude oil
using hybrid machine learning models. Journal of Risk and Financial Management, 18(7), 346.
https://doi.org/10.3390/jrfm18070346.

Chung, S. (2024). Modeling and forecasting energy market volatility using GARCH and a
machine learning approach. arXiv preprint arXiv:2405.19849.
https://arxiv.org/abs/2405.19849.

Cikiryel, B., Savasan, F., Nagayev, R., & Gormds, S. (2024). Fueling the bottom line: Decoding
the effects of oil on banking performance in net oil-importing economies. Borsa Istanbul
Review, 24, 1324-1344. https://doi.org/10.1016/j.bir.2024.10.003.

Dai, W., & Serletis, A. (2018). Qil price shocks and the credit default swap market. Open
Economies Review, 29, 283-293. https://doi.org/10.1007/s11079-017-9454-z.

Davydov, D., Vahamaa, S., & Yasar, S. (2021). Bank liquidity creation and systemic risk. Journal
of Banking & Finance, 123, 106031. https://doi.org/10.1016/j.jbankfin.2020.106031.

1974 |Page



Vol. 05 No. 01. Jan-March 2026 Sociology & Cultural Research Review

Dibooglu, S., Cevik, E. I., & Hassan Al Tamimi, H. A. (2022). Credit default risk in Islamic and
conventional banks: Evidence from a GARCH option pricing model. Economic Analysis and
Policy, 75, 396-411. https://doi.org/10.1016/j.eap.2022.06.006.

Donkor, R. A., Mensah, L., & Sarpong-Kumankoma, E. (2022). Oil price volatility and the US
dollar exchange rate volatility of some oil-dependent economies. The Journal of International
Trade & Economic Development, 31(4), 581-597.
https://doi.org/10.1080/09638199.2021.1998581.

Eltweri, A., Sawan, N., Al-Hajaya, K., & Badri, Z. (2024). The influence of liquidity risk on
financial performance: A study of the UK’s largest commercial banks. Journal of Risk and
Financial Management, 17(12), 580. https://doi.org/10.3390/jrfm17120580.

Fan, Z., Zhang, Z., & Zhao, Y. (2021). Does oil price uncertainty affect corporate leverage?
Evidence from China. Energy Economics, 98, 105252.
https://doi.org/10.1016/j.eneco.2021.105252.

Gan, T., Jiang, Y., Wu, X., & Zhang, M. (2023). Qil price uncertainty and the cost of debt:
Evidence from the Chinese bond market. Journal of Asian Economics, 87, 101637.
https://doi.org/10.1016/j.asieco.2023.101637.

Gao, L., Hitzemann, S., Shaliastovich, I., & Xu, L. (2022). QOil volatility risk. Journal of Financial
Economics, 144(2), 456-491. https://doi.org/10.1016/].jfineco.2021.08.016.

Ghouse, G., Ejaz, N., Bhatti, M. |., & Aslam, A. (2022). Performance of Islamic vs conventional
banks in OIC countries: Resilience and recovery during COVID-19. Borsa Istanbul Review,
22(S1), S60-S78. https://doi.org/10.1016/j.bir.2022.11.020.

Guerra, P., Castelli, M., & Corte-Real, N. (2022). Machine learning for liquidity risk modeling:
A supervisory perspective. Economic Analysis and Policy, 74, 175-187.
https://doi.org/10.1016/j.eap.2022.02.001.

Gupta, K., & Krishnamurti, C. (2018). Do macroeconomic conditions and oil prices influence
corporate risk-taking? Journal of Corporate Finance, 53, 65-86.
https://doi.org/10.1016/].jcorpfin.2018.10.003.

Hameed, Z., Shafi, K., & Nadeem, A. (2021). Volatility spillover effect between oil prices and
foreign exchange markets. Energy Strategy Reviews, 38, 100712.
https://doi.org/10.1016/j.esr.2021.100712.

Hidayat, S. E., & Sakti, M. R. P. (2020). Qil prices and Islamic banks' performance in OIC
countries: Evidence from dynamic GMM approaches. Journal of Economic Cooperation and
Development, 41(2), 113-140.

Kassim, S., Mohiuddin, R., Azhari, M., Madhavi, P., Vijay, V., Kumari, D., & Venkatesan, P.
(2024). Applications of machine learning in Islamic finance. Journal of Information Systems
Engineering and Management, 10(6).

Katterbauer, K., & Moschetta, P. (2022). A deep learning approach to risk management
modeling for Islamic microfinance. European Journal of Islamic Finance, 35.
https://doi.org/10.13135/2421-2172/6202.

Kilian, L., & Zhou, X. (2022). Oil prices, exchange rates, and interest rates. Journal of
International Money and Finance, 126, 102679.
https://doi.org/10.1016/].jimonfin.2022.102679.

Kogoglu, E., & Ersoz, F. (2022). Data mining application with machine learning algorithms to
manage interest rate risk. Business & Management Studies: An International Journal, 10(4),
1545-1564. https://doi.org/10.15295/bmij.v10i4.2162.

1975 |Page



Vol. 05 No. 01. Jan-March 2026 Sociology & Cultural Research Review

Lee, C.-C., Wang, C.-W., Thinh, B. T., & Xu, Z.-T. (2022). Climate risk and bank liquidity creation:
International evidence. International Review of Financial Analysis, 82, 102198.
https://doi.org/10.1016/].irfa.2022.102198.

Liu, J., & Xie, J. (2024). The effect of ESG performance on bank liquidity risk. Sustainability, 16,
4927. https://doi.org/10.3390/su16124927.

Lutsyk, M., Solovarov, A., & Paliukh, A. (2022). Identification of banking risks and their impact
on financial stability. Socio-Economic Relations in the Digital Society, 4(46).
https://doi.org/10.55643/ser.4.46.2022.471.

Maghyereh, A., & Abdoh, H. (2020). Asymmetric effects of oil price uncertainty on corporate
investment. Energy Economics, 86, 104622. https://doi.org/10.1016/j.eneco.2019.104622.
Mate, D., Raza, H., & Ahmad, I. (2023). Comparative analysis of machine learning models for
bankruptcy prediction in the context of Pakistani companies. Risks, 11(10), 176.
https://doi.org/10.3390/risks11100176.

Matey, J. (2021). Bank liquidity risk and bank credit risk: Implications for bank stability in
Ghana. International Journal of Scientific Research in Multidisciplinary Studies, 7(4), 29-36.
Mirjalili, S. H. (2016). The resilience of Islamic banks and conventional banks in the global
financial crisis. Proceedings of the First Conference of Islamic Finance.

Naifar, N., Shahzad, S. J. H., & Hammoudeh, S. (2020). Dynamic nonlinear impacts of oil price
returns and financial uncertainties on credit risks of oil-exporting countries. Energy
Economics, 88, 104747. https://doi.org/10.1016/j.eneco.2020.104747.

Nguyen, D. N., Nguyen, C. P., & Dang, L. P. X. (2022). Uncertainty and corporate default risk:
Novel evidence from emerging markets. Journal of International Financial Markets,
Institutions & Money, 78, 101571. https://doi.org/10.1016/j.intfin.2022.101571.

Nouman, M., Hashim, M., Trifan, V. A., Spinu, A. E., Siddiqgi, M. F., & Khan, F. U. (2022). Interest
rate volatility and financing of Islamic banks. PLOS ONE, 17(7), e0268906.
https://doi.org/10.1371/journal.pone.0268906.

Pavlova, I., de Boyrie, M. E., & Parhizgari, A. M. (2018). A dynamic spillover analysis of crude
oil effects on the sovereign credit risk of exporting countries. The Quarterly Review of
Economics and Finance, 68, 10-22. https://doi.org/10.1016/j.qref.2018.03.003.

Ren, X., Liu, Z., Jin, C., & Lin, R. (2023). QOil price uncertainty and enterprise total factor
productivity: Evidence from China. International Review of Economics & Finance, 83, 201-218.
https://doi.org/10.1016/].iref.2022.08.024.

Roncoroni, A., Battiston, S., Escobar-Farfan, L. O. L., & Martinez-Jaramillo, S. (2021). Climate
risk and financial stability in the network of banks and investment funds. Journal of Financial
Stability, 54, 100870. https://doi.org/10.1016/j.jfs.2021.100870.

Ryandono, M. N. H., Imron, M. A., & Wildan, M. A. (2022). World oil prices, exchange rates,
and their impact on Islamic banking risks. International Journal of Energy Economics and
Policy, 12(4), 409-413. https://doi.org/10.32479/ijeep.13360.

Smiech, S., Papiez, M., Rubaszek, M., & Snarska, M. (2021). The role of oil price uncertainty
shocks on oil-exporting countries. Energy Economics, 93, 105028.
https://doi.org/10.1016/j.eneco.2020.105028.

Slimane, S. B., & Alsolamy, M. Q. (2024). Impact of oil price shocks on Islamic and conventional
bank performance: Empirical evidence from Saudi Arabia. International Journal of Energy
Economics and Policy, 14(5), 629-642. https://doi.org/10.32479/ijeep.16693.

Song, X., & Yang, B. (2022). Oil price uncertainty, corporate governance, and firm
performance. International Review of Economics and Finance, 80, 469-487.
https://doi.org/10.1016/].iref.2022.02.067.

1976 |[Page



Vol. 05 No. 01. Jan-March 2026 Sociology & Cultural Research Review

Tanin, T. l., Shaiban, M. S. M., Hasanov, A. S., & Brooks, R. (2025). Resilience and performance
of Islamic and conventional banks amid oil price uncertainty. Energy Economics, 148, 108637.
https://doi.org/10.1016/j.eneco.2025.108637.

Tzouvanas, P., & Mamatzakis, E. C. (2021). Does it pay to invest in environmental stocks?
International Review of Financial Analysis, 77, 101812.
https://doi.org/10.1016/].irfa.2021.101812.

Umoru, D., Effiong, S. E., Okpara, E., Eke, R. ., lyayi, D., Nwonu, C. U., Obomeghie, M. A,, Tizhe,
A. N., & Eshemogie, K. (2023). Qil-exchange rate volatilities and returns nexus. Corporate
Governance and Organizational Behavior Review, 7(2), 325-337.
https://doi.org/10.22495/cgobrv7i2sip11.

Uula, M. M., & Kassim, S. F. M. (2024). Machine learning in Islamic finance. Islamic Economics
Methodology, 3(2).

Wang, J., Niu, X., Zhang, L., Liu, Z., & Wei, D. (2022). The influence of international oil prices
on the exchange rates of oil-exporting countries: Based on the hybrid copula function.
Resources Policy, 77, 102734. https://doi.org/10.1016/j.resourpol.2022.102734.

Wegener, C., Basse, T., Kunze, F., & von Mettenheim, H.-J. (2016). Oil prices and sovereign
credit risk of oil-producing countries: An empirical investigation. Quantitative Finance, 16(12),
1961-1968. https://doi.org/10.1080/14697688.2016.1211801.

Yildirim, Z., & Arifli, A. (2021). Oil price shocks, exchange rate, and macroeconomic
fluctuations in a small oil-exporting economy. Energy, 219, 119527.
https://doi.org/10.1016/j.energy.20

1977 |Page



