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Sažetak
Ovaj rad istražuje potencijal primene tehnika objašnjavajuće veštačke 
inteligencije (XAI) na kompleksne modele dubokog učenja (DNN) i 
algoritme povećanja gradient (XGB) u kontekstu kreditnog odlučivanja. 
Prevashodno su u fokusu Šeplijeva aditivna objašnjenja (SHAP) i Lokalna 
interpretabilna model-agnostička objašnjenja (LIME) koji doprinoste 
razumevanju složenih modela. Za empirijsku analizu korišćena je baza 
podataka iz Tajvana koja prati ponašanje korisnika kreditnih kartica i sadrži 
informacije o demografskim i finansijskim karakteristikama klijenata, 
kao i status otplate duga. Rezultati pokazuju da su kompleksni modeli 
mašinskog i dubokog učenja dominantniji od logističke regresije i da u 
kombinaciji sa XAI tehnikama doprinose boljem uvidu u rad modela i 
povećavaju transparentnost. To može u perspektivi uticati na široku 
primenu u praksi jer olakšava razumevanje korisnicima modela, tražiocima 
kredita i regulatornom telu.

Ključne reči: Objašnjiva AI, SHAP, LIME, kreditni skoring, mašinsko 
učenje, duboko učenje, transparentnost, interpretabilnost, kreditni 
rizik, XGBoost

Abstract 
This paper explores the potential application of explainable artificial 
intelligence (XAI) techniques to complex deep learning models (DNN) and 
gradient boosting algorithms (XGB) in the context of credit decision-making. 
The primary focus is on SHapley Additive exPlanations (SHAP) and Local 
Interpretable Model-agnostic Explanations (LIME), which contribute to 
understanding complex models. For empirical analysis, a dataset from 
Taiwan was used, tracking credit card user behavior and containing 
information on clients’ demographic and financial characteristics, as 
well as their debt repayment status. The results show that complex 
machine and deep learning models outperform logistic regression and, 
when combined with XAI techniques, provide better insights into model 
operations and enhance transparency. This could, in perspective, lead to 
broader practical applications, as it facilitates understanding for model 
users, loan applicants, and regulatory bodies.

Keywords: Explainable AI, SHAP, LIME, credit scoring, machine 
learning, deep learning, transparency, interpretability, credit 
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Introduction

The assessment of creditworthiness, i.e., the evaluation 
of credit risk for individuals and businesses, represents 
one of the key operations in the risk management process 
within any financial institution. Therefore, it is extremely 
important to use models that ensure high accuracy on 
one hand, and transparency on the other. Traditionally, 
financial institutions have relied on statistical models 
such as logistic regression and decision trees. However, in 
recent years, with the emergence of artificial intelligence 
(AI), machine learning (ML), and deep learning (DL), 
predictive performance has significantly improved, allowing 
financial organizations to process large volumes of data 
and uncover complex patterns.

Despite these advancements, a major limitation 
of AI-based credit scoring models remains their lack of 
transparency. Many state-of-the-art models—such as 
deep neural networks (DNNs) and gradient boosting 
(XGB)—are seen as black boxes by both users and other 
stakeholders. This creates challenges on multiple levels, 
especially from the perspective of regulatory compliance 
(e.g., ethical AI adoption, model validation requirements), 
user understanding, and ultimately, the trust of loan 
applicants.

The concept of XAI has been established as a 
solution to this problem, providing methodologies that 
enhance model transparency while preserving predictive 
performance. XAI techniques allow financial institutions 
to understand the intuition behind ML models, ensuring 
fairness, accountability, and regulatory compliance. By 
integrating XAI into credit risk management, institutions 
can mitigate risks associated with biased decision-making, 
improve client trust, and promote regulatory confidence.

Several methods are mentioned in the literature that 
can improve the interpretability of credit scoring models. 
Techniques such as SHAP, LIME and others offer ways 
to explain model behavior. These methods help financial 
analysts and policymakers understand which factors 
influence credit risk assessment, thereby supporting more 
informed decision-making.

The main purpose and motivation of this paper is 
to present the results of applying XAI to credit scoring 

modeling, comparing various interpretability techniques. 
The rest of the paper has the following structure: Chapter 
2 gives an overview of the existing literature on credit 
scoring models and XAI methods; Chapter 3 outlines 
the theoretical foundations of logistic regression, DNN, 
and XGB models, as well as XAI techniques. Chapter 4 
describes the data used in the empirical analysis. Chapter 
5 shows a comparative analysis of the different models, 
and Chapter 6 offers concluding remarks and potential 
directions for future research.

Literature overview

The increasing application of artificial intelligence (AI) and 
complex modeling approaches in credit risk management—
especially in credit scoring has led to a significant rise in 
the development and application of explainable artificial 
intelligence (XAI) techniques. These methods aim to 
enhance model interpretability while preserving predictive 
accuracy, which is particularly important in regulated 
financial environments. XAI plays a vital role in ensuring 
regulatory compliance (e.g., GDPR, ECB model validation 
guidelines), improving customer trust, and increasing 
oversight of automated decision-making processes [8,9, 25].

Credit risk modeling is defined as the process by 
which financial institutions estimate the probability 
that a borrower will default on their financial obligations 
[15]. Traditionally, models such as logistic regression and 
decision trees have been popular due to their simplicity 
and interpretability [14, 26]. However, these conventional 
approaches often fall short in predictive power when 
compared to more advanced machine learning (ML) models 
[1]. In contrast, complex ML and deep learning (DL) models 
demonstrate superior predictive performance, although 
their opaque structure poses significant interpretability 
challenges [21].

Among ML techniques, XGBoost (eXtreme Gradient 
Boosting) has emerged as a leading method in credit 
scoring due to its accuracy, speed, and robustness to 
overfitting. It iteratively builds an ensemble of decision trees 
to minimize the prediction error, making it particularly 
suitable for structured financial data [6, 16]. Deep neural 
networks (DNNs) are also widely used because they can 
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capture highly nonlinear relationships between features 
and model complex behavioral patterns [17]. However, 
the lack of transparency in both approaches limits their 
practical applicability in risk-sensitive environments, 
hence the growing demand for XAI techniques such as 
SHAP and LIME.

Two of the most widely used XAI methods in financial 
modeling are SHapley Additive exPlanations (SHAP) and 
Local Interpretable Model-agnostic Explanations (LIME). 
SHAP is based on cooperative game theory and assigns each 
feature a contribution score that reflects its importance in 
a prediction, offering global and local interpretability [20]. 
In contrast, LIME approximates complex models using 
locally interpretable linear models, enabling analysts to 
better understand specific predictions [25].

Recent studies confirm the relevance and applicability 
of these techniques. For instance, SHAP has been successfully 
applied to interpret credit risk models in retail banking, 
as shown in the work of Hajelkrem, Olea, and Lange [13], 
while LIME has proven effective in generating intuitive, 
case-specific insights in credit evaluation contexts [5]. 
Moreover, hybrid frameworks that combine multiple 
XAI techniques have been proposed to improve both 
interpretability and predictive performance, such as those 
developed by Moskato, Zhang, and Kumar [23].

In summary, while complex ML models such as 
XGBoost and DNNs provide substantial improvements in 
accuracy, their integration into financial decision-making 
processes requires explainability. XAI techniques such as 
SHAP and LIME offer a practical solution to bridge this 
gap, ensuring transparency, regulatory compliance, and 
stakeholder trust.

Methodology

Credit Scoring models

Logistic regression

Logistic regression (LR) is a statistical method mostly used 
for classification problems where output variable has binary 
structure. Unlike linear regression, where continuous values 
are predicted, LR estimates the probability that a given 
instance belongs to one of two categories. Its popularity 

stems from its simplicity, interpretability, and efficiency 
across a variety of applications.

At the core of LR is the logistic (sigmoid) function, 
which transforms real-valued inputs into the range [0, 1], 
enabling interpretation of outputs as probabilities:

p = 1

1 + e–(β₀+β₁ x₁+ β₂ x₂+...+βn xn)

Where:
β0 –	 the intercept, representing the baseline probability 

when all independent variables are zero
βi –	 coefficients that indicate the influence of individual 

predictors on the log-odds of the dependent variable. 
Positive values increase the log-odds, while negative 
values decrease it

xj –	 independent variables (predictors). In credit scoring, 
these may include income, credit history, debt-to-
income ratio, employment status, etc.
The model parameters (β0, β1, ..., βⁿ) are estimated 

using the method of maximum likelihood estimation 
(MLE), which calculates equation for coefficients that 
maximize the likelihood of getting the actual data [7].

The main strength of logistic regression is its 
interpretability. Coefficients can be directly linked to the 
odds (the logged one) of the output values, allowing for clear 
explanation of individual predictors’ impact. However, LR 
also has notable limitations. Its performance relies highly 
on features of the input data (primarily on their quality)  
and the proper specification of variables. Moreover, LR 
struggles to capture complex, nonlinear interactions among 
features, which can limit its effectiveness in modeling 
sophisticated financial behaviors.

XGBoost

XGBoost (eXtreme Gradient Boosting) extends the 
traditional gradient boosting framework by integrating 
advanced methods for optimization like regularization, 
weighted quantile sketching, and parallelized computation. 
These improvements make XGBoost highly efficient and 
suitable for a various practical use cases. In simplified 
terms, XGBoost creates an ensemble of decision trees, 
where each subsequent tree improving previous one by 
correcting errors. 
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ŷi = ∑ k = 1K fk (xi),  fk ∈ F

In this equation, K represents the total number of trees, 
and each fk ​ predicts an output based on the input xi. 
The final estimation ŷi is the sum of all tree outputs. The 
optimization process of XGBoost aims to maximize a 
regularized objective function:

L(θ) = ∑ 
i=1

n

 l(yi, ŷi) + ∑ k = 1K Ω(fk)

Here, l(yi, ŷi) is the loss function that quantifies the error 
between the predicted and actual value, while Ω( fk) is 
the regularization term that prevents overfitting and is 
defined as:

Ω(f) = γT  + 1 λ ∑ 
j=1

T

 w2
j2

 In this formulation, T shows the number of leaves in a 
tree, whereas wj represent the weight of each leaf j, and γ, 
λ are regularization parameters controlling the model’s 
complexity [6].

From a practical perspective, XGBoost is valued for 
its exceptionally high predictive accuracy and adaptability 
across various data types. On the technical side, it offers 
numerous advantages, including built-in regularization 
to combat overfitting and robustness to outliers and 
extreme values.

However, XGBoost is not without limitations. The 
most prominent drawback is its complexity and lack of 
transparency. Furthermore, tuning the model such as 
determining the optimal number of trees, their depth, 
and the learning rate—requires significant technical 
expertise and understanding of the algorithm’s internal 
mechanisms.

DNN

Deep Neural Networks (DNNs) are advanced models, which 
used human brain as inspiration for building the logic 
behind. The model is made of plenty of different connected 
layers which are interactively and collaboratively working 
on input data while generating output results. Each layer 
introduces an additional level of abstraction, enabling the 
network to understand and capture complex patterns and 
relationships in the data. Due to their ability to model 

high-dimensional feature interactions and process large-
scale datasets, DNNs have proven particularly useful in 
the context of credit scoring [11].

The architecture of a DNN includes an input layer, 
one or more hidden layers, and an output layer. Each layer 
contains neurons (or nodes) that apply transformations 
to the incoming data. Each connection between neurons 
in the network is assigned with weighs, that are adapted 
during training process in order to minimize error between 
predicted and actual outputs [11].

The output of neuron i in layer l is defined as:

hi
(l) = f (∑

j  
 wij

(l-1) hj
(l-1) + bi

(l))

wij
(l-1)	represents the weight of the connection between 

neuron j in the previous layer and neuron iii in 
the current layer,

hj
(l-1)	 is the output of neuron j in the previous layer,

bi
(l)	 denotes the bias term of neuron,

f	 is the activation function applied to the weighted 
sum, typically a nonlinear function such as the 
sigmoid or ReLU
DNNs offer several key advantages. They are capable 

of modeling highly nonlinear and hierarchical relationships 
in data, automatically extracting relevant features without 
the need for manual feature engineering. This makes 
them well-suited for tasks such as credit scoring, where 
behavioral patterns can be subtle and multidimensional.

However, the use of DNNs presents certain challenges. 
Training deep architectures requires substantial computational 
resources and time, especially for large networks. Moreover, 
the decisions made by DNNs are often difficult to interpret 
compared to simpler models like logistic regression. 
Additionally, overfitting can occur—particularly when the 
model architecture is overly complex or when the training 
dataset lacks sufficient diversity to generalize effectively.

Model performance evaluation

Evaluating the performance of credit scoring models is 
essential to assess the accuracy and reliability of predictions. 
Performance is measured using a variety of metrics that 
provide insights into a model’s classification power, 
discrimination capability, and generalization to real-world 
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data. In this study, the following evaluation metrics are 
used: accuracy, precision, recall, F1 score, area under the 
ROC curve (AUC-ROC), and the Gini coefficient.

Accuracy 

Accuracy indicates the percentage of correctly classified 
cases relative to the total number of instances:

In the equation below, TP (True Positive) are 
correctly predicted cases of default, TN (True Negative) 
correctly predicted cases of regular repayment, FP (False 
Positive) wrongly predicted bankruptcy and finally FN 
(False Negative) are wrong predictions that bankruptcy 
will not occur:

Accuracy = TP + TN
TP + TN + FP + FN

Although accuracy gives a general measure of model 
success, it may be misleading in the presence of imbalanced 
datasets. For instance, if the majority of clients repay 
loans on time, a model that always predicts non-default 
could achieve high accuracy without actually identifying 
risky borrowers.

Precision and recall

Precision measures the proportion of true defaults among 
those predicted as risky:

Precision = TP
TP + FP

High precision means the model rarely misclassifies 
solvent clients as defaulters, which is important in scenarios 
where false positives may lead to unjustified credit denials.

Recall assesses how well the model identifies actual 
default cases:

Recall = TP
TP + FN

A high recall value indicates the model successfully 
detects risky clients, which is crucial when the cost of 
missing a default is high—such as issuing loans to non-
creditworthy applicants, potentially resulting in financial 
losses.

F1 Score

The F1 score represents the harmonic mean of precision 
and recall:

F1 = 2 × Precision × Recall 
Precision + Recall

It is particularly useful in scenarios requiring a 
balance between precision and recall, especially when 
both false positives and false negatives carry significant 
consequences.

Explainable Artificial Intelligence (XAI)

The term XAI refers to a set of methods which has aim 
to machine learning and especially complicated deep 
learning models more understandable, while preserving 
their advantages, most notably, predictive accuracy. These 
methods are especially relevant in the context of credit 
risk management, as they help address challenges related 
to interpreting, understanding, validating, and verifying 
model outcomes, particularly in communication with 
regulatory authorities.

Interpretability, in this context, refers to the extent to 
which a model’s logic and outputs are easy to understand. 
Models can be categorized into two broad groups:
1.	 Intrinsically interpretable models – where the decision-

making logic is transparent by design (e.g., decision 
trees, linear regression).

2.	 Black-box models – where post hoc interpretation 
techniques are needed to explain the outputs (e.g., 
neural networks, ensemble methods).
XAI techniques can also be grouped based on their 

scope of explanation:
•	 Global interpretability methods aim to explain the 

overall logic and structure of the model, providing 
insights into how it generally functions across the 
entire dataset.

•	 Local interpretability methods focus on explaining 
individual predictions made by the model, answering 
questions such as “Why was this loan application 
rejected?”
This distinction is important because different 

stakeholders require different types of explanations.
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•	 A credit analyst may want to understand how the 
model functions overall to ensure it aligns with 
risk policies.

•	 A bank client is typically only interested in knowing 
why their application was rejected and what factors 
they can improve to qualify in the future.

•	 Regulatory bodies assess models at the macro level and 
are primarily concerned with transparency, fairness, 
and compliance, for which global interpretability is 
more appropriate. Some XAI methods support both 
global and local interpretability, thereby meeting 
the needs of all stakeholders.
Another way to classify XAI techniques is by the 

type of explanation they provide:
1.	 Feature-based explanations – which identify the 

variables that contributed most to a specific prediction.
2.	 Example-based explanations – which use representative 

samples or similar cases to justify the decision.
3.	 Rule-based explanations – which rely on simplified 

logical rules to approximate how the model makes 
decisions.

4.	 Visualization-based explanations – which present 
model behavior graphically to facilitate intuitive 
understanding.
Together, these approaches help the most complex 

deep learning models to become more transparent and 
reliable—an essential requirement in financial decision-
making and credit risk assessment.

LIME

LIME is an interpretability method used to approximate 
the behavior of a complex model locally—around a specific 
prediction. The central idea behind LIME is that any 
complex model can be approximated by a simpler, more 
interpretable and easily understandable model (e.g., linear 
regression) in the local neighborhood of an instance. The 
underlying assumption is that two nearby input points 
should produce similar predictions.

LIME works through the following steps:
1.	 Perturbation of Input Features: For a given data 

instance, LIME generates a set of perturbed samples by 
randomly altering feature values. These perturbations 

are drawn from the training data distribution to 
ensure representativeness.

2.	 Prediction on Perturbed Instances: The complex 
model (e.g., a DNN) is used to generate predictions 
for each perturbed instance.

3.	 Weighting Based on Proximity: Weights are assigned 
to each perturbed instance according to its closeness 
to the original instance. Instances closer to the 
original point are considered more relevant and 
therefore receive higher weights.

4.	 Fitting a Simple Model: A simple and interpretable 
model (typically linear regression) is trained using 
the weighted, perturbed instances to approximate 
the complex model’s behavior in the local region.

5.	 Generating the Explanation: The coefficients of 
the simple model are interpreted as indicators of 
feature importance, showing which input variables 
contributed most to the prediction in question[25].

Figure 1: LIME method

From a mathematical perspective, let f represent the 
complex model, and let x be the instance for which an 
explanation is sought. LIME aims to find a simple model 
g that approximates f locally around x. The optimization 
is defined as follows [25]:

ξ(x) = arg min
g∈G

 L  (f, g, πx) + Ω(g)
Where:
G	 is the family of interpretable models
L(f, g, πx) is a loss function measuring ability of the 

interpretable model g approximates the complex 
model f in the locality defined by πx.

πx	 defines the local neighborhood around the instance x.
Ω(g)	 is a regularization term that penalizes the complexity 

of the model g.
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LIME is widely adopted in practice because it is 
model-agnostic—it can be applied to any machine learning 
or AI model—and provides local interpretability, which 
is highly valuable in domains such as credit scoring. For 
example, it allows both credit analysts and borrowers to 
understand the specific reasons behind a rejected loan 
application.

However, LIME also has notable limitations. Since 
it relies on approximation, the quality of its explanations 
depends heavily on the accuracy of the local surrogate 
model. The perturbation process can be problematic 
for categorical or high-dimensional data, potentially 
resulting in misleading or unstable explanations if not 
managed carefully.

SHAP

SHAP explanations are derived from Shapley values, a 
concept rooted in cooperative game theory that aims to 
fairly distribute contributions among players in a coalition. 
In the context of SHAP, model features are treated as 
cooperative players, and their contribution to the model’s 
prediction is measured by assessing how the inclusion 
of each feature changes the output in combination with 
other features.

The Shapley value for a given feature i is computed 
using the following formula:

ϕi = ∑
S⊆F\{i}

|S|!(|F|–|S|–1)!
[f(S∪ {i}) – f(S)]

|F|!

Where:
F	 is the set of all features
S	 is a subset of features excluding feature i
f(S)	 is the model prediction using only features in subset 

S
ϕi	 represents the marginal contribution of feature i 

to the final prediction, averaged across all possible 
combinations of features
This formulation ensures fairness, as the contribution 

of each feature is weighted by its influence on the model 
output across all potential scenarios.

Several SHAP variants have been developed to 
optimize computations for specific model types. In this 
study, we utilize Deep SHAP, tailored for deep learning 

models and combining SHAP with DeepLIFT, and Tree 
SHAP, optimized for tree-based models such as LightGBM 
and Random Forest.

SHAP has three primary advantages:
1.	 Theoretical soundness – grounded in game theory, 

providing a rigorous mathematical foundation for 
fairness

2.	 Model agnosticism – applicable across a broad 
spectrum of machine learning models

3.	 Versatility in explanation – capable of generating 
both local (individual prediction) and global (model-
wide) interpretability [20]
However, SHAP is not without limitations. One key 

drawback is its computational intensity, especially with 
complex or high-dimensional models. Another issue 
stems from approximation errors, which can occur when 
estimating marginal contributions. Lastly, although SHAP 
values explain how a feature influences a prediction, they 
do not inherently explain why that feature is important, 
which may hinder intuitive understanding for some 
stakeholders.

Data

This study utilizes a dataset on the behavior of credit card 
holders in Taiwan retrieved from Kaggle [16]. The sample 
consists of 30,000 observations, making it highly suitable 
for various types of statistical and machine learning 
analyses. Moreover, the fact that the data is based on 
real customer records makes it particularly appropriate 
for bankruptcy prediction—especially in the context of 
credit card defaults.

The dataset includes a total of 24 variables (or 23 if 
the ID field—used solely as a unique customer identifier—
is excluded). The explanatory variables encompass 
demographic characteristics, payment behavior, and bill 
amounts over the previous six months. These features 
are well-aligned with the binary target variable, which 
indicates whether the customer defaulted on their next 
payment or continued to meet their obligations. 

Descriptive statistics (see Table 2) show that key 
variables such as credit limit (LIMIT_BAL), billing amounts 
(BILL_AMT1–6), and payments (PAY_AMT1–6) exhibit 
wide value ranges and high standard deviations [16]. This 
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Table 1: Variable overview

Variable Name Description Data Type
ID Unique client identifier Numerical
LIMIT_BAL Approved credit limit (NT dollars) Numerical
SEX Client’s gender (1 = male, 2 = female) Categorical
EDUCATION Education level (1 = graduate, 2 = university, 3 = high school, 4 = other) Categorical
MARRIAGE Marital status (1 = married, 2 = single, 3 = other) Categorical
AGE Client’s age (years) Numerical
PAY_0 Compensation status 09.2005 Categorical
PAY_2 Compensation status 08.2005 Categorical
PAY_3 Compensation status 07.2005 Categorical
PAY_4 Compensation status 06.2005 Categorical
PAY_5 Compensation status 05.2005 Categorical
PAY_6 Compensation status 04.2005 Categorical
BILL_AMT1 Bill amount in 09.2005 Numerical
BILL_AMT2 Bill amount in 08.2005 Numerical
BILL_AMT3 Bill amount in 07.2005 Numerical
BILL_AMT4 Bill amount in 06.2005 Numerical
BILL_AMT5 Bill amount in 05.2005 Numerical
BILL_AMT6 Bill amount in 04.2005 Numerical
PAY_AMT1 Past settlement 09.2005 Numerical
PAY_AMT2 Past settlement 08.2005 Numerical
PAY_AMT3 Past settlement 07.2005 Numerical
PAY_AMT4 Past settlement 06.2005 Numerical
PAY_AMT5 Past settlement 05.2005 Numerical
PAY_AMT6 Past settlement 04.2005 Numerical
default_payment_next_month Default status next month (1 = yes, 0 = no) Categorical

Tabel 2: Descriptive statistics

Variable Name Observations Mean Std. Deviation Min Max
ID 30000 15000.5 8660.40 1 30000
LIMIT_BAL 30000 167484.32 129747.66 10000 1000000
SEX 30000 1.60 0.49 1 2
EDUCATION 30000 1.85 0.79 0 6
MARRIAGE 30000 1.55 0.52 0 3
AGE 30000 35.49 9.22 21 79
PAY_0 30000 -0.017 1.12 -2 8
PAY_2 30000 -0.134 1.20 -2 8
PAY_3 30000 -0.166 1.20 -2 8
PAY_4 30000 -0.221 1.17 -2 8
PAY_5 30000 -0.266 1.13 -2 8
PAY_6 30000 -0.291 1.15 -2 8
BILL_AMT1 30000 51223.33 73635.86 -165580 964511
BILL_AMT2 30000 49179.08 71173.77 -69777 983931
BILL_AMT3 30000 47013.15 69349.39 -157264 1664089
BILL_AMT4 30000 43262.95 64332.86 -170000 891586
BILL_AMT5 30000 40311.40 60797.16 -81334 927171
BILL_AMT6 30000 38871.76 59554.11 -339603 961664
PAY_AMT1 30000 5663.58 16563.28 0 873552
PAY_AMT2 30000 5921.16 23040.87 0 1684259
PAY_AMT3 30000 5225.68 17606.96 0 896040
PAY_AMT4 30000 4826.08 15666.16 0 621000
PAY_AMT5 30000 4799.39 15278.31 0 426529
PAY_AMT6 30000 5215.50 17777.47 0 528666
default_payment_next_month 30000 0.2212 0.4151 0 1
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indicates the presence of highly diverse financial profiles 
among clients, from low-risk individuals to heavily indebted 
customers, and suggests the existence of significant outliers. 
In many cases, customers show high monthly spending 
and repayment values, which may reflect active card usage 
as well as potentially risky financial behavior.

The correlation matrix (Figure 2) highlights the degree 
of linear association between variables. As expected, strong 
correlations are observed between monthly payments 
and corresponding bill amounts, which aligns with the 
structure of the dataset. However, most other variables 
exhibit weak linear relationships, suggesting that linear 
models may not be sufficiently effective, and that more 
advanced, nonlinear modeling techniques should be 
considered.

As for the dependent variable, the distribution 
histogram (Figure 3) reveals a class imbalance: approximately 
78% of clients paid their credit card bills on time, while 
22% defaulted. This imbalance can significantly affect the 
performance of classification models, making it necessary 
to apply balancing techniques such as SMOTE (Synthetic 
Minority Over-sampling Technique) to improve predictive 
accuracy. 

Results

The comparative analysis of the logistic regression (LR), 
XGBoost (XGB), and deep neural network (DNN) models is 
presented using the previously defined performance metrics: 
accuracy, F1 score, precision, recall, and Gini coefficient 

Figure 2: Correlation matrix among variables in the data set.

Figure 3: Distribution of defaults
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provide a simplified explanation of the effect of individual 
features on the final model decision. The length of the 
bars represents the magnitude of each variable’s impact, 
while the color indicates the direction of influence. Orange 
bars denote variables contributing to the prediction that 
a client will default, while blue bars indicate variables 
associated with a lower probability of default i.e., regular 
repayment behavior.

In both models, a strong influence is observed from 
a combination of factors such as PAY_0, PAY_AMT1 (as 
well as their corresponding values from previous periods), 

(see Table 3). Based on the results, it is immediately evident 
that both XGB and DNN models significantly outperform 
logistic regression across all evaluation criteria. However, 
their complexity and lack of transparency often limit their 
adoption in practice. This challenge can be addressed by 
incorporating explainable AI (XAI) techniques. In this 
study, we apply LIME for local interpretability and SHAP 
for global interpretability.

Figure 4 illustrates the results obtained using the 
LIME method for both the XGB model (left) and the DNN 
model (right). The purpose of these visualizations is to 

Table 3: Models comparison

Model Accuracy F1 score Precision Recall Gini coefficient
Logistic regression 0.713 0.614 0.728 0.538 0.477
XGBoost 0.736 0.644 0.752 0.562 0.558
Deep neural networks 0.735 0.643 0.755 0.559 0.564

Figure 4: LIME method-XGB left and DNN right
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Figure 5: SHAP on XGB
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and LIMIT_BAL. All three variables show a negative effect, 
meaning that higher values are associated with a greater 
likelihood of default.

As previously noted, LIME’s primary strength lies 
in explaining individual predictions, which is especially 
valuable for validating specific credit decisions. However, 
to obtain a broader view and understand the model’s 
behavior globally, SHAP analysis must also be employed.

Figures 5 and 6 display the SHAP value distributions for 
the XGB and DNN models, respectively. The interpretation 
of these visualizations is straightforward. Features are 
ranked on the Y-axis in descending order of importance, 
while the X-axis indicates the direction of impact. Positive 
SHAP values suggest the feature contributes to predicting 
default, whereas negative values suggest the feature 
supports regular repayment. The color gradient shows 
the actual value of the feature: red for high values and 
blue for low values.

Conclusion

This research combines, on the one hand, a comparative 
analysis of models used for credit risk assessment of credit 
card holders, and on the other hand, the application of 
explainable AI (XAI) techniques—specifically LIME and 
SHAP—on complex models such as XGBoost (XGB) and 
deep neural networks (DNN), thereby enhancing their 
transparency and interpretability.

Using standard performance evaluation metrics (F1 
score, accuracy, precision, Gini coefficient, among others), 
XGB and DNN models have, as expected, demonstrated 
superior predictive power compared to logistic regression. 
Nevertheless, their complexity presents a barrier to broader 
adoption. In contrast, logistic regression, although the 
weakest performer in terms of predictive accuracy, remains 
a preferred model from the perspective of end users (e.g., 
banks) and regulatory or supervisory authorities due to 
its simplicity and interpretability.

A key contribution of this study lies in the implementation 
of XAI methods, providing a transparent view into 
model behavior. LIME and SHAP offer local and global 
interpretability, respectively, and reveal which variables 
have the most significant influence on model predictions. 

Based on the analysis, the most influential predictors 
of individual default are: repayment status in the most 
recent month (PAY_0), the maximum approved credit 
limit (LIMIT_BAL), and the billing amount from the 
previous month (BILL_AMT1).

The combination of advanced modeling techniques 
and explainable methods confirms that it is possible 
to achieve both high predictive accuracy and model 
transparency. This means that machine learning and 
deep learning models need not remain black boxes—
rather, their internal behavior can be decomposed and 
meaningfully interpreted.

However, there are several potential improvements that 
could further enhance the robustness, interpretability, and 
predictive performance of these models. First, incorporating 
generative AI models such as Generative Adversarial 
Networks (GANs) and Variational Autoencoders (VAEs) 
could improve data quality, reveal latent patterns, and detect 
anomalies, all of which can lead to better overall results. 
Additionally, integrating multiple datasets from different 
geographic regions, as well as unstructured data, could 
further increase model robustness and generalizability.
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Sažetak
Hedžing rizika portfolija zasnovanog na S&P 500 indeksu predstavlja 
značajan doprinos u oblasti upravljanja finansijskim rizikom, kako za 
istraživače, tako i za finansijske menadžere i investicione stručnjake. Cilj ovog 
rada jeste identifikacija realnih aktiva koje efikasno doprinose smanjenju 
rizika bivarijantnog portfolija u kome je S&P 500 osnovni investicioni 
instrument, dok su nafta, zlato i srebro analizirani kao pomoćni hedžing 
instrumenti. Analiza je sprovedena na osnovu dnevnih cena zatvaranja 
u periodu od 1. januara 2019. do 28. maja 2024. godine, korišćenjem 
višestepenog kvantitativnog pristupa. Konstruisani su bivarijantni 
portfoliji sa minimalnom varijansom kako bi se identifikovala optimalna 
kombinacija koja obezbeđuje najmanji rizik za dati nivo očekivanih 
prinosa. Nakon toga, izračunat je Sharpeov odnos u cilju procene da li 
su ostvareni prinosi rezultat dodatnog rizika ili uspešnog investicionog 
izbora. Sprovedena je i analiza efikasnosti hedžinga primenom indeksa 
efikasnosti hedžinga (HEI). Dobijeni rezultati ukazuju da kombinacija 
S&P 500 indeksa i zlata pruža najsnažniji efekat smanjenja rizika, što 
potvrđuje i najviša vrednost Sharpeovog odnosa. Međutim, negativna 
vrednost HEI indeksa sugeriše da bi dodatno smanjenje rizika moglo 
biti ostvareno uključivanjem alternativnih instrumenata, poput platine 
ili drugih realnih aktiva.

Ključne reči: hedžing, S&P500 index, nafta, zlato, srebro

Abstract
Hedging a portfolio with the S&P 500 index as the primary instrument 
can provide valuable insights to researchers, financial managers, and 
investment professionals, helping them achieve better risk management, 
identify investment opportunities, and improve portfolio performance. 
In this context, the authors aimed to identify appropriate real assets 
that could help mitigate the risk of a bivariate portfolio, where the S&P 
500 index serves as the primary instrument, with oil, gold, and silver 
considered as potential secondary real assets. Using daily closing price 
data from January 1, 2019, to May 28, 2024, the authors apply a multi-
stage quantitative approach. The aim of the research is to determine 
the minimum variance portfolio, i.e., the optimal combination of the 
bivariate portfolios that minimize risk for a given level of expected 
return. Bivariate portfolios with minimal investment risk were initially 
constructed, followed by the Sharpe ratio calculation to assess whether 
the returns of the selected portfolio stem from additional risk or reflect 
a sound investment decision. An evaluation of the effectiveness of the 
implemented hedging strategy was also conducted. The authors conclude 
that the combination of the S&P 500 and gold resulted in a substantial 
reduction in risk, while the Sharpe ratio confirms that this combination 
is an optimal choice for minimizing risk. However, the negative value of 
the Hedging Efficiency Index (HEI) for this combination indicated that a 
better hedging effect could be achieved by selecting an alternative real 
asset, such as platinum metals or financial instruments, which could lead 
to greater risk reduction.

Keywords: hedging, S&P 500 index, oil, gold, silver
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Introduction

The S&P 500 index serves as a key indicator of the overall 
performance of the global stock market. Fluctuations in 
its value significantly influence investment decisions and 
strategies, both for individual investors and professionals. 
Due to its broad diversification, the S&P 500 also 
reflects investor sentiment toward the U.S. economy 
and is considered a measure of investor confidence. The 
index functions not only as a benchmark for U.S.-based 
investors but also for global funds and investors who 
use it as a reference point for their investment activities. 
Furthermore, research indicates that market returns of the 
S&P 500 have a stronger impact on the stock prices of oil 
companies than factors such as their market capitalization 
or the book-to-market value ratio [13, p. 372]. On the 
other hand, oil, gold, and silver are key real assets in 
global markets and play an important role in the world 
economy. Each possesses specific characteristics that 
influence their value, market capitalization, and pivotal 
role within investment portfolios. Fundamentally, the 
primary purpose of constructing a financial portfolio is 
to achieve financial gains and diversify investment risk 
[10, p. 219], enabling potential investors to better assess 
the profitability of various investment. Each real asset 
class possesses distinct characteristics that influence 
its value, market capitalization, and pivotal role within 
investment portfolios. Fundamentally, the primary 
objective of constructing a financial portfolio is to generate 
returns and diversify investment risk [10, p. 219], thereby 
enabling potential investors to more effectively evaluate 
the profitability of various investment opportunities [18, 
p. 24]. Oil prices are mainly influenced by geopolitical 
events that cause fluctuations in supply and demand, 
whereas the prices of gold and silver are largely affected 
by macroeconomic factors and trends. Unlike gold and 
silver, oil prices respond directly to everyday economic 
activity, as oil remains the world’s most important 
energy source. Changes in oil prices have a direct effect 
on inflation, especially in developed economies reliant 
on energy imports. As the global economy gradually 
shifts toward greener alternatives, demand for fossil fuels 
is expected to decline, creating a long-term risk for oil 

producers and traders. Gold and silver play a crucial role 
in managing financial risk, particularly during periods of 
economic instability. Their distinct characteristics make 
them effective hedging instruments within investment 
portfolios. Gold is primarily regarded as an investment 
asset, while silver has a broader range of industrial 
applications. Gold is considered a safe-haven asset due to 
its low and often negative correlation with other market 
instruments. Historically, gold has delivered positive 
long-term returns both in times of economic growth and 
crisis, a duality that sets it apart from other assets. During 
crises, silver serves a similar function to gold, being used 
as a safe-haven asset. However, silver’s price tends to be 
more volatile due to its sensitivity to industrial demand. 
Historically, silver prices have moved with about 80% 
correlation to gold prices. Recently, global demand for 
silver has been rising, particularly in industries such as 
electronics, where silver’s greater availability compared 
to gold adds to its appeal.

The relationship between the S&P 500 index and 
the prices of oil, gold, and silver is highly complex. The 
price of oil is generally negatively correlated with the S&P 
500 index. When oil prices rise, the costs for companies 
included in the S&P 500 increase, which can negatively 
impact their profits and, consequently, the value of the 
Index. Accordingly, it can be said that during times of 
crisis, investors prefer gold over stocks. On the other hand, 
during periods of economic growth and overall stability, 
investors often favor stocks over gold. However, in some 
cases, a rise in oil prices may signal a strong global economy, 
which could positively affect the S&P 500 index trends. 
The price of silver behaves similarly to the price of gold, 
with the difference that it is also influenced by the fact 
that silver has a greater industrial usage. During the crises, 
the price of silver may rise along with the price of gold, 
but it also depends on industrial demand, which can be 
linked to the S&P 500 itself. In order to hedge a portfolio 
with the S&P 500 index as the primary instrument, the 
authors constructed bivariate portfolios using potential 
auxiliary instruments such as oil - as an energy real 
asset - and gold and silver - as precious metals. Based on 
the research objectives and theoretical framework, the 
following hypotheses were formulated:
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H0:	 It is possible to hedge a portfolio in which the primary 
instrument is the S&P 500 index by including real 
assets such as oil, gold, or silver.

H1:	 The portfolio with gold as the secondary instrument 
has the lowest variance.

H2:	 Portfolios consisting of the S&P 500 index and gold 
as the secondary instrument offer the best balance 
between risk reduction and potential returns during 
periods of economic instability.

H3:	 The portfolio that includes the S&P 500 index as 
the primary instrument and silver as the secondary 
instrument achieves the highest Sharpe ratio compared 
to other portfolios with the same base index.
Testing these hypotheses is crucial for understanding 

the role of real assets in reducing risk and optimizing 
investment portfolio returns. In the context of global 
crises, the findings of this research may contribute to the 
advancement of risk management theory and offer practical 
guidance to investors in selecting effective diversification 
and hedging strategies.

Literature review

Hedging portfolios is a highly relevant topic in practice and 
has been attracting growing attention from researchers, 
who have often reached somewhat differing conclusions, 
as seen in studies such as [7], [28], [29], [25], and [5]. One of 
the main challenges for investors is the close relationship 
between financial markets and real assets, as fluctuations 
in one market can significantly influence price dynamics 
in the other. For instance, fluctuations in oil prices often 
influence the stock prices of energy companies, which are 
subsequently reflected in broader indices such as the S&P 
500. In times of economic uncertainty, gold and silver 
prices tend to increase, as investors look for safer assets 
to protect their investments.

Using various GARCH models, Duran et al. [7] 
conclude that spillovers exist from the S&P 500 to precious 
metals, with market behavior notably differing during 
crisis periods, particularly in the case of silver. Echaust 
et al. [8] conclude that investors have little incentive to 
use gold or oil as a hedge against stock market risk when 
aiming to minimize risk. Analyzing data from 2007 to 

2018, Kuck [15] finds that although gold does not move 
in tandem with stocks, it exhibits significantly higher 
volatility in response to negative shocks in the equity 
market. The findings thus reinforce the perception of 
gold as a (weak) safe-haven asset. At the same time, they 
imply that gold’s increased volatility in reaction to adverse 
stock market shocks can elevate the risk level of a portfolio 
comprising both assets. Sheikh et al. [24], employing 
nonlinear autoregressive distributed lag models, emphasize 
the pronounced effect of macroeconomic factors on gold 
prices during the 2008 financial crisis. Specifically, gold 
is considered a safe-haven asset during periods of rising 
inflation, declining stock prices, and depreciation of the 
national currency. Kumar et al. [16] examine the impact 
of macroeconomic aggregates on the relationship between 
the S&P 500 index and the prices of gold, oil, and U.S. 
stocks over the period from 1981 to 2010. Using the VAR-
ADCC-BVGARCH model, Shrydeh et al. [25] find that 
gold’s effectiveness as a hedge against U.S. stocks tends 
to diminish as stock market capitalization increases, 
based on data from 2007 to 2017. Employing the FAVAR 
model, they further conclude that gold and silver prices 
are influenced primarily by macroeconomic factors, while 
financial market impacts are minimal. Analyzing data 
from 2004 to 2016, Al-Ameer et al. [1] identify a varying 
correlation between gold and the German stock market 
before, during, and after the financial crisis: strongly 
positive before the crisis, insignificant during, and strongly 
negative in the post-crisis period. 

By employing a system of simultaneous equations, 
Arfaoui and Bem [2] demonstrate that positive oil price 
shocks tended to depress stock prices in emerging 
markets during the period from 1995 to 2015. Using 
daily stock indices denominated in dollars, the authors 
found that stock markets are informationally efficient 
with respect to shocks and prices. Conversely, applying 
a dynamic correlation method, Baruník et al. [5] show 
that gold has been an effective instrument for diversifying 
stock portfolio risk over the period from 1987 to 2012. 
Smirnova [26] argues that investing in gold enhances 
portfolio diversification due to its low correlation with 
other asset classes and additionally helps reduce portfolio 
losses during crises. For example, the author notes that 



ECONOMICS OF ENTERPRISEECONOMICS OF ENTERPRISE

270270

portfolios with a 3–9% allocation to gold outperform 
those without gold during recessionary periods. Liu 
et al. [17] find a strong correlation between crude oil 
prices and the S&P 500, indicating that fluctuations in 
oil prices significantly influence the S&P 500’s behavior, 
making oil an important variable in financial models. 
Gokmenoglu and Fazlollahi [9] investigate the impact of 
gold and oil prices, along with their volatilities, on the 
S&P 500. Applying the ARDL co-integration approach, 
they conclude that gold prices exert the greatest influence 
on the S&P 500 in both the short and long term, for 
the period 2013–2014. Investors consider gold a viable 
alternative to stocks, as it is more accessible and can 
serve as a hedge against inflation. The authors also find 
that while oil and gold price volatilities do not affect 
the S&P 500 in the short term, the index reacts to their 
volatility in the long run. Through various GARCH 
models, Arouri et al. [3] highlight the significant effect 
of gold price volatility on Chinese stock market returns 
between 2004 and 2011. Their portfolio analysis suggests 
that adding gold to Chinese stock portfolios improves 
risk-adjusted returns and that gold-related risks can be 
effectively hedged over time. Finally, Hood and Malik [11] 
show that, unlike other precious metals, gold functions 
as both a hedge and a weak safe haven for the U.S. stock 
market from 1995 to 2010. Moreover, they reveal that 
gold does not display a negative correlation with the U.S. 
stock market even during periods of extreme volatility.

Data

The data used in the analysis include of daily closing 
prices for the S&P 500 index, gold, oil, and silver, covering 
the period from January 1, 2019, to May 28, 2024. These 
data were collected from the financial platform Stooq. 
All variables are presented in U.S. dollars, except for the 
S&P 500 index. The real assets selected for analyzing risk 
hedging within the observed portfolios, with the S&P 500 
index as the primary instrument, were chosen based on 
empirical literature and their diverse but complementary 
characteristics.

While gold and silver are widely regarded as safe-
haven assets during periods of economic uncertainty, 

oil offers valuable insight into the dynamics of economic 
growth and potential sources of market volatility. Figure 1 
illustrates the empirical dynamics of the daily closing prices 
of selected real assets alongside the trend of the S&P 500 
index. As shown in Figure 1, the COVID-19 pandemic had 
a profound impact on the S&P 500, triggering significant 
market instability. The index closed 2019 at approximately 
3,230 points, buoyed by low interest rates and market 
optimism. However, in March 2020, the outbreak of the 
pandemic caused the index to plummet by over 30%. 
Thanks to strong fiscal and monetary stimulus, the S&P 
500 rebounded to above 3,700 points by the end of the 
year. In 2021, driven by robust corporate earnings and 
economic recovery, the index continued its upward trajectory, 
reaching around 4,766 points by year-end. Nevertheless, 
in 2022, the index experienced a downturn amid rising 
inflation, increasing interest rates, and the onset of the 
war in Ukraine, finishing the year near 3,800 points. The 
war, which began in February 2022, significantly affected 
global financial markets. The most pronounced losses for 
the S&P 500 occurred in late February and early March 
2022, as investor concerns grew regarding the war’s impact 
on the global economy. In 2023, the index resumed its 
recovery, posting further gains. By April 2024, the S&P 500 
stood at approximately 5,035 points, despite experiencing 
a sharp drop of about 4.08% during the month—a notable 
decline. However, compared to the previous month, the 
index value remained above 5,250 points.

In 2019, oil prices hovered mostly between $60 and $70 
per barrel, remaining relatively stable due to typical supply 
and demand dynamics. However, in 2020, the COVID-19 
pandemic caused a sharp but brief decline in prices. As the 
global economy began to recover, oil prices climbed above 
$70 per barrel in 2021, driven by increased demand and 
production cuts. The war in Ukraine further pushed oil 
prices beyond $100 per barrel, adding to market volatility 
amid concerns over supply disruptions and sanctions 
imposed on Russia, the world’s top exporter. Throughout 
2023 and into 2024, oil prices remained relatively stable, 
with only minor fluctuations. The average price of oil in 
2023 ranged between $80 and $90 per barrel, reflecting a 
balanced supply-demand environment, while Brent crude 
averaged around $80 per barrel in May 2024.
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It has been observed that shocks exerting downward 
pressure on stock prices often lead to increases in gold 
prices, as investors rush to buy gold as a safe-haven asset. 
Daily silver price movements have closely mirrored those 
of gold. For example, silver prices rose by $0.399 per ounce, 
or 1.30%, in line with gold. On the last trading day of 
September 2020, gold reached $2,621.59 per ounce, marking 
an increase of $34.38, or 1.33%, compared to the previous 
day. Throughout 2021, the average gold price hovered around 
$1,800 per ounce, reflecting a modest decline of about 4% 
compared to the previous year. Nevertheless, demand for 
gold increased alongside the post-pandemic economic 
recovery, particularly within the jewelry and technology 
sectors. Gold prices remained close to $1,824 per ounce but 
experienced notable volatility due to geopolitical tensions 
and the ongoing war in Ukraine. Between early 2023 
and April 2024, gold prices saw a marked rise, reflecting 
persistent global economic and geopolitical uncertainties. 
At the start of 2023, gold traded around $1,826 per ounce, 
reaching a peak of $2,121 in May and closing the year 
near $2,062. This nearly 13% increase was driven by 
inflationary pressures and economic instability worldwide. 
By April 2024, gold prices continued their upward trend, 
fluctuating between $2,249 and $2,390 per ounce, with 
a value of $2,322 recorded in early May. This sustained 
growth is attributable to global inflation and geopolitical 

tensions, positioning gold as a preferred investment for 
those seeking safety amid widespread uncertainty.

Methodology

The authors apply a quantitative approach to analyze 
portfolio performance and hedging effectiveness using 
various estimation procedures. The research methodology 
was designed and carried out in several stages to ensure 
a comprehensive data analysis and the accuracy of the 
obtained results. Each phase of the research involves specific 
analysis techniques tailored to the research objectives and 
the nature of the data used. 

The first step after data collection involved processing 
and standardizing the dataset to ensure consistency in the 
analysis. During this phase, key descriptive statistics were 
calculated to evaluate the volatility and return distributions 
of each individual instrument, offering valuable insights 
into their risk profiles and stability.

Subsequently, the construction of the minimum 
variance portfolio was undertaken with the objective of 
identifying the optimal combination of assets that yields 
the lowest possible risk for a given expected return. The 
minimum variance portfolio represents a strategy that 
determines the optimal allocation of a second asset in 
a portfolio consisting of two different assets, aiming to 

 

Figure 1: Empirical dynamics of daily closing prices of selected real assets and S&P 500 Index
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minimize overall portfolio risk. It is termed the minimum 
variance portfolio because no other combination can 
achieve a lower level of investment risk. According to 
Markowitz [20], efficient portfolio selection relies on 
the principle of diversification, which seeks not only 
to maximize expected returns but also to optimize the 
risk-return trade-off. This framework enables investors 
to strike an optimal balance between risk and return. 
Markowitz’s contribution to modern portfolio theory 
includes the distinction between systemic (systematic) 
and non-systemic (unsystematic) risk. Systemic risk affects 
the entire market and cannot be diversified away, whereas 
non-systemic risk can be mitigated or eliminated through 
proper diversification [19, pp. 99–100]. Medeiros Garcia and 
Liberal [21] further emphasize that the optimal portfolio 
is one that maximizes the investor’s utility function, 
highlighting the importance of balancing risk reduction 
and return optimization. In this context, the minimum 
variance portfolio is understood as a tool to reduce risk 
through diversification while striving to achieve the 
highest possible return for a specified level of variance. 
To accurately estimate the correlation among different 
asset classes and their contribution to risk reduction, the 
formula introduced by Kroner and Ng [14] is employed. 
This relationship is formalized in the following equations.

Ws =
σp2–COVp,s

(1)
σp²+σs²*2*COVp,s

Wp = 1 – Ws� (2)
Were:
Ws – is the weight of the secondary instrument (s) in the 
two-instrument portfolio,
Wp – is the weight of the primary instrument,
σp² – denotes the variance of the primary instrument,
σs² – denotes the variance of the secondary instrument, and
COVp,s – represents the covariance between the two 
instruments.

Equation (1) calculates the proportion of the secondary 
asset in a portfolio consisting of two assets, aiming to 
minimize the portfolio’s variance, that is, its risk, thereby 
creating a minimum variance portfolio (MVP). The key 
assumption behind this formula is that the primary asset 
carries more risk than the secondary one. 

Once the optimal portfolio composition was 
established, its performance was evaluated using the 
Sharpe ratio. Since returns and investment risk do not 
always move in perfect alignment, two instruments with 
similar returns can exhibit different risk levels. The Sharpe 
ratio accounts for both of these aspects and is calculated 
using the following formula:

Sharpe ratio =
r‒p–r‒f (3)

σp

Where
rr‒p – represents the average return of the portfolio,
r‒f – denotes the average risk-free rate, and
σp – stands for the standard deviation of the portfolio return.

The Sharpe ratio enables investors to assess whether 
portfolio returns are due to taking on additional risk or 
stem from a sound investment strategy. A higher Sharpe 
ratio indicates greater compensation for the risk undertaken 
by the investor. Chendurpandian and Pandey [6] applied 
the Sharpe ratio in their study to evaluate the effectiveness 
of volatile assets as hedging instruments during crisis 
periods. Similarly, Ye et al. [31] used it to analyze the 
performance of Madoff’s investment strategy.

Finally, the research included an assessment of 
hedging effectiveness by applying the Hedge Effectiveness 
Index (HEI), which measures the extent to which hedging 
reduces the risk of the portfolio, as expressed in Equation (4).

HEI =
σ²unhedged– σ²hedged

(4)
σ²unhedged

Where
σ²unhedged – is the variance of an unhedged investment, 
while
σ²hedged – is the variance of a hedged investment.

The HEI index evaluates hedging effectiveness by 
comparing the variance of an unhedged investment 
(investment solely in the primary instrument) with 
the variance of a hedged portfolio (investment in both 
observed instruments). A HEI value closer to 1 indicates 
a highly effective hedge, reflecting a significant reduction 
in risk. Conversely, a HEI near zero suggests minimal risk 
reduction, while a negative HEI implies that investing 
only in the primary instrument is preferable to holding 
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the entire portfolio. When determining the allocation of 
the secondary instrument, it is crucial to select the one 
with lower associated risk.

Results and discussion

The results of the descriptive statistics for the observed 
variables are presented in Table 1 below.

Table 1: Descriptive statistics of returns of S&P 
500 index, oil, gold and silver for the period from 

01/01/2019 to 28/05/2024

Portfolios’ 
combinations

Mean Variance Skewness Kurtosis

S&P 500 0.02392 0.32433 -0.84384 14.91760
Oil 0.01345 1.59025 -1.52875 21.47321
Gold 0.01902 0.15503 -0.36549 3.37693
Silver 0.01828 0.64976 -0.55761 8.06864

Source: Authors’ calculation based on data available at [27].

Based on the data presented in Table 1, it can be 
concluded that the S&P 500 index recorded the highest 
average returns, followed by gold and silver, while oil 
exhibited the lowest positive average returns. This indicates 
that the S&P 500 index experienced the greatest growth 
over the observed period. In contrast, oil’s time series 
showed lower returns due to persistent high price volatility 
compared to the other instruments. The calculated variances 
reveal that oil carried the highest investment risk during 
the period (1.59), followed by silver (0.65) and the S&P 500 
index (0.32), with gold exhibiting the lowest risk at 0.16. 
These findings suggest that gold is a suitable auxiliary 
instrument to combine with the S&P 500 index for portfolio 
diversification. The high kurtosis values shown in Table 1 
do not influence the formation of the bivariate portfolio, 
as only the risk measures of the primary and secondary 
instruments, along with their covariances, are considered. 
This means that the third and fourth moments, skewness 
and kurtosis, do not affect the proportion of the secondary 
instrument in the portfolio. Since all instruments exhibit 
negative skewness, it suggests that the observed time series 
experienced more negative returns, indicating a higher 
probability of losses when investing in these assets. On 
the other hand, kurtosis reflects the presence of extreme 
values in the distribution. The oil index shows the highest 
extreme daily deviations, with a kurtosis value of 21.47, 

followed by the S&P 500 (14.92) and silver (8.07). These 
figures suggest that these markets reacted more intensely 
to global crises, such as the COVID-19 pandemic and the 
conflict in Ukraine, compared to the gold market, which 
aligns logically with the characteristics of these assets. 
Overall, the descriptive statistics of returns offer valuable 
insights into the fundamental behavior of different market 
instruments.

Ozdemir and Ozdemir (2021) point out in their 
analysis that Bitcoin has the highest mean, median and 
standard deviation values ​​compared to gold, oil and G-7 
stock markets. These results confirm the basic principle 
of the risk-returns relationship, where higher risk brings 
potentially higher returns. Negative returns’ asymmetry 
indicates a higher probability of loss in these markets, 
while high kurtosis values indicate the presence of extreme 
returns. Comparing with our results, we also notice that 
all analyzed instruments have negative skewness, which 
further implies a concentration of negative returns to the 
left of the average, and high values ​​of kurtosis, especially 
for oil (21.47). This confirms Ozdemir and Ozdemir’s 
conclusion that markets have a high probability of extreme 
returns, but also points to an intense market response 
to global crises, such as the COVID-19 pandemic and 
the conflict in Ukraine. While Ozdemir and Ozdemir’s 
results highlighted Bitcoin’s high volatility relative to 
oil and gold, our data indicates that oil had the highest 
variance and extremes, while gold showed stability with 
the least risk. This suggests that gold remains a reliable 
hedging option in portfolios, which is consistent with 
the general principles of diversification and investment 
risk minimization.

Following the interpretation of the descriptive statistics 
indicators, a comparative analysis of the constructed 
bivariate portfolios was conducted to examine financial risk 
management using the example of the S&P 500 index. In 
this context, Table 2 presents the allocation of the primary 
and secondary instruments within the portfolios. The 
S&P 500 index is designated as the primary instrument 
in each of the analyzed portfolios, while oil, gold, and 
silver serve as secondary instruments.

Table 2 indicates that the average share of the S&P 
500 index, as the primary instrument, ranges between 
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46% and 56%, with its lowest allocation observed in the 
portfolio combined with gold. The share of secondary 
instruments - oil, gold, and silver - ranges from 44% to 
54%. Gold accounts for the highest proportion in the 
second portfolio, at 53.97%, while silver represents the 
lowest proportion in the third portfolio, at 44.39%. These 
findings suggest that the weightings of the secondary 
instruments are relatively balanced across the portfolios. 

Following the construction of three competitive 
bivariate portfolios, their performance was assessed 
by analyzing the first four moments of their return 
distributions. Table 3 presents the descriptive statistics 
for each portfolio alongside the S&P 500 index, allowing 
for a comprehensive comparison. The results in Table 3 
show that all three portfolios exhibit substantially lower 
variance relative to both the standalone S&P 500 index and 
the empirical return series of the secondary instruments.

These results confirm the effectiveness of the 
diversification process, as the inclusion of real assets 
successfully reduces the risk associated with the primary 
instrument, thereby supporting the assumption stated in 
hypothesis H0. 

Among the three constructed portfolios, the 
combination with gold yields the most favorable outcome, 
evidenced by the lowest variance of 0.11. In comparison, 
the standalone variance of the S&P 500 index is 0.32, 
indicating that the S&P 500–gold portfolio achieves a 
threefold reduction in risk. The portfolio combining the 
S&P 500 with silver ranks second, with a variance of 0.19, 
which still represents a substantial decrease, nearly 50%, 
in the overall portfolio risk.

The third combination, with oil as the secondary 
instrument, proved to be the least effective, with a portfolio 
variance of 0.22. Although this combination reduces the 
risk by approximately 1.5 times compared to the standalone 
S&P 500 index, the overall risk level remains higher than 

in the other portfolios. Nevertheless, it still contributes 
to overall risk reduction. These findings demonstrate 
that all three portfolios reduce the risk of the U.S. S&P 
500 index, while the efficiency of the applied portfolio 
construction formula further supports this conclusion. 
The results clearly confirm that the portfolio with gold 
as the secondary instrument has the lowest variance, 
thereby confirming hypothesis H1. This example also 
confirms that the combination of the S&P 500 index and 
gold reduces investment risk, indicating a better balance 
between risk and expected returns. This finding supports 
hypothesis H2, which states that a portfolio consisting of 
the S&P 500 as the primary instrument and gold as the 
secondary instrument achieves the optimal balance between 
risk reduction and potential returns, particularly during 
periods of economic instability. The results of the analysis 
highlight the significance of gold as a safe haven during 
times of crisis, reinforcing its role in portfolio diversification 
and risk management. Regarding portfolio asymmetry, it 
is evident that two of the three observed portfolios (S&P 
500–oil and S&P 500–gold) exhibit negative skewness. 
This characteristic is unfavorable, as it suggests a higher 
likelihood of negative returns compared to positive ones. 
However, the kurtosis values of all three portfolios are 
considerably lower than the kurtosis of the standalone 
S&P 500 index, indicating the absence of extreme return 
values. From an investor’s perspective, this can be seen as 
a favorable aspect of these investment options.

In their equation, Kroner and Ng [14] do not take into 
account the third and fourth moments when determining 
the share of the secondary instrument, but focus exclusively 
on the variance as the second moment, ignoring these 
time series parameters. It is necessary to emphasize that 
the portfolios are tailored to investors whose goal is to 
reduce investment risk, i.e. the variance. Including the 

Table 3: Descriptive statistics  
of constructed portfolios and the S&P 500 index

Portfolios’ 
combinations

Mean Variance Skewness Kurtosis

 S&P 500 index 0.02392 0.32433 -0.84384 14.91760
 S&P 500_oil 0.05612 0.21689 -0.13451 6.50729
 S&P 500_gold 0.02825 0.11495 -0.19704 2.36446
S&P 500_silver 0.05772 0.19487 0.36246 1.79789

Source: Authors’ calculation based on data available at [27].

Table 2: Shares of instruments in the portfolios – 
comparative overview (in %)

Shares S&P 500_oil S&P 500_
gold

S&P 500_
silver

S&P 500 index 48.36 46.03 55.61
Secondary instruments 51.64 53.97 44.39
Total 100.00 100.00 100.00

Source: Authors’ calculation based on data available at [27].
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third and fourth moments in the calculation would be 
more complex and is not the primary task of this research. 
Along with Table 3, which shows the characteristics of 
the constructed portfolios, Figure 2 shows a combined 
overview of the time series of the constructed portfolios 
and the S&P 500 index itself. This figure visually shows 
the movement of daily returns, where it is clearly seen that 
all portfolios have significantly larger and more frequent 
oscillations of daily returns compared to the empirical 
series. This displayed visualization confirms that the 
risk of all portfolios has not been successfully mitigated 
in relation to the risk of the S&P 500 index. We note 
that the maximum positive values ​​of the S&P 500 index 
are around +4, while its maximum negative values ​​are 
hovering around -6, especially during COVID-19, while 
the maximum portfolio returns’ values ​​barely exceed 
±2. Also, the portfolio of the S&P 500 index and oil has 
the same performance as the empirical time series of the 
S&P 500 index. Its maximum positive values ​​are around 
+4, while its maximum negative values ​​are in the ±2 
range, with the exception of COVID-19 outbreak. Figure 
2 provides valuable insight into the behavior of the S&P 
500 index’s daily returns, showing that after the COVID-
19 pandemic, there were no significant oscillations, even 
during the onset of the war in Ukraine. This suggests that 
following the initial shocks triggered by the pandemic and 

the beginning of the conflict, markets gradually stabilized. 
Investors adapted to the new conditions, and overall market 
uncertainty diminished, resulting in reduced volatility in 
share prices. In response to the crises, central banks and 
governments around the world implemented significant 
measures, including interest rate cuts, bond purchasing 
programs, and expansive fiscal stimuli. These actions helped 
to alleviate investor fears and supported capital markets, 
thereby contributing to the reduced fluctuations in the 
S&P 500 index. While markets initially faced considerable 
uncertainty, as the crises unfolded, market participants 
gained a clearer understanding of potential outcomes and 
adjusted their investment strategies accordingly. As a result, 
market shocks became less pronounced. Furthermore, 
many companies within the S&P 500 index adapted to 
the challenges posed by the pandemic and shifting global 
economic conditions, which led to increased operational 
stability and reduced volatility in their stock prices.

By analyzing the Sharpe ratio and its application 
in the portfolio selection process in financial markets, 
the authors calculate the Sharpe ratio for each portfolio 
individually and compare it with the Sharpe ratio of the 
unhedged instrument, represented by the S&P 500 index. 
The results are presented in Table 4. Specifically, for each 
portfolio that calculates the minimum variance, the Sharpe 
ratio is also computed, although the aim is not to identify 

Figure 2: Comparative overview of created portfolios’ time series and S&P 500 index
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index for short bias (-0.176), indicate poor performance 
and high risk. These findings confirm that risk adjustment 
is necessary for a meaningful comparison of different 
investment strategies. In our research, Sharpe ratio analysis 
also plays a crucial role in portfolio selection in financial 
markets, with a particular focus on the S&P 500 index 
and its combinations with gold, silver, and oil. Moreover, 
the results show that combining different instruments 
significantly contributes to reducing risk and increasing 
returns. According to the data in Table 4, all portfolios 
exhibit a significantly higher Sharpe ratio compared to 
the S&P 500 index alone, confirming the effectiveness 
of combining instruments for portfolio optimization. 
For instance, the highest Sharpe ratio was recorded for 
the combination of the S&P 500 and silver (0.30), while 
the lowest, though still significant, was observed for the 
combination of the S&P 500 and gold (0.25). Both studies 
highlight the importance of using the Sharpe ratio to 
evaluate investment portfolios. The aforementioned authors 
demonstrated that hedge fund indices with high Sharpe 
ratios are the most efficient, while our research suggests 
that combining the S&P 500 with gold and silver provides 
the optimal balance between risk and expected returns.

In the context of our research, we also refer to the study 
by Van Horn and Perez [30], who examined the relationship 
between liquidity risk and hedge fund performance. Their 
findings indicate that funds with higher liquidity risk 
tend to exhibit higher Sharpe ratios and alpha values. 
While these metrics may suggest superior performance, 
they actually reflect compensation for increased liquidity 
risk rather than genuine outperformance. This conclusion 
is crucial for our analysis, as it implies that the elevated 
Sharpe ratios observed in our study, particularly for 
portfolios combining the S&P 500 with gold and silver, 
may not necessarily indicate better performance but 
could instead result from higher underlying risks. Our 
use of the Sharpe ratio to assess risk and returns across 
different instrument combinations thus underscores 
the need for careful consideration of liquidity risk when 
making investment decisions, consistent with Van Horn 
and Perez’s conclusions.

Similarly, Atilgan et al. [4] employed the Sharpe ratio 
to analyze the performance of various hedge fund indices. 

the portfolio with the highest Sharpe ratio. According to the 
data in Table 4, all portfolios exhibit significantly higher 
Sharpe ratios than the S&P 500 index, suggesting that the 
Kroner and Ng [14] equation is effective in analyzing the 
return-risk relationship. The Sharpe ratio for the S&P 500 
index is only 0.07, whereas all other constructed portfolios 
show much higher ratios, indicating that these portfolios 
not only reduce investment risk but also contribute to 
increased returns. The highest Sharpe ratio is recorded 
for the S&P 500_silver combination at approximately 
0.30, while the S&P 500_oil combination yields a Sharpe 
ratio of 0.26. The lowest Sharpe ratio is observed in the 
S&P 500_gold combination at 0.25, though this is not 
significantly lower and is close to the values of the other 
two portfolios. These results clearly demonstrate that the 
combination of the S&P 500 index and silver achieves the 
highest Sharpe ratio (0.30), confirming its effectiveness 
in achieving the most favorable risk-return ratio and 
supporting the final hypothesis (H3).

Table 4: Comparative overview of Sharpe ratio values

Portfolios’ 
combinations

Sharpe ratio  
of S&P 500

Sharpe ratio 
of portfolios

S&P 500_oil 0.07375 0.25874
S&P 500_gold 0.07375 0.24582
S&P 500_silver 0.07375 0.29620

Source: Authors’ calculation based on data available at [27].

The obtained results suggest that the combination 
of the S&P 500 with gold is the most favorable when 
focusing on minimizing risk, while the combination of 
the S&P 500 with silver is particularly significant in the 
context of balancing expected returns and risk. Therefore, 
the recommendation for market participants investing 
in the S&P 500 index is to consider combining it with 
gold and silver as low-risk assets, as these combinations 
provide the best outcomes in terms of minimizing risk 
and maximizing returns.

Kapil and Gupta [12] point out in their article that 
a higher Sharpe ratio indicates a higher excess return per 
unit of volatility. Their analysis showed that indices with 
a high Sharpe ratio, such as the distressed hedge fund 
index (0.345), provide an optimal balance between returns 
and risk, generating significant excess returns per unit of 
standard deviation. On the other hand, indices with a low 
or negative Sharpe ratio, such as the dedicated hedge fund 
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Their study found that although hedge fund indices often 
outperform the market during stable periods, their Sharpe 
ratios decline during market downturns. The Sharpe 
ratio allowed them to quantify the risk-return trade-off 
of these indices and evaluate the effectiveness of different 
hedging strategies in generating returns above the risk 
level (volatility). They concluded that, despite occasional 
outperformance, hedge fund indices do not consistently 
offer optimal risk-adjusted returns, especially during crisis 
periods, since higher returns alone do not compensate 
for the elevated risks associated with these investments.

Metzer and Shenai [22] analyzed ten hedge fund 
strategies based on their Sharpe ratios during volatile 
crisis periods from 2007 to 2017, reaching comparable 
conclusions. They observed that strategies such as Global 
Macro and Multi-Strategy outperformed the S&P 500 
throughout the period, including during crises, while 
Convertible Arbitrage and Fixed Income Arbitrage strategies 
were particularly effective during crisis times. Their 
findings suggest that investing in alternative strategies, 
specifically hedge funds in their case, can significantly 
reduce risk and provide superior risk-adjusted returns 
relative to the benchmark S&P 500 index. The authors 
highlight diversification as a key factor for achieving 
improved returns amid heightened market volatility, with 
the Sharpe ratio remaining a valuable evaluative metric.

The final section of our research presents the results 
of hedging efficiency, specifically focusing on risk reduction 
for the S&P 500 across the three examined portfolios. 
Table 5 displays the calculated Hedging Efficiency Index 
(HEI) results. Notably, the negative HEI values for the 
combinations of oil, silver, and gold with the S&P 500 
indicate that risk management was insufficiently effective, 
meaning that hedging did not successfully reduce risk 
during the observed period. In other words, the HEI results 
suggest that all three hedging strategies were ineffective 
in mitigating risk.

These negative outcomes can be attributed to high 
price volatility and increased correlations between assets 
during global crises such as the COVID-19 pandemic and 
the conflict in Ukraine. Oil demonstrated the highest risk 
and most extreme price fluctuations, while silver and 
gold exhibited elevated kurtosis and negative skewness, 

increasing the likelihood of losses. This analysis highlights 
the necessity for more careful selection of hedging strategies 
and instruments and underscores the importance of 
further research into alternative approaches to enhance 
risk management effectiveness.

Table 5: HEI index values

Portfolios’ combinations HEI index
S&P 500_oil -56.12
S&P 500_gold -28.25
S&P 500_silver -57.72

Source: Authors’ calculation based on data available at [27].

The values of -56.12 for oil, -57.72 for silver, and 
-28.25 for gold clearly indicate that portfolios including 
these instruments increased risk relative to the S&P 500 
index, rather than reducing it. These findings confirm that 
incorporating oil, silver, or gold as hedging assets alongside 
the S&P 500 index was ineffective in mitigating risk during 
the observed period. Negative Hedging Efficiency Index 
(HEI) values imply that the variance of the combined 
portfolio exceeds that of the S&P 500 index alone. This 
suggests that these portfolios were less stable and more 
prone to larger fluctuations compared to the underlying 
index, signaling unsuccessful hedging. In other words, 
the addition of oil, silver, and gold did not reduce risk, but 
instead contributed to heightened volatility. This outcome 
emphasizes the necessity for more rigorous analysis and 
selection of hedging instruments, taking into account 
their unique characteristics and correlations with the 
underlying index. Moreover, the results underscore the 
importance of exploring alternative hedging strategies 
and diversifying instruments to achieve more effective 
risk management.

For investors, these findings suggest that combinations 
of the S&P 500 with oil, silver, and gold are not optimal 
choices for risk reduction. Instead, investors should 
consider other hedging strategies and instruments that 
may more efficiently reduce portfolio volatility, enhance 
stability, and generate adequate risk-adjusted returns.

Negative HEI values might at first suggest that 
hedging was ineffective, but their interpretation requires a 
more careful look, especially given the nature of the assets 
involved. These results likely stem from increased price 
volatility and changing correlations between assets during 
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crisis periods, such as the COVID-19 pandemic and the 
war in Ukraine. In such turbulent times, so-called “safe 
haven” assets like gold and silver often lose their usual 
stable connection with the market index, which reduces 
their ability to effectively hedge risk.

Meanwhile, oil showed particularly high volatility and 
systemic risk over the observed period, which contributed 
to even more negative HEI values. Both gold and silver 
returns also showed a tendency toward negative extremes, 
with pronounced skewness and kurtosis, meaning there 
was a higher chance of larger losses.

Taken together, these findings highlight that the HEI, 
as a dynamic measure of hedging efficiency, especially 
reveals the limits of hedging during crisis conditions. It 
shows why it’s important to choose hedging instruments 
carefully based on how they behave in stressed markets. In 
this respect, the HEI results fit well alongside the Sharpe 
ratio and variance analyses, underscoring the need for a 
diversified and flexible approach when building portfolios.

Robustness test: Palladium as an alternative 
hedging instrument

To verify the robustness of our results and explore the 
potential of other precious metals as hedging instruments, 
we conducted an additional analysis including palladium 
as a secondary asset in combination with the S&P 500 
index. Palladium was selected due to its dual nature, it is 
a precious metal with significant industrial application, 
making it an intriguing asset for comparison with gold 
and silver. As in previous analyses, a bivariate portfolio 
was constructed with the S&P 500 index as the primary 
asset and palladium as the secondary component. Using 
available daily closing price data for the observed period 
sourced from [27], we applied the same methodological 
framework: descriptive statistics were calculated for each 
individual asset and the combined portfolio, followed by 
the estimation of the minimum-variance portfolio weights, 
the Sharpe ratio, and the Hedge Effectiveness Index (HEI).

To evaluate the structure of the portfolio and the 
contribution of each asset to diversification, Table 6 
presents the percentage allocations of the S&P 500 index 
and palladium within the joint portfolio. According to the 

results of the variance-minimization optimization, the 
S&P 500 index accounts for 56.54% of the total portfolio, 
while palladium holds a 43.46% share. This distribution 
indicates a relatively greater contribution of palladium 
compared to other analyzed metals but also highlights 
the need for careful evaluation of its effectiveness in 
reducing overall risk.

Table 6: Shares of instruments in the portfolio (in %)

Shares S&P 500_palladium

S&P 500 index 56.54
Secondary instrument 43.46
Total 100.00

Source: Authors’ calculation based on data available at [27].

Descriptive statistics for the S&P 500, palladium, 
and the combined portfolio are presented in Table 7.

Table 7: Descriptive statistics for the S&P 500, 
palladium, and the constructed portfolio

Portfolios’ 
combinations

Mean Variance Skewness Kurtosis

 S&P 500 index 0.02392 0.32433 -0.84384 14.91760
 Palladium -0.00913 1.29752 -0.50246  7.70754
 S&P 500_palladium 0.07587 0.34565  0.07097  7.90550

Source: Authors’ calculation based on data available at [27].

The S&P 500 index exhibits a moderately positive 
average return of 0.02392 with a variance of 0.32433, 
negative skewness -0.84384, and high kurtosis 14.91760, 
suggesting the presence of extreme negative returns. In 
contrast, palladium recorded a negative average return 
-0.00913 and significantly higher variance 1.29752, along 
with a slightly less pronounced but still negative skewness 
-0.50246 and lower kurtosis 7.70754. The combined S&P 
500-palladium portfolio achieved a higher average return 
of 0.07587 than either of the individual assets, with a 
variance of 0.34565 only slightly greater than that of the 
S&P 500 alone. Moreover, the portfolio’s skewness was 
near zero 0.07097, suggesting a nearly symmetric return 
distribution, while its kurtosis of 7.90550 was substantially 
lower than that of the S&P 500, indicating a reduced risk 
of extreme values.

Compared to previously analyzed portfolios involving 
oil, gold, and silver, palladium displayed behavior similar 
to that of oil and silver, which also yielded negative 
HEI values and higher volatility. Gold remains the only 
precious metal that consistently provides diversification 
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benefits, as evidenced by lower portfolio variance and 
positive HEI scores.

Table 8 presents the Sharpe ratio and HEI for the 
S&P 500–palladium portfolio. The Sharpe ratio of 0.21950 
reflects moderate risk-adjusted returns, while the negative 
HEI value of -75.87 indicates that palladium does not 
contribute effectively to risk reduction within the portfolio.

Table 8: Sharpe Ratio and Hedge Effectiveness Index 
(HEI) for portfolios

Portfolios’ combinations Sharpe ratio HEI index
S&P 500_palladium 0.21950 -75,87

Source: Authors’ calculation based on data available at [27].

The results suggest that while palladium has some 
potential to enhance portfolio returns, it fails to outperform 
the performance of the S&P 500-gold combination. The 
Sharpe ratio is lower than that observed for the gold 
portfolio, and the HEI remains in negative territory, 
showing no meaningful improvement in hedging efficiency. 
Overall, the findings indicate that, although palladium may 
increase returns, it does not offer significant diversification 
or hedging benefits compared to gold, silver, or oil. This 
underscores the importance of careful asset selection when 
constructing hedging portfolios, as palladium provides 
only limited advantages in mitigating risk under conditions 
of market instability.

These findings confirm that while palladium may 
have a role as an alternative hedging instrument, gold 
remains the most effective asset among the bivariate 
portfolios analyzed. Thus, the robustness test strengthens 
the reliability of the study’s conclusions and affirms the 
consistency of the results.

Conclusion

The real economy is deeply influenced by financial markets, 
with significant implications for investors, policymakers, 
and portfolio managers. The key findings of this study 
play a crucial role in the development of effective hedging 
strategies. This research highlights the critical importance 
of portfolio diversification during periods of global crises, 
such as the COVID-19 pandemic and the conflict in Ukraine, 
which have intensified market volatility and investment 
uncertainty. In such turbulent times, markets exhibit 

heightened volatility, posing substantial challenges for risk 
prediction and management. While real assets such as oil, 
gold, and silver are commonly regarded as safe-haven assets, 
the findings of this study indicate that the effectiveness 
of hedging depends on the appropriate combination of 
selected instruments. Oil, generally considered a high-
risk real asset, exhibited the highest volatility during 
crisis periods, whereas the combination of gold with the 
S&P 500 index resulted in a significant risk reduction. 
These findings emphasize the importance of careful real 
asset selection to mitigate investment risk, especially amid 
global economic and political shocks. Moreover, this study 
aimed to demonstrate how diversification through real 
asset selection can either increase or decrease portfolio 
risk when combining the S&P 500 index with oil, gold, and 
silver as secondary assets. Given that the S&P 500 is widely 
recognized as a key indicator of the U.S. economy, it serves 
as a particularly relevant benchmark for this analysis.

Based on the calculations performed, several key 
findings deserve special attention. First, oil exhibits the 
highest risk, as measured by variance, compared to all 
other instruments. This indicates that combining the 
S&P 500 with less risky assets may be more effective for 
risk reduction. Specifically, oil’s risk level is nearly five 
times greater than that of the S&P 500, while silver is 
approximately twice as risky, and gold is the least risky, 
with a risk level roughly one-fifth that of silver. After 
constructing the portfolios using the Kroner and Ng 
[14] equation, the weights of the secondary instruments 
in the bivariate portfolios were determined. The results 
show that secondary instruments maintain a roughly 
proportional share relative to the primary instrument, 
largely because the risk associated with the S&P 500 is 
significantly lower than that of secondary assets such 
as oil and silver. Notably, gold holds the largest average 
portfolio weight, approximately 54%. Upon comparing 
the three portfolio combinations, the pairing of the S&P 
500 index with gold yielded the best performance, as it 
achieved the lowest variance of 0.11, in contrast to the 
empirical variance of the S&P 500 index alone, which 
stands at 0.32. The portfolio consisting of the S&P 500 
and silver ranked second in terms of risk reduction, while 
the combination with oil ranked third.
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The analysis also included the calculation of the 
Sharpe ratio to evaluate the risk-adjusted returns of each 
portfolio. The results show that the portfolio combining 
the S&P 500 index and silver achieved the highest Sharpe 
ratio, with a value of 0.30, indicating the most favorable 
balance between returns and risk. Meanwhile, regarding 
risk reduction specifically, the portfolio consisting of the 
S&P 500 index and gold proved to be the most effective, 
demonstrating superior risk mitigation capabilities.

Finally, to assess the extent to which the risk of the 
S&P 500 index was mitigated, the Hedge Efficiency Index 
(HEI) was calculated for portfolios combining oil, silver, 
and gold with the S&P 500. Negative HEI values indicate 
ineffective risk management. The obtained results, HEI 
values of -56.12 for oil, -57.72 for silver, and -28.25 for 
gold, suggest that these combinations increased risk 
rather than reducing it relative to the S&P 500 alone. The 
inclusion of oil and silver proved particularly unsuitable 
due to sector overlap, as the energy sector is already 
represented within the S&P 500, limiting diversification 
benefits. Moreover, silver’s insufficient correlation and 
high volatility contributed to increased portfolio risk, 
undermining its hedging effectiveness. In contrast, gold 
demonstrated a comparatively better hedging effect, 
attributed to its consistent negative correlation with the 
S&P 500 during market crises and its established potential 
for risk reduction.

Additional analyses through robustness testing, 
including palladium as an alternative hedging instrument, 
confirmed the primary findings regarding gold’s superiority 
in portfolio risk reduction. Although palladium demonstrated 
some potential for diversification, its effect was not 
significant compared to gold and silver. These results 
further illuminate the complexity of selecting appropriate 
hedging instruments and strengthen the reliability of the 
conclusions drawn.

For more effective hedging, it is advisable to consider 
instruments with lower volatility and stronger negative 
correlations with the S&P 500, such as platinum group 
metals or financial assets like bonds and short-term 
government securities. These alternatives typically offer 
greater price stability and diversification potential. Notably, 
the analysis highlights that significant negative yield 

coefficients coincide with periods of heightened market 
stress, particularly during the COVID-19 pandemic and 
the onset of the conflict in Ukraine.

The findings of this study provide empirical evidence 
supporting gold’s continued role as a reliable safe haven 
asset in the perception of investors. Moreover, the results 
offer valuable insights into market dynamics, which are 
essential for both the academic community and practitioners 
when developing optimal diversification strategies. In 
this regard, hedging portfolio risk using the S&P 500 
index as the primary asset offers important implications 
for researchers, financial managers, and investment 
professionals, aiding them in enhancing risk management 
practices, identifying investment opportunities, and 
improving overall portfolio performance.
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Sažetak
Cilj ovog rada je da utvrdi da li su mere NBS doprinele profitabilnosti srpskog 
bankarskog sektora pre i u toku krize uzrokovane eksternim šokovima, 
pandemijom virusa Covid- 19 i energetskom krizom kao posledicom rusko-
ukrajinskog konflikta. Profitabilnost je analizirana za ceo srpski bankarski 
sektor u periodu od 2019- 3Q2024 godine, uz primenu različitih indikatora 
:stopa prinosa na imovinu (ROA), stopa prinosa na kapital (ROE), stopa 
neto dobiti od kamata, stopa neto dobiti od naknada i provizija i stopa 
neto dobiti pre oporezivanja, upoređivanjem i objašnjavanjem promena u 
rastu vrednosti ovih pokazatelja tokom posmatranog perioda. Dodatno su 
radi poboljšanja istraživanja u analizu uključeni i pokazatelj adekvatnosti 
kapitala (PAK), i stopa neperformansnih kredita (NPL rate), a rezultati 
su pokazali da imaju značajan uticaj na profitabilnost. Stopa NPL je 
2,7% na kraju perioda, dok je PAK 21,9%, i obe vrednosti su pokazatelj 
dobrog kvaliteta kreditnog portfolija. Rezultati istraživanja otkrivaju da je 
profitabilnost visoka sa tendencijom rasta i u budućnosti jer su eksterni 
šokovi uspešno amortizovani i profitabilnost je značajno povećana na 
kraju posmatranog perioda u odnosu na 2019. godinu kao referentnu 
godinu pre početka krize, što ukazuje na stabilno poslovanje banaka, 
dobroj kontroli troškova i uspešnom menadžmentu kreditnih rizika. 

Ključne reči: profitabilnost, problematični krediti, finansijska kriza, 
ROA, ROE, PAK, indikatori profitabilnosti

Abstract
The aim of the paper is to determine whether the measures of the National 
Bank of Serbia (NBS) contributed to the profitability of the Serbian banking 
sector before and during the crisis caused by two external shocks, the 
COVID-19 pandemic and the energy crisis triggered by the Russian-
Ukrainian conflict. Profitability was analyzed for the whole Serbian banking 
sector in the period 2019- 3Q2024, using following ratios as a measure of 
profitability: return on assets (ROA), return on equity (ROE), net interest 
gain to total revenue, net fees and commissions gain to total revenue ( 
net fees and commissions income ratio), and net pre-tax profit/loss to 
total revenue ratio (net pre-tax profit margin), comparing and explaining 
changes in growth during the observed period. Additionally, to improve 
research, the Capital adequacy ratio (CAR) and non-performing loans 
rate (NPL) are included in the analysis, and results show their significant 
impact on profitability. NLP rate is 2.7% at the end of the period, while 
CAR is 21.9%, and both values refer to the good quality of the credit 
portfolio. Results of research showed that the profitability is high with 
the tendency to grow in the future as well, because external shocks were 
successfully amortized and profitability increased significantly at the end 
of the observed period compared to 2019 as a reference year before the 
beginning of the crisis, which indicates stable bank operations, good cost 
control and successful credit risk management. 

Keywords: profitability, NPL, financial crisis, ROA, ROE, CAR, 
profitability indicators
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Introduction

After a brief recovery from the global financial crisis, the 
global economy experienced a renewed slowdown due 
to the consequences of the COVID-19 pandemic, which 
brought about substantial changes in lifestyle and business 
practices [11]. Shortly afterward, following the outbreak of 
the Russian-Ukrainian conflict, an energy crisis ensued, 
leading to widespread inflation due to rising food and 
crude oil prices [33]. European economies were especially 
affected - not only by inflation but also by interruptions in 
energy supply from the Russian Federation, disruptions in 
trade flows and supply chains, and rising budget deficits [7]. 
The external shocks caused by the pandemic, geopolitical 
tensions, and the energy crisis had a profound impact 
not only on corporate operations but also on consumer 
behavior. This significantly influenced the banking sector, 
which is directly dependent on the financial stability of 
its clients - both companies and individuals - forcing it 
to adapt its operations and risk management strategies 
under conditions of heightened uncertainty. During the 
pandemic, central banks and governments implemented a 
series of support measures such as interest rate reductions, 
liquidity injections, and credit guarantees to facilitate 
access to capital for both companies and consumers [16]. 
The European Central Bank (ECB) responded by launching 
several monetary measures, including the temporary 
Pandemic Emergency Purchase Programme (PEPP), 
expanded refinancing operations, and eased collateral 
requirements, among others. Governments across Europe 
enacted measures to support the economy, including 
reductions in the Value Added Tax (VAT), incentives 
for small and medium-sized enterprises, state-backed 
credit guarantees, and moratoriums on existing financial 
obligations. However, as inflation began to rise in 2022 due 
to the energy crisis, a shift in monetary policy occurred - 
public spending was curtailed, and a restrictive monetary 
approach was adopted [41].

Beginning in July 2022, the ECB gradually raised 
interest rates several times, reaching 4.25% by December 
2023 [20]. In 2019, the profitability of European banks was 
relatively low, with return on equity (ROE) ranging from 
6-7%. After a strong rebound in 2021, profitability began 

to decline in 2022 [38], due to galloping inflation resulting 
from the energy crisis. Thanks to the ECB’s measures, ROE 
increased to 8.1% by the end of 2022, 10.4% in 2023, and 
reached 11.1% by the third quarter of 2024.

The external shocks adversely affected the credit-
worthiness of businesses and households, leading to an 
increase in the rate of non-performing loans (NPL), which 
had previously been on a downward trajectory until the 
onset of the COVID-19 pandemic. Despite those adverse 
effects, the second half of 2021 marked a renewed decrease 
in NPL rate, driven by improving macroeconomic fun-
damentals [21]. 

According to the National Bank of Serbia (NBS), the 
banking sector in 2019 was relatively stable and generated a 
profit of 530 million euros. Due to the impact of the COVID-
19 pandemic, profits declined to EUR 390 million. During 
the pandemic, the NBS implemented several measures—
including interest rate cuts, credit moratoriums, and 
increased liquidity support—which contributed to profit 
recovery, reaching EUR 417 million in 2021.

As inflation began to rise in 2022 due to the energy 
crisis, the NBS, like the ECB, pursued a restrictive 
monetary policy. The banking sector posted a net profit 
of 742.4 million euros in 2022 and achieved a record profit 
of EUR 1 billion by the end of 2023. In 2024, the sector 
recorded an impressive increase, with profits reaching 
EUR 1.33 billion.

Banks generated EUR 2.2 billion from interest 
income and EUR 793.8 million from fees and commissions, 
underscoring the strong profitability of the sector.

The aim of this paper is to determine whether the 
measures undertaken by the NBS contributed to the 
profitability of the Serbian banking sector before and 
during the COVID-19 pandemic and the energy crisis. The 
structure of this paper is organized as follows: Section 1 
is the introduction, Section 2 provides a literature review, 
while the methodological framework is presented in Section 
3. Section 4 explains the measures taken to mitigate the 
effects of the COVID-19 pandemic and inflation in the 
EMU and the Serbian banking sector during the period 
from 2019 to the third quarter of 2024. The results of the 
research and discussion are presented in Section 5. Finally, 
concluding remarks are presented in Section 6. 
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Literature review

The existing literature contains numerous empirical studies 
examining the effects of policy measures implemented 
during the COVID-19 pandemic on bank profitability. 
For example, a study covering 269 commercial banks 
in 27 European Union (EU) countries between 2014 and 
2022 found that these measures had a positive short-term 
impact on ROA, but in the long term, such interventions 
negatively affected banking profitability. This is because 
government subsidies reduce the need for businesses 
to borrow, decreasing bank income from interest and 
financial services [5]. 

A study that included 5,474 banks across 23 OECD 
countries demonstrated that a 1% increase in new COVID-
19 cases reduced overall bank profitability by 0.31%, due 
to a 0.24% decline in net interest income and a 0.06% 
reduction in non-interest income. However, the same study 
found that following the rollout of vaccines, profitability 
improved regardless of new infection rates [1]. 

A study conducted in Croatia revealed that the COVID-
19 pandemic led to a rise in expected credit losses in several 
banks, and as a result, the profitability of the Croatian 
banking sector dropped significantly due to decreased 
income and increased provisions for bad loans. In 2020, 
bank profits in Croatia were 53.1% lower compared to 
2019, consistent with trends observed across the EU [23].

In Saudi Arabia, an analysis of ten banks between 
the first quarter of 2015 and the second quarter of 2023 
assessed profitability using ROA and ROE indicators. The 
study evaluated the influence of independent variables such 
as capital adequacy, operational efficiency, deposit levels, 
bank size, and country-specific factors (including inflation 
and GDP), with the pandemic treated as a management 
factor. Results showed that bank-specific variables had a 
significant inverse relationship with profitability, while 
country-specific variables showed less direct correlation. 
The pandemic was a particularly significant variable in 
the relationship between operational efficiency and ROA 
and ROE, with a negative effect [13]. 

An analysis of banks listed on the Johannesburg 
Stock Exchange examined the impact of the COVID-19 
pandemic on profitability, returns, and liquidity. Using panel 

regression, the study found that the pandemic negatively 
affected both profitability and liquidity, although excess 
equity returns remained stable [34]. 

Several studies have aimed to assess the effects of 
the Russian-Ukrainian war on global banking markets. 
One such study analyzed 2,316 commercial banks across 
six continents and tracked stock performance across 90 
exchanges between January 2020 and April 2021. The 
study applied both a market model and an abnormal 
return model to assess changes in banking stock returns 
before and after the war’s declaration. Findings revealed 
a significant market return drop of 1.5% on the day the 
war began, with Europe recording the sharpest decline 
at 4%, attributed to its heavy dependence on Russian 
energy and robust trade relations with the warring 
nations. The study concluded that shifts in bank stock 
returns closely mirrored fluctuations in oil prices and 
exchange rates. From a behavioral finance perspective, 
investors’ exaggerated reactions contributed to adverse 
market conditions [6].  

A study involving 175 banks from the Eurozone 
during the 2013–2023 period investigated how geopolitical 
developments influence banking profitability. Using a 
baseline regression model with control variables such 
as asset return, equity return, and net interest margins, 
the analysis demonstrated that increases in the standard 
deviation of geopolitical risk generally reduce profitability. 
However, this negative effect diminishes at higher risk 
levels, suggesting a nonlinear relationship. The study also 
found that perceived threats had a stronger impact on 
profitability measures than actual events. Threats were 
associated with increased ROA and ROE and positively 
influenced net interest margins (NIM), implying that 
banks adjust their business strategies to mitigate potential 
risks [39]. A separate study examining the effects of the 
Russian-Ukrainian conflict on Poland’s banking sector 
found that short-term impacts were neutral, but long-term 
consequences included negative effects on performance, 
capital, and liquidity of commercial banks [4].  

Empirical research on the effects of external shocks 
on the profitability of the Serbian banking sector remains 
limited. One study analyzing all banks operating from 2004 
to 2011 identified that internal factors such as liquidity, 
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bank size, and market concentration had a significant 
impact on profitability, while macroeconomic variables 
did not show substantial influence. Foreign-owned banks 
demonstrated greater resilience than domestic banks, and 
compared to the EU, liquidity and financial development 
indicators had either a negative or neutral effect, indicating 
institutional and structural disparities [24]. At the sectoral 
level, an analysis of the effects of the global economic crisis 
from 2008 to 2012 was conducted, focusing not only on 
the entire sector but also on the performance of the 15 
largest banks to determine which factors contributed to 
declining profitability. The key profitability indicators 
included ROA, ROE, Net Interest Gain Margin (NIGM), 
net fee income ratio, and pre-tax profit margin, with an 
additional analysis of interest rate dynamics. The results 
showed that increased operating costs, particularly write-
offs of non-performing loans, were the main contributors 
to reduced profitability. The medium-term profitability 
outlook was deemed weak [26]. 

A study covering all Serbian banks from 2019 to the 
end of Q3 2022 found that the banking sector remained 
profitable, though profitability decreased during crisis 
periods and was concentrated among a few banks with 
the largest assets. This positive outcome was attributed 
to prudent monetary policy, adherence to banking 
regulations, and Basel standards [35]. Additionally, research 
using linear regression to assess the impact of NPLs on 
profitability (measured by ROA and ROE) revealed that 
increasing NPL ratios did not have a statistically significant 
negative effect on profitability [25]. However, this impact 
was mitigated by regulatory measures and state support 
during the pandemic.

Unlike previous studies that focused on traditional 
profitability indicators (e.g., ROA, ROE, net interest margin, 
fee income ratio, and pre-tax margin), this paper examines 
the influence of external factors on banking profitability 
in Serbia for the 2019–3Q2024 period by also considering 
the impact of capital adequacy ratio (CAR) and NPL 
rates. This approach allows a better understanding of 
the connection between profitability, portfolio quality, 
and regulatory capital, contributing to insights into the 
sector’s resilience in times of crisis.

Methodological Framework for Research

Bank profitability is influenced by numerous factors, 
including both external (macroeconomic) and internal 
(operational efficiency) variables [8]. This study analyzes 
the profitability of the Serbian banking sector using 
internal performance indicators such as ROA, ROE, net 
interest gain to total revenue, net fees and commissions 
gain to total revenue, and net pre-tax profit/loss to total 
revenue ratio. 

To calculate profitability indicators, data were 
extracted from balance sheets and income statements, 
including pre-tax profit, total assets and equity at the 
beginning and end of the period, interest income and 
expenses, and fee income and expenses.

Total revenue was computed as the sum of business, 
financial, and other income. ROA is calculated as the 
ratio of net pre-tax profit to average total assets [26]. This 
indicator measures how efficiently assets are used and is 
expressed by the following formula:

ROA = net pretax profit
(total assets at the beginning of the period+

total assets at the end of the period):2

ROE is calculated as the ratio of net pre-tax profit 
to average total equity [26] and reflects how effectively 
shareholder equity is utilized:

ROE = net pretax profit
(total equity at the beginning of the period+

total equity at the end of the period) :2

Although net income is commonly used in ROA and 
ROE calculations, this paper employs net pre-tax profit 
to better reflect the potential for asset and equity returns 
in the banking sector. All results are multiplied by 100% 
for interpretability.

The Net Interest Margin (NIM) – also referred to as 
Net Interest Gain Margin (though the term Net Interest 
Margin is more commonly used in the literature) – is an 
indicator of the profitability of a bank’s interest-related 
operations. It measures how much a bank earns from the 
difference between interest income and interest expenses 
to its total income. It is calculated using the following 
formula:
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net interest gain margin = (interest income–interest expense)
* 100%

total revenue

The net fee and commission income ratio (NFCI) is 
calculated by subtracting fee and commission expenses 
from income, dividing the result by total revenue, and 
multiplying by 100%. The formula is as follows:

net fees and commissions 
gain margin = 

(fees and commissions income– 
fees and commissions expense) * 100%

total revenue

The net pre-tax profit margin is calculated by dividing 
pre-tax profit by total revenue and multiplying by 100%. 
This is expressed as:

net pretax profit margin = net pretax profit
* 100%

total revenue

In addition, CAR and NPL rates were analyzed to 
determine their effects on banking sector profitability. The 
capital adequacy ratio is an internationally recognized 
banking standard designed to manage credit risk [22]. 
It represents the ratio between bank capital and risk-
weighted assets and must be maintained at a minimum 
of 8% [29]. The NPL ratio is one of the key indicators of 
credit portfolio quality, as it represents the share of non-
performing loans (NPLs) in a bank’s total credit portfolio. 
The National Bank of Serbia (NBS), in its Decision on the 
Classification of Balance Sheet Assets and Off-Balance 
Sheet Items of a Bank, uses the term problem loans and 
defines them as:

“The total outstanding debt of an individual loan 
(including the overdue amount):
•	 for which the borrower is in arrears, in accordance 

with the provisions of this decision, for more than 
90 days, either in principal or interest payments;

•	 for which interest in the amount of at least three 
months’ worth (or more) has been added to the debt, 
capitalized, refinanced, or its payment deferred;

•	 for which the borrower is less than 90 days overdue, 
but the bank has assessed that the borrower’s ability 
to repay the debt has deteriorated and full repayment 
is in doubt” [30]. 
To calculate ROA, ROE, and NIGM for the entire 

Serbian banking sector, a weighted average was used 
instead of the arithmetic mean of the individual results 
of commercial banks, taking into account the size of each 

bank, as banks of different sizes impact the sector’s results 
differently. To calculate the sector’s ROA, the total pre-
tax net profit of all banks was divided by the total assets 
of all banks. For ROE, the total pre-tax net profit of all 
banks was divided by the total equity of all banks. Thus, 
the formulas are structured as follows: 

ROA sector = Σ Net pretax profit
(Σ total assets at the beginning of the period+

Σ total assets at the end of the period):2

ROE sector = Σ Net pretax profit
(Σ total equity at the beginning of the period+

Σ total equity at the end of the period):2

NIGM is calculated by subtracting total interest 
expenses from total interest income and dividing the 
result by the total assets of all banks in the sector.

NIGM sector = net interest gain margin = 

(Σ interest income– 
Σ interest expanse)

* 100%
Σ (total revenue)

NFCI is calculated as the ratio of net fee and 
commission income of all banks to the total assets of all 
banks. Net fee and commission income is obtained by 
deducting the total fee and commission expenses of all 
banks from the total fee and commission income of all 
banks in the sector.

NFCI sector = 

(Σ fees and commissions income–  
Σ fees and commissions expanse)

* 100%
Σ (total revenue)

The pre-tax net profit margin for the banking sector 
is obtained by multiplying the ratio of the total pre-tax net 
profit of all banks to the total assets of all banks by 100, 
in order to express the result as a percentage.

Net Pre-Tax Profit Margin sector = Σ (Net profit before tax)
* 100%

Σ (Total revenue)

EMU and Serbian banking sector in the period 
2019-2024

As the financial performance of banks in the eurozone 
improved significantly in 2021 and exceeded pre-pandemic 
levels—due to lower credit loss provisions—it can be 
assumed that ECB measures were effective (Figure 1). 
Return on equity increased to 6.6%, up from 1.7% the year 
before [17]. In 2023, profitability reached levels not seen in 
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15 years, driven by rising interest income [18]. Although 
most banks experienced a decline in net interest income 
in 2024, profitability remained high, with ROE at 9.4% 
in Q2. Analysts predict a decline in EU banking sector 
profitability by 1.4 points by 2026 [19]. 

Figure 1: Return on equity in European banks, in %

2019 2020 2021 2022 2023 2024
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Source: Data from ECB Financial Stability Reviews

The good performance of eurozone banks was a result 
of careful risk management and the ECB’s 2017 guidelines 
on non-performing loans [15], as well as compliance with 
final EBA guidelines on risk management which refer to 
risk management through additional strategies, retention 
strategies, portfolio reduction, change in the type of 
exposed collateral, and legal options [14]. In response to 
inflation from the energy crisis, the ECB raised interest 
rates and reduced liquidity in the second half of 2022 
[2], continuing monetary tightening in 2023. Inflation 
in the EMU dropped from 8.6% in January 2023 to 2.9% 
in December, targeting 2% in future periods [3]. In 2024, 
the ECB began easing with rate cuts from 4% to 3%, as 
inflation fell to 2.4%.

Efforts were also made to reduce NPLs, so in April 
2020, to mitigate the consequences of the pandemic, 
the EBA published the “Guidelines on legislative and 
non-legislative moratoria on loan repayments (EBA/
GL/2020/02)” to extend the repayment terms and reduce 
the potential mass of non-performing loans. To achieve 
this, a comprehensive set of measures and numerous 
strategies was implemented [12].  

In Serbia, the NBS adopted the ‘Strategy for Resolving 
Problematic Loans’ in 2015, which laid a solid foundation 
for preserving financial stability during the COVID-19 
crisis. Key measures during the pandemic included interest 

rate cuts, credit moratoria, debt restructuring, and state-
guaranteed loan schemes [10].

On May 7, 2020, the NBS Executive Board passed 
regulations delaying by six months the application of 
disincentive measures for new non-purpose and non-
investment foreign currency loans. Adjustments were 
also made to capital adequacy regulations, internal risk 
management policies, and bank reporting obligations. 
These steps aimed to minimize the negative effects of 
the pandemic, release operational capacity, and enhance 
liquidity for the real sector during and immediately after 
the state of emergency [31].  

On December 14, 2020, the NBS adopted Decision 
on temporary measures to facilitate proper credit risk 
management during the pandemic [31]. These measures 
included extending repayment deadlines, increasing 
flexibility for write-offs and loan restructuring, and 
supporting maintaining bank liquidity. As a result, a surge 
in NPLs was avoided, business continuity was preserved, 
and the financial system remained stable. In 2021, the NBS 
maintained low interest rates to stimulate credit activity 
and support the economy, ensured exchange rate stability 
for the dinar against the euro, and implemented liquidity-
enhancing measures such as repo operations and other 
monetary instruments [27]. 

The main threat to financial stability in 2022 was 
surging inflation, which reached 15.1% (annual average), 
compared to 7.9% in 2021 and 1.3% in 2020. In response, 
the NBS began raising its key policy rate, accumulated 
foreign exchange reserves to strengthen stability, and 
promoted dinar-denominated transactions to reduce 
foreign currency exposure [27]. 

At the end of 2023, the average inflation rate decreased 
to 7.6%, and further dropped to 4.3% by the end of 2024. 
In addition to the combined measures of monetary 
policy, this decline was also significantly influenced by 
the easing of global cost pressures and favorable results 
in the agricultural sector. To preserve the stability of the 
dinar exchange rate against the euro, a record net purchase 
of foreign currency was achieved in the amount of EUR 
3.9 billion. The National Bank of Serbia (NBS) adopted 
a decision to temporarily limit the nominal interest rate 
on housing loans with variable interest rates—up to an 
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amount of EUR 200,000—to 4.08% for a period of 15 
months, starting from the October installment. This 
measure aimed to protect borrowers from rising interest 
rates [28]. As inflationary pressures decreased in 2024, 
the NBS reduced interest rates on dinar loans and a record 
growth in foreign currency savings was recorded. In June 
2024, the NBS decided to reduce the key policy rate by 25 
basis points, bringing it to 6.25%. This decision was made 
in the context of declining inflation and its return within 
the target tolerance band. In December, the NBS adopted 
another decision to temporarily cap interest rates, whereby 
the nominal interest rate on existing and new housing loans 
with variable rates was limited to 5%, while for new loans 
with fixed interest rates, the rate could not exceed 5%. This 
measure was introduced to protect financial service users 
and will remain in force until the adoption of the new Law 
on the Protection of Financial Service Users, or no later 
than the end of 2025. The results of the business policy 
implemented by the NBS were evident, as the banking 
sector preserved financial stability during the observed 
period despite external shocks and achieved significant 
profits, with a continued upward trend. 

Table 1 presents a comparative overview of end-of-year 
inflation rates and key policy rates for the EU and Serbia. 
It clearly shows that the EU experienced lower inflationary 
pressures before 2021, while Serbia began to feel them as 
early as the end of 2021. During 2022, inflation in Serbia 
reached 15.1%, significantly higher than the EU’s 8.4%. 
Regarding the key policy rate, the NBS responded earlier 
and more gradually, whereas the ECB delayed rate hikes 
until mid-2022 but applied a more aggressive tightening 
pace. As of September 30, 2024, inflation in the EU had 
declined to 1.8%, nearing the target. In Serbia, however, 

inflation remained higher at 5.7%, prompting the NBS to 
maintain a more restrictive monetary policy, resulting in 
a key policy rate of 5.75%.

The results of the measures undertaken by the NBS 
were also reflected in the financial performance of banks, 
as illustrated in Figure 2. Compared to 2019, which can be 
considered the reference pre-crisis year, financial results 
were weaker in 2020 and 2021 [40]. However, despite the 
Russia-Ukraine conflict, 2022 saw a sharp increase, with 
pre-tax profits reaching RSD 99.62 billion, exceeding the 
2019 level. In the third quarter of 2024, pre-tax profit 
amounted to as much as RSD 143.1 billion. 

In 2019, 22 banks operated profitably, while 4 
recorded losses. A trend of profit concentration is evident 
- seven banks with the highest net profit accounted for 
86% of the sector’s total profit. In 2020, 19 banks posted 
positive results, with the top five accounting for 81% of 
total banking sector profit, while 7 banks operated at a 
loss. In 2021, 20 banks were profitable and 3 recorded 
losses. During 2022, 20 banks recorded profits and only 
one operated at a loss. The trend of profit concentration 
continued year after year, remaining in the hands of the 
five largest banks. In both 2023 and 2024, only one bank 
operated at a loss.

Empirical Results and Discussion

T﻿he profitability of the Serbian banking sector was 
measured using ROA and ROE ratios. To obtain a more 
comprehensive picture, the net interest margin, net fee 
and commission income ratio, and  net pre-tax profit 

Table 1: Comparative analysis of end-of-year inflation 
rates and reference interest rates: Serbia and EMU

  Inflation  
(Serbia) %

Reference 
interest rate 

 (NBS) %

Inflation 
(EMU) %

Reference 
interest rate 

(ECB MRO) %
31.12.2019 1.9 2.25 1.2 0
31.12.2020 1.6 1 0.3 0
31.12.2021 7.9 1 2.6 0
31.12.2022 15.1 5 8.4 2.5
31.12.2023 7.6 5.25 5.4 4.5
30.09.2024 5.7 5.75 1.8 3.65

Source: Data from NBS and ECB reports

Figure 2: Net pre tax profit of the Serbian banking 
sector, in RSD billion
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Source: Data from NBS annual reports and balance sheets of commercial banks
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margin were also calculated. The analysis included both 
the profitability of each individual commercial bank and 
the banking sector as a whole. In addition to sector-wide 
indicator values, individual figures for commercial banks 
in Serbia at the end of the observed period will also be 
presented, especially since total bank assets significantly 
increased due to numerous mergers. This was particularly 
evident with OTP Bank Srbija a.d., which merged with 
Société Générale Bank a.d., and NLB Komercijalna Bank, 
which through the acquisition of Komercijalna Bank a.d. 
became the fifth largest bank. An overview of commercial 
banks in Serbia ranked by total assets as of September 30, 
2024, in RSD million, is provided in Table 2.

Return on Assets and Return on Equity Ratios

ROA and ROE, as indicators of profitability, recorded their 
sharpest decline in 2020 (Table 3). In the following year, 
their values increased, indicating a sectoral recovery, but 
only in 2022 did these indicators return to and surpass pre-
crisis levels. In 2023, growth continued despite a new wave 
of crisis, and the Serbian banking sector achieved record 
results. However, in 2024, both indicators declined. These 
results suggest moderate profitability in the banking sector. 
ROE values above 12.5% are considered good performance 

[38], and the ROA of the Serbian banking sector is also 
excellent, as ROA values range between 1% and 3%.

The individual results achieved by commercial banks 
are relatively uniform (Figure 3), revolving around the 
sector-wide ROA value at the end of the observed period, 
which amounts to 2.33%, except API Bank, which recorded 
an exceptionally high ROA of 7.11%. Adriatic Bank and 
Raiffeisen Bank also achieved significant results, while Mira 
Bank AD was the only one that did not record any ROA.

The ROE values for individual banks (Figure 4) are 
not as uniform as with the previous indicator. The reason 
for this lies in the disparity in bank sizes – larger banks 
tend to have lower ROE values due to higher regulatory 
capital requirements under Basel standards, hiher operating 
costs, and lower efficiency, while medium and small banks 
show higher ROE levels due to greater flexibility and lower 
fixed costs. The highest return on equity was recorded by 
API Bank with 34.74% and Bank of China with 32.58%. 
Other banks significantly above the sector average of 
16.10% at the end of the observed period include Adriatic 
Bank (28.86%), Raiffeisen Bank (28.67%), Srpska Bank 
(22.63%), and UniCredit Bank (21.57%). Mira Bank did 
not record a ROE due to the absence of operating profit.

Net interest gain to total revenue, net fees and 
commissions gain to total revenue, and net pre-tax 
profit/loss to total revenue ratio

T﻿he analysis of the net profit / loss to total revenue ratio, 
as one of the indicators of sector profitability, shows a 
positive net profit margin, indicating that the banking 
sector operated profitably during the observed period. In 
2019, the value indicated stable operations and moderate 
profits (20–30% margin). In 2020 and 2021, the net profit 
margin slightly declined due to the financial crisis, but 

Table 2: Total assets as of September 30, 2024,  
in RSD million

Bank name Amount in RSD
1 Banca Intesa 986,398,862
2 OTP Bank Serbia 892,167,165
3 Raiffeisen Bank 717,372,743
4 Unicredit Bank 701,204,769
5 NLB Komercijalna Bank 622,591,085
6 Poštanska štedionica Bank 517,000,326
7 AIK Bank 452,136,894
8 Erste Bank 398,538,339
9 Eurobank Direktna 288,156,554

10 ProCredit Bank 167,512,965
11 Halk Bank 132,718,995
12 Alta Bank 107,446,470
13 Addiko Bank 104,618,997
14 Serbian Bank 55,499,009
15 Bank of China 41,835,984
16 Mobi Bank Belgrade 39,730,967
17 3 Bank Belgrade (Opportunity) 32,912,799
18 Adriatic Bank 26,149,742
19 API Bank 18,901,182
20 Mirabank 5,401,447

Source: National Bank of  Serbia – Balance sheets of commercial banks

Table 3: Return on assets and return on equity for 
Serbian commercial banks, in %

ROA ROE
2019 1.80 10
2020 1.13 7
2021 1.30 9.10
2022 2.02 15
2023 2.46 18.10

3Q2024 2.33 16.10
Source: Authors’ calculations based on data from the balance sheets of commercial 
banks
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values still indicated moderate profit. However, in 2022, 
the indicator value returned to pre-pandemic levels, and 
in 2023 and 2024, it increased further, surpassing 2019 
levels and showing high values that reflect above-average 
profitability. 

The net interest profit margin followed a different 
trend – in 2019, it amounted to 52.83%, indicating that 
more than half of the profit stemmed from interest. In 
2020, it rose to 59.90%, likely due to favorable financing 
conditions and NBS subsidies in response to the financial 

crisis. It then dropped to 49.25% in 2021, with the lowest 
rate during the period being 43.06% in 2022. In 2023 and 
2024, it rose again but did not reach the 2019 and 2020 
levels, suggesting reduced credit disbursement as a result 
of rising inflation. Nevertheless, the overall result for the 
period, including 47.89% in 2024, indicates very high 
profitability and substantial interest income.

The net profit margin from fees and commissions 
shows a relatively modest share of income in 2019. In 
2020, it grew to 19%, corresponding with the rise in net 

Figure 3: Return on assets ratio for Serbian commercial banks at the end of the 3rd quarter of 2024, in %
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Figure 4: Return on equity ratio for Serbian commercial banks at the end of the 3rd quartal of 2024, in %
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interest margins may indicate high profitability, but also 
reflect high spreads and insufficient investment.

On the other hand, some banks significantly deviate 
from the sector average in terms of the net profit margin 
from fees and commissions (Figure 6), with results ranging 
from 53.18% achieved by API Bank AD to only 0.01% by 
3Bank AD at the end of Q3 2024. High net margins suggest 
highly rational cost management, possibly achieved through 
process automation and advanced digital services. The 
extremely low result of 0.01% by 3Bank suggests almost 
no revenue from fees and commissions, likely due to high 
infrastructure and personnel costs. When contrasted with 
the high 73.20% interest margin, it can be concluded that 
the bank’s strategy focuses on attracting clients through 
favorable lending terms, making it dependent on interest 
income, which poses a risk to long-term sustainability. 
Generally, some banks have achieved significant digitalization 
and automation that leads to lower transaction costs [36], 
while others still struggle to implement new strategies.

The net profit margin before tax (Figure 7) also shows 
considerable differences among banks, ranging from a 
high 70.3% by Bank of China to 0%, since Mira Bank was 
the only bank not operating profitably by Q3 2024. High 
profit margins exceeding the sector-wide 35.77% average 
at the end of the observed period were also achieved by 
Raiffeisen Bank (57.69%), API Bank (52.72%), Srpska Bank 
(44.90%), and NLB Komercijalna Bank (44.6%). 

interest profit and indicating increased service sales and 
better cost management. This margin continued to grow 
in 2021, reaching 21.10%. A decline occurred in 2022 by 
over one percentage point, falling further to 17.37% in 2023. 
However, a recovery was recorded in 2024, with a value of 
19.77%. The 2024 result is solid and moderate, reflecting 
that the banking sector is efficient but still has room for 
improvement, particularly through digitalization and the 
development of fintech services, which are cheaper for 
the operational system. Values for all three profitability 
indicators are presented in Table 4. 

Regarding net interest margin (Figure 5), commercial 
banks show fairly uniform results within the sector average, 
except for 3Bank AD with 73.20%, Mira Bank wth 63.29%, 
followed by Srpska Bank (62.95%), Bank of China (61.57%), 
and NLB Komercijalna Bank AD (61.26%). Such high net 

Figure 5: Net interest gain to total revenue for commercial banks on 3rd quarter 2024, in %
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Table 4: Net interest gain to total revenue, net fees 
and commissions gain to total revenue, and net pre-

tax gain profit/loss to total revenue ratio, in %

 
Net interest gain to 

total revenue

Net fees and 
commisions to 
total revenue

Net pretax profit/
loss to total 

revenue
2019 52.83 17 28.28
2020 59.90 19 22.74
2021 49.25 21.10 22.39
2022 43.60 20.20 28.95
2023 51.13 17.37 31.06

3Q2024 47.89 19.77 35.77
Source: Authors’ calculations based on data from the balance sheets of commercial 
banks



FinanceFinance

293293

Interestingly, market leaders in asset size, lending, 
and market share – Intesa Bank and OTP Bank – are not 
the most profitable banks. Instead, they have moderate 
profitability levels in line with the banking industry’s 
average. API Bank and Bank of China stand out as highly 
profitable, based on all profitability indicators, even though 
they rank 18th and 15th by asset size, respectively. This 
is a promising sign for their future growth.

NPL and CAR

The influence of NPLs on profitability was also examined 
by monitoring the movement of the NPL rate (Figure 8). 

An increase in the NPL rate significantly negatively affects 
profitability [42]. When the number of non-performing 
loans rises, profitability declines, as demonstrated in 
Serbia’s banking sector, with the exception of 2020. 

The NPL rate fell in 2020 compared to 2019, yet 
both ROA and ROE also declined, indicating that despite 
substantial efforts by the NBS and commercial banks to 
improve asset quality, profitability still decreased. This 
could be due to the write-off of uncollectible receivables 
and the sale of bad loans, which may not accurately reflect 
asset quality. Additionally, macroeconomic conditions 
and lower credit income likely contributed to reduced 

Figure 6: Net fees and commissions gain to total revenue for commercial banks on 3rd qaurter 2024, in %
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Figure 7: Net profit margins for commercial banks on 3rd qaurter 2024, in %
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profitability. The further decline of the NPL rate to 3.6% 
in 2021 led to increased profitability, as lower provisioning 
means higher shareholder returns. Banks not only became 
more efficient but also improved their return on equity. 
The NPL rate continued to drop to 3% in 2020, and a slight 
increase to 3.2% had no significant impact on profitability. 
The final 2.7% rate at the end of the period is considered 
low and coincides with high ROA and ROE values. 

On the other hand, as noted by Đaković, Milenković, 
& Andrašić, we assumed that capital adequacy positively 
affects profitability growth [9]. However, in Serbia’s 
banking sector, the positive effect appears in the long 
term, while the short-term impact during the observed 
period was negative. 

Table 5: Relationship of CAR with ROA and ROE in 
the Serbian banking sector, in %

CAR ROA ROE
2019 23.4 1.8 9.8
2020 22.4 1.1 6.5
2021 20.8 1.1 7.5
2022 20.2 1.9 13.8
2023 21.4 2.4 18.0
2024 21.9 3.1 22.2

Source: NBS

CAR dropped in 2020 compared to 2019, immediately 
resulting in reduced ROA and ROE (Table 5). However, CAR 
growth in 2023 and 2024 had a notably positive impact 
on ROA and ROE. An exception to this trend occurred in 
2020 and 2021, when profitability indicators rose despite 

declining CAR values, likely due to increased lending or 
leverage. Lower provisioning needs indicate improved 
credit portfolios, corroborated by the drop in the NPL 
rate. Freed-up funds previously reserved for risk coverage 
contributed directly to profitability along with improved 
interest margins and fee income.

In conclusion, from 2019 to 2022, declining CAR had 
a positive impact on short-term profitability. From 2022 
to Q3 2024, the increasing CAR negatively affected short-
term profitability but positively contributed to long-term 
stability. Hence, the long-term effect is positive. 

Conclusions

Profitability indicators show that the banking sector in Serbia 
is profitable and efficient. The high profitability of Serbia’s 
banking sector during the observed period, except 2020 
and 2021, indicates stable operations despite challenges, 
good cost control, and effective credit risk management, 
which helped absorb external shocks. Profitability increased 
significantly by the end of the period compared to 2019, 
used as the reference year before the crisis.

ROA of 2.33% and a ROE of 16.10% at the end 
of the third quarter of 2024 indicate high operational 
efficiency, a low level of NPLs, and elevated interest 
income, as reflected in the net interest margin (NIM) of 
47.89% and net fee and commission income ratio (NFIR) 
of 19.77%. A net profit margin of 35.77% also indicates 

Figure 8: Relationship of NPL with ROA and ROE in the Serbian banking sector, in %
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high profitability and efficiency and aligns with other 
profitability indicators, confirming the banking sector’s 
strong capacity to generate profits and manage resources, 
costs, and challenges effectively.

The NPL ratio of 2.7% at the end of the observed 
period indicates good credit portfolio quality, which is 
also confirmed by the capital adequacy ratio (CAR) of 
21.9%. The research showed that the NPL ratio harms 
profitability and that profitability decreases as NPL 
increases. On the other hand, an increase in capital 
adequacy, i.e., provisioning, has a short-term negative 
effect on profitability indicators but strengthens financial 
security in the long term, contributing positively.

Based on the presented results, there is a tendency for 
profitability to increase in the future, given the successful 
implementation of the National Bank of Serbia’s policies 
and excellent risk management during the crisis period.

This research provides a comprehensive analysis of 
the impact of the COVID-19 pandemic and the Russia-
Ukraine conflict on the profitability of Serbia’s banking 
sector, using a broad set of indicators (ROA, ROE, NIM, 
NFIR, NPL, and CAR). Unlike previous studies that 
focused exclusively on the effects of the global financial 
crisis, this paper covers complex contemporary shocks 
and their reflection on the operational and regulatory 
resilience of banks. The results can serve policymakers, 
banking managers, and researchers as an empirical basis 
for assessing the resilience of the banking system and 
creating crisis strategies.

Although banks are required to identify, assess, and 
manage all material and immaterial risks they are exposed 
to international standards and guidelines such as the Basel 
Standards, the disruption trends in the banking market 
caused by the COVID-19 pandemic and the Russia-Ukraine 
conflict indicate the need for more detailed regulation 
of bank clients exposure to geopolitical risks within the 
framework of operational risks. This would allow such 
external shocks to be more easily mitigated, so future 
research should focus on a broader macroeconomic context. 
At the same time, to increase efficiency, it is recommended 
to digitize almost all work processes where feasible and 
to automate them in order to optimize costs and further 
increase profits. 
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Sažetak
Svim preduzećima je svojstveno da teže maksimiziranju profita, odnosno 
neto dobitka. Budući da su i osiguravajuća društva preduzeća, sasvim 
je jasno da i ona teže ostvarivanju i maksimiziranju profita, te da je 
za menadžment osiguravajućih društava, osim pružanja sigurnosti 
osiguranicima, primarni cilj sticanje i uvećavanje profita iz godine u 
godinu. Međutim, u zavisnosti od vrste preduzeća, različiti su faktori koji 
doprinose profitabilnosti, odnosno sposobnosti preduzeća da generiše 
profit. U ovom radu su ispitani povezanost i uticaj pojedinih faktora, kao 
što su starost osiguravajućeg društva, rast prihoda od premije, likvidnost 
i leveridž na profitabilnost osiguravajućih društava koja posluju na teritoriji 
Republike Srbije. Rezultati istraživanja sprovedenog u radu ukazuju na 
to da starost, rast prihoda od premije i leveridž imaju statistički značajan 
uticaj na profitabilnost oiguravajućih društava. Rezultati istraživanja mogu 
biti od pomoći brojnim stejkholderima, kao što su vlasnici, menadžment, 
kreditori i klijenti.

Ključne reči: osiguravajuća društva, profitabilnost, faktori 
profitabilnosti, finansijske performanse

Abstract
All companies strive to maximise profit, i.e. net income. Since insurance 
companies are also businesses, it is clear that they too aim to achieve 
and maximise profit. For the management of insurance companies, apart 
from providing security to policyholders, the primary goal is to generate 
and increase profit year after year. However, depending on the type of 
business, the factors that contribute to profitability, or the ability of a 
company to generate profit, differ. This paper examines the relationship 
and impact of specific factors, such as the age of the insurance company, 
premium revenue growth, liquidity, and leverage, on the profitability of 
insurance companies operating in the Republic of Serbia. The results 
of the research conducted in this paper indicate that age, premium 
revenue growth, and leverage have a statistically significant impact on 
the profitability of insurance companies. The research findings can be 
useful to various stakeholders, such as owners, management, creditors, 
and clients.

Keywords: insurance companies, profitability, factors of profitability, 
financial performance
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Introduction

Businesses are established with various goals and motives, 
among which the acquisition and increase of profit can 
certainly be singled out as the most common goal that 
is given the greatest importance. However, with the 
development of the capital market and the increase in 
the number of stakeholders, a new and more modern 
approach to determining the primary goal of a business 
has emerged. Namely, it is believed that in the conditions 
of capital market growth, an increase in the number of 
owners, as well as the emergence of numerous stakeholders, 
the primary goal of a business should be to maximise 
value for stakeholders, rather than generating profit. It is 
considered that the purpose of business and the existence of 
a company is not to achieve profit, but to provide solutions 
to problems related to people and the planet, while profit 
is generated as part of this process [25, p. 15]. According 
to stakeholder theory, which is based on the premise that 
the most important goal is to maximise value, managers 
should make decisions taking into account the interests 
of all parties involved in the company, including not 
only financial creditors but also employees, customers, 
communities, government officials, and, according to some 
interpretations, the environment [19, p. 297]. Therefore, 
stakeholders should be the goal of businesses, rather 
than instruments for increasing profitability [13, p. 744]. 
However, in the Republic of Serbia, most businesses are 
still driven by the goal of maximising profit rather than 
maximising value, and this is also true for insurance 
companies, despite the specifics of their operations.

The insurance sector has great importance for every 
country, as evidenced by Haiss and Sümegi [17, p. 406], 
who state that the significance of the relationship between 
insurance and economic growth is becoming increasingly 
apparent due to the growing share of the insurance sector 
in the overall financial sector in almost every developing 
economy and mature market economy. Haiss and Sümegi 
also note that insurance companies, together with mutual 
funds and pension funds, represent some of the largest 
institutional investors in the equity, bond, and real estate 
markets [17, p. 406]. Therefore, it is not surprising that 
there is a large number of stakeholders interested in the 

financial performance of insurance companies. Indeed, 
the financial performance of insurance companies has 
direct implications for a wide range of stakeholders, from 
policyholders to shareholders, employees to brokers, and 
from regulatory bodies to potential investors [33, p. 334]. 
Additionally, Burca and Batrinca [10, p. 299] state that the 
financial performance of insurance companies, which in 
most cases is assessed through profitability, is relevant in 
the macroeconomic context, as the insurance industry is 
part of the financial system that contributes to stimulating 
economic growth and stability.

The subject of this paper is the various factors of 
profitability of insurance companies operating in the 
Republic of Serbia. These profitability factors have been 
identified in the paper based on previous research. In line 
with the defined research subject, the aim of the paper 
is to establish the relationship between the factors of 
profitability and profitability measured through profitability 
ratio indicator, as well as to determine the impact of these 
factors on profitability.

The paper, apart from the introduction and conclusion, 
consists of three parts. The first part presents a literature 
review and hypotheses development. The research 
methodology is presented in the second part of the paper, 
and the third part provides the research results, along 
with a discussion of the results.

Literature review and hypotheses development

As already mentioned, profitability still represents the main 
goal of businesses, and thus insurance companies, which 
makes it possible to identify a relatively large number of 
papers, studies, and research addressing the impact of 
certain factors on the profitability of insurance companies. 
Numerous efforts have been made to understand and 
encompass as many factors as possible that may influence 
the profitability of insurance companies. In most cases, 
these studies focus on the profitability of insurance 
companies offering either life or non-life insurance services, 
and specific internal factors are often used to determine 
their impact on profitability. The profitability of insurance 
companies depends on numerous factors, which can be 
classified into internal, industry, and macroeconomic 
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factors, with most research focusing on internal factors 
of profitability, such as company age, asset size, debt ratio, 
growth rate, premium growth rate, asset growth rate, and 
liquidity ratio [37, p. 4].

The most commonly used dependent variable for 
measuring profitability in both the banking and insurance 
sectors is Return on Assets (ROA) [16, p. 657]. However, 
some authors consider it useful to use other profitability 
indicators as well. For example, Bourke [9, p. 73] in his 
study uses various profitability measures, such as Return on 
Equity (ROE), ROA, and added value of return on total assets. 
Adams and Buckle [2, p. 137] use the ratio of net income 
from investments to net premiums as a dependent variable, 
arguing that it summarises the performance in two main 
economic activities of insurance companies: investment 
management and risk underwriting. Additionally, Oscar 
Akotey et al. [30, p. 298] use three profitability measures 
as dependent variables: ROA, investment income, and 
profit from risk underwriting.

The following is an overview of the individual 
determinants on the basis of which the research hypotheses 
have been formulated in this paper, based on previously 
conducted studies. Each determinant has a potential impact 
on the profitability indicators of insurance companies.

The profitability of insurance companies can be 
significantly influenced by the age of the companies, as 
established by numerous studies. It could be expected that 
older insurance companies achieve higher profitability 
rates, which has been confirmed by previous research. 
Derbali [14, p. 95] highlights that based on the results of 
his research, it can be concluded that the age of a company 
has a significant positive impact on the profitability of 
insurance companies. Pervan et al. [32, p. 162], analyzing 
insurance companies from Bosnia and Herzegovina, 
report a positive impact of age on profitability, which is 
also confirmed by the research results of Kulustayeva et al. 
[21, p. 2401]. Additionally, Ambaw and LiJuan [6, p. 116] 
found that the age of insurance companies positively affects 
profitability, measured by the ROA indicator. Samosir [35, 
p. 56], analyzing the impact of age on company profitability, 
notes that there is a positive effect of age on company 
profitability, which aligns with the results of Coad et al. 
[12, p. 186]. Osunsan et al. [31, p. 418] also indicate that a 

positive impact of company age on profitability has been 
identified. Given the results of previous studies, the first 
research hypothesis can be formulated:
H1:	 The age of insurance companies has a statistically 

significant positive impact on the profitability of 
insurance companies.
The profitability of insurance companies can be 

significantly influenced by the growth of insurance 
premium revenue. It could be expected that insurance 
companies achieving higher rates of premium revenue 
growth will exhibit better profitability performance, 
which has been confirmed by numerous studies. For 
example, Greene and Segal [16, p. 244] concluded in their 
research that premium growth, measured as the increase 
in insurance premium revenue, has a positive impact on 
the profitability of insurance companies. Pjanić et al. [33, 
p. 342] reached the same conclusion while analysing the 
non-life insurance sector. Öner Kaya et al. [29, p. 525] also 
state in their study that the growth of earned premiums 
leads to an increase in the profitability of insurance 
companies. Agustin et al. [3, p. 61] observed that the 
growth of insurance premiums triggers an increase in 
the profitability of insurance companies. Nusantara and 
Priantinah [26, p. 10] similarly concluded in their research 
that the growth of premium revenue has a positive effect 
on the profitability of insurance companies. Based on 
the presented findings of previous research, the second 
research hypothesis is formulated:
H2: The growth of insurance premium revenue has a 

statistically significant positive impact on the 
profitability of insurance companies.
Liquidity may also be of critical importance for the 

profitability of insurance companies, bearing in mind the 
fact that profitability and liquidity are opposing goals, as 
evidenced by a considerable number of studies. Tegegn 
et al. [37, p. 12] highlight this in their study, stating 
that their research results showed a negative impact of 
liquidity on the profitability of insurance companies. 
Similarly, Öner Kaya et al. [29, p. 526], analysing Turkish 
insurance companies, emphasised that it was established 
that insurance companies with higher liquidity achieve 
lower profitability rates. Sambasivam and Ayele [34, p. 
34] reached the same conclusion in their research, noting 



FinanceFinance

301301

that liquidity negatively affects profitability. Adams 
and Buckle [2, p. 139] in their study state that liquidity 
has a negative impact on the profitability of insurance 
companies. Gatsi et al. [15, p. 64], based on the results of 
empirical research conducted on insurance companies in 
Ghana, concluded that liquidity has a significant negative 
impact on profitability. Odira [27, p. 18] also notes that 
higher liquidity causes lower profitability in insurance 
companies, which is confirmed by the research findings 
of Meher and Zewudu [24, p. 77]. Sasidharan et al. [36, p. 
248] found evidence of a negative impact of liquidity on 
profitability in their study results. Abubakar et al. [1, p. 1] 
reached results that confirm liquidity negatively affects the 
profitability of insurance companies. Analysing Nigerian 
insurance companies, Bala et al. [7, p. 129] concluded 
that liquidity negatively impacts profitability. In their 
analysis of Nepalese insurance companies, Wosti and 
Pradhan [39, p. 172] arrived at identical results. Given the 
presented findings of previous research, the third research 
hypothesis is formulated:
H3:	 The liquidity of insurance companies has a statistically 

significant negative impact on the profitability of 
insurance companies.
Leverage can have a significant impact on the 

profitability of insurance companies, where it is expected 
that insurance companies with higher leverage achieve 
lower profitability rates. Malik [23, p. 319], analysing 
Pakistani insurance companies, concluded that leverage has 
a statistically significant negative impact on profitability, 
which is also confirmed by Kumar et al. [22, p. 308] when 
analysing a sample of insurance companies from Fiji. 
Ahmeti and Iseni [4, p. 134] similarly state that their results 
indicate a negative impact of leverage on the profitability 
of insurance companies. Horvey et al. [18, p. 16], analysing 
companies in South Africa, arrived at identical results in 
their study. Kulustayeva et al. [21, p. 2404] also argue, based 
on their research findings, that leverage has a negative 
impact on profitability. Camino-Mogro and Bermúdez-
Barrezueta [11, p. 858], analysing Ecuadorian insurance 
companies, concluded that leverage negatively affects the 
profitability of insurance companies. Bilal et al. [8, p. 15] 
note that their research results confirm that leverage has a 
negative impact on the profitability of insurance companies. 

Considering the presented research findings, the fourth 
research hypothesis can be formulated as follows:
H4:	 The leverage of insurance companies has a statistically 

significant negative impact on the profitability of 
insurance companies.

Methodology of research

For the purposes of the research, a sample was formed 
consisting of 20 insurance companies operating in the 
territory of the Republic of Serbia. All the insurance companies 
belong to the category of large enterprises, according to the 
criteria outlined in the Law on Accounting of the Republic 
of Serbia [28]. Additionally, all the insurance companies 
are organized as joint-stock insurance companies.

The time period covered by the research spans 
from 2014 to 2023, a total of ten years, with all company 
performances observed at the end of each year, considering 
that the subject of analysis is the financial statements of 
the companies, which are published at the end of the fiscal 
year. The research presented in this paper encompasses 
various types of companies engaged in insurance or closely 
related to insurance activities. Specifically, the sample 
used in the research consists of companies involved in 
life insurance, non-life insurance, as well as reinsurance. 
Since these types of companies operate under different 
business models and risk profiles, they are all part of 
the insurance market in the Republic of Serbia and are 
appropriate subjects for this type of research. Given that the 
performance of 20 companies are observed over a 10-year 
period, the research includes a total of 200 observations. 
An important criterion for inclusion in the sample was that 
companies must have operated continuously throughout 
the observed period from 2014 to 2023. Companies that 
ceased operations, merged, or entered the market after 2014 
were excluded. This criterion ensured that each company 
had a complete series of annual financial statements for 
the full 10-year period, which is necessary for consistent 
panel data analysis. Including companies that entered or 
exited the market during the observation period would have 
resulted in an unbalanced panel, potentially compromising 
the comparability of results and the reliability of regression 
estimates. Therefore, the exclusion of such companies was 
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not only intentional but also methodologically justified, as 
it ensured data consistency and increased the robustness 
of the statistical analysis. All financial statements of the 
insurance companies were obtained from the website of 
the National Bank of Serbia (NBS), and the data presented 
in these statements were processed using the EViews 
statistical software.

In this study, a multiple panel regression model was 
used to estimate the type and intensity of the relationship 
between the dependent variable and the independent 
variables. The regression analysis examines the impact of 
the independent variables on the profitability of insurance 
companies as the dependent variable. The functional 
relationship between the variables is described by a linear 
panel model in the following form:

ROAit = β1it + β2AGEit + β3GROWit + β4LIQit + β5LEVit + εit 

where:
ROAit – the return on assets (ROA) ratio (the ratio of net 
profit for the current year to the average assets over two 
consecutive years),
β1it​, β2​,…, β5 – regression coefficients, which indicate the 
intensity of the influence of each independent variable on 
the dependent variable,
AGEit – the number of years since the establishment of 
the insurance company up to year t,
GROWit – the chain index of growth in insurance premium 
income of the insurance company i in year t,
LIQit – the liquidity ratio of the insurance company i in 
year t, calculated as the ratio of current assets minus 
inventories to current liabilities,
LEVit – the leverage of the insurance company i in year 
t, calculated as the ratio of total liabilities to equity (D/E 
ratio, DER – Debt-to-Equity Ratio),
εit – the error (residual term),
i = 1, ..., 20 and
t = 1, ..., 10.

The decision to include only four explanatory variables 
– company age, premium income growth, liquidity, and 
leverage – was made deliberately, based on both theoretical 
relevance and data availability. These variables are among the 
most widely examined and consistently validated internal 
determinants of profitability in the insurance sector, as 

confirmed by previous studies. By focusing on a limited 
number of core financial indicators, the model aims to 
isolate and examine their specific effects on profitability 
in the context of the Serbian insurance market during a 
volatile economic period (2014–2023), which includes the 
COVID-19 crisis.

Furthermore, a more parsimonious model enhances 
interpretability and reduces the risk of multicollinearity, 
which is especially important in panel data analysis 
involving a relatively small and fixed sample of companies. 
Although additional variables such as firm size, market 
share, reinsurance ratio, or investment income could 
potentially enrich the analysis, consistent and complete 
data for all companies across the ten-year period were 
not available, making their inclusion methodologically 
problematic. Future studies could expand the model once 
more comprehensive datasets become accessible.

The representativeness of the model is assessed by 
determining the coefficient of determination (R²) and 
the p-value of the regression model. Confidence levels of 
α = 0.05 and α = 0.01 were used to determine statistical 
significance. For the analysis of autocorrelation between 
the observed independent variables, the absence of which 
is a prerequisite for conducting regression analysis, the 
Durbin-Watson statistic was used. Additionally, a potential 
issue in research of this kind may be the presence of 
multicollinearity, i.e., strong interdependence among the 
independent variables. Therefore, in order to identify any 
potential multicollinearity, the Variance Inflation Factor 
(VIF) was used in this study. To determine the type of panel 
regression analysis, and to choose between a fixed effects 
or random effects model, the Hausman test was employed.

In addition to regression analysis, correlation analysis 
was also used in the study. The correlation coefficient 
indicates the strength of the relationship between two 
variables and can range from -1 to +1. When the value of 
the coefficient is zero, there is no correlation between the 
variables. A coefficient value of 1.00 indicates a perfect 
positive correlation, while a value of -1.00 indicates a perfect 
negative correlation. The closer the coefficient value is to 
zero, the weaker the relationship, while the relationship 
is stronger the closer the value is to one [33, p. 340]. In 
this study, Spearman’s correlation coefficient was used, 
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as it was determined that the observed phenomenon does 
not follow a normal distribution.

Research results and discussion

The descriptive statistics of the variables used are presented 
in Table 1. It can be observed that, on average, insurance 
companies in Serbia achieve a net profit of 0.018 dinars 
for every dinar of assets employed, with the highest ROA 
coefficient observed during the study period being 0.162. 
There are also insurance companies with a negative ROA, 
meaning they operated at a loss. Additionally, it is notable 
that the youngest insurance company is only 2 years old, 
while the oldest insurance company in the sample is 60 
years old. A significant difference between the minimum 
and maximum values is present for the liquidity ratio (the 
lowest value is 0.273, and the highest is 126.103), which 
explains why the standard deviation is most pronounced 
for the liquidity indicator.

Table 1: Descriptive statistics of variables used

ROA AGE GROW LIQ LEV
Mean 0.018 20.650 1.134 15.784 3.683

Median 0.020 19.000 1.090 9.783 3.044
Minimum -0.781 2.000 0.452 0.273 0.216
Maximum 0.162 60.000 3.921 126.103 13.192

Standard deviation 0.066 11.455 0.324 22.016 2.577
Observations 200 200 200 200 200

Source: Authors

Before determining the impact of the independent 
variables on the dependent variable, i.e., performing the 
panel regression analysis, it is first necessary to establish 
whether there is interdependence between the observed 
variables. For this purpose, a correlational statistical 
analysis was conducted, using the Spearman correlation 
coefficient. The correlation matrix with the Spearman 
correlation coefficients is presented in Table 2.

Table 2: Matrix of Spearman’s correlation coefficients

ROA AGE GROW LIQ LEV
ROA 1.000 0.403** 0.045 0.182** -0.153*
AGE 0.403** 1.000 -0.006 0.149* -0.039

GROW 0.045 -0.006 1.000 -0.173* 0.051
LIQ 0.182** 0.149* -0.173* 1.000 -0.327**
LEV -0.153* -0.039 0.051 -0.327** 1.000

Note: statistically significant at the level of 5%(*) and 1%(**)
Source: Authors

Based on the presented data of Spearman correlation 
coefficients, it can be unequivocally concluded that the 
profitability of insurance companies, measured by ROA, 
is statistically significantly correlated with the age of the 
company, liquidity, and leverage. The relationship between 
ROA and the age of insurance companies is positive, 
moderate in intensity, and statistically significant at the 
1% level. Regarding the interdependence between ROA and 
premium income growth, it can be observed that there is 
no statistically significant relationship at the 5% or 1% level. 
The relationship between profitability, observed through 
the ROA indicator, and liquidity, viewed as the ratio of 
current assets minus inventories to current liabilities, is 
statistically significant at the 1% level. This relationship is 
positive and weak in intensity, showing that an increase in 
one of the two observed variables by one unit leads to an 
increase in the other variable by 0.182 units. Further analysis 
in the paper, which will focus on regression analysis, will 
determine the potential impact of the independent variable 
of liquidity on the dependent variable of profitability. 
Finally, when observing the interdependence between 
ROA and leverage, a statistically significant relationship 
is observed at the 5% level, with a negative weak-intensity 
relationship. In other words, an increase in one of the two 
mentioned variables by one unit leads to a decrease in the 
other variable by 0.153 units. Considering the results of 
the presented correlation analysis, it is also noticeable that 
liquidity is correlated with all observed variables at the 
5% or 1% level. This observation points to the conclusion 
that autocorrelation of the observed variables, must be 
considered and analyzed when conducting the panel 
regression analysis of the impact of independent variables 
on the dependent variable of profitability, which follows 
in the next section of the paper.

In order to test the proposed research hypotheses, 
panel regression analysis was used in the paper, since all 
four research hypotheses relate to the impact of identified 
independent variables on the dependent variable ROA. 
The results of the Hausman test are provided in Table 3, 

Table 3: Hausman test results

Test Summary Chi-Sq. Statistic Chi-Sq. d.f. p-value
Cross-section random 15.344 4 0.004

Source: Authors
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while the results confirming the validity of the constructed 
model are presented in Table 4. Additionally, the results 
of the panel regression analysis are presented in Table 5.

Based on the results of the Hausman test presented 
in Table 3, it is clear that the p-value of the conducted test 
is 0.004, which is lower than the error risk α = 0.01. This 
means that the results of the Hausman test are statistically 
significant at the 1% level. These results suggest that a 
panel regression model with fixed effects should be used. 
Specifically, if the p-value of the Hausman test is greater 
than the error risk α, a panel regression model with random 
effects should be used. On the other hand, if the p-value 
of the Hausman test is lower than the error risk α, then 
it is necessary to use a panel regression model with fixed 
effects [20, p. 377].

Table 4: Validity of model

Model R2 Stand. 
error

Durbin-
Watson

Wald test 
(prob.) F p-value

1 0.262 0.061 2.367 0.000 2.713 0.0001
Source: Authors

Based on the data presented in Table 4, it can be 
concluded that the constructed model explains 26.2% of the 
observed phenomenon, meaning that 26.2% of the changes 
in the dependent variable are influenced by the independent 
variables, while the remaining part is influenced by other 
external factors not captured by the model. The results of 
the Durbin-Watson test for autocorrelation (which should be 
approximately 2 [33, p. 341]) indicate that there is minimal 
autocorrelation between the independent variables, or in 
other words, autocorrelation is almost nonexistent. To test 
for the presence of heteroskedasticity, the Wald test was 
employed in this study, given that the analysis is based on 
a fixed effects panel regression. Since the p-value of the 
Wald test was determined to be 0.000, it is concluded that 
heteroskedasticity is present. Therefore, robust standard 
errors were used in the regression analysis. Moreover, the 
overall model is statistically significant at the 1% level, as 
the p-value of the model is 0.0001.

Considering the results of the panel regression analysis 
presented in Table 5, it can be unequivocally concluded 
that three out of the four observed independent variables 
have a statistically significant impact on profitability 
measured by the ROA indicator. Also, based on the VIF 

values presented in the last column of Table 5, it can be 
concluded that there is no evidence of multicollinearity. 
Namely, VIF values below 10 are considered acceptable, 
and Table 5 clearly shows that the VIF for two independent 
variables is about 1.01, while for the other two it is about 1.05, 
indicating that the VIF values are well below the threshold 
of concern. So, it can be concluded that precondition of 
successful regression analysis is satisfied. 

Regarding the impact of the age of the company on 
profitability, it is concluded that there is a statistically 
significant positive impact at the 5% level. Based on the 
determined value of the beta coefficient, it can be stated 
that if the age of the insurance company increases by one 
year, the ROA indicator increases by 0.004, or if the age of 
the insurance company increases by 1%, the ROA indicator 
will be 0.4% higher. In other words, it has been established 
that older insurance companies achieve higher profitability, 
meaning that the older the insurance companies, the 
higher the ROA indicator. The reason for these results may 
lie in the fact that older insurance companies have better 
reputations, leading current and potential clients to prefer 
entering into insurance contracts with older companies. 
Given that these are reputable insurance companies that 
have been operating for many years or decades and have 
survived in the market despite numerous challenges faced 
by businesses, it is not surprising that such companies 
achieve higher profitability. These findings align with the 
results of previous research (Derbali, 2014; Pervan et al., 
2012; Kulustayeva et al., 2020; Ambaw & LiJuan, 2021; 
Samosir, 2018; Coad et al., 2013; Osunsan et al., 2015), 
supporting the acceptance of the first research hypothesis.

When it comes to the impact of the growth in 
insurance premium income on profitability measured by 
the ROA indicator, it can be concluded that a statistically 
significant positive impact has been identified at the 
1% level, despite the correlation analysis showing no 

Table 5: Panel regression with fixed effects

Variable β Robust 
Std. Err. t p-value VIF

AGE 0.004179 0.001632 2.5602 0.0191* 1.0450
GROW 0.045708 0.016569 2.7587 0.0013** 1.0440

LIQ -0.000298 0.000309 -0.9655 0.3464 1.0138
LEV -0.107326 0.052731 -2.0353 0.0460* 1.0095

Note: statistically significant at the level of 5%(*) and 1%(**)
Source: Authors
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statistically significant interdependence. It was observed 
that if premium income increases by 1%, the ROA will 
increase by 0.046%, as indicated by the beta coefficient. 
Thus, the growth in premium income has a clear positive 
impact on profitability, which is not surprising given that 
the main source of income for insurance companies is 
precisely the revenue from insurance premiums. However, 
the intensity of the ROA growth is weaker compared to 
the intensity of the growth in insurance premium income, 
meaning that as premium income grows, profitability will 
also increase, albeit to a lesser extent. Given the above, 
the second research hypothesis is confirmed, what aligns 
with the results of previous research (Greene & Segal, 
2004; Pjanić et al., 2018; Öner Kaya et al., 2015; Agustin 
et al., 2018; Nusantara & Priantinah, 2021).

When examining the data on the impact of liquidity 
on profitability, it is concluded that there is no statistically 
significant impact. Specifically, the obtained result is not 
significant at either the 1% or the 5% level. Furthermore, 
the beta coefficient value is negative, indicating a negative 
impact of liquidity on the profitability of insurance 
companies, which is not statistically significant. The 
negative impact of liquidity on profitability contradicts 
the findings of the correlation analysis, which showed a 
positive relationship between liquidity and profitability, 
with a confidence level of 1%. Therefore, the results of the 
regression analysis align with the formulated research 
hypothesis but lack statistical significance. Given that the 
correlation analysis demonstrated a statistically significant 
positive relationship between liquidity and profitability, 
but the regression analysis produced contradictory results 
that are not statistically significant, the third research 
hypothesis is rejected. So, these results are not in line with 
results of previous research (Tegegn et al., 2020; Öner Kaya 
et al., 2015; Sambasivam & Ayele, 2013; Adams & Buckle, 
2003,; Gatsi et al., 2013; Odira, 2018; Meher & Zewudu, 
2020; Sasidharan et al., 2023; Abubakar et al., 2018; Bala 
et al., 2022; Wosti & Pradhan, 2023).

Based on the results of the panel regression analysis 
regarding the impact of leverage on profitability, measured 
through the ROA indicator, it can be concluded that a 
statistically significant effect has been identified. Specifically, 
the impact of leverage on profitability is negative and 

significant at the 5% level. The beta coefficient is -0.107, 
indicating that an increase in leverage of 1% leads to a 
reduction in profitability by 0.107%. The negative impact 
of leverage on the profitability of insurance companies is 
explained by the fact that more leveraged insurance companies 
face higher interest expenses and other borrowing-related 
costs, which affect the net result and, consequently, the 
ROA indicator derived from the net result. Additionally, 
the results of the previously conducted correlation analysis 
indicated an inverse (negative) relationship between leverage 
and the ROA indicator, further supporting the assertion 
that leverage negatively affects profitability. Thus, it is 
concluded that the obtained results confirm the findings 
of prior research (Malik, 2011; Kumar et al., 2022; Ahmeti 
& Iseni, 2022; Horvey et al., 2024; Kulustayeva et al., 2020; 
Camino-Mogro & Bermúdez-Barrezueta, 2019; Bilal et al., 
2013), and the fourth research hypothesis can be accepted.

Compared to earlier studies on the Serbian insurance 
market, such as Pjanić et al. (2018) and Kočović et al. 
(2014), which used similar methods and a broader set 
of explanatory variables, this paper contributes to the 
literature in several ways. Most notably, it utilises an 
updated and extended panel dataset covering a full decade 
(2014 – 2023), which includes the period of the COVID-
19 pandemic, a global exogenous shock that significantly 
affected financial markets and business performance across 
sectors – including the insurance industry. The inclusion 
of this unique period adds relevance and contemporary 
value to the findings, as it allows for the analysis of 
company behaviour and profitability under conditions of 
extreme uncertainty and market disruption. Moreover, 
the use of a balanced panel of companies that operated 
continuously throughout this challenging period ensures 
that the results reflect long-term strategic performance 
rather than temporary market entries or exits. While 
the model used in this study explains a smaller portion 
of the variance in profitability compared to some earlier 
models with more variables (e.g., higher R²), the focus here 
is on key, robust internal financial factors that are most 
directly actionable and interpretable by decision-makers 
within insurance firms, especially in volatile economic 
environments. This trade-off allows for a more focused 
and policy-relevant analysis.
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Conclusion

The research conducted in this study encompassed 20 
insurance companies operating in the territory of the 
Republic of Serbia, observing their performance over a 
10-year period, resulting in a total of 200 observations. The 
aim of the research was to determine the interdependence 
between certain factors and profitability, measured through 
the ROA profitability indicator, as well as to assess the 
impact of the identified factors on profitability.

Considering the results of the conducted research, it 
was concluded that out of the four identified independent 
variables, two variables have a positive impact on the 
profitability of insurance companies. Specifically, the 
age of insurance companies, measured as the number of 
years since the establishment of the insurance company, 
and the growth of premium income, measured as the 
chain index of insurance premium income, were found 
to have a statistically significant positive impact on the 
profitability of insurance companies. Thus, as the values 
of these two variables increase, the profitability expressed 
through the ROA indicator also increases. However, when 
either of these two independent variables changes, the 
resulting change in profitability is less intense compared 
to the change in the independent variable itself.

On the other hand, it was determined that one of the 
four independent variables has a statistically significant 
inverse (negative) impact. Specifically, this refers to leverage, 
where it was also observed that the intensity of the change 
in the ROA indicator is weaker compared to the change in 
the leverage ratio. In other words, the research conducted 
in this study established that an increase in leverage (debt 
level) leads to a decrease in the profitability of the insurance 
companies included in the sample. Furthermore, regarding 
the fourth independent variable, namely liquidity and 
its impact on the profitability of insurance companies, 
it was noted that there is a negative influence. However, 
this influence is not statistically significant and, therefore, 
cannot be considered a relevant result.

The results of the conducted research may prove 
useful to various stakeholders. Primarily, the owners and 
managers of insurance companies can benefit by gaining 
insights into strategies for the growth of insurance companies 

and the long-term improvement of profitability. These 
objectives are characteristic of enterprises in the Republic 
of Serbia and countries in the region, as highlighted at 
the beginning of this study. By examining the factors 
identified as influencing the profitability of insurance 
companies, owners and managers can, to some extent, 
manage profitability in future business operations.

Business continuity is a crucial factor for creditors 
of all companies, including insurance companies. By 
examining the profitability factors of insurance companies, 
creditors can determine whether an insurance company 
is creditworthy, i.e., capable of repaying the debt it applies 
for, given that profitability is one of the most important 
prerequisites for this. Likewise, information about the 
business continuity of insurance companies is of vital 
importance to clients, as many clients, whether legal 
entities or individuals, enter into long-term insurance 
contracts. Furthermore, clients value information about 
the profitability of insurance companies, considering 
that insured events might occur, requiring the insurance 
company to compensate for damages by paying the 
insurance indemnity or the insured amount.

The research conducted in this paper has certain 
limitations. Specifically, the study was carried out on 
a relatively small sample consisting of 20 insurance 
companies. This is due to the fact that only 20 insurance 
companies were available for analysis, whose performance 
could be tracked over the observed 10-year period. In other 
words, only 20 insurance companies that were included in 
the study operated continuously from 2014 to 2023. The 
research conducted in this paper is based on a sample 
that includes companies engaged in life insurance, non-
life insurance, as well as reinsurance. Since these types of 
companies operate under different business models and 
risk profiles, analyzing them jointly can distort results. 
Additionally, a limitation of the research may lie in the 
fact that only insurance companies operating within the 
territory of the Republic of Serbia were included. It is also 
possible that using a different research methodology would 
have yielded different results.

Future research could involve a larger sample by 
including insurance companies operating in neighbouring 
countries. Additionally, the sample could be expanded to 
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in the light of stakeholder theory. Meditari Accountancy 
Research, 30(3), 739-761.

14.	 Derbali, A. (2014). Determinants of performance of insurance 
companies in Tunisia: The case of life insurance. International 
Journal of Innovation and Applied Studies, 6(1), 90-96.

15.	 Gatsi, J. G., Gadzo, S. G., & Akoto, R. K. (2013). Degree of financial 
and operating leverage and profitability of insurance firms in 
Ghana. International Business and Management, 7(2), 57-65.

16.	 Greene, W. H., & Segal, D. (2004). Profitability and efficiency 
in the US life insurance industry. Journal of Productivity 
Analysis, 21, 229-247.

17.	 Haiss, P., & Sümegi, K. (2008). The relationship between 
insurance and economic growth in Europe: a theoretical and 
empirical analysis. Empirica, 35(4), 405-431.

18.	 Horvey, S. S., Odei-Mensah, J., & Mushai, A. (2024). The 
determinants of life insurance companies profitability in South 
Africa: New evidence from a dynamic panel threshold estimation 
technique. International Journal of Emerging Markets. 1-29.

19.	 Jensen, M. (2001). Value maximisation, stakeholder theory, 
and the corporate objective function. European financial 
management, 7(3), 297-317.

20.	 Kočović, J., Paunović, B., & Jovović, M. (2014). Determinants 
of business performance of non-life insurance companies in 
Serbia. Ekonomika preduzeća, 62(7-8), 367-381.

21.	 Kulustayeva, A., Jondelbayeva, A., Nurmagambetova, A., 
Dossayeva, A., & Bikteubayeva, A. (2020). Financial data 
reporting analysis of the factors influencing on profitability 
for insurance companies. Entrepreneurship and sustainability 
issues, 7(3), 2394-2406.

22.	 Kumar, R. R., Stauvermann, P. J., Patel, A., Prasad, S., & Kumar, 
N. N. (2022). Profitability determinants of the insurance 
sector in small Pacific Island States: A study of Fiji’s insurance 
companies. Engineering Economics, 33(3), 302-315.

23.	 Malik, H. (2011). Determinants of insurance companies 
profitability: an analysis of insurance sector of Pakistan. 
Academic research international, 1(3), 315.

24.	 Meher, K. C., & Zewudu, T. (2020). Determinants of firm’s 
internals & macroeconomic factors on financial performance 
of Ethiopian insurers. DLSU Business & Economics Review, 
29(2), 71-80.

25.	 Millstein, I., Gordon, J., Gilson, R., Mayer, C., Bresnahan, K., & 
Lipton, M. (2019). Session I: corporate purpose and governance. 
Journal of Applied Corporate Finance, 31(3), 10-25.

26.	 Nusantara, A., & Priantinah, D. (2021). The Effect of Premium 
Growth, Leverage, and Risk-Based Capital on the Profitability 
of Insurance Companies. Jurnal Profita: Kajian Ilmu Akuntansi, 
9(3), 1-16.

27.	 Odira, A. T. (2018). Effect of firm specific characteristics on 
financial performance of firms; evidence from general insurance 
companies in Kenya, doctoral dissertation. Kenya: University 
of Nairobi.

28.	 Official Gazette of the Republic of Serbia (2021). Law on 
Accounting. Official Gazette RS, No. 44/2021

29.	 Öner Kaya, E. (2015). The effects of firm-specific factors on 
the profitability of non-life insurance companies in Turkey. 
International journal of financial studies, 3(4), 510-529.

include companies from the real sector as well as banks. In 
this case, the impact of the identified factors on profitability 
could be examined for these groups of companies, and 
certain tests for comparing mean values across different 
groups of companies could be applied.
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Introduction
They typically include the following: the Annual Budget 
Performance Report, the Income and Expenditure 
Account, the Public Debt Statement, the Balance Sheet 
of the Nation, the Consolidated Fund Statement, and the 
Auditor General’s Report.

Budget accounting includes the conditions and 
methods of keeping business books, compiling, presenting, 
submitting, and publishing financial reports. The data 
contained in the Treasury’s General Ledger are voluminous 
and impossible to see without analytical approaches and 
methods. The larger the volume of data, the more data 
quality problems, such as unwanted data, wrong data, and 
false data, and the need for big data to have high quality 
and reliability is becoming more pronounced.

The analysis will be carried out on the data for each 
year individually, as well as through comparisons across 
years, in order to monitor the movement of individual 
positions in the final accounts and to identify potential 
anomalies. The analysis will cover different data sets, as 
well as all positions of the final accounts combined, in 
order to properly assess the most suitable application of 
forensic tests.

A potential problem and inaccurate results may arise 
from the fact that the Final Account of the budget of the 

Abstract1

In this paper, we will demonstrate that applying forensic tests to the data 
of the Final Accounts of the Republic of Serbia’s budget reveals anomalies 
not included in the auditor general’s and Fiscal Council’s reports. We will 
use the tests of the high-profile review, Benford’s law and the tests of 
the largest growth/decline of the subsets to test the correctness of the 
data of the final accounts of the budget of the Republic of Serbia. The 
reports from 2018 to 2022 will be analyzed to detect possible irregularities 
and errors in the final accounts, and a conclusion will be reached on the 
justification for applying these tests to the analyzed data.

Keywords: national final accounts, forensic analytics, Benford’s Low

Sažetak 
U ovom radu ćemo pokazati da se primenom forenzičkih testova na podatke 
Završnog računa budžeta Republike Srbije mogu otkriti anomalije koje nisu 
deo izveštaja generalnog revizora i Fiskalnog saveta. Koristićemo testove 
visokoprofilnog pregleda, Benfordovog zakona i testove najvećeg rasta/
pada podskupova da bismo testirali ispravnost podataka završnog računa 
budžeta Republike Srbije. Izveštaji za pet izveštajnih godina, od 2018. do 
2022. godine, biće analizirani kako bi se otkrile moguće nepravilnosti i 
greške u završnim računima i doneo zaključak o opravdanosti primene 
ovih testova na analizirane podatke.

Ključne reči: nacionalni završni računi, forenzička analitika, 
Benfordov zakon
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Republic of Serbia is prepared only up to the fourth level 
of economic classification, which means that we will not 
have access to the classifications at the sixth level. Due 
to such a presentation of data, the data are aggregated 
in order to be presented at the fourth level of economic 
classification, then rounded to one thousand dinars and 
possibly corrected to fit into the figures at the third, second, 
and first levels of economic classification.

Forensic auditing refers to a branch of auditing that 
concentrates on uncovering and analyzing suspicious 
financial activities, fraudulent behavior, and violations 
involving money and assets [23]. In recent years, its 
importance has grown significantly across the corporate 
world, largely due to the increasing number of financial 
offenses worldwide [9].

The need for forensic audit services is on the rise, 
largely driven by the surge in dishonest and deceptive 
activities occurring within both corporate and public 
sectors worldwide [22]. As fraudulent schemes become 
more sophisticated and difficult to detect, forensic auditing 
has become an essential tool for uncovering the truth, 
gathering critical evidence, and aiding in the legal pursuit 
of wrongdoers.

With the expansion of businesses across international 
borders, forensic auditing has become increasingly vital 
in tackling financial wrongdoings that span multiple 
countries. Global companies must navigate a maze of 
different laws, regulations, and intricate networks of 
suppliers and partners, making them especially vulnerable 
to misconduct [27]. Forensic auditors serve as key defenders 
of financial integrity, helping organizations adhere to 
global compliance requirements and uncover questionable 
practices hidden in international dealings.

As the reach of commerce grows, so does the role of 
forensic auditing in reinforcing ethical standards, fostering 
openness, and ensuring stakeholders can rely on the 
accuracy and honesty of financial reporting worldwide.

When we refer to “forensic analytics of the national 
final account,” we are essentially discussing the forensic 
examination of a country’s financial statements — 
specifically the government’s final accounts, including 
budget implementation, expenditures, revenues, and 

overall public financial management. This type of analysis 
typically focuses on detecting issues such as:
•	 Misappropriation of public funds
•	 Budgetary inconsistencies or fraud
•	 Ghost workers or fictitious projects
•	 Corruption or unauthorized transactions
•	 Public debt misreporting or irregular borrowing

Literature review

In forensic accounting, subset tests are used to detect fraud 
and financial irregularities. Mark Nigrini’s book Forensic 
Analytics (Chapter 6) [14] is a foundational source, detailing 
how these tests uncover anomalies in financial data. There 
is a rich body of literature exploring how Benford’s Law is 
used in auditing, especially for detecting anomalies and 
potential fraud in financial data. Here’s an overview of 
key insights from the research.

Hill [4] provided formal mathematical proof of 
Benford’s law and demonstrated how it actually works in 
stock market data and other accounting data. Durtschi 
et al. [2] provided empirical support for Benford’s Law 
by showing near–perfect conformity in the first-digit 
distribution of their accounting data sample. Rauch et 
al. [19] extended this approach to macroeconomic series 
across European Union countries, uncovering especially 
strong deviations in Greece’s figures.

Subsequent research (Van Caneghem [8], Saville [21], 
Sadaf [20], Nigrini & Miller [11], Nigrini [12], Joenssen [6], 
Alali & Romero [1]) has confirmed that most accounting 
datasets align closely with Benford’s predicted pattern. 
However, Durtschi et al. [2] warn that digital analysis 
can produce false negatives when certain criteria aren’t 
met. Benford testing is most reliable when the data are: 
generated by combining numerical values (for example, 
accounts receivable = units sold × price per unit); recorded 
at the transaction level (such as detailed expense logs); large 
in scale (ideally representing a full year of transactions); 
positively skewed (mean exceeds median). By contrast, 
Benford’s Law offers little insight when applied to datasets 
composed primarily of invoices or checks, to sequences 
of assigned numbers, or to collections lacking true 
transactional records.
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Mark Nigrini [13] outlines how Benford’s Law can 
guide audit sampling by identifying transactions that 
deviate from expected digit patterns. However, he also 
cautions that this method can produce large samples 
and may not always be accurate—even when errors are 
seeded into the data.

Morales et al [10] in case study from Argentina applied 
Benford’s Law to a state-owned enterprise’s ERP system. 
They found that the law is effective for integrity testing, 
especially when analyzing large datasets (350+ tables). 
This approach helps internal auditors to flag suspicious 
areas without diving into every record.

Beyond First-Digit Tests, Wiryadinata et al [26] 
suggest combining Benford’s Law with machine learning 
and multi-digit analysis (like first-two or last-two digits) 
to improve anomaly detection. Le at al [7] proposed a 
nine-step audit program that integrates Benford’s Law 
with clustering techniques to distinguish between errors, 
benign anomalies, and fraud.

Methodology and dataset

In forensic accounting, subset tests are used to detect 
fraud and financial irregularities:
•	 Largest Subsets Test: Identifies small groups with 

unusually large totals, often used to spot collusion 
or kickback schemes.

•	 Summation Test: Aggregates values across subsets 
to detect outliers.

•	 Growth Test: Tracks changes in subset values over 
time to flag suspicious spikes or declines.
Benford’s Law (commonly abbreviated as BL) refers 

to the phenomenon where, in many sets of numerical 
data—such as those found in mathematical tables, real-
world measurements, or a mix of both—the leading 
significant digits do not appear with equal frequency, as 
one might intuitively assume. Instead, these digits tend 
to occur more frequently at the lower end of the scale. 
Specifically, BL states that in many datasets, significant 
digits follow a distinct logarithmic distribution. In its 
most widely recognized form, which focuses on the first 
significant digit in base-10 numbers, this pattern is also 
known as the First-Digit Phenomenon:

P(D₁ = d₁) = log₁₀ (1+
1 ) (1)
d₁

where  denotes the first significant decimal digit. For 
example, by formula (1) we have P(D₁ = 1) = 0.301, P(D1 = 
9) = 0.04575, hence the probability of the digit 1 appearing 
is seven times greater than that of the digit 9. In a more 
comprehensive form than equation (1), Benford’s Law 
describes the joint distribution of all decimal digits: for 
any positive integer m,

P((D₁,D₂,…,DM) = (d₁,d₂,…,dM)) =
= log₁₀ (1 + (∑m

j=1
 10m–jdj)–1)� (2)

is valid for all m-tuples (d₁,d₂,…,dM), where d₁ is an integer 
from the set {1, 2, ..., 9}, and for all j ≥ 2, dj is an integer 
from the set {0, 1, ..., 9}; in this context, D₂, D₃, D₄, and 
so on denote the second, third, fourth, etc., significant 
decimal digits, for example.

Most accounting datasets tend to follow a Benford 
distribution, which makes them well suited for digital 
examination (Hill [4]). This tendency arises because typical 
ledger figures are products of multiple combined values—
for example, accounts receivable equals the quantity of 
goods sold multiplied by the unit price. Likewise, accounts 
payable and most revenue and expense categories generally 
conform to the same pattern.

Just as corporate accounting data often follows 
Benford’s Law when untouched, macroeconomic figures 
from diverse sources and with varying distributions are 
also expected to conform. This expectation is supported 
by studies such as Nye and Moul [16], Gonzales-Garcia 
and Pastor [3], and Rauch et al. [19].

Nonetheless, caution is warranted when interpreting 
deviations from Benford’s Law in any dataset. Such 
discrepancies should not automatically be taken as 
evidence of manipulation or poor quality; for instance, 
they may stem from structural changes within the data, 
as highlighted by Gonzales-Garcia and Pastor [3]. Still, 
any significant divergence should be treated as a potential 
warning signal—one that merits deeper examination and 
further analytical scrutiny.

The basic digit tests include evaluations of the first 
digit, the second digit, and the combination of the first 
two digits, collectively known as first-order tests. Among 
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these, the first-digit test is the most widely discussed in 
both theoretical and practical contexts. However, this 
test operates at a broad level, limiting its practical value. 
Generally, poor alignment with Benford’s Law suggests 
the presence of anomalies. In fraud detection, relying 
solely on the first-digit test can produce excessively large 
and inefficient audit samples. For example, examining all 
entries beginning with the digit 5 could require reviewing 
up to 10 percent of the entire dataset—a task that is 
impractical and resource-intensive. Any audit method 
requiring analysis of such a large portion of the data cannot 
be considered efficient or effective. For these reasons, we 
employ the first-two-digits test, as it offers a more targeted 
approach to identifying potential biases while generating 
a considerably smaller set of noteworthy items.

Several valid goodness-of-fit tests are available, many 
of which perform well with small datasets. In corporate 
and government contexts, however, datasets are typically 
large. One such test, the Z-statistic, assesses each of the 
90 possible first-two-digit combinations individually. The 
results depend on both the magnitude of the deviation 
from Benford’s Law and the total number of records (N). 
This test is affected by the “excess power” problem, where 
even minor deviations become statistically significant in 
very large samples. The chi-square test, on the other hand, 
evaluates the overall fit of the digit distribution as a whole. 
Like the Z-statistic, it becomes overly sensitive with large 
datasets, flagging minimal deviations as significant—
limiting its practical usefulness.

The Mean Absolute Deviation (MAD) test avoids the 
sensitivity problem by not incorporating sample size (N) 
into its calculations. However, it lacks universally accepted 
critical thresholds. In the following subsection, we present 
a set of cut-off values proposed by Nigrini, along with their 
corresponding interpretations.

Given our decision to use the first-two-digits test for 
anomaly detection in accounting data, we now turn to the 
methods for measuring conformity. The Z-statistic is employed 
to determine whether the observed proportion of a particular 
first-two-digit combination significantly deviates from 
Benford’s prediction. The calculation considers the absolute 
size of the deviation (i.e., the numerical “distance” between 

observed and expected values), the dataset size, and the 
expected proportion. The formula is presented in equation (3).

Z =
|AP – EP| – 1

2N
EP(1–EP)

N
�

(3)

where EP represents the expected proportion, AP the 
actual proportion, and N the total number of records in 
the dataset. The term serves as a continuity correction 
and is applied only if it is smaller than the first term in 
the numerator, ensuring that the numerator remains 
positive. The Z-statistic are not suitable for assessing the 
overall level of nonconformity. To evaluate the combined 
behavior of the first-two digits, alternative tests such as 
the chi-square test, the Kolmogorov-Smirnov test, and 
the Mean Absolute Deviation test can be used.

The chi-square test is commonly applied to assess 
how well observed results align with expected values. In 
this context, the expected values correspond to Benford’s 
proportions. The null hypothesis assumes that the first 
two digits in the dataset follow Benford’s Law. The chi-
square statistic for the first-two digits is computed as 
shown in Equation (4):

χ² =
K

(AC – EC)² (4)Σ ECi=1

Here, AC and EC refer to the Actual Count and Expected 
Count, respectively, while K denotes the total number of 
bins—90 in our case, corresponding to the 90 possible 
first-two digit combinations. The degrees of freedom for 
the test are calculated as K – 1, meaning the first-two digit 
test is evaluated with 89 degrees of freedom.

The Mean Absolute Deviation (MAD) test addresses 
the issue of excess power by disregarding the number of 
records, N. The MAD value is determined using Equation (5):

MAD =
ΣK i=1 |AP – EP| (5)

K

where EP stands for the expected proportion, AP for the 
actual proportion, and K indicates the number of bins, 
which is 90 in the case of first-two digit analysis. The MAD 
is straightforward to interpret. The numerator measures 
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the deviation between the actual and expected proportions 
for each first-two digit combination.

A set of critical values was established based on the 
analysis of 25 datasets same as the thresholds indicating 
close conformity and nonconformity are presented in [14].

The Final Account data to be used are publicly 
available on the websites of the National Assembly and 
the State Audit Institution.

Results

The Final Account of the Budget of the Republic of Serbia 
is subject to external audit by the State Audit Institution 
(SAI). In its analysis of the Final Account data, the SAI 
primarily relies on comparative methods—comparing data 
from the current year with those from the previous year, 
as well as comparing data presented in Form 5 – Budget 
Execution (which includes economic classifications from 
class 4 to class 9, [25]) against the Budget Law. Based on 
these comparisons, the SAI monitors deviations and requests 
clarifications from budget users regarding discrepancies.

By comparing our findings with those presented 
in the SAI reports, we can assess whether the anomalies 
identified by our forensic tests align with official audit 
observations—keeping in mind that the SAI has access 
to general ledger items that can be requested from the 
Treasury Administration.

We also consider the reports of the Fiscal Council to 
be highly relevant for analyzing our research results. The 
Council independently evaluates the credibility of fiscal 
policy in terms of compliance with established fiscal rules 
and thus promotes transparency and accountability in 
public finance management.

Since the Final Account forms are prepared at the 
fourth level of economic classification, it is not possible to 
conduct a detailed analysis of all economic classifications 
from the Treasury General Ledger at the sixth level. 
However, it is possible to identify classifications that warrant 
additional scrutiny. At the fourth level, all sixth-level 
classifications with the same first four digits are aggregated. 
Each of these fourth-level classifications is presented in 
thousands of dinars. During the preparation of the Final 
Account, certain rounding and adjustment procedures are 
necessary to align figures with the values reported at the 

third, second, and first levels of economic classification. 
These rounding and adjustment processes may have led 
to the classification of certain positions as problematic, 
even though such a classification may not reflect the actual 
situation. Therefore, this should be viewed as an initial 
analytical tool that highlights potentially questionable 
economic classifications and accounting entries.

The Final Account of the Budget of the Republic of 
Serbia is presented in the form of structured forms [24], 
which include data at the first, second, third, and fourth 
levels of economic classification. Considering the economic 
classifications from class 0 to class 9, the first level contains 
only 10 items, and the second level contains 37, which is 
considered insufficient for applying Initial High-Profile 
Screening Tests or Benford’s Law conformity tests. 

Therefore, our analysis focuses solely on data from the 
third and fourth levels of economic classification. Of the 
five Final Account forms, Form 1 represents the Balance 
Sheet, and Form 2 represents the Income Statement. The 
only two economic classes not covered by these forms are 
class 600000 – Expenditures for Repayment of Principal 
and Procurement of Financial Assets and class 900000 
– Receipts from Borrowing and Sale of Financial Assets.

We analyze four data sets from each of the five Final 
Accounts from 2018 to 2022:
1.	 Data from all economic classifications at the third 

level;
2.	 Data from all economic classifications at the fourth 

level;
3.	 Data from Form 1 (Balance Sheet) at the fourth level;
4.	 Data from Form 2 (Income Statement) at the fourth 

level.
The selection of data sets for analysis was influenced 

by the volume of available data in each set.

Descriptive Statistics

Descriptive statistics serve to summarize the main 
characteristics of a dataset. While they are not a direct 
method for detecting anomalies, they play an important 
role in identifying extreme values, understanding the 
distribution shape, and defining data ranges.

Overview of Results:
Mean and Standard Deviation:
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•	 The highest average values appear in the third-level 
classification datasets. While the mean slightly 
decreased in 2019, it increased significantly in 2020, 
mostly due to economic classification 015000 – Non-
financial assets under preparation and advances, 
which grew from 1,424,005,000 RSD in 2018 to 
13,846,035,000 RSD in 2022.

•	 The standard deviation follows a similar trend, with 
the largest spread observed in the third-level dataset, 
which again can be attributed to classification 015000.

•	 Minimum and Maximum Values:
•	 As expected, the minimum value is 0 across all 

datasets.
•	 The maximum values vary significantly. The highest 

observed maximums are within the third-level dataset, 
largely driven by classification 153000 – Transfers 
to mandatory social insurance organizations, with 
values exceeding 475 billion RSD.

•	 Skewness and Kurtosis:
•	 Skewness is highly positive in all datasets, indicating 

that most values are clustered at the lower end, with 
a few extreme high values—typical for financial 
and budget data.

•	 Kurtosis is also very high, particularly in the third-
level dataset, again confirming the presence of heavy-
tailed distributions and strong outliers.
These results align with expectations for financial 

data, where a small number of classifications typically 
account for a large share of total expenditures or revenues.

Benford’s Law

During data preparation for conformance testing based 
on Benford’s Law, all entries with values below 10 were 
removed, as recommended. The dataset was analyzed 
using the first-digit and first-two-digit tests, and con-
formity was evaluated using the Z-test, chi-square test, 
Kolmogorov–Smirnov (K–S) test, and the MAD test. The 
MAD test consistently indicated nonconformity for first-
two-digit assessments and, in most cases, for first-digit 
analysis. Only in the firstdigit analysis of all fourth-level 
data for 2018 did the SAO test show acceptable conform-
ity; in the firstdigit analysis of fourthlevel data for 2019, 
2020, and 2022, as well as for the income statement in 

2022, conformity was borderline acceptable. Consequently, 
in this context, the SAO test appears largely irrelevant.

Application of Benford’s Law to 2018 Data

The application of Benford’s Law to the 2018 dataset 
was conducted using various statistical tests to assess 
the conformity of digit distributions with theoretical 
expectations. At the third level of data aggregation, the 
Z-test revealed a statistically significant deviation for the 
leading digit “3,” with a Z-value of 2.3449, exceeding the 
critical threshold of 1.96. Other digits remained within 
the expected range.

This anomaly was traced to several accounts, includ-
ing: Account 122000 – Short-term receivables, Account 
291000 – Passive accruals, Account 414000 – Employee 
social benefits, Account 485000 – Compensation for dam-
age by government authorities, Account 513000 – Other 
real estate and equipment

Both the Chi-square and Kolmogorov-Smirnov tests 
confirmed overall conformity with Benford’s Law. Due to 
the limited sample size (fewer than 300 entries), the first-
two-digit test was not applied.

At the fourth data level, results indicated conformity 
with Benford’s Law for the first digit. However, the first 
two digit test using the Z-statistic revealed anomalies at 
the digit pairs “49,” “68,” and “82.” These correspond to 15 
accounts, ranging from: Account 111800 – Loans to domestic 
private non-financial enterprises, to Account 921600 – Loan 
repayments from individuals and households in Serbia.

Balance Sheet data also showed conformity in the 
first-digit distribution. Again, due to the small sample 
size, the two-digit test was not applied.

For the Income Statement data, the Z-test flagged 
digit “8” as deviant (Z = 2.4718). This anomaly was 
linked to 15 accounts, starting with: Account 414200 
– Educational benefits for employees’ children, to 
Account 744100 – Voluntary current transfers from 
individuals and legal entities.

Despite the anomaly for digit “8,” both the Chi-square 
and Kolmogorov-Smirnov tests affirmed general conformity.

There was limited alignment between the results 
across different data levels. Only Account 414000 (Employee 
Social Benefits) and its subaccount 414200 appeared 



Accounting, Auditing and ForensicsAccounting, Auditing and Forensics

315315

consistently in both the third-level data and the Income 
Statement analysis. Alignment between the fourth-level 
data and Income Statement was found in the following 
accounts: Account21200 – Energy services, Account 713300 
– Inheritance and gift taxes, Account 732300 – Current 
assistance from the EU.

These overlapping findings suggest that further 
scrutiny should be directed at accounts that appear 
anomalous across multiple datasets.

Comparison with the Republic of Serbia’s 2018 Final 
Budget Account Law and the State Audit Institution (SAI) 
report revealed significant overlaps. Deviations in borrowing 
and sale of financial assets (~37%) and repayment and 
acquisition of financial assets (~29%) were also flagged 
in this Benford analysis. Specifically, Account 921600 – 
Loan repayments from individuals and households – 
appeared anomalous.

Other flagged accounts include: 732300 – EU 
current assistance, 744100 – Voluntary transfers (also 
above budget by ~12%), 442500 – Interest payments to 
foreign creditors (16% under budget), 461100 – Donations 
to foreign governments (nearly 5x planned), 463100 – 
Transfers to other levels of government (10% over plan), 
Capital expenditures: 512300, 512500, 513000, 522300 – 
all flagged.

SAI’s audit reported discrepancies including incomplete 
recording of cash, securities, and domestic enterprise 
equity. Several of these matched Benford’s anomalies 
(e.g., Accounts 122000, 732300, 744100).

The Fiscal Council noted higher-than-expected non-
tax revenues due to one-time gains—reflected in class 
73000 and 74000, which were also flagged. However, issues 
with accounts 111100 and 745100, noted in the audit, did 
not appear in the Benford results.

On the expenditure side, several anomalies noted 
by the Fiscal Council, particularly in the area of interest 
payments and transfers, matched our flagged accounts, 
including:441300 – Domestic interest payments, 442500 
– Foreign interest payments, 463100 – Transfers to other 
levels of government, 461100 – Foreign donations, 472000 
– Social protection.

Accounts related to guarantee payments (443000, 
613000) were not flagged in this analysis.

The Benford analysis for 2018 highlighted a range 
of accounts whose digit patterns deviate significantly 
from expected distributions. Many of these correspond 
with findings in official reports, confirming the utility 
of Benford’s Law as a complementary forensic auditing 
tool. Further investigation is warranted for overlapping 
anomalies across datasets.

Application of Benford’s Law to 2019 Data

The analysis of all data at the third level of account classi-
fication indicated no significant anomalies with respect to 
the distribution of the first digit. This suggests a relatively 
high degree of conformity with Benford’s Law at this level. 
Due to the dataset comprising fewer than 300 observations, 
the first-two digits test was not conducted for this level.

At the fourth level, however, a more granular analysis 
using the Z-test revealed anomalies in the distribution 
of the first-two digits, specifically for digit combinations 
17, 48, 63, and 76. A total of 32 economic classifications 
were identified with amounts beginning with these digit 
pairs, ranging from account 014300 to 921300. This level 
of detail warrants further investigation as it may point to 
irregularities in specific transaction categories.

The Balance Sheet data was also subjected to Benford 
conformity testing. The distribution of the first digit in 
this dataset showed no statistically significant deviations, 
suggesting it adheres to the expected logarithmic distribution. 
Again, due to an insufficient sample size (fewer than 300 
entries), the first-two digits test was not applied.

Likewise, the Income Statement data revealed no 
nonconformities in the distribution of first digits, and the 
dataset was not suitable for testing first-two digits for the 
same sample size reasons.

The Law on the Final Account of the Republic of Serbia 
for 2019 provides context for interpreting the statistical 
anomalies. In the section on the execution of the budget, 
deviations of approximately 13% from planned values were 
noted in the category “Expenditures for the repayment 
of principal and acquisition of financial assets” (account 
496000). Interestingly, Benford analysis did not flag this 
account, which may indicate a limitation of the method 
in detecting moderate deviations if they follow expected 
digit distributions.
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However, the Benford-based analysis did identify 
several anomalous accounts that correspond with 
significant budgetary deviations: Account 741200 – 
Dividends was flagged in the Benford test. This aligns 
with official findings that non-tax revenues and revenues 
from the sale of non-financial assets exceeded the plan, 
supporting the interpretation that this category merits 
scrutiny. Account 732400 – Capital transfers from the 
EU also showed deviations in the Benford test, consistent 
with the report’s observation that donations deviated 
from the plan by nearly 4%. The analysis also highlighted 
account 612100 – Repayment of principal on securities 
(excluding shares) issued on foreign financial markets, and 
account 612300 – Repayment of principal to multilateral 
institutions as anomalies. This corresponds with the report 
noting higher than planned principal repayments. On the 
financing account, deviations in account 9121 – Receipts 
from the issuance of securities (excluding shares) on 
foreign financial markets were identified both in official 
reports and in the Benford analysis. Account 921300 – 
Receipts from repayment of loans to domestic public 
financial institutions, part of class 92 (receipts from sale 
of domestic financial assets), was flagged in Benford’s test 
and was also shown to have exceeded the planned budget 
in the official report.

The State Audit Institution (SAI) report on the 2019 
Final Account corroborates several of the findings revealed 
through Benford’s analysis. The report notes that certain 
revenue categories were misclassified and that receipts 
from program and project loans were not recorded in 
the Treasury’s General Ledger or disclosed as current-
period income under classification group 912 – Foreign 
borrowing receipts. Many of these classifications were 
among those flagged by the Benford analysis, suggesting 
the method was effective in pointing to real accounting 
irregularities or risks [15].

The Fiscal Council’s 2019 evaluation raised specific 
concerns about the lack of transparency regarding fines, 
penalties, and other compensations, particularly account 
245300, which continued to increase. This account was 
also flagged in the Benford analysis, suggesting alignment 
between statistical anomaly detection and fiscal oversight 
concerns. Similar result we found in article by Nikolic at all 

[17]. The Council also noted that detailed lists of companies 
receiving budget loans (account 111000) were missing. 
However, this particular account was not flagged in the 
Benford analysis, highlighting a limitation in coverage. 
Additionally, the Council pointed out problems in the 
categorization of extraordinary non-tax revenues and the 
lack of detail regarding dividend payers, directly aligning 
with the anomaly flagged in account 741200 – Dividends 
in the Benford analysis.

Application of Benford’s Law to 2020 Data

The application of Benford’s Law to the 2020 financial data 
revealed certain anomalies, particularly at the detailed 
account level (fourth-level data). Accounts beginning 
with the digits “60” were statistically flagged, and these 
turned out to correspond to specific budget accounts 
(212100, 541100, 621200, 732100, 921200) that indeed 
had notable deviations or special circumstances in 2020. 
When comparing these results with official sources, we 
found a strong alignment in several cases:
•	 The flagged donation account (732100) matched the 

official report of donations coming in below plan.
•	 The flagged loans account (621200) corresponded to 

overspending on financial assets (loans to others) 
above plan.

•	 The flagged financial asset receipt account (921200) 
aligned with an extraordinary 700% jump in that 
category above plan.

•	 The flagged liability account (212000, under the “60…” 
pattern) was implicated by the auditors due to mis-
recorded transactions involving bond discounts

Application of Benford’s Law to 2021 Data

Testing the first-digit distribution of the full dataset at 
the third level of economic classification revealed no 
statistically significant anomalies. The data conformed 
well to Benford’s Law. However, a first-two digits test was 
not conducted for this dataset, as it contained fewer than 
300 observations, making the test statistically unreliable.

In contrast, analysis at the fourth level uncovered 
nonconformities in the first-digit distribution, specifically 
for the digits 2 and 6, with Z-statistics of 2.3689 and 1.9789, 
respectively. Since the critical value for significance is 1.96, 
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digit 2 exceeds the threshold and digit 6 is at the margin. 
This suggests a potential over or underrepresentation of 
these digits compared to Benford expectations.

Total of 64 accounts were identified where values begin 
with one of the flagged digits. These accounts range from 
015100 (Non-financial assets in preparation) to 922200 
(Loan repayments from foreign governments). Additionally, 
the Chi-square test also confirmed nonconformity of the 
overall digit distribution at this level.

Further, the first-two digit analysis showed significant 
deviations for combinations 41, 61, and 82, suggesting 
that a subset of 21 economic classifications—ranging 
from 112200 (Loans to foreign governments) to 733100 
(Current transfers from other government levels)—may 
warrant further scrutiny.

The Balance Sheet data was also tested for conformity 
with Benford’s Law. The first-digit Z-test indicated a 
significant anomaly for digit 4, with a Z-statistic of 2.2512, 
exceeding the critical threshold. Eighteen accounts were 
identified as beginning with these anomalous digits, 
including 021300 (Goods for resale) and 311500 (Sources of 
cash funds). Again, the first-two digits test was not applied 
due to the dataset containing fewer than 300 records.

The Income Statement showed a statistically significant 
deviation for the first digit 8, with a Z-value of 2.1623. 
This exceeds the threshold and may indicate anomalies in 
the frequency of values starting with that digit. Fourteen 
accounts were involved, but like in previous cases, no first-
two-digits test was applied due to limited sample size.

The analysis results were compared against the 
Law on the Final Account of the Budget of the Republic 
of Serbia for 2021. Several key deviations identified in the 
Benford analysis align with irregularities or performance 
gaps highlighted in the official reports: Non-tax revenues 
(class 74) exceeded planned amounts, which corresponds 
with anomalies in Benford results for this class; Donations 
(classes 73 and 74) and other non-tax revenues from indirect 
beneficiaries (class 78) also exceeded expectations. These 
were flagged as suspicious in Benford’s analysis. Deviations 
were also observed in the financing account categories, 
particularly class 91 (foreign borrowing), class 92 (sale of 
financial assets), and class 61 (domestic borrowing), which 
correspond to accounts like 922200 (highlighted in the test).

The State Audit Institution (SAI) report for 2021 
emphasized several accounting issues: Certain funds 
were not recorded in the Treasury’s General Ledger or not 
recognized as current-period revenues, especially under 
economic classification 912 (foreign borrowing receipts); 
Overstatements in current expenditures and expenses 
were noted, as well as omissions related to receivables 
and obligations, such as: Account 122100 (Receivables 
from unpaid revenues), Account 291300 (Receivables 
from asset sales), Account 242000 (Subsidy obligations), 
Account 245000 (Other expenditure obligations), Among 
these, all but account 245000 were confirmed by Benford 
analysis as being potentially problematic, strengthening 
the case for further examination.

The Fiscal Council further supported these concerns 
in its 2021 commentary: The use of the current budget 
reserve exceeded what was officially disclosed in legal 
bulletins. The reserve was used as a flexible mechanism to 
address pandemic-related emergencies. Benford analysis 
confirmed significant expenditures through this channel. 
The lack of transparency in investment attraction subsidies 
was criticized [18]. Specifically, account 454000, along 
with 482300 and 212200, lacked detailed justifications. 
These accounts were also identified in the Benford results 
as areas of concern.

Application of Benford’s Law to 2022 Data

At the third aggregation level of the dataset, the first-digit 
conformity test did not reveal any significant deviation 
from Benford’s expected distribution, suggesting a general 
consistency in the numerical structure of the data. Due 
to the small dataset size (fewer than 300 observations), 
the first-two-digit test was not applied at this level, in 
accordance with established methodological thresholds 
for statistical significance.

In contrast, the first-two-digit test conducted at the 
fourth data aggregation level revealed significant anomalies 
for digit combinations 17, 31, 46, 50, and 84. These digit 
patterns correspond to 32 distinct economic classifications, 
including accounts ranging from 123200 – Advances, 
Deposits, and Guarantees Given to 921900 – Proceeds from 
the Sale of Domestic Shares and Other Equity. These results 
indicate possible areas of irregularity that merit further 
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(class 62). This practice bypasses formal budgetary approval 
processes, thus reducing fiscal transparency. However, 
the Benford analysis did not flag class 62 as anomalous. 
This discrepancy underscores a known limitation of 
Benford’s Law: while effective at detecting irregularities 
in the distribution of numerical data, it may not capture 
procedural or classification-related concerns that do not 
produce statistically unusual digit patterns.

In summary, the analysis for 2022 demonstrates that 
the application of Benford’s Law can effectively identify 
areas of potential concern, particularly where numerical 
irregularities align with known fiscal deviations. The 
identified classes - particularly 74 and 92 - were both 
statistically flagged and documented in budget execution 
reports as significantly deviating from the plan. Class 23, 
also identified through statistical testing, was the subject 
of audit criticism regarding reporting accuracy. However, 
some relevant procedural concerns, such as the misuse of 
class 62 for public policy spending, were not flagged by 
the digit-based methodology, highlighting the necessity 
of combining statistical testing with traditional audit and 
policy analysis frameworks for a comprehensive assessment.

Subset Largest Growth/Decline Test

This test is especially relevant in public finance, where 
sudden shifts may indicate accounting anomalies, 
misclassifications, or policy changes.

As an additional layer of forensic scrutiny, we 
conducted the Largest Subset Growth Test (LSGT) using 
economic classification data at the second and third 
levels for the period from 2019 to 2022. Given concerns 
regarding the accuracy of inflation statistics reported 
by the Statistical Office of the Republic of Serbia, we 
adjusted all data using inflation rates published by the 
International Monetary Fund (IMF). This step ensures 
that real (inflation-adjusted) changes are captured 
more accurately, enhancing the validity of the results. 
According to IMF data, Serbia experienced the following 
annual inflation rates: 2018: 2.0%; 2019: 1.8%; 2020: 1.3%; 
2021: 7.9%; 2022: 15.1%

All figures were deflated accordingly to identify 
genuine changes in fiscal flows, rather than nominal 
distortions caused by inflation.

scrutiny, particularly where these classifications overlap 
with fiscal deviations identified in official reporting.

Tests on the Balance Sheet data did not detect any first-
digit or first-two-digit anomalies, again due to the small 
sample size. Similarly, the Profit and Loss Statement (Income 
Statement) showed no deviations in the digit distribution.

An examination of the Final Budget Account Law of 
the Republic of Serbia for 2022 reveals that non-tax revenues 
(class 74) significantly exceeded the planned amounts. 
Conversely, donations (classes 73 and 74), subsidies (class 
45), grants to mandatory social insurance organizations 
(account 464000), and other current expenditures (classes 
43, 48, and 49) fell below budgeted expectations. On the 
financing side, the report documents that borrowing 
revenues (class 91) and loan repayments not associated 
with public policy implementation (class 61) were lower 
than planned. In contrast, proceeds from domestic 
financial asset sales (class 92) exceeded expectations, and 
expenditures for purchasing financial assets unrelated to 
public policy (class 62) were reported to be nearly three 
times the planned level.

In this context, the results from Benford’s Law 
analysis reinforce the significance of deviations in classes 
74 and 92 - both flagged as notable in the statistical tests 
and confirmed as budget execution outliers in the official 
report. These overlaps suggest a meaningful correlation 
between statistical anomalies and real-world financial 
irregularities or unexpected outcomes.

The State Audit Institution’s Report on the 2022 Final 
Account highlights specific accounting misclassifications. 
Notably, it points to a misstatement of short-term securities 
obligations, which were incorrectly reported under account 
group 211000 instead of 221000. Additionally, the report 
identifies an understatement of liabilities as of December 
31, 2022, particularly in economic classification class 23, 
and groups 242, 245, and 25. Among these, class 23 was 
also identified in the Benford analysis, lending further 
credibility to the statistical anomaly and supporting the 
conclusion that this classification may involve reporting 
or accounting discrepancies.

The Fiscal Council’s assessment emphasizes systemic 
procedural concerns, especially the widespread use of the 
current budget reserve to finance public policy expenditures 
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Key Observations from Second-Level Classification:
The initial results at the second level were comple-

mented by a more granular inspection at the third level, 
revealing several significant findings:
1.	 Increase in Non-Financial Assets and Fixed Capi-

tal (2020):
	 The observed rise corresponds to elevated values in 

multiple accounts, notably:
•	 011000 (Real estate and equipment)
•	 012000 (Cultivated assets)
•	 014000 (Natural assets)
•	 015000 (Non-financial assets in preparation 

and advances)
•	 016000 (Intangible assets)

2.	 Monetary Assets and Short-Term Investments (2021–
2022):

	 A surge in financial assets is primarily attributed to 
the sharp rise in account 123000 (Short-term place-
ments).

3.	 Growth in Long-Term Liabilities (2020–2021): 
Significant increases in accounts 211000 and 212000 
(Domestic and foreign long-term loans) indicate ris-
ing debt obligations in these years.

4.	 Liabilities for Employee-Related Expenditures (2019–
2020):

	 The growth in account 230000 (Liabilities from 
employee compensation) points to an expansion in 
public employment obligations.

5.	 Expansion in Other Non-Wage Expenditures (2019–
2021):

	 Several expenditure categories showed sharp increases:
•	 241000: Interest and related costs (from zero 

in 2020 to over 24 billion in 2021)
•	 242000: Subsidy obligations
•	 243000: Grants, donations, and transfers
•	 244000: Social insurance obligations
•	 245000: Other miscellaneous liabilities
The rapid rise in these categories suggests either policy 

shifts or extraordinary expenditures, warranting deeper 
investigation into their composition and justification.
6.	 Operational Liabilities Spike (2020):
	 A substantial increase in account 252000 (Payables 

to suppliers) and 254000 (Other payables) reflects 

elevated procurement and contract activity during 
the pandemic, with a more than twofold increase 
from 2018 to 2022.

7.	 Notable Anomalies in Specific Accounts:
•	 Account 413000 (In-kind compensation) showed 

a pronounced spike in 2019.
•	 Account 414000 (Employee social benefits) 

rose sharply in 2022.
•	 Account 416000 (Bonuses and special employee 

expenses) peaked in 2020 and again in 2022.
8.	 Private Sector Subsidies (2020):
	 Account 454000 (Subsidies to private enterprises) 

registered a notable increase in 2020, consistent 
with emergency economic interventions during the 
COVID-19 crisis.

9.	 Rise in Other Expenditures (Class 48):
This was driven by:
•	 484000 (Compensation for natural disasters)
•	 485000 (Compensation for damages caused 

by state authorities)
10.	 Growth in Intangible Assets (2019–2021):
	 The steady increase in account 515000 (Intangible 

assets) was a significant contributor to the expan-
sion of fixed capital, and its drivers merit special 
attention.

11.	 Inventory Growth (2019, 2022):
	 A noticeable increase in inventories, particularly in 

account 521000 (Commodity reserves), aligns with 
the findings of the Fiscal Council, which empha-
sized strategic reserve accumulation in 2022.

12.	 Debt Guarantees (2022):
	 Account 613000 (Principal repayment on guaran-

tees) saw a considerable increase. The Fiscal Coun-
cil has repeatedly flagged such guarantees as high 
risk, suggesting that many are unlikely to be repaid 
by the original borrowers.

13.	 Acquisition of Financial Assets (2019, 2022):
	 Substantial growth in accounts 621000 (Domestic 

financial asset acquisition) and 622000 (Foreign 
financial asset acquisition) was observed, signal-
ing state intervention in financial markets or asset 
portfolios.
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14.	 Revenue from Inventory Sales (2019, 2022): 
Account 821000 (Proceeds from commodity reserve 
sales) surged, suggesting strategic inventory man-
agement or distress sales during fiscal stress.

15.	 Land Sales Revenue (2020–2021):
	 Account 841000 (Revenue from land sales) dem-

onstrated a significant upward trend, indicating 
increased privatization or land monetization efforts.
The Largest Subset Growth Test provided clear and 

systematic evidence of major shifts in Serbia’s public finance 
accounts between 2019 and 2022. Many of these shifts align 
with known macroeconomic shocks, such as the pandemic, 
inflationary pressures, and fiscal interventions [5]. However, 
several categories—including subsidy disbursements, rapid 
asset accumulation, and liability spikes—warrant further 
scrutiny to assess fiscal sustainability, transparency, and 
adherence to policy objectives. 

Conclusions

The analyses of the Final Accounts and the reviewed reports 
of the State Audit Institution and the Fiscal Council reveal 
many common points. The forensic tests we conducted 
could serve as a useful supplementary tool and an addition 
to already established auditing procedures. We believe that 
the results obtained indicate potential issues that are also 
evident in the reports of the aforementioned institutions, 
but they also offer an alternative perspective and reveal 
other potential weaknesses in record-keeping and the 
preparation of the Final Account.

Certainly, forensic tests would provide even greater 
value if applied to gross balance data, where all economic 
classifications at the sixth level would be available, and 
if full access to the planning, execution, accounting, and 
reporting systems of the Republic of Serbia were granted.

The analysis results in this paper confirm what is 
also suggested in the available literature: forensic tests are 
a highly useful supplementary tool to the existing set of 
methods for verifying the accuracy of certain datasets. 
However, they should not be used in isolation but rather 
in combination with other methods. By comparing the 
results from the reports of the State Audit Institution and 
the Fiscal Council with the findings from our analysis, 

we can observe a high level of agreement in the “Largest 
Subset Growth/Decline Test,” which is expected, given 
that both cases involve methods that compare data with 
previous years.

Therefore, we conclude that Initial High-Profile 
Screening Tests and Benford’s Law can provide valuable 
insights into positions not previously flagged as questionable 
- especially if the same positions appear across multiple 
reporting years. Given this context, we can more confidently 
conclude that transactions affecting those positions must 
be further and more thoroughly investigated.

Just as certain positions may go unnoticed by Benford’s 
Law, others may remain undetected by traditional tests 
and analyses conducted on the Final Accounts of the 
Republic of Serbia by the mentioned institutions. Hence, 
their combined use in both internal and external audits 
is of immense value.

The exercise of applying Benford’s Law to the budget 
data and cross-referencing with actual budget performance 
and audits illustrates a comprehensive approach to 
forensic accounting analysis. It shows how quantitative 
techniques and official oversight can complement each 
other in identifying and explaining irregularities in 
financial records.

The test of Subset Largest Growth/Decline serves 
as a valuable tool in forensic budget analysis, revealing 
patterns that may not be readily visible through standard 
accounting reviews.
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Sažetak
Lanci snabdevanja u automobilskoj industriji, zbog svoje globalne prirode, 
konstantno su izloženi poremećajima i prekidima izazvani rizičnim 
događajima. Korišćenjem različitih alata i modifikovanjem struktura 
snabdevanja i distribucije, lanci snabdevanja u automobilskoj industriji teže 
ka tome da ublaže posledice ovih rizičnih događaja što efikasnije. Just-
in-Sequence strategija predstavlja jedan od alata koje lanci snabdevanja 
koriste kako bi odgovorili na izazove globalnog okruženja. Međutim, 
primena ove strategije povećava izloženost rizičnim događajima. U tom 
kontekstu, cilj istraživanja je da ispita izloženost lanaca snabdevanja u 
automobilskoj industriji rizičnim događajima koji nastaju kao posledica 
primene Just-in-Sequence strategije. Ostvarenje ovog cilja pomoći će u 
oceni opravdanosti primene ove strategije u uslovima neizvesnosti. U 
radu su prikazani rezultati istraživanja sprovedenog u preduzeću iz oblasti 
automobilske industrije koje ima iskustvo u primeni pomenute strategije. 
Ispitani su stavovi zaposlenih iz sektora logistike, proizvodnje i prodaje, jer 
su oni direktno uključeni u implementaciju analizirane strategije. Rezultati 
pokazuju da zaposleni prepoznaju veću izloženost rizičnim događajima 
pri korišćenju Just-in-Sequence strategije. Međutim, zabrinjavajuće je to 
što postoji neslaganje u stavovima zaposlenih iz različitih sektora koji 
učestvuju u primeni ove strategije.

Ključne reči: rizici, lanac snabdevanja, automobilska industrija, 
just-in-time, just-in-sequence

Abstract
Supply chains in the automotive industry, due to their global nature, 
are constantly exposed to disruptions and interruptions caused by risk 
events. By utilizing various tools and modifying supply and distribution 
structures, supply chains in the automotive industry aim to mitigate the 
consequences of these risk events as efficiently as possible. The Just-in-
Sequence strategy is one of the tools used by supply chains to address 
the challenges of the global environment. However, implementing this 
strategy increases exposure to risk events. In this context, the aim of the 
study is to examine the exposure of automotive industry supply chains to 
risk events resulting from the application of the Just-in-Sequence strategy. 
Achieving this goal will help determine the viability of applying this strategy 
under uncertain conditions. This paper presents the results of a study 
conducted in a company from the automotive industry with experience in 
implementing the aforementioned strategy. The perspectives of employees 
from the logistics, production, and sale sectors were examined, as they 
are directly involved in the implementation of the analyzed strategy. The 
results show that employees recognize a higher exposure to risk events 
when using the Just-in-Sequence strategy. However, it is concerning that 
there is a discrepancy in the views of employees from different sectors 
involved in the implementation of this strategy.

Keywords: risks, supply chain, automotive industry, just-in-time, 
just-in-sequence.
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Introduction

The automotive industry today faces numerous challenges 
arising from its complex structure, as evidenced by the 
large number of participants and connections that need to 
be managed, as well as the variety of parts involved in the 
final product. Supply chains in the automotive industry are 
characterized by a logistics approach with strong inbound 
flows. This means that the supply side, or the upstream 
segment of the supply chain, is much more complex in terms 
of the number of suppliers and the various parts produced, 
which will then be assembled into the final product. In 
contrast, coordination in the downstream segment of the 
supply chain is easier to ensure, as the automotive market 
increasingly communicates directly with customers or 
through a single level of intermediaries. However, despite 
the downstream segment being less extensive than the 
upstream one, its complexity is influenced by market 
demands for numerous product variants. Automotive 
manufacturers aim to meet the individual needs of their 
customers through customized models and variants.

To maintain their position in the market, automotive 
manufacturers must be reactive, meaning they need to 
develop, produce, and distribute products more quickly. 
They are also expected to offer a diverse range of products 
at competitive prices. In this regard, they often face 
the dilemma of maintaining higher inventory levels to 
respond promptly to market demands or saving costs by 
keeping inventory levels lower to ensure cost efficiency. 
These two demands seem difficult to reconcile. However, 
the application of inventory management strategies, such 
as Just-in-Time (JIT), has enabled companies and global 
supply chains to secure a stable supply of raw materials 
and maintain stable inventory levels while achieving 
cost savings.

Given that customers today demand a wider range 
of products and component variations, this creates 
greater challenges for production systems based on the 
JIT strategy. Under such conditions, JIT leads to the need 
for more space [26], higher inventory levels, and increased 
material handling costs [1]. In this new environment, JIT 
is no longer the ideal solution for the automotive industry 
and mass customization.

Automotive manufacturers recognize that a higher 
degree of customization and responsiveness to specific 
customer requirements [29] can be achieved by increasing 
flexibility and reducing lead times, which can be 
accomplished through sequential delivery. As a result, 
companies in the automotive industry are facing new 
demands regarding changes in inventory management 
strategies and the adoption of a new approach known as 
Just-in-Sequence (JIS) [7][9].

JIS is an evolutionary advancement of the JIT 
concept [2]. Authors Werner, Kellner, Schenk, and Weigert 
(2003) explain that “Just-in-Sequence can be viewed as 
an enhancement of the Just-in-Time concept because, in 
addition to delivering parts at the right time, to the right 
place, in the right quantity, and in the right condition in 
terms of quality, it seeks to ensure that parts are delivered 
according to the right sequence” [7]. Thus, JIS adopts the 
basic procedure of JIT and adds the sequencing aspect 
[30]. The primary goal of JIS is to eliminate waste, reduce 
work-in-progress inventory levels, minimize storage space 
requirements, and shorten delivery times by implementing 
flexible and lean production [30]. By applying the JIS 
strategy, automotive manufacturing becomes much leaner 
than with the JIT strategy, ensuring higher efficiency 
[17]. However, a particular challenge is eliminating all 
factors that could serve as buffers in the event of a risk 
occurrence [31, p. 164]. In this context, buffers are a type 
of risk protection, such as excess inventory, additional 
supply sources, extra production capacities, and the like, 
which are used in conditions of unforeseen events in order 
to absorb disruptions. In this regard, it is necessary to 
examine the vulnerability of supply chains when applying 
the JIS strategy [19] [6] [11, p. 29] and the severity of the 
consequences in the event of a risk.

Literature review

JIS represents an innovative approach that enables companies 
and supply chains to manage product and process complexity 
while responding more effectively to the demand for mass 
customization—something that JIT could not address. While 
JIT is defined as a method for delivering the right parts, 
in the right quantity, at the right time to the production 
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line, JIS can be seen as its upgrade [2]. The JIS strategy 
involves receiving raw materials and other components 
at the right time, but in a precisely determined sequence 
[5] [3]. JIS is particularly characteristic of engineer-to-
order products, where product specifications require a 
unique engineering design or significant customization. 
Each customer order necessitates cost evaluation and the 
determination of a special price. Orders are based on a 
unique set of components and a customized production 
route. Figure 1 illustrates a typical production process in a 
supply chain with the implementation of the JIS strategy. 
This represents a closed-loop supply chain.

In the automotive industry, the JIS strategy has 
become an increasingly common approach for inventory 
management. One of the earliest examples of the JIS 
strategy comes from Toyota Motor Manufacturing. This 
business case demonstrates how a seat supplier developed 
the capability to produce and deliver this component 
according to the required schedule. Initially, Toyota 
suggested that the seat supplier produce for stock and 
deliver according to the JIS strategy. However, the seat 
supplier argued that the production and transport time 
for the seats were short enough that, after the car painting 
process (the point at which the sequence is established due 
to variability in the painting process), the seats would be 
delivered to the factory on time for installation in the car. 
Moreover, the number of seat variants was large enough 
to require significant storage space, and this number 
continued to grow over time. The supplier was located 

just 30 minutes away from Toyota’s factory, which also 
facilitated the implementation of the JIS strategy [13]. 
In addition to the automotive industry, this strategy is 
increasingly valued and adopted in industries known for 
mass customization, such as the production of electrical 
and electronic products, heavy machinery, furniture, and 
similar sectors.

Advantages of the JIS Strategy Over JIT

Key advantages of the JIS strategy compared to JIT include 
greater flexibility and responsiveness, shorter production 
cycles, lower inventory levels, and reduced space requirements 
[3], leading to enhanced competitiveness. With JIS, it is 
possible to completely eliminate the receiving area for 
raw materials or parts. Parts are delivered directly to the 
point of use—i.e., directly to assembly—according to a 
predefined sequence. This reduces the space required for 
final assembly and eliminates the need for storage space 
for different variants [16] [26]. JIS can also significantly 
reduce capital blockage by lowering inventory levels at both 
the manufacturer and the supplier [30]. Additionally, JIS 
ensures quick response times and effective cost control. 
One of the key competitive advantages of JIS is that this 
supply system is difficult to replicate. However, suppliers 
will need to reorganize their production processes, which 
may create an entry barrier for new suppliers. Building 
strong partnerships and fostering trust are essential 
to influencing the supplier’s willingness to adjust their 
operations to meet the manufacturer’s needs.

Figure 1: JIS strategy in supply chain

SUPPLIERS JIS

DISTRIBUTION CUSTOMER
SERVICE

CUSTOMERS

MANUFACTURING ENGINEERING

Source: [4]
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Risks of the JIS Strategy Compared to JIT

While the advantages and disadvantages of the JIS 
strategy share similarities with those of the JIT strategy, 
JIS is generally riskier due to its increased sensitivity 
to potential disruptions in the production process [16] 
[19] [25]. These disruptions can often lead to a complete 
halt in production. As a result, the risks associated with 
JIS—such as delays, quality issues, information system 
failures, and transport damage—are similar to those of 
JIT. However, the negative consequences of risk events are 
typically more severe under JIS implementation [9] [8] [2] 
[6]. Table 1 provides an overview of potential risks that 
could lead to disruptions or interruptions in production 
under JIS implementation. 

Table 1: Risks that can lead to disruptions and/
or interruptions in the context of JIS strategy 

implementation

Category Risks

Information 
technology

•	 Failure of the electronic data processing system
•	 Inaccurate data
•	 Delay in data transmission

Suppliers

•	 Incorrectly ordered quantities
•	 Production disruptions due to machine breakdowns, 

issues with the delivery of own suppliers
•	 Inaccurate labeling of parts (components)
•	 Quality issues

Transport
•	 Extension of transport time due to congestion, 

weather conditions, obstacles, accidents
•	 Damage to parts due to poor packaging

Customers
•	 Damage during assembly
•	 Severe disruptions in production
•	 Short-term changes in the production schedule

Source: [30]

The introduction of the JIS strategy has heightened 
sensitivity [6, p. 24] [25] to disruptions in the production 
process due to shortages, defective or incorrect parts, 
delays in delivery, or quality issues. Short-term disruptions, 
such as quality problems or missing parts, can jeopardize 
the production sequence. For instance, if a risk event 
occurs in the automotive industry, the affected vehicle 
is removed from the sequence, and the resulting gap is 
filled by moving subsequent vehicles forward. However, 
such changes in the sequence can lead to fluctuations in 
workload and potential overloads at assembly stations 
[12]. Disruptions often result in a complete shutdown 
of the assembly line, mainly because failures cannot be 
compensated by replacement parts, as these parts are 

specially manufactured according to a predefined schedule. 
Additionally, quality issues are difficult to resolve. Therefore, 
supplier guarantees are essential to ensure compliance 
with defined quality standards, while the value delivered 
to customers depends on their capabilities and potential 
[27, p. 181]. Sensitivity to disruptions in JIS also arises 
from its high level of complexity, as it requires a precise 
sequence of parts to be delivered just before assembly. 
Problems with information systems can result in incorrect 
or delayed deliveries. The transfer of information in JIS is 
more complex than in JIT, as it requires the transmission 
of details about specific variants to be delivered, while JIT 
only requires information about the component’s serial 
number. Furthermore, there is a risk of dependency among 
supply chain participants. On one hand, the supplier must 
make significant investments to meet the manufacturer’s 
requirements, while on the other hand, the manufacturer 
must rely on the supplier’s reliability [30].

Due to the fact that the JIS strategy is leaner than the 
JIT strategy and has far fewer “buffers” available to mitigate 
risk events, the authors define the following hypothesis:
H1:	 The risk of disruption in the supply chain is greater 

when a risky event occurs while applying the JIS 
strategy, compared to the JIT strategy.
Additionally, due to the potential for a “ripple” effect 

in the event of a risk occurrence [33] [28] [14, p. 14] [22], it 
is necessary to examine the degree of correlation among 
these factors, leading to the following hypothesis:
H2:	 There is a high degree of correlation between the 

independent variables (risk factors).

Research Methodology – Defining Hypotheses, 
Sample, and Variables

Sharp competition, on one hand, and growing customer 
demands, on the other, have led to the shortening of 
product life cycles and increased demand volatility, which 
is becoming more uncertain and difficult to predict. In 
such conditions, the implementation of the JIS strategy 
can positively impact the efficiency of supply chains in the 
automotive industry, but it can also increase vulnerability. 
Given the characteristics of the JIS strategy in comparison 
to the JIT strategy, it is assumed that its implementation 
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may further jeopardize the sustainability of supply chains 
in the event of a risk occurrence.

The research involves employees from sectors directly 
linked to the implementation of the JIS strategy, including 
logistics, production, and sale. Additionally, the sample 
consists of employees in managerial and leadership roles 
within these sectors, as well as material and sales analysts. 
These employees have the authority to make decisions 
regarding the implementation of the JIS system, making 
their opinions crucial for understanding the environment 
necessary for its successful implementation (see Table 2).

Table 2: Sample Structure

Position in the 
company Manager Team 

Leader
Shift Leader 
and Analyst Total %

Production 1 2 12 15 42
Logistics 1 2 8 11 31
Sale 1 1 8 10 28
Total 3 5 28 36 100

8% 14% 78%
Work Experience 
(in years) 8.67 4.80 2.61

Education 
Level

College/
University

Community 
College

Secondary 
School

21 12 3
58.33% 33.33% 8.33%

Source: Authors

By selecting a company from the automotive industry 
that acts as a supplier within its supply chain and applies 
the JIS strategy for delivering finished products to original 
equipment customers, the authors aim to assess the 
degree of exposure to risks. To maintain the company’s 
anonymity in further research, the reasons for selecting 
this particular company are as follows:
•	 The company belongs to the automotive industry 

and is recognized as a model for implementing the 
JIS strategy [30] [32] [10] [15] [4] [21] [20].

•	 The company applies the JIS strategy in delivering 
its final product to customers.

•	 The company also uses the JIT strategy in both 
production and delivery processes, enabling employees 
to understand the benefits of both strategies and 
easily compare them.
Employees evaluated the variables related to risk 

factors based on their potential consequences, considering 
and comparing them with the experience gained during 
the implementation of the JIT strategy. The following 

variables were assessed: lack of quality raw materials 
(R1), diversification of the supplier network (R2), machine 
breakdowns in production (R3), delivery delays (R4), 
insufficiently trained workers (R5), lack of employee 
commitment (R6), changes in customer requirements (R7), 
changes in customer demand levels (R8), low flexibility 
(R9), and communication and coordination errors with 
suppliers/customers (R10). A Likert scale ranging from 
1 to 5 was used for evaluation (with 1 representing the 
lowest rating and 5 the highest). The independent variables 
used in the analysis were work experience, education level, 
position, and sector (production, logistics, sale).

Results of the Analysis

Employees who participated in the study rated the risk of 
machine failure with a score above 4. This was also the 
only variable that received the lowest rating of 3. In fact, 
for 5 out of the 10 potential risk events, the minimum 
score assigned was 1. High ratings (above 3.00) for all risk 
events, except for R1 and R2, suggest that employees believe 
the consequences would be greater in the event of a risky 
occurrence when applying the JIS strategy, compared to 
the JIT strategy. However, considering that, in most cases, 
the risks analyzed by employees also received very low 
ratings (such as 1 or 2), it indicates that a certain number 
of employees disagree with the assumption presented in 
the cited literature. Therefore, cluster analysis was applied 
(see Table 3).

Table 3: Descriptive Statistics

N Min Max Mean Std. Deviation
R1 36 1.00 5.00 2.7222 1.11127
R2 36 1.00 4.00 2.3056 .78629
R3 36 3.00 5.00 4.3333 .82808
R4 36 1.00 5.00 3.5000 1.05560
R5 36 1.00 5.00 3.5000 1.05560
R6 36 2.00 5.00 3.1389 .59295
R7 36 2.00 5.00 3.8611 .79831
R8 36 2.00 5.00 3.8056 .78629
R9 36 2.00 5.00 3.6111 1.02198
R10 36 1.00 5.00 3.7500 1.20416

Valid N 
(listwise) 36

Source: Authors

By applying K-means cluster analysis, two clusters 
were identified based on the ratings given to the risk events 
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and the severity of their consequences. The first cluster 
consisted of employees who assessed the risk events in a 
way that supports the confirmation of the first hypothesis. 
Notably, 70% of employees belonged to the first cluster, 
indicating their agreement with the defined assumption 
(see Tables 4 and 5).

Table 4: Final Cluster Centers

Cluster
1 2

R1 3.12 1.82
R2 2.52 1.82
R3 4.64 3.64
R4 4.08 2.18
R5 4.08 2.18
R6 3.32 2.73
R7 4.28 2.91
R8 4.24 2.82
R9 4.20 2.27
R10 4.44 2.18

Source: Authors

Table 5: Number of Cases in each Cluster

Cluster
1 25.000
2 11.000

Valid 36.000
Missing .000

Source: Authors

The visualization (Figure 2) shows the division of 
respondents into two clusters obtained through K-means 
cluster analysis. On the diagram, some respondent answers 
overlap at certain points, so not all 36 points can be visually 

distinguished. The visibly thickened points represent 
locations where multiple respondents gave identical ratings 
of the severity of risk events occurring under the conditions 
of JIS strategy application. In other words, the intensity 
of the point’s color indicates the number of respondents 
who share the same rating for a particular risk.

Further analysis focused on examining the correlation 
between membership in one of the two clusters and the 
independent variables. The authors aimed to determine 
whether perceptions of the severity and consequences of 
any of the analyzed risky events, in the case of applying 
the JIS strategy, were influenced by any of the independent 
variables (sector, position, experience, and education 
level). The correlation analysis between the dependent and 
independent variables indicated that further investigation 
into the impact of sector membership (production, logistics, 
sale) was warranted. A high degree of correlation, 0.626, 
was found in this case, with statistical significance of p 
< 0.05 (see Table 6).

Since it was determined that there is a correlation 
between sector membership and the ratings of the dependent 
variables, further cross-tabulation was performed. This 
analysis allows for the identification of the sectors from 
which employees assigned high ratings to the dependent 
variables. Table 7 shows that employees from the Production 
and Logistics sectors assessed the seriousness of the risk 
factors as much greater in the case of the JIS strategy, 
compared to employees from the Sales sector (see Table 7).

The Table 8 shows the level of agreement among 
employees regarding individual risk events. It is evident 

Figure 2: Cluster visualization
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Table 6: Paired Samples Correlations

N Corre-
lation Sig.

Pair 1 Sector & Cluster Number of Case 36 .626 .000
Pair 2 Position & Cluster Number of Case 36 .064 .709
Pair 3 Work Expirience & Cluster Number of Case 36 -.116 .499
Pair 4 Education Level & Cluster Number of Case 36 .089 .604

Source: Authors

Table 7: Crosstabulation: Cluster Number of Case * Sector

  Sector Total
    Production Logistics Sell

Cluster Number 
of Case

1 13 11 1 25
2 2 0 9 11

Total   15 11 10 36
Source: Authors
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that there is a high level of agreement between Production 
and Logistics, except in the cases of R1 and R10. Since the 
correlation analysis (Appendix 1) shows a high degree 
of correlation between R1 and the other dependent 
variables (except for R3), and R10 is correlated with the 
other dependent variables (except for R2), neglecting 
the importance of either of these two risk events could 
indirectly lead to the occurrence of other analyzed risk 
events. Production and Sales are aligned only in the cases 
of R1, R2, and R6, while Logistics and Sales are aligned 
only in the cases of R2 and R6.

What is particularly concerning about these results 
is that all three sectors agree on the seriousness of the 
consequences resulting from R2, yet there is no agreement 
regarding the importance of variables related to supplier 
management, especially variable R10. Additionally, 
the awareness of the seriousness of R6 across all three 
sectors is not reflected in the ratings of the significance 
of variables related to human resource management, as 
seen with variable R5.

According to Appendix 1, the correlation between 
R3 and R1 and R2 was not confirmed, which is somewhat 
expected, given that R3 relates to internal processes, while 
R1 and R2 concern supplier processes and relationships. 
However, what is concerning is that the correlation between 

R3 and R6 was not confirmed, especially because R6 is one 
of the few factors where employees recognized significant 
severity and consequences for the system if it occurs under 
the JIS strategy implementation conditions. Furthermore, 
employees do not recognize the correlation between R2 
and R10, despite the fact that both variables fall under the 
domain of supplier management. Aside from the cases 
mentioned, there is a high degree of correlation among 
the analyzed variables. This points to the possibility of a 
“ripple” effect, meaning that the occurrence of one risk 
event under JIS strategy implementation conditions can 
lead to others.

Conclusion Remarks

In global competition, automobile manufacturers and 
their suppliers face the demand to produce faster and 
cheaper, especially according to individual requirements. 
Manufacturers in the automotive industry must offer a wide 
range of products and numerous variants. Additionally, the 
automotive industry is under pressure to shorten delivery 
times to customers. The inevitable consequence of these 
demands is an increasing complexity of products and 
processes. Therefore, the primary goal of new production 
and logistics concepts developed in the automotive industry 

Table 8: Test Statistics

Production/Logistics R1 R2 R3 R4 R5 R6 R7 R8 R9 R10
Mann-Whitney U 2.000 55.000 63.500 55.000 55.000 58.500 50.000 68.500 68.500 29.500
Wilcoxon W 122.000 175.000 183.500 175.000 175.000 178.500 170.000 188.500 188.500 149.500
Z -4.349 -1.601 -1.340 -1.693 -1.693 -1.531 -1.912 -.897 -.897 -3.068
Asymp. Sig. (2-tailed) .000 .109 .180 .090 .090 .126 .056 .370 .370 .002
Exact Sig. [2*(1-tailed Sig.)] .000b .164b .330b .164b .164b .217b .097b .474b .474b .004b

Production/Sale R1 R2 R3 R4 R5 R6 R7 R8 R9 R10
Mann-Whitney U 73.500 73.500 30.000 4.000 4.000 74.500 15.500 14.000 2.000 2.000
Wilcoxon W 128.500 128.500 85.000 59.000 59.000 129.500 70.500 69.000 57.000 57.000
Z -.093 -.093 -2.657 -4.109 -4.109 -.037 -3.631 -3.633 -4.271 -4.246
Asymp. Sig. (2-tailed) .926 .926 .008 .000 .000 .970 .000 .000 .000 .000
Exact Sig. [2*(1-tailed Sig.)] .935b .935b .012b .000b .000b .978b .000b .000b .000b .000b

Logistics/Sale R1 R2 R3 R4 R5 R6 R7 R8 R9 R10
Mann-Whitney U 1.500 36.000 8.000 .000 .000 37.000 7.000 4.000 .000 .000
Wilcoxon W 56.500 91.000 63.000 55.000 55.000 92.000 62.000 59.000 55.000 55.000
Z -3.918 -1.459 -3.575 -4.069 -4.069 -1.605 -3.590 -3.823 -4.111 -4.118
Asymp. Sig. (2-tailed) .000 .145 .000 .000 .000 .108 .000 .000 .000 .000
Exact Sig. [2*(1-tailed Sig.)] .000b .197b .000b .000b .000b .223b .000b .000b .000b .000b

a. Grouping Variable: Sector
b. Not corrected for ties.
Source: Authors
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is to enable mass production of highly customized products 
while ensuring maximum efficiency of the production 
system, i.e., transitioning from mass production to mass 
customization [18].

Despite the potential of JIT to improve the delivery 
process of standard products by reducing inventory levels, 
it fails to offer solutions for products with numerous 
variants. As a result, the JIS strategy found its application 
in the automotive industry. However, like the JIT strategy, 
the JIS strategy also faces certain limitations. One of the 
key issues is the increased exposure of the supply chain 
to risk events and the reduced resilience of the system.

The results presented in this paper confirm that 
employees in the company under investigation recognize 
the dangers associated with the implementation of the JIS 
strategy. The elimination of buffers that could mitigate the 
consequences of a risk occurrence is a critical issue for 
this strategy [31]. Considering the estimated severity of the 
consequences associated with certain risk events, it can 
be concluded that employees are aware of the problems 
inherent in the JIS strategy [6, p. 24] [25].

However, it is concerning that employees from different 
sectors seem to perceive things differently, especially since 
previous research indicates that decentralization and 
coordination can directly affect performance, particularly 
delivery lead times [24]. This could be particularly 
problematic in cases where a risk event occurs, due to 
potential disagreements regarding the measures and steps 
to be taken to eliminate or mitigate the consequences. 
Furthermore, the high degree of correlation among the 
analyzed risk events emphasizes the need for alignment 
among employees in sectors directly involved in the 
implementation of the JIS strategy. The strong correlation 
points to the possibility of a ripple effect, where the 
occurrence of one risk event could trigger others that are 
correlated with it [33] [28] [14, p. 14] [22].

Managerial Implications

Undoubtedly, the JIS strategy brings numerous benefits. 
Therefore, it is unrealistic to expect the strategy to be 
eliminated due to the anticipated increase in supply chain 
vulnerability. However, certain steps and actions can be 
taken to mitigate the negative effects of the JIS strategy.

The direct transmission of delivery schedule 
information is particularly important for continuous 
supply and production. Without such information, 
problems would immediately arise on the manufacturer’s 
production line. Therefore, information systems must 
be reliable and efficient [8] [25] and guarantee smooth 
information flow [10].

Additionally, the limitations of the JIS strategy can 
be mitigated by signing contracts among supply chain 
participants [8] [3]. It is necessary to integrate suppliers 
based on building and maintaining long-term relationships 
through shared risk, cost, and information management 
[5] [25]. Supplier reliability must be extremely high to 
avoid disruptions and rework due to quality issues [23], 
and employees must be well-trained and qualified.

There are also proposals for adopting hybrid models, 
that is, combinations of JIS and JIT elements aimed at 
exploiting the advantages of both models and minimizing 
risks, which include elements of the JIS strategy along 
with buffer stock [31, p. 168]. These hybrid models may 
be a suitable solution, especially considering that many 
companies in the automotive industry that previously 
implemented the JIT strategy transitioned to a Just-in-
Case strategy during the COVID-19 pandemic [11, p. 30].

Study Limitations

The conducted research may serve as a pilot study, given that 
it involved only one company and its internal employees. 
The fact that only employees directly involved in the 
implementation of the JIS strategy, and who also have 
experience with the JIT strategy, were surveyed, limits 
the generalizability of the findings. However, the results 
presented can be used as a basis for future research into 
system vulnerabilities under the JIS strategy.

This could include, for example, the involvement of 
upstream and downstream partners in the analysis, as the 
study demonstrated a high degree of correlation among 
the analyzed risks. Just as risks can spread among sectors 
within a company, they can also affect other partners in the 
supply chain. Moreover, since the results of this analysis 
show that the Sales sector stands out in comparison to 
Production and Logistics in terms of not recognizing the 
increased vulnerability associated with the JIS strategy, 
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it raises questions about the level of engagement of the 
Sales sector in the implementation and execution of the 
JIS strategy.
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Appendix 1: Correlations between dependent  variables
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Sažetak
Cilj rada je da sumira postojeća akademska znanja na temu bezbednosti i 
sigurnosti u turizmu. Pretragom Web of Science baze podataka, identifikovano 
je i detaljno analizirano 40 naučnih radova. Radovi su podeljeni u dve 
kategorije u zavisnosti od toga da li su publikovani u etabliranim (SSCI) 
ili novijim (ESCI) časopisima. Bibliometrijskom analizom su utvrđeni 
najproduktivniji autori, geografska distribucija autorstava, uticajnost 
pojedinačnih radova i časopisa, kao i ključne istraživačke teme. Analiza 
sadržaja otkrila je dominantan fokus istraživača na teme kao što su efekti 
prevare, uznemiravanja, kriminala, sistemskih rizika i terorizma na turističku 
delatnost, pri čemu su u najvećoj meri primenjene kvantitativne metode 
istraživanja. U radu su analizirane i razlike između SSCI i ESCI radova 
sa zaključkom da su SSCI radovi prvenstveno usmereni na istraživanje 
uticaja prevara i uznemiravanja na turističkoj destinaciji na percepciju 
turista o bezbednosti i sigurnosti, dok se ESCI radovi više fokusiraju na 
ispitivanje uticaja kriminala i terorizma na turizam. Ova studija pruža 
vredne uvide destinacijskim menadžment organizacijama, pomažući im 
da razumeju uticaj preduzetih mera bezbednosti i sigurnosti na iskustva 
turista. Najveći doprinos rada ogleda se u sveoubuhvatnom prikazu, 
sistematizaciji i detaljnoj analizi naučnih radova na temu bezbednosti i 
sigurnosti u turizmu.

Ključne reči: bezbednost u turizmu, sigurnost u turizmu, prevare 
i uznemiravanje, kriminal, terorizam, sistemski rizici

Abstract
The aim of this paper is to summarize the existing academic knowledge 
on safety and security in tourism. Based on the Web of Science database, 
a total of 40 peer-reviewed papers were collected and reviewed. The 
papers were divided into two categories depending on whether they 
were published in established (SSCI) or emerging (ESCI) journals. The 
bibliometric analysis revealed the most prolific authors, the geographical 
distribution of authorship, the citation impact of the articles and journals, 
and the main research topics. The content analysis revealed a predominant 
research focus on topics such as the effects of fraud, harassment, crime, 
systemic risks, and terrorism on tourism, with quantitative methods 
being used extensively. The differences between SSCI and ESCI papers 
are analysed, showing that SSCI papers primarily investigate how scams 
and harassment at the tourism destination influence tourists’ perception 
of safety and security. In contrast, ESCI papers tend to focus more on 
examining the impact of crime and terrorism on tourism. This study 
provides valuable insights for destination management organizations, 
helping them to understand the impact of certain safety and security 
measures on tourists’ experiences. The major contribution of this study 
is the comprehensive overview, systematization and in-depth analysis 
of the scientific papers on safety and security in tourism.

Keywords: tourism safety, security in tourism, scams and harassment, 
crime, terrorism, systemic risks
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Introduction

Tourism plays an important role in the global economy 
and contributes significantly to GDP and employment in 
various regions. In 2024, international tourism revenues 
reached 1.6 trillion dollars [70], with tourism contributing 
10% to global GDP [75]. In the same year, tourism also 
contributed significantly to employment, providing 357 
million jobs worldwide [75], and the number of international 
tourist arrivals reached 1.44 billion, nearly returning to 
pre-pandemic levels [70]. 

However, tourism is highly sensitive to various 
forms of crises that significantly affect its operations and 
sustainability. These crises are usually classified according to 
their origin and include natural or environmental disasters 
(e.g., volcanic eruptions, hurricanes or tsunamis), health-
related crises (particularly epidemics and pandemics), 
political disruptions (such as war, terrorism and civil 
unrest), and economic or financial crises (including 
recessions or currency devaluations) [38]. Another 
important category is crises induced by violence and 
criminal activity, such as organised crime, extortion 
and general insecurity within destinations [43]. In the 
digital age, cyberattacks [8] and cybersecurity risks [72] 
– including data breaches and related threats – have 
become increasingly significant concerns. These events, 
whether occurring independently or in combination, can 
severely affect the mobility of tourists, the image of the 
destination and the economic performance of tourism-
dependent regions. For example, terrorism, such as the 
events on September 11, 2001 and the attacks in Paris, 
Tunisia and Brussels, had a significant impact on public 
perception, economic stability and the tourism industry 
[24], [30]. Similarly, natural disasters, such as the 2004 
tsunami in Thailand, have also led to a decline in tourist 
arrivals [27]. Political instability also has a serious impact 
on tourism in many destinations, as it damages the image 
of destinations, deters tourists and disrupts economic 
growth, often with more serious consequences than major 
natural disasters [33]. Additionally, high crime rates at the 
destination also have a serious impact on tourism, as they 
undermine the sense of security and deters visitors [43].

The COVID-19 pandemic, however, had the most 
severe impact on global tourism to date, causing a 74% 
decline in international arrivals in 2020 [69]. Aside from 
these immediate consequences, the crisis accelerated and 
exposed long-standing structural weaknesses within the 
sector. Research shows that companies in the tourism 
industry had to adapt rapidly by introducing new digital 
tools, revising their cost structures and switching to more 
resilient business models [32], [47]. Hotels, for example, 
implemented crisis-specific operational strategies and 
actively sought government support to stabilise operations 
[17], while cultural and themed tourism providers refocused 
their services on the domestic market and reduced their 
operating hours [47]. Teams played a central role in 
organisational responses to the pandemic, as their cross-
functional composition and collaborative structure enabled 
rapid decision-making, real-time adaptation, and effective 
coordination under conditions of extreme uncertainty 
[52]. Building on these efforts, many companies used the 
crisis as a catalyst for innovation, particularly through 
digitalisation and market repositioning [60]. In addition to 
these internal measures, national governments implemented 
comprehensive fiscal and institutional support strategies 
aimed at stabilising the economy and ensuring the viability 
of micro, small and medium-sized enterprises, especially 
in vulnerable sectors such as tourism [9].

Extreme weather events and various geopolitical 
events are ongoing challenges shaping the future of tourism. 
As highlighted by UN Tourism’s global survey from May 
2025 [71], there is an urgent need for more comprehensive 
safety, security, and risk management strategies to ensure 
long-term sector sustainability. With this in mind, this 
paper aims to reveal the current state of knowledge in 
scientific papers on safety and security in tourism using 
bibliometric and content analysis. These analyses provide 
an insight into the evolution of research in this area and 
highlight key trends, while also identifying emerging 
issues that require further attention. By mapping the 
intellectual landscape of safety and security in tourism and 
providing a comprehensive review of published articles, 
the aim is to ensure that future research is focused on 
the most pressing issues. To gain a more comprehensive 
understanding, publications in SSCI (Social Science 
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Citation Index) and ESCI (Emerging Sources Citation 
Index) indexed journals will be considered. In this way, 
influential studies and emerging trends will be identified 
from the perspective of both established journals (SSCI) 
and promising journals (ESCI).

Methodology

Bibliometric analysis is a quantitative (data-driven) analysis 
widely used in tourism literature [11], [44], [58], [59] to 
“evaluate and monitor the progress of given discipline [46, 
p. 181] and to “structure existing knowledge about research 
topic” [44, p. 2]. The evaluative bibliometric analysis carried 
out in this paper included: a) performance analysis, which 
aimed to determine the distribution of papers across journals, 
identify the most productive authors, and analyse the 
geographic distribution of authorship; b) citation analysis, 
which aimed to identify the papers and journals that had 
the greatest impact on shaping scientific thought within 
the subject area; and c) keyword analysis, which aimed to 
uncover dominant research niches, keyword trends and 
keyword clusters. In addition to the keywords selected 
by the author, the keyword analysis included KeyWords 
Plus, i.e., “words or phrases that frequently appear in the 
titles of an article’s references, but do not appear in the 
title of the article itself” [26]. Finally, the keyword trends 
and clusters were visualised using VOSviewer software, 
version 1.6.20 [72], with the clusters serving as the basis 
for further content analysis.

Content analysis is a qualitative (text-driven) analysis 
that is also widely used in tourism literature [5], [23], [25], 
[51], [56]. Content analysis aims to provide a deeper insight 

into the researched issues and reveal dominant research 
methods, research design, research region, and other 
details that are not captured by evaluative bibliometric 
analysis. In short, the aim of content analysis is to provide 
“a worm’s eye view of the literature” [5, p. 1077]. 

In addition, the validity of Price’s [63] and Bradford’s 
[16] bibliometric law is analysed. Price’s bibliometric law 
states that “the growth of scientific production over time 
follows an exponential function” [37, p. 946]. In other 
words, this law indicates a constant growth of scientific 
production over time. Bradford’s bibliometric law, on 
the other hand, “describes how the articles in a specific 
area are scattered across journals” [36, p. 946]. This law 
applies when there is a relatively high concentration of 
articles in a few core journals, i.e. when “the difference in 
the distribution of articles across journals” is significant 
[49, p. 1111].

Although bibliometric analysis is usually considered 
objective [34], [48], some authors warn that “bibliometric 
research, paradoxically, can be subjective in that it requires 
making choices as to terms and terminology” [11, p. 543]. 
In this sense, an important prerequisite for high-quality 
bibliometric and accompanying content analysis is the 
creation of a representative sample of papers. This is 
achieved by selecting appropriate search terms for searching 
index databases, but also by applying additional criteria, 
shown in Table 1, where the individual paper analysis is 
particularly important.

Using the filters listed in Table 1, the original sample 
of 309 scientific papers on tourism safety and security was 
narrowed down to 40 papers for detailed bibliometric and 
content analysis. It is important to note that the analysis 

Table 1: Methodology for selecting papers on tourism safety and security (carried out on May 22, 2024)

Searched terms in the 
WoS database 

“tourism safety” OR “tourist safety” OR “tourism security” OR “tourist security” OR “destination safety” OR “destination 
security” OR “tourism AND safety” OR “tourist AND safety” OR “destination AND safety” OR “tourism AND security” 
OR “tourist AND security” OR “destination AND security” OR “tourism AND crime” OR “tourist AND crime” OR 
“destination AND crime” OR “tourism AND war” OR “tourist AND war” OR “destination AND war” OR “tourism 
AND terror” OR “tourist AND terror” OR “destination AND terror” OR “tourism AND terrorism” OR “tourist AND 
terrorism” OR “destination AND terrorism” OR “tourism AND natural disaster” OR “tourist AND natural disaster” 
OR “destination AND natural disaster” OR “tourism AND epidemic” OR “tourist AND epidemic” OR “destination 
AND epidemic”  OR “tourism AND pandemic” OR “tourist AND pandemic” OR “destination AND pandemic” (n=309)

Document type Article, review article and early access (n=225)
Language English (n=211)
WoS category Hospitality Leisure Sport Tourism (n=105)
Individual paper analysis n=40

Source: Authors
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excludes studies focused on injuries to tourists during 
recreational and adventure activities, such as skiing, 
horseback riding, mountaineering, etc. (adventure tourism 
safety). Additionally, studies addressing the negative 
impact of media, such as crime series and their influence 
on the safety image of destinations, as well as research on 
human-wildlife interactions (e.g., #wildlifeselfies), were 
also excluded. 

Results and discussion

Results of evaluative bibliometric analysis

The first paper on the topic of tourism safety and security in 
WoS-indexed journals was published in 1999 in the Annals 
of Tourism Research under the title “Tourism and crime 
in the Caribbean” [31]. Between 1999 and 2011, only four 
papers were published on this topic. In the following 13 
years (2012 – May 2024), however, the number of published 
papers increased ninefold. This trend clearly reflects an 
accelerated growth of academic output and an increasing 
interest in the topic within the academic community. 
Nevertheless, it does not support Price’s bibliometric law, 
as there is no constant growth of scientific production over 
time. The increase in publications on tourism safety and 
security was irregular, with no papers published on the 
topic during 10 of the analysed years (Figure 1). Similar 
results have been observed by other researchers in the field 

of tourism, including [10] and [34], further challenging 
the applicability of Price’s law in tourism.

Based on Figure 1, it can be concluded that 25 papers 
were published in SSCI journals and 15 in ESCI journals, 
all of which met the sampling criteria. Papers published 
in SSCI journals were cited significantly more often, as 
expected, given that ESCI serves as a preliminary stage 
for inclusion in the more rigorous SSCI list. The papers 
included in the sample received a total of 1,147 citations 
(including self-citations), with an average of 28.7 citations 
per paper. Of the total number of citations, 980 were for 
papers published in SSCI journals, while 167 were for 
those published in ESCI journals. There is also a noticeable 
fluctuation in the number of citations per year, which is 
more pronounced in the case of ESCI journals.

Performance analysis

The distribution of papers across journals shows that most 
of the scientific journals in the sample published only one 
paper on the topic of tourism safety and security, with an 
average of 1.7 papers per journal. Higher productivity 
is observed in the SSCI journals, which published an 
average of 1.9 papers per journal, compared to 1.5 papers 
per ESCI journal. It is noteworthy that half of the papers 
were published in only five (four SSCI and one ESCI 
journal) of the total 23 journals, indicating a relatively 
high concentration of papers in a few core journals. This 
supports the validity of Bradford’s bibliometric law, which 

Figure 1: Dynamics of paper publishing and citations
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has also been confirmed in other tourism-related studies 
[10], [34]. The most productive journal in the field of 
tourism safety and security is Tourism Management, one 
of the world’s leading journals in tourism, accounting for 
12.5% of the papers in the sample (Figure 2).

A total of 86 authors were identified in the analysed 
papers. According to the classification proposed by 
Crane [28], 88% of the authors belong to the “transients” 

category, having written only one paper, while the 
remaining belong to the “aspirants” category with two 
to four papers. In the latter category, two authors stand 
out, namely Tingzhen Chen and Ding Xu from James 
Cook University in Australia, who authored three papers 
on tourism safety and security. In terms of publication 
venues, 53 authors have published papers on tourism 
safety and security in SSCI journals, and 34 authors in 

 

Figure 2: Distribution of papers on tourism safety and security across journals
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ESCI journals. All ESCI authors belong exclusively to 
the “transients” category, while 17% of the SSCI authors 
belong to the “aspirants” category, including the two 
most prolific authors previously mentioned.

The authors come from 25 different countries, with 
the United States being the most strongly represented 
with nine authors, followed by England (six), China (five) 

and Australia (five). As Figure 3 shows, this illustrates 
the diverse geographical distribution of researchers 
contributing to tourism safety and security research. 
Looking specifically at the SSCI journals, authors are spread 
across 16 countries, with the majority from the United 
States (six) and five each from England and Australia. 
The ESCI journals also have authors from 16 countries, 

Table 2: Paper distribution of WoS and Scopus citations

SSCI papers
WoS citations Scopus citations

Total per author per year Total per author per year
Cavlek, N. (2002) 165 165 7.17 219 219 9.52

de Albuquerque, K., & McElroy, J. (1999) 95 47.5 3.65 138 69 5.31
Brunt, P., Mawby, R., & Hambly, Z. (2000) 125 41.67 5 151 50.33 6.04
Bowen, C., Fidgeon, P., & Page, S. J. (2014) 60 20 5.45 67 22.33 6.09

Cruz-Milán, O., Simpson, J. J., Simpson, P. M., & Choi, W. (2016) 25 6.25 2.78 25 6.25 2.78
Alrawadieh, Z., Alrawadieh, Z., & Kozak, M. (2019) 59 19.67 9.83 71 23.67 11.83

Xu, D., Murphy, L., Chen, T.Z., & Pearce, P. L. (2022) 8 2 2.67 10 2.5 3.33
Buda, D. M. (2016) 25 25 2.78 30 30 3.34

Samitas, A., Asteriou, D., Polyzos, S., & Kenourgios, D. (2018) 79 19.75 11.29 86 21.5 12.29
Agarwal, S., Page, S. J., & Mawby, R. (2021) 20 6.67 5 28 9.33 7

Hamm, D., & Su, C.-H. (Joan). (2021) 11 5.5 2.75 11 5.5 2.75
Simpson, J. J., & Simpson, P. M. (2017) 27 13.5 3.38 30 15 3.75

Zou, Y., & Yu, Q. (2022) 21 10.5 7 29 14.5 9.67
Millar, M., Collins, M. D., & Jones, D. L. (2017) 11 3.67 1.38 11 3.67 1.38

Zou, Y., & Meng, F. (2020) 54 27 10.8 60 30 12
Adam, I., & Adongo, C. A. (2016) 28 14 3.11 28 14 3.11

Chan, C.-S., Nozu, K., & Cheung, T. O. L. (2020) 42 14 8.4 56 18.67 11.2
Xu, D., Murphy, L., & Chen, T. (2022) 2 0.67 0.67 2 0.67 0.67
Xu, D., Pearce, P. L., & Chen, T. (2021) 25 8.33 6.25 27 9 6.75
Petruzzi, M. A., & Marques, C. (2024) 3 1.5 3 4 2 4

Alrawadieh, Z., & Alrawadieh, Z. (2020) 4 2 0.8 5 2.5 1
Zerva, K. (2013) 4 4 0.33 5 5 0.42

Botterill, D., Pointing, S., Hayes-Jonkers, C., Clough, A., Jones, T., & 
Rodriguez, C. (2013) 28 4.67 2.33 28 4.67 2.33

Maldonado-Guzmán, D. J. (2023) 5 5 2.5 9 9 4.5
Jeuring, J., & Becken, S. (2013) 54 27 4.5 62 31 5.17

ESCI papers
WoS citations Scopus citations

Total per author per year Total per author per year
Adeloye, D., Carr, N., & Insch, A. (2019) 10 3.33 1.67 13 4.33 2.17
Korstanje, M. E., & Clayton, A. (2012) 90 45 6.92 124 62 9.54
Jurado, K. C., & Matovelle, P. T. (2019) 4 2 0.67 4 2 0.67

Boxill, I. (2012) 3 3 0.23 4 4 0.31
Carvalho, M. A. (2022) 0 0 0 3 3 1

Johnny, L., & Jordan, L. (2007) 11 5.5 0.61 ∕ ∕ ∕
Salman, A., Trupp, A., & Chan, L.-F. (2024) 0 0 0 ∕ ∕ ∕

Tarlow, P. (2019) 1 1 0.17 1 1 0.17
Marton, Z., Ernszt, I., & Birkner, Z. (2020) 1 0.33 0.2 2 0.67 0.4

Polyzos, S., Papadopoulou, G., & Xesfingi, S. (2023) 5 1.67 2.5 7 2.33 3.5
Afonso-Rodríguez, J. A. (2017) 27 27 3.38 33 33 4.13

Ye, B., Zhao, S., Im, H., Gan, L., Liu, M., Wang, X., & Yang, Q. (2023) 1 0.14 0.5 1 0.14 0.5
Fauzel, S., & Seetanah, B. (2023) 2 1 1 5 2.5 2.5
Wilson, J., & Látková, P. (2016) 10 5 1.11 10 5 1.11

Bennett, R. (2017) 2 2 0.25 3 3 0.38
Source: Authors
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with Jamaica (four) and the United States (three) being 
the most represented.

Citation analysis

In order to evaluate the scientific impact and influence 
of individual papers and journals, a citation analysis 
was carried out (Tables 3 and 4). Citation data from WoS 
and Scopus were used, which, “remain today the main 
sources for citation data” [57, p. 214]. Since citation data 
can fluctuate, it is important to note that the data was 
retrieved on May 24, 2024.

In terms of individual papers, the highest number of 
citations and the strongest influence on the development of 
the literature on tourism safety and security were attributed 
to the works of [18], [21], and [31]. Cavlek’s paper [21] not 
only received the highest total number of WoS and Scopus 
citations, but also the most citations per author. On the 
other hand, the highest number of citations per year was 
achieved by [65] and [81]. All of the aforementioned studies 
are SSCI papers, with only one ESCI paper standing out 
in terms of influence, namely [45]. The remaining ESCI 
papers achieved a relatively modest number of WoS and 

Scopus citations, underlining the expected dominance of 
SSCI papers over ESCI papers (Table 2).

The citation analysis at the journal level shows that 
the Annals of Tourism Research, Tourism Management and 
Current Issues in Tourism have had the greatest influence 
on shaping scientific thought in the field of tourism safety 
and security. These journals, which are all listed in SSCI, 
show an undeniable dominance over the ESCI journals. 
The only ESCI journal that came close to the SSCI journals 
in terms of citations and impact in this area is Worldwide 
Hospitality and Tourism Themes (Table 3).

Keyword analysis

The last step in the evaluative bibliometric analysis is 
the analysis of keywords, which aimed to determine the 
prevailing topics and dominant research niches that occupy 
the attention of the authors of tourism safety and security 
literature. An analysis of the most frequently occurring 
terms shows that the authors’ interests primarily focus 
on topics such as crime and terrorism, as well as travel 
intentions and risk perception. No significant differences 
were found between the dominant keywords in SSCI and 

Table 3: Journals distribution of WoS and Scopus citations

SSCI journals
WoS citations Scopus citations

Total  per paper Total per paper
Tourism Management (IF 12.7) 288 57.6 336 67.2

Annals of Tourism Research (IF 13.2) 308 77 413 103.25
Current Issues in Tourism (IF 8) 161 40.25 192 48

Journal of Hospitality and Tourism Management (IF 8.3) 47 15.67 49 16.33
Journal of Travel Research (IF 8.9) 52 26 60 30

Journal of Tourism and Cultural Change (IF 2.2) 8 4 10 5
Tourism Management Perspectives (IF 8.7) 79 79 86 86

Journal of Destination Marketing & Management (IF 8.4) 21 21 29 29
Journal of Hospitality Marketing & Management (IF 12.5) 11 11 11 11

Asia Pacific Journal of Tourism Research (IF 5.0) 2 2 2 2
Journal of Vacation Marketing (IF 5.1) 3 3 4 4

ESCI journals
WoS citations Scopus citations

Total  per paper Total per paper
Tourism Recreation Research (IF 4.2) 10 10 13 13

Worldwide Hospitality and Tourism Themes (IF 2.2) 96 24 132 33
Tourism (IF 1.7) 4 2 4 2

European Journal of Tourism Research (IF 2.3) 0 0 3 3
Annals of Leisure Research (IF 1.9) 11 11 ∕ ∕

DETUROPE – The Central European Journal of Tourism and Regional Development (IF 1) 1 1 2 2
Journal of Policy Research in Tourism, Leisure and Events (IF 3.1) 32 16 40 20

Journal of Tourism Futures (IF 6.7) 1 1 1 1
Tourism Analysis (IF 1.8) 2 2 5 5

Tourism and Hospitality Research (IF 3.5) 10 10 10 10
Source: Authors
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ESCI papers, suggesting that both groups of publications 
address similar topics (Table 4).

By examining the average year of publications in 
which keywords are listed, it is possible to gain an insight 
into the most current topics, as well as those for which 
researchers’ interest has declined. Figure 4, created using 
VOSviewer, shows that the earliest publications on this 
topic, in both SSCI and ESCI papers, focused primarily 
on the impact of terrorism and crime on tourism, before 
the focus shifted toward ensuring the safety of tourists 

and local residents. In more recent publications, however, 
the interest is on the impact of fraud, harassment and 
systemic risks on tourists’ behaviour and their perception 
of safety and security when visiting tourism destinations.

Since no differences were identified in the topics 
covered by SSCI and ESCI papers, the next step involved 
conducting a keyword clustering using the publications 
from both the SSCI- and ESCI-indexed journals. The 
aim of this analysis was to identify clusters of keywords, 
or dominant themes, based on their proximity to each 
other. The closer proximity of terms within the clusters 
reflects their stronger relatedness, illustrating the patterns 
of interconnected topics within the research [66]. Using 
VOSviewer, four distinct keyword clusters were identified 
(Figure 5), with the association strength method applied 
to normalize the strength of the connections between the 
keywords. In total, 388 connections were identified, with 
an overall link strength of 524. 

The first cluster (red-coded), contains the largest 
set of keywords (20) and focuses on topics related to the 
impact of scams and harassment on tourists’ perception 
of safety and security. The second cluster (green-coded), 
contains 17 keywords and emphasizes the impact of crime 
on tourism. The third cluster (blue-coded), deals with 
the impact of systemic risks on travel behaviour. Finally, 
the fourth cluster (yellow-coded), includes keywords 
that examine the relationship between terrorism and 
tourism. In the following content analysis, each cluster 
will be examined in detail from the perspective of both 
SSCI and ESCI papers.

Figure 4: Keyword trend (SSCI keywords on the left, ESCI keywords on the right)
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Table 4:  Most frequently occurring terms  
in the analysed papers

Term Frequency
SSCI

safety 23
tourist 14

risk 13
tourism 13
security 11

crime 10
destination 10
perceptions 10

management 9
terrorism 8

ESCI
tourism 23

risk 8
terrorism 8

destination 7
security 7

safety 6
travel 6

Caribbean 4
intention 4
Covid-19 3

Source: Authors
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Content analysis

Topic 1: Impact of scams and harassment on tourists’ 
sense of security and safety

Research on the impact of scams and harassment on 
tourists’ sense of security and safety offers several important 
insights. First, tourists’ perception of safety changes before, 
during and after the trip and is influenced by interactions 
with locals and facilities [82]. Emotional bonds between 
locals and tourists have different effects on the perception 
of safety, but play a more important role in times of crisis 
[67]. One study showed that tourists generally feel safe 
during the day, but not on public transport or at night [42]. 
Fraud is one of the most common reasons why tourists 
feel less safe. Scammers use a variety of techniques, such 
as building trust with tourists, creating a sense of urgency 
and using local knowledge to mislead victims. Tourists 
unwittingly engage in practices that make them vulnerable 
to scams, often due to limited knowledge, curiosity or 
trust in the legitimacy of the scammers [78]. Aggressive 
behavior and persistent harassment, especially by street 
vendors, has an emotional impact on tourists and affect 
their experience, but contribute little to overall satisfaction 
[6] and the overall image of the destination [55]. The 
presence of security forces increases the tourists’ sense of 

security and contributes to their loyalty [29]. Strong tourism 
security not only protects visitors, but also increases the 
value of the tourism product by boosting tourism growth 
and local economies. Tourism-oriented economies thus 
need to adopt proactive security and recovery plans to 
mitigate risks and crises, especially in areas where man-
made challenges are common [68].

In terms of methodological approaches, both 
quantitative and qualitative methods were used in the 
observed studies. SSCI-indexed studies tended to favor 
qualitative methods, while ESCI studies predominantly 
used quantitative approaches (Table 5).

Topic 2: Influence of crime on tourism

The second cluster of papers reveal that tourists’ actual 
perception of safety often exceeds their expectations, even 
in destinations that are considered risky due to crime or 
political factors [81], [74]. Crime can take many forms, 
from property crimes such as stealing to more serious 
threats such as violence and aggravated assault [31], 
affecting both tourism and the economic growth of the 
destinations where these threats manifested [12], [15], [41], 
[53]. Despite this, tourists can still feel relatively safe, as 
evidenced by studies showing that the existence of crime 
is not always a significant obstacle for tourists [18], [41]. 

Figure 5: Keyword clusters
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risks such as the COVID-19 pandemic have strongly 
influenced tourists’ behaviour and changed their travel 
intentions. The phenomenon of “revenge tourism” with 
tourists seeking to make up for lost travel experiences, has 
significantly influenced post-pandemic travel behaviour. 
However, certain factors such as health concerns and the 
destination safety play an important role in the travel 
decision-making [64]. Sustainability has also emerged 
as a priority for some tourists, with an increasing focus 
on environmentally responsible travel [61]. In the case of 
natural disasters, such as severe weather, tourists differ in 
their perception of responsibility for their own protection, 
with many seeing this as a shared responsibility between 
themselves and the authorities [40]. Effective management 
and communication strategies have been identified as 
essential both for destinations affected by a pandemic 
to restore their tourism appeal [79] and improve travel 
intentions [20], and for destinations affected by severe 
weather events to increase tourists’ preparedness and 
safety during such events [40].

The majority of studies (four out of five) used a 
quantitative methodology, indicating a preference for 
data collection using structured questionnaires, while 

Furthermore, some tourism organizations even use the 
presence of negative aspects such as gang culture to attract 
tourists. In this way, existence of criminal behaviour at the 
destination is seen as an opportunity rather than a threat 
[80]. However, some tourists may be more vulnerable to 
certain crimes due to their background and travel behaviour, 
highlighting the need for better security measures and 
pre-travel information about potential dangers [1].

In terms of methodological approaches, the studies 
often used qualitative and mixed-methods research, with 
case studies, interviews and secondary data analysis being 
common research designs. The SSCI studies generally prefer 
quantitative approaches such as surveys and have a more 
global research focus. In contrast, ESCI studies appear to 
focus particularly on the Caribbean destinations and offer 
descriptive insights into the relationship between crime 
and tourism (Table 6).

Topic 3: The influence of systemic risks on travel 
behaviour

This cluster of papers addresses the impact of systemic 
risks, such as health pandemics and severe weather 
events, on tourists. The studies reveal that biological 

Table 5: Comparison of SSCI- and ESCI-indexed studies  
on impact of scams and harassment on tourists’ sense of security and safety

Criteria SSCI (n=11) ESCI (n=3)

Papers

Alrawadieh & Alrawadieh [6], Alrawadieh et al. [7], Botterill et 
al. [13], Chan et al. [22], Cruz-Milán et al. [29], Hamm & Su [39], 

Millar et al. [55], Simpson & Simpson [67], Xu et al. [76], [77], 
[78], Zou & Yu [82]

Jurado & Matovelle [42], Marton et al. [54], Tarlow 
[68]

Methodology Predominantly qualitative (six studies) with quantitative 
approaches (four studies) and mixed methods (one study)

Primarily quantitative approaches, with one 
qualitative study

Research design Diverse designs including surveys, interviews, netnography, 
Delphi method, case studies and UGC analysis Surveys, with one case study

Research region Australia, China, Japan, Jordan, Texas, US, global Caribbean, Ecuador, Hungary
Source: Authors

Table 6: Comparison of SSCI- and ESCI-indexed studies on crime and tourism

Criteria SSCI (n=6) ESCI (n=4)

Papers Adam & Adongo [1], Brunt et al. [18], de Albuquerque & McElroy 
[31], Maldonado-Guzmán [53], Zerva [80], Zou & Meng [81]

Bennett [12], Boxill [15], Johnny & Jordan [41], 
Wilson & Látková [74]

Methodology Predominantly quantitative (four studies), but includes 
qualitative study as well (one study)

Predominantly qualitative (two studies) with mixed 
methods (one study) and quantitative approaches 

(one study)

Research design Primarily surveys, but also secondary data analysis, case 
studies, and interviews

Mix of secondary data analysis, case study, 
interviews, and surveys

Research region Caribbean, China, Ghana, Los Angeles, Spain, United Kingdom Caribbean region (Cuba, Jamaica, Saint Lucia)
Source: Authors
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one study applied a qualitative methodology and used 
a conceptual and a literature review approach (Table 7).

Topic 4: Relationship between terrorism and tourism

Research in the fourth cluster explores the causal relationship 
between terrorism and tourism and shows that terrorist 
attacks lead to a significant decrease in tourism demand 
[62], negatively affecting economic growth, with the most 
apparent effects occurring a few months after the attack 
[3], [65]. In some cases, increased tourism development 
can attract more terrorist incidents as tourists become 
visible targets [35], although paradoxically these attacks 
can also give rise to “dark tourism” where tragic sites 
turn into attractions [45]. Studies also emphasize the 
importance of managing domestic tourism during crises. 
As domestic tourism is more resilient to terrorism-related 
crises compared to international tourism, it represents an 
opportunity to mitigate economic losses during such events 
[2]. The findings thus suggest that tourism can coexist 
with danger [19]. However, developing comprehensive risk 
management plans to address terrorism is of paramount 
importance [14], as recovery from a crisis requires significant 
investment to regain market position [4], [21].

The papers in the SSCI journals in this cluster show 
a broader range of methodologies (including qualitative, 
quantitative, and mixed-method), while the papers in 

the ESCI journals rely more on quantitative approaches 
to investigate the relationship between terrorism and 
tourism. Quantitative research primarily uses secondary 
data analysis, while qualitative studies rely more on case 
studies and literature reviews. The mixed-method study 
combines quantitative and qualitative methodology using 
survey and interview (Table 8).

Conclusions

With the frequent occurrence of crisis events and the 
increasing influence of systemic factors on tourism, 
safety and security have emerged as a key consideration 
in destination choice [33], [64]. However, the academic 
community’s contributions to understanding this topic 
remain largely unsystematized and lack detailed analysis. 
To fill this gap, this paper conducts a bibliometric and 
content analysis of 40 studies from the Web of Science 
database. Findings indicate that research to date has focused 
on four main safety and security issues affecting tourism 
industry, i.e., fraud and harassment, crime, systemic risks 
and terrorism. The results show that the impact of scams 
and harassment on tourist behavior has attracted the most 
research interest, while the study of the systemic risks effects 
is still in nascent stage. Looking at the papers depending 
on whether they were published in journals referenced on 

Table 7: Comparison of SSCI- and ESCI-indexed studies on systemic risks and travel behaviour

Criteria SSCI (n=2) ESCI (n=3)

Papers Jeuring & Becken [40], Petruzzi & Marques [61] Carvalho [20], Salman et al. [64], Ye et al. [79]

Methodology Quantitative Predominantly quantitative, with one qualitative study

Research design Survey Primarily survey, with one conceptual and literature review paper

Research region New Zealand, global China, Portugal, global
Source: Authors

Table 8: Comparison of SSCI- and ESCI-indexed studies on terrorism and tourism

Criteria SSCI (n=5) ESCI (n=5)

Papers Agarwal et al. [4], Bowen et al. [14], Buda [19], Cavlek [21], 
Samitas et al. [65]

Adeloye et al. [2], Afonso-Rodríguez [3], Fauzel & 
Seetanah [35], Korstanje & Clayton [45], Polyzos et 

al. [62]

Methodology Quantitative and qualitative approaches are equally represented, 
with one study employing a mixed-methods approach

Predominantly quantitative (three studies), with 
two qualitative studies

Research design Mix of secondary data analysis, case studies, interviews, surveys Primarily secondary data analysis, but also case 
studies, and literature review

Research region Conflict zones (Middle East, Africa), Croatia, Greece Africa, Egypt, Turkey, global
Source: Authors
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the SSCI or ESCI list, the previous conclusion does not 
change when it comes to SSCI-indexed papers. However, 
in the ESCI-indexed papers, the focus is slightly more on 
the impact of crime and terrorism and less on other types 
of risk. The analysis also suggests that this field of study is 
gradually reaching maturity, as evidenced by a stronger 
emphasis on quantitative over qualitative approaches [50] 
in both the SSCI and ESCI papers.

Given the frequency and strong negative impact 
of natural and man-made crises on tourism, it is to be 
expected that issues of safety and security in tourism will 
continue to occupy the attention of both the academic 
community and tourism policy makers. By systematizing 
the existing scientific knowledge on tourism safety and 
security, this study offers valuable insights for both future 
researchers and destination management organizations. 
Firstly, by highlighting the most common topics, the 
methods used and the destinations studied, it serves as 
a practical guide for authors aiming to publish papers in 
SSCI or ESCI journals, helping them identify research 
gaps and new opportunities. Additionally, the literature 
review includes researchers’ recommendations in each topic 
area, providing destination management organizations 
with a useful basis for developing strategies to improve a 
destination’s safety image.

This study is not without limitation. The main 
limitation lies in the sample selection criteria, which may 
have excluded publications that are important for the 
development of tourism safety and security research, such 
as non-English language studies or those indexed in other 
reputable databases. Future research could address this by 
expanding the sample to include papers from databases 
such as the Australian Business Deans Council (ABDC) 
Journal Quality List. Another possible limitation relates 
to the keywords selected for the literature search. Future 
studies should consider updating and expanding the 
keyword list to possibly include a larger number of relevant 
publications. Additionally, future studies could benefit 
from the application of social network analysis (SNA) to 
gain deeper insights into the intellectual structure of this 
field, particularly with regard to relational networks and 
the level of collaboration between authors contributing 
to this area.
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