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ABSTRACT 

The development of a financial stress index has been one of the most important policy priorities for developing countries prior to the 

occurrence of economic shocks. Uncertainty arising from financial stress, which has received increased attention in recent decades and is 

often considered one of its most significant costs, essentially refers to uncertainty regarding future levels of financial stress. The present 

study investigates the effects of the COVID-19 crisis, financial stress, and oil price volatility on stock return volatility of the entire group of 

pharmaceutical companies operating during recession and expansion periods over the time span from 1991 to 2024, using a time series 

approach. The Markov-switching method was employed to estimate the model across recessionary and expansionary regimes. From the 

perspective of purpose, the research is applied, and in terms of nature, it is descriptive-analytical and classified as an ex post facto study. 

Based on the estimation results of the Markov model, the coefficients are statistically significant at the 95% confidence level, and their signs 

are consistent with theoretical foundations. The intercept value in the first regime is 0.21, while in the second regime it is −0.39. The regime 

with a negative intercept represents a recession period, whereas the regime with a positive intercept indicates an expansion period. The 

variance of the disturbance terms in the first regime is 0.33 and in the second regime is 0.49. These findings indicate that the second regime 

(recession period) exhibits greater volatility compared to the first regime (expansion period). The estimated relationships reveal a positive 

impact of financial stress, the COVID-19 crisis, oil price shocks, and inflation rate on stock return volatility of pharmaceutical companies 

during recession periods. Additionally, a negative relationship between financial stress and stock return volatility during expansion periods is 

confirmed. 

Keywords: COVID-19 crisis, financial stress, oil price volatility, stock return volatility, pharmaceutical companies 

 

Introduction 

The pharmaceutical industry occupies a distinctive position in modern economies because it lies at the 

intersection of public health, industrial policy, financial markets, and macroeconomic stability. Unlike many other 

sectors, pharmaceutical firms are simultaneously exposed to input-side cost pressures, demand shocks, regulatory 

interventions, exchange-rate dynamics, and shifts in investor sentiment. This multidimensional exposure makes the 

stock performance of pharmaceutical companies highly sensitive to broad economic disturbances, especially in 
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countries where macroeconomic instability, oil dependency, inflation, and financial fragility interact in persistent 

ways. In such settings, stock return volatility in the pharmaceutical sector cannot be understood only through firm-

level fundamentals; rather, it must be analyzed within a broader framework that incorporates oil price fluctuations, 

financial stress, crisis conditions, and regime-dependent macroeconomic behavior (1-3). 

In emerging and oil-dependent economies, the role of energy-market disturbances in shaping financial outcomes 

has long attracted scholarly attention. Oil price fluctuations affect production costs, transportation expenses, 

inflation expectations, exchange-rate pressures, and investor risk perceptions. These channels are particularly 

relevant for pharmaceutical firms because this sector relies heavily on imported raw materials, active 

pharmaceutical ingredients, packaging inputs, specialized machinery, and global supply networks. Consequently, 

oil market volatility is not merely an external macroeconomic event; it is a determinant of sectoral profitability, 

expected cash flows, and market valuation. Empirical evidence has shown that fluctuations in global oil prices are 

capable of altering stock returns across industries, and in the case of pharmaceutical companies, these effects may 

be amplified during periods of crisis or uncertainty (4-6). 

The Iranian context provides a particularly compelling case for investigating these relationships. The structure of 

the Iranian economy has historically been shaped by oil revenues, macroeconomic imbalances, inflationary 

episodes, exchange-rate instability, sanctions-related constraints, and recurring financial tensions. In such an 

environment, the capital market does not operate independently from the broader macro-financial system. Instead, 

sectoral stock performance reflects continuous interactions among real shocks, financial conditions, and policy 

uncertainty. Pharmaceutical firms in Iran are especially vulnerable because they operate in a strategically important 

but highly regulated sector, with demand that is socially essential yet economically affected by inflation, cost shocks, 

and supply-chain disruptions. Prior Iranian studies have documented that oil price fluctuations, the COVID-19 crisis, 

and financial stress significantly influence the profitability, stock returns, and market performance of pharmaceutical 

companies, highlighting the need for more integrated and dynamic analysis of stock return volatility in this sector 

(1, 2, 7). 

The COVID-19 crisis further reinforced the importance of analyzing pharmaceutical-sector behavior under stress 

conditions. Although the pharmaceutical industry might initially appear resilient because of increased healthcare 

demand during a pandemic, the actual economic effects of COVID-19 were far more complex. The pandemic 

disrupted international supply chains, intensified uncertainty in raw material procurement, altered consumption 

patterns, strained public budgets, and produced abrupt changes in financial market expectations. At the same time, 

the crisis affected transportation systems, energy demand, and commodity prices, thereby strengthening the links 

between oil shocks and stock market volatility. In Iran, evidence suggests that the COVID-19 shock significantly 

interacted with oil price fluctuations and financial conditions to influence the returns and performance of 

pharmaceutical firms, especially during turbulent periods (2, 7, 8). 

Beyond oil and pandemic-related disruptions, financial stress itself has become an essential concept for 

explaining stock market instability. Financial stress reflects the degree of tension, fragility, and uncertainty within 

the financial system and may emerge through credit constraints, liquidity shortages, interest-rate pressures, 

exchange-market instability, and deteriorating expectations. For listed firms, rising financial stress affects access to 

funding, increases perceived risk, changes portfolio reallocation behavior, and often magnifies volatility in equity 

markets. In sectors like pharmaceuticals, where production continuity and inventory financing are crucial, the 

transmission of financial stress can be especially consequential. The literature on Iran has increasingly recognized 
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that financial tensions are not peripheral variables but central drivers of firm performance and stock return behavior 

in the pharmaceutical industry (1-3). 

At the same time, recent global scholarship has emphasized that macroeconomic and financial relationships 

should not be analyzed through purely linear frameworks. Economic systems are shaped by asymmetries, nonlinear 

adjustments, threshold effects, and regime-dependent responses. Shocks that appear moderate in normal periods 

may become highly disruptive during recessionary episodes, while variables that destabilize returns in one regime 

may exert weaker or even opposite effects in another. This insight is particularly relevant for stock return volatility, 

which tends to cluster, persist, and respond differently to positive and negative news. In oil-linked and crisis-prone 

economies, a nonlinear regime-switching perspective may offer a more realistic representation of sectoral financial 

dynamics than conventional linear models. Therefore, examining pharmaceutical stock volatility through recession 

and expansion regimes can uncover structures that remain hidden in average-effect models (9-11). 

The growing importance of complexity in economic analysis also supports this broader perspective. Recent 

studies on economic governance, economic complexity, sustainability transitions, and structural transformation 

show that sectoral outcomes emerge from interconnected systems rather than isolated variables. Economic 

governance institutions can moderate how structural complexity affects growth, trade, and investment, while green 

innovation and technological development reshape the resilience and efficiency of economic systems. Although 

these studies are often situated in different domains, they collectively reinforce a central methodological point: 

modern economic behavior is nonlinear, interdependent, and highly sensitive to contextual conditions. For stock 

markets in emerging economies, this means that volatility should be interpreted within a network of institutional, 

macroeconomic, and sector-specific influences rather than as a standalone financial phenomenon (12-14). 

The relevance of technological and structural transformation to economic resilience further enriches the 

conceptual backdrop of the present study. Research on the digital economy, green technology, renewable energy 

systems, and decarbonization has shown that systemic adaptation capacity can reshape how economies absorb 

shocks and allocate resources. While these studies are not directly focused on pharmaceutical equities, they 

indicate that modern economies respond to crises through interconnected channels involving innovation, 

investment, institutions, and infrastructure. In this sense, the investigation of stock return volatility in pharmaceutical 

companies is part of a broader inquiry into how strategic sectors behave under structural stress and uncertainty. 

The value of such analysis increases when it is situated in a macro-financial environment characterized by multiple, 

overlapping shocks (11, 15, 16). 

In the Iranian pharmaceutical sector, the sensitivity of stock returns to oil shocks has already been documented 

in multiple studies, but the evidence also suggests that the magnitude and direction of these effects depend on 

surrounding economic conditions. Some studies have shown that oil price fluctuations exert direct effects on 

pharmaceutical stock prices and returns, while others have highlighted the interactive role of crisis episodes such 

as COVID-19 or broader financial disturbances. These findings imply that oil price changes should not be treated 

as isolated exogenous variables; rather, their impact may be mediated by recessionary conditions, market 

expectations, inflationary pressures, and financial stress. Thus, a more refined empirical design is needed to capture 

how these determinants jointly shape stock return volatility across distinct macroeconomic regimes (5, 6, 8). 

Inflation also plays a major role in this analytical framework. In economies experiencing recurrent inflationary 

pressures, the volatility of sectoral stock returns is influenced by shifts in production costs, consumer purchasing 

power, discount rates, monetary conditions, and speculative behavior. For pharmaceutical firms, inflation affects 
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both the cost structure and pricing environment, especially in contexts where government intervention, subsidy 

policy, or import dependence complicate market adjustment. Oil shocks often transmit into inflation, and financial 

stress may intensify inflationary expectations, making it difficult to disentangle these forces in a simple linear setting. 

Therefore, a comprehensive model of pharmaceutical stock volatility must consider inflation not as a background 

variable but as an active channel through which macroeconomic shocks are transmitted to sectoral financial 

outcomes (1-3). 

The need for such an integrated approach is further justified by the theoretical and empirical literature on volatility 

asymmetry. Financial and commodity markets typically react differently to positive and negative shocks of similar 

magnitude. This asymmetry is especially evident in oil markets, where supply concerns, geopolitical tensions, and 

demand collapses produce different volatility responses. Since pharmaceutical firms are linked to oil both directly 

through cost channels and indirectly through broader macroeconomic transmission mechanisms, oil shock 

asymmetry can translate into nonlinear equity-market responses. Moreover, crisis conditions amplify these 

asymmetries by heightening uncertainty and increasing sensitivity to adverse information. A framework that 

combines oil shock measurement, volatility modeling, and regime switching is therefore well suited to the realities 

of the sector under investigation (4, 9, 10). 

Another important motivation for this study lies in the limited scope of much of the existing empirical work. Prior 

research has often concentrated on stock returns, profitability, or stock prices rather than explicitly modeling stock 

return volatility across different macroeconomic regimes. Yet volatility itself is a critical variable because it reflects 

the degree of uncertainty perceived by investors and has implications for portfolio allocation, risk management, 

pricing efficiency, and sectoral capital formation. In sectors considered strategically essential, such as 

pharmaceuticals, persistent volatility may affect investment planning, financing conditions, and even production 

continuity. The issue is therefore not only whether oil prices, COVID-19, or financial stress influence stock 

performance, but how they alter the instability and risk structure of returns across recession and expansion periods 

(2, 7, 8). 

From a policy perspective, this topic is equally important. If stock return volatility in pharmaceutical companies 

rises sharply during recessionary periods in response to oil shocks, inflation, or financial stress, policymakers may 

need to design stabilizing mechanisms that go beyond conventional industrial support. Such mechanisms could 

include financial market monitoring, targeted liquidity support, macroprudential coordination, exchange-rate 

management, and crisis-specific interventions for strategically important sectors. Furthermore, the broader literature 

on governance and structural adjustment suggests that resilience depends not only on sector-specific policies but 

also on institutional quality and the broader architecture of economic management. This reinforces the importance 

of analyzing volatility in a way that is sensitive to cyclical regimes and systemic tensions (12-14). 

For investors and financial analysts, the issue is no less consequential. Sectoral portfolio decisions in emerging 

markets require an understanding of how macroeconomic shocks are transmitted to specific industries over time. If 

the response of pharmaceutical stock volatility differs between recession and expansion regimes, then static risk 

assumptions become inadequate. Investors need models that account for the probability of regime changes, the 

persistence of volatility, and the asymmetric effects of oil and crisis shocks. The capital market relevance of this 

problem becomes especially acute in the Iranian context, where abrupt macroeconomic changes can quickly alter 

the risk-return profile of listed firms (3, 5, 6). 
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In methodological terms, the use of regime-switching models is particularly justified in such a context. Markov-

switching frameworks allow researchers to distinguish between latent states of the economy and to estimate 

whether the effects of explanatory variables differ across those states. This is highly appropriate when expansion 

and recession periods exhibit different volatility patterns and when the transmission of financial stress and oil shocks 

is not constant over time. By combining such an approach with volatility measures and macro-financial variables, 

the study can contribute not only to the empirical literature on pharmaceutical stocks in Iran but also to the broader 

literature on sectoral vulnerability under overlapping macroeconomic shocks (1, 2, 9). 

The present research also responds to a broader scholarly shift toward multidimensional interpretation of 

economic fragility. Whether the focus is on green technology, digital transformation, renewable energy systems, 

ecological efficiency, or economic complexity, recent studies increasingly show that resilience and volatility are 

embedded in structural relationships rather than isolated indicators. This insight is valuable for the present article 

because it supports the view that the stock return volatility of pharmaceutical firms should be analyzed as a product 

of interacting macroeconomic, sectoral, and crisis-related forces. In this sense, the study is not merely about stock 

market behavior; it is about the capacity of a strategically essential industry to withstand instability in a volatile 

economic environment (11, 14-16). 

Given the strategic importance of the pharmaceutical industry, the volatility-enhancing role of oil price shocks, 

the disruptive consequences of the COVID-19 crisis, the amplifying effect of financial stress, and the likelihood that 

these relationships vary across recession and expansion regimes, a regime-sensitive time-series analysis is both 

theoretically and empirically warranted (1-16). 

Accordingly, the aim of this study is to investigate the effects of the COVID-19 crisis, financial stress, oil price 

shocks, and inflation on the stock return volatility of pharmaceutical companies in Iran during recession and 

expansion periods. 

Methods and Materials 

The present study is applied in terms of purpose and descriptive-analytical in nature, and it is classified as an ex 

post facto study. Following prior studies, this research examines the effects of the COVID-19 crisis, financial stress, 

and oil price volatility on the stock return volatility of the entire group of pharmaceutical companies operating during 

recession and expansion periods over the time span from 1991 to 2024 using a time series approach. The Markov-

switching method is employed to estimate the model across recessionary and expansionary regimes. The Markov-

switching model was first introduced by Quandt (1972) and Quandt and Goldfeld (1973), and was later extended 

by James Hamilton (1989) to extract business cycles. Unlike other nonlinear methods such as STAR and ANN, 

where transitions between regimes occur gradually, in the Markov-switching model transitions occur abruptly. In 

this framework, it is assumed that the regime occurring at time 𝑡is unobservable and depends on a latent process 

𝑠𝑡. In a two-regime model, 𝑠𝑡can take values of 1 and 2. A two-regime 𝐴𝑅(1)model can be expressed as: 

𝑦𝑡 = {
𝜙0,1 + 𝜙1,1𝑦𝑡−1 + 𝜀𝑡 if 𝑠𝑡 = 1

𝜙0,2 + 𝜙1,2𝑦𝑡−1 + 𝜀𝑡 if 𝑠𝑡 = 2
 

 

Or more compactly: 

𝑦𝑡 = 𝜙0,𝑠𝑡
+ 𝜙1,𝑠𝑡

𝑦𝑡−1 + 𝜀𝑡 
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To complete the model, the characteristics of the process 𝑠𝑡must be specified. In the Markov-switching 

framework, 𝑠𝑡is assumed to follow a first-order Markov process, implying that it depends only on the previous regime 

𝑠𝑡−1. Transition probabilities are defined as follows: 

𝑃(𝑠𝑡 = 1 ∣ 𝑠𝑡−1 = 1) = 𝑝11 

𝑃(𝑠𝑡 = 2 ∣ 𝑠𝑡−1 = 1) = 𝑝12 

𝑃(𝑠𝑡 = 1 ∣ 𝑠𝑡−1 = 2) = 𝑝21 

𝑃(𝑠𝑡 = 2 ∣ 𝑠𝑡−1 = 2) = 𝑝22 

 

Where 𝑝𝑖𝑗represents the probability of transitioning from state 𝑖at time 𝑡 − 1to state 𝑗at time 𝑡, subject to the 

constraints: 

𝑝11 + 𝑝12 = 1 

𝑝21 + 𝑝22 = 1 

 

In the final model, 𝑠𝑡 = 1represents the first regime (expansion), and 𝑠𝑡 = 2represents the second regime 

(recession). The variable 𝑅denotes return changes resulting from fluctuations in the stock market index for 

pharmaceutical companies. The standard deviation of the average stock return during the fiscal year is calculated 

after computing stock returns, and stock return volatility is ultimately estimated using ARCH and GARCH models. 

Financial Stress Index (FSI) Calculation: 

The financial stress index is computed using Principal Component Analysis (PCA). This method reduces the 

dimensionality of observations based on a composite index and groups similar observations. In PCA, correlated 

variables in a multidimensional space are transformed into a set of uncorrelated components, each representing a 

linear combination of the original variables. These uncorrelated components, known as principal components (PCs), 

are derived from the eigenvectors of the covariance or correlation matrix. The primary applications of PCA include 

dimensionality reduction and identification of structural relationships among variables. A key advantage of PCA in 

econometrics is the elimination of multicollinearity caused by a large number of explanatory variables. 

A composite index based on the volatility of the selected variables is estimated and introduced as the financial 

stress index. The index incorporates three sectors: government, monetary, and foreign exchange. After measuring 

financial stress in each sector, an aggregate financial stress index for the Iranian economy is computed by 

combining sectoral indices. A critical issue in aggregation is the selection of appropriate weights. Given the 

economic conditions of Iran, it is assumed that these sectors do not contribute equally to financial stress; therefore, 

a weighting method is required. 

The cyclical components of variables are regressed on the cyclical component of a reference variable (e.g., 

output growth). The resulting correlation coefficients are used to determine weights according to: 

𝑊𝑘 =
𝑟𝑘
2

∑ 𝑟𝑘
2𝑛

𝑘=1

 

 

Accordingly, in this study, after calculating sector-specific stress indices, the cyclical components of variables in 

each sector are regressed on the cyclical component of output growth, and the resulting correlation coefficients are 

used to compute weights for the aggregate financial stress index. 
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Table 1. Financial Stress Index Components 

Variable Category Variable Definition Operational Definition 

Government Stress GEXP Government size Ratio of total government expenditure to GDP  

TAXINC Total tax revenue Ratio of total tax revenue to GDP  

CU/M1 Currency to money ratio Ratio of currency in circulation to M1 

Monetary Stress SHD/LOD Short-term to long-term deposits Ratio of short-term deposits to long-term deposits  

M1/M2 Money to liquidity ratio Ratio of money supply to liquidity  

Depo Deposit balance ratio Ratio of deposit balance to GDP  

Pdebt Non-government debt ratio Ratio of non-government debt to banks relative to GDP  

RInt Real interest rate Nominal interest rate minus inflation rate 

Exchange Rate Stress RER Real exchange rate 
𝑅𝐸𝑅 = 𝐸𝑅 ×

𝑃𝑜𝑢𝑡
𝑃𝑖𝑛

 

 

Finally, the financial stress index is computed using PCA and incorporated into the model. 

The variable COVID represents the global COVID-19 crisis, taking the value of 1 during crisis months and 0 

otherwise. The outbreak of COVID-19 in Iran was officially confirmed on February 19, 2020. 

The variable OIL represents crude oil price shocks in Iran, calculated using the EGARCH model. 

The inflation rate (INF) is defined as the change in a price index, typically measured by the Consumer Price 

Index (CPI). 

Findings and Results 

Initially, the financial stress index is measured and extracted using PCA. This method is widely applied across 

disciplines, particularly in economics for index construction. Many economic phenomena are influenced by multiple 

factors across different dimensions. Including all such factors in econometric models leads to issues such as 

multicollinearity, increased model complexity, and higher statistical error. Therefore, techniques such as PCA are 

used to reduce dimensionality and improve estimation accuracy. 

Multivariate data analysis plays a crucial role in information analysis. Datasets often include numerous variables, 

each potentially with multiple dimensions, making interpretation difficult. PCA reduces these dimensions by 

transforming data into a smaller set of principal components, facilitating interpretation. It is a non-parametric method 

widely used in applications ranging from neural networks to computer graphics due to its ability to extract meaningful 

information from complex datasets. In this method, correlated variables are transformed into uncorrelated principal 

components, each representing a linear combination of original variables. These components are derived from 

eigenvectors of the covariance or correlation matrix. The primary function of PCA is dimensionality reduction and 

identification of relationships among variables, effectively grouping them. Its key advantage in econometrics is the 

elimination of multicollinearity caused by a large number of explanatory variables. In this study, the following 

variables are used to construct the composite financial stress index: 

Table 2. Study Variables and Their Definition 

Variable Definition 

GEXP Government size 

TAXINC Total tax revenue 

CU/M1 Currency to money ratio 

SHD/LOD Short-term to long-term deposits ratio 

M1/M2 Money to liquidity ratio 

Depo Deposit balance ratio 

Pdebt Non-government debt ratio 

RInt Real interest rate 

RER Real exchange rate 
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To determine the general orientation of data points, an ellipse is drawn to illustrate the correlation structure 

among variables. 
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Figure 1: Data transformation into principal components 

The principal direction of the dispersion of points is neither along 𝑋1, nor along 𝑋2, nor along the other variables; 

rather, it lies between them and is more aligned with the major axis of the ellipse. This axis is called 𝑃𝐶1, which 

represents the first principal component of the variability in 𝑋1, 𝑋2, and the other variables. The second component 

(𝑃𝐶2) lies along the minor axis of the ellipse, is exactly perpendicular to 𝑃𝐶1, and explains the remaining variation 

in 𝑋1, 𝑋2, and the other variables. 𝑃𝐶1, 𝑃𝐶2, and the other components constitute new axes for explaining 𝑋1, 𝑋2, 

and the remaining variables. Therefore, it can be stated that 𝑋1, 𝑋2, and the other variables up to 𝑋9are linear 

combinations of 𝑃𝐶1, 𝑃𝐶2, …, 𝑃𝐶9. That is: 

𝑋𝑖 = 𝑎𝑖1𝑃𝐶1 + 𝑎𝑖2𝑃𝐶2 + 𝑎𝑖3𝑃𝐶3 + 𝑎𝑖4𝑃𝐶4 + 𝑎𝑖5𝑃𝐶5 + 𝑎𝑖6𝑃𝐶6 + 𝑎𝑖7𝑃𝐶7 + 𝑎𝑖8𝑃𝐶8 + 𝑎𝑖9𝑃𝐶9 

 

Likewise, the values of the principal components can be obtained using the following equations: 

𝑃𝐶1 = 𝑊1𝑋1 +𝑊2𝑋2 +𝑊3𝑋3 +𝑊4𝑋4 +𝑊5𝑋5 +𝑊6𝑋6 +𝑊7𝑋7 +𝑊8𝑋8 +𝑊9𝑋9 

𝑃𝐶2 = 𝑊10𝑋10 +𝑊11𝑋11 +𝑊12𝑋12 +𝑊13𝑋13 +𝑊14𝑋14 +𝑊15𝑋15 +𝑊16𝑋16 +𝑊17𝑋17 +𝑊18𝑋18 

… 

𝑃𝐶9 = 𝑊73𝑋73 +𝑊74𝑋74 +𝑊75𝑋75 +𝑊76𝑋76 +𝑊77𝑋77 +𝑊78𝑋78 +𝑊79𝑋79 +𝑊80𝑋80 +𝑊81𝑋81 

 

Where 𝑊𝑖 is the regression coefficient of the principal components on the variables. 

The principal components can be calculated using the original dataset and, in the absence of access to the 

original data, by using the covariance matrix or the correlation matrix. Usually, when the variables in the dataset 

are measured in different units or have different variances, the correlation matrix is used. When the correlation 

matrix is employed, standardized variables with a mean of zero and a standard deviation of one are effectively 

used. 

The first extracted principal component captures the largest amount of data dispersion in the entire dataset. This 

means that the first component is correlated with at least some of the variables. The second extracted component 

has two important properties. First, it captures the largest proportion of the dataset variance not explained by the 
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first component. In other words, the second component is correlated with some observed variables that do not have 

a high correlation with the first component. Second, the second component is uncorrelated with the first component; 

that is, the correlation between the two components is zero. The remaining extracted components in this method 

also possess these two properties. 

The number of extracted components in each model is equal to the number of variables under examination. 

However, it is possible to select only a certain number of these components. Usually, the first two or three 

components account for a substantial proportion of the data dispersion. Therefore, selecting the first two or three 

components is generally sufficient for further analysis. In some cases, however, it is necessary to consider additional 

criteria for determining the required number of components. These criteria are as follows: 

The first criterion (Scree Test): plotting the eigenvalues against the related principal components yields the scree 

plot. This plot shows the change in the degree of importance of the eigenvalues for each principal component. 

Figure 2 presents a hypothetical scree plot. As can be seen, the eigenvalue of the first vector (the variance explained 

by the first vector) is approximately 2.3, the eigenvalue of the second vector is approximately 2.1, and so on, while 

the eigenvalue of the ninth vector is less than 0.4. This indicates that the decline in importance is initially rapid and 

then levels off. The breakpoint indicates the maximum number of principal components that should be taken into 

account. One fewer principal component than the number indicated by the breakpoint may also be appropriate. 

Accordingly, in Figure 2, the first component or the first three components may be selected. 

The second criterion (Eigenvalue): components with eigenvalues greater than one are retained, and the 

remaining components are disregarded. 

The third criterion (Variance): components that explain a larger percentage of dispersion are sufficient for 

continuation of the analysis; usually, the first component accounts for the largest variance. 

0.0
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Figure 2. Eigenvalues of the Principal Components 

To extract the financial stress index, nine variables were used: government size, total government tax revenues, 

the ratio of currency in circulation to money supply, the ratio of short-term deposits to total long-term deposits, the 

ratio of money to liquidity, the deposit balance ratio, the non-government debt balance ratio, the real interest rate, 

and the real exchange rate. 
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Table 3. Correlation Matrix of Financial Stress Indicators 

 

GEXP TAXINC CUM SHDLOD M1M2 DEPO PDEBT RINT RER 

GEXP 1.000000 

        

TAXINC 0.165995 1.000000 

       

CUM -0.103783 -0.358379 1.000000 

      

SHDLOD -0.128613 -0.008877 0.187941 1.000000 

     

M1M2 0.032978 0.100707 0.131337 -0.228512 1.000000 

    

DEPO 0.609053 0.161638 -0.323739 -0.170545 -0.061763 1.000000 

   

PDEBT 0.525666 0.109060 0.025898 -0.031410 0.009685 0.414297 1.000000 

  

RINT 0.131295 0.223358 0.124128 0.476611 0.000612 0.114349 0.313530 1.000000 

 

RER -0.122007 -0.310014 -0.085014 -0.443305 0.055429 0.146620 -0.060383 -0.518628 1.000000 

 

Table 3 shows that there is a relatively high correlation among the above-mentioned indicators. Therefore, by 

reducing the dimensionality of the variables, the financial stress index is extracted using principal component 

analysis. 

Table 4 shows that the eigenvalue of the first component is larger than the others, and approximately 25% of the 

total dataset dispersion is explained by this component. Therefore, this component is the best choice for 

constructing this index. 

Table 4. Estimation Results of the Composite Financial Stress Index Using PCA 

Eigenvalues: (Sum = 9, Average = 1) 

Number Value Difference Proportion Cumulative Value Cumulative Proportion 

1 2.316320 0.244827 0.2574 2.316320 0.2574 

2 2.071493 0.781555 0.2302 4.387813 0.4875 

3 1.289938 0.146412 0.1433 5.677751 0.6309 

4 1.143526 0.547791 0.1271 6.821277 0.7579 

5 0.595735 0.052060 0.0662 7.417012 0.8241 

6 0.543675 0.127906 0.0604 7.960688 0.8845 

7 0.415769 0.027118 0.0462 8.376457 0.9307 

8 0.388651 0.153759 0.0432 8.765108 0.9739 

9 0.234892 --- 0.0261 9.000000 1.0000 

Eigenvectors (Loadings) 

Variable PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

GEXP 0.498997 -0.209736 0.225361 -0.013214 -0.400467 -0.400655 -0.003541 0.177866 0.550911 

TAXINC 0.321701 0.036918 -0.570283 0.345787 -0.134822 0.300890 0.564911 0.144004 0.042207 

CUM -0.169882 0.283044 0.647471 0.162744 -0.275140 0.050451 0.580694 -0.126092 -0.118197 

SHDLOD 0.075269 0.552262 0.002317 -0.266789 0.329713 -0.259983 0.140067 0.649376 -0.023430 

M1M2 -0.021142 -0.093035 0.152450 0.848350 0.316871 -0.270020 -0.170742 0.194220 -0.088122 

DEPO 0.452132 -0.334017 0.055934 -0.201237 0.294130 -0.355547 0.301367 -0.227171 -0.533882 

PDEBT 0.461104 -0.081160 0.379751 -0.013977 0.021906 0.649800 -0.268456 0.307592 -0.216769 

RINT 0.363735 0.441806 0.072586 0.069640 0.444137 0.110177 -0.047849 -0.546552 0.389847 

RER -0.251386 -0.497532 0.170049 -0.131740 0.502373 0.212369 0.360148 0.165463 0.434087 

 

The relationship between the observed variables and the principal components can be expressed using factor 

loadings, and an estimate of the principal components using factor scores can be written as follows: 

𝑃𝐶1 = 0.49 𝐺𝐸𝑋𝑃 + 0.32 𝑇𝐴𝑋𝐼𝑁𝐶 − 0.16 𝐶𝑈𝑀 + 0.07 𝑆𝐻𝐷𝐿𝑂𝐷 − 0.02 𝑀1𝑀2 + 0.45 𝐷𝐸𝑃𝑂 + 0.46 𝑃𝐷𝐸𝐵𝑇

+ 0.36 𝑅𝐼𝑁𝑇 − 0.25 𝑅𝐸𝑅 

 

Thus, it can be stated that the linear combination of the first component, 𝑃𝐶1, for the financial stress index is as 

presented above. 

Finally, the weights of each sub-index in the composite financial stress index are presented in the following table. 
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Table 5. Relative Importance of Variables in the Composite Financial Stress Index 

Variable Name Relative Importance of Variables 

Government size 25.74 

Total government tax revenues 23.02 

Ratio of currency in circulation to money supply 14.33 

Ratio of short-term deposits to total long-term deposits 12.71 

Ratio of money to liquidity 6.62 

Deposit balance ratio 6.04 

Non-government debt balance ratio 4.62 

Real interest rate 4.32 

Real exchange rate 2.61 

Total 100 

 

Table 5 shows the relative importance of the components of the aggregate index, disaggregated by the variables 

selected under the cyclical components regression method. Based on the obtained weights, government size has 

the greatest contribution to the composite financial stress index. Finally, using the make command in Principal 

Component Analysis, the composite index related to financial stress is extracted and employed in the final research 

model. 

In this article, in order to obtain the oil price shocks used in the study, the EGARCH model proposed by Nelson 

(1991) is employed. One of the major limitations of the ARCH and GARCH approaches is their assumption of 

symmetry; that is, negative and positive shocks of equal magnitude are assumed to have the same effect on 

volatility, whereas the volatility of the series does not respond identically to the nature of the news (negative versus 

positive shocks). Accordingly, to address this issue and to analyze the behavior of series volatility, it is necessary 

to use an asymmetric model (Verbeek, 2005). 

ln⁡ 𝜎𝑡
2 = 𝛼0 + 𝛼1

∣ 𝑢𝑡−1 ∣

√𝜎𝑡−1
2

+ 𝛽ln⁡ 𝜎𝑡−1
2 + 𝛾

𝑢𝑡−1

√𝜎𝑡−1
2

, 𝛼0 = 𝜔 − 𝛼√
2

𝜋
, 𝛼1 = 𝛼 

 

This model has several advantages. First, in this model, the dependent variable, 𝜎𝑡
2, is specified in logarithmic 

form; therefore, the coefficients of the right-hand-side variables may be either positive or negative, while 𝜎𝑡
2remains 

positive in all cases. Consequently, there is no longer any need to impose non-negativity restrictions on the 

coefficients. Second, this model also accounts for the effects of asymmetric shocks, because 𝛾is the coefficient of 

𝑢𝑡−1, and 𝑢𝑡−1can be either positive or negative. The parameter 𝛾captures the effects of positive and negative 

shocks, whereas 𝛼is the coefficient that considers only the absolute value ∣ 𝑢𝑡−1 ∣. If 𝛾 = 0, the model is symmetric; 

otherwise, it is asymmetric. The effect of positive shocks is equal to 𝛼 + 𝛾, and the effect of negative shocks is equal 

to 𝛼 − 𝛾. If 𝛾is negative, this indicates that the effect of negative shocks is greater than that of positive shocks, and 

vice versa. 

Table 6. Results of EGARCH Model Estimation 

Conditional Mean Equation Oil Shock Conditional Variance Equation (𝐥𝐧⁡𝝈𝒕
𝟐) Oil Shock 

𝒂𝟎 1.1819∗∗(0.4208) 𝛼0 5.0827∗∗∗(0.3473) 

𝝆𝒕−𝟏 0.6435∗∗∗(0.0499) ln 𝜎𝑡−1
2  0.1645∗∗∗(0.3473) 

𝝆𝒕−𝟐 0.3944∗∗∗(0.0336) 𝑢𝑡−1

√𝜎𝑡−1
2

 2.1276∗∗∗(0.4938) 

𝝆𝒕−𝟑 — |ut−1|

√σt−1
2

 
1.4403∗∗∗(0.8498) 
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The positive value of the parameter 𝛾in the estimated EGARCH model indicates that positive oil price shocks in 

global oil markets generate greater price uncertainty (volatility). Since the absolute effects of negative and positive 

shocks of equal magnitude on oil price volatility are not the same, initial price shocks in global oil markets have an 

asymmetric effect on the formation of oil price volatility. This result is consistent with the realities of global oil 

markets, because positive oil shocks usually occur when the continuous flow of oil trade (oil supply security) in 

world markets is disrupted or, at a minimum, when concern exists about such disruption. This, in turn, creates 

uncertainty among oil demanders and ultimately leads to price volatility in global oil markets. By contrast, negative 

shocks occur when agents in global oil markets are confident about the continuous flow of oil (oil supply security). 

Under these conditions, the concerns of oil demanders are reduced, and as a consequence, oil price volatility 

declines. For this same reason, a form of downward price stickiness also prevails in oil markets. Accordingly, if a 

negative price shock equal in magnitude to a preceding positive shock occurs in global oil markets, that negative 

shock cannot fully offset the equally sized positive shock and return oil prices to their initial level. Largely for this 

reason, negative price shocks play a weaker role in reducing price volatility in global oil markets. 

To calculate stock return volatility in accordance with the existing literature on volatility models, stock returns 

must first be modeled using ARMA models, and the relevant lags in stock returns must be identified. For this 

purpose, the Box–Jenkins methodology was applied, and the result of stock return modeling is presented in the 

following table. 

Table 7. Estimation of the Stock Return Model 

Variable Coefficient Std. Error z-Statistic Prob. 

AR(1) 1.003883 0.000469 2142.666 0.0000 

MA(1) -0.113128 0.031363 -3.607082 0.0003 

 

According to the above model, stock returns are related to their own one-period lag, 𝐴𝑅(1), and to the one-period 

lag of their disturbance term, 𝑀𝐴(1). To examine the existence of conditional heteroskedasticity in stock returns, 

the ARCH test must be used. The result of this test is presented in Table 8. 

Table 8. ARCH Test 

Heteroskedasticity Test: ARCH Value Statistic Probability 

F-statistic 3.198927 Prob. F(1,80) 0.0277 

Obs*R-squared 3.210755 Prob. Chi-Square(1) 0.0271 
 

Given the obtained probability values, the null hypothesis of no conditional heteroskedasticity in stock returns is 

rejected. Therefore, stock returns exhibit conditional heteroskedasticity. 

Finally, in order to obtain stock return volatility, the EGARCH model proposed by Nelson (1991) is employed. 

Table 9. EGARCH Model for Stock Returns 

log⁡(GARCH) = 𝐶(3) + 𝐶(4) ×∣
RESID(−1)

√GARCH(−1)
∣ +𝐶(5) ×

RESID(−1)

√GARCH(−1)
+ 𝐶(6) × log⁡(GARCH(−1)) 

Variable Coefficient Std. Error z-Statistic Prob. 

AR(1) 1.003883 0.000469 2142.666 0.0000 

MA(1) -0.113128 0.031363 -3.607082 0.0003 

Variance Equation 

    

C(3) 0.347601 4.2 × 10−104 8.4 × 10102 0.0000 

C(4) -0.863386 0.048117 -17.94366 0.0000 

C(5) -0.452962 0.010840 -41.78519 0.0000 

C(6) 0.740037 0.040186 18.41519 0.0000 
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At this stage, the magnitude of the volatility derived from stock returns has been calculated. For use in the main 

model, this measure is transformed into a variable. For this purpose, the Make variance garch command must be 

used to generate this volatility series as a variable. 

Initially, in order to ensure the absence of spurious regression, unit root and cointegration tests are employed. In 

this study, the conventional Phillips–Perron test is used. 

Table 10. Results of the PP Test for the Model Variables 

Variable Test Statistic Probability Variable Status 

COVID -1.174659 0.6735 --- 

D(COVID) -6.467001 0.0000 I(1) 

FSI -0.211710 0.9273 --- 

D(FSI) -3.490523 0.0149 I(1) 

INF -0.478836 0.8831 --- 

D(INF) -5.313643 0.0001 I(1) 

OIL -0.926999 0.7668 --- 

D(OIL) -5.976299 0.0000 I(1) 

R -2.557488 0.3007 --- 

D(R) -8.303689 0.0000 I(1) 

 

Considering the theoretical foundations of stationarity tests, the null hypothesis 𝐻0in these tests is defined as 

non-stationarity of the variable. Based on the test results, it can be stated that all model variables are stationary at 

first difference, that is, 𝐼(1). 

Since the variables in the model are integrated of the same order, 𝐼(1), a cointegration test was used to identify 

the existence of a long-run equilibrium relationship among the model variables, and the Johansen–Juselius 

approach was employed for this purpose. To implement this test, it is necessary to determine the number of 

cointegrating vectors. In examining the results of the cointegration test, an appropriate specification must be 

selected regarding the presence or absence of a deterministic trend and an intercept in the cointegrating vector. In 

this regard, five specifications are presented: the first specification, with no intercept and no trend; the second 

specification, with a restricted intercept and no trend; the third specification, with an unrestricted intercept and no 

trend; the fourth specification, with an unrestricted intercept and a restricted trend; and the fifth specification, with 

an unrestricted intercept and an unrestricted trend. These five specifications are estimated for the variables, ranging 

from the most restricted (the first specification) to the least restricted (the fifth specification). Then, the null 

hypothesis of no cointegrating vector is tested against the alternative of one cointegrating vector, followed by the 

null hypothesis of at most one cointegrating vector against the alternative of two vectors. This procedure continues 

up to the existence of 𝑛 − 1cointegrating vectors, where 𝑛denotes the number of variables. A summary of the results 

of the trace test (𝜆Trace)and the maximum eigenvalue test (𝜆Max)regarding the number of cointegrating vectors 

based on the five above-mentioned specifications is presented in Table 11. As can be observed, the null hypothesis 

of no cointegrating vector against the existence of one cointegrating vector among the variables is rejected in the 

model; therefore, there is at least one cointegrating vector among the variables under study. 

Table 11. Summary of the Results for the Number of Cointegrating Vectors 

Specification First 
Specification 

Second 
Specification 

Third 
Specification 

Fourth 
Specification 

Fifth 
Specification 

Trace test 2 3 1 3 3 

Maximum eigenvalue 
test 

2 3 1 1 2 
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The estimation results of the model and the related cointegration tests are reported in Table 12. According to the 

results, the trace test confirms the existence of four cointegrating vectors, while the maximum eigenvalue test 

confirms the existence of two cointegrating vectors at the 5% significance level. As Johansen states, in the case of 

inconsistency between the results, the maximum eigenvalue test has priority over the trace test because it has a 

stronger alternative hypothesis. Therefore, the existence of four cointegrating vectors among the model variables 

can be accepted. 

Table 12. Results of the Cointegration Test 

𝑯𝟎 𝑯𝟏 Trace 
Statistic 

95% Critical 
Value 

Probability Maximum Eigenvalue 
Statistic 

95% Critical 
Value 

Probability 

𝒓
= 𝟎 

𝑟
= 1 

76.45552 69.81889 0.0134 35.99871 33.87687 0.0275 

𝒓
≤ 𝟏 

𝑟
= 2 

40.45682 47.85613 0.2066 22.10929 27.58434 0.2148 

𝒓
≤ 𝟐 

𝑟
= 3 

18.34752 29.79707 0.5405 9.462063 21.13162 0.7935 

𝒓
≤ 𝟑 

𝑟
= 4 

8.885459 15.49471 0.3761 8.019574 14.26460 0.3767 

𝒓
≤ 𝟒 

𝑟
= 5 

0.865885 3.841466 0.3521 0.865885 3.841466 0.3521 

 

The Markov-switching model is an appropriate estimation model when the pattern of the data under investigation 

is nonlinear. To ensure the nonlinearity of the data pattern, the LR test is used. The value of this statistic is calculated 

from the maximum likelihood values of two competing models: one model with a single regime (linear model) and 

another with two regimes (nonlinear model), and it follows a chi-square distribution. If the value of the statistic 

exceeds the critical value at the desired confidence level, it can be concluded that the linear model is not appropriate 

at that confidence level and that a nonlinear model should be used instead. 

Table 13. Results of the LR Test for the Model 

Test Statistic Probability Value 

15.236 0.0000 

As the results in the above table indicate, the value of the LR test statistic is greater than its critical value at the 

5% significance level. Therefore, it can be concluded that, instead of linear models, the nonlinear Markov-switching 

approach is more appropriate for estimating the model. The following table presents the results of estimating the 

Markov-switching model for the study model. 

Table 14. Results of Estimating the Parameters of the Markov-Switching Model 𝑀𝑆(2)-𝐴𝑅(1) During 

Recession and Expansion Periods 

Variable Coefficient Standard Error t-Statistic Probability 

𝒄𝟏 0.212527 0.090308 2.353357 0.0356 

𝒄𝟐 -0.393667 0.142781 -2.757139 0.0201 

𝝈𝟏 0.332052 0.090912 3.652455 0.0003 

𝝈𝟐 0.496421 0.175702 2.825358 0.0069 

𝑹(−𝟏) 0.897400 0.289110 3.104009 0.0041 

𝑭𝑺𝑰(𝟏) 0.237776 0.086521 2.748188 0.0054 

𝑭𝑺𝑰(𝟐) 0.016839 0.006021 2.796881 0.0049 

𝑪𝑶𝑽𝑰𝑫(𝟏) 0.110132 0.055542 1.982849 0.0491 

𝑪𝑶𝑽𝑰𝑫(𝟐) 0.016559 0.007091 2.335214 0.0355 

𝑶𝑰𝑳(𝟏) 0.483512 0.071280 6.783245 0.0000 

𝑶𝑰𝑳(𝟐) 0.288743 0.100192 2.881899 0.0040 

𝑰𝑵𝑭(𝟏) 0.235516 0.085117 2.762255 0.0053 

𝑰𝑵𝑭(𝟐) 0.276170 0.096685 2.856400 0.0042 
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Based on the results of the Markov model estimation, the coefficients are significant at the 95% confidence level, 

and their signs are consistent with theoretical expectations. The intercept in the first regime is 0.21, and in the 

second regime it is −0.39. According to Hamilton’s view (1988), as cited in Kazerouni et al. (2012, p. 19), the regime 

with a negative intercept indicates a recession regime, whereas the regime with a positive intercept indicates an 

expansion regime. Therefore, in this study, the first regime represents the expansion period, and the second regime 

represents the recession period. The variance of the disturbance terms corresponding to the first regime is 0.33, 

and in the second regime it is 0.49. These figures indicate that the second regime (the recession period) exhibits 

greater volatility than the first regime (the expansion period) in the present study. The estimated relationships 

indicate the positive effects of financial stress, the COVID-19 crisis, oil price shocks, and the inflation rate on stock 

return volatility of listed pharmaceutical companies during recession periods. In addition, the existence of a negative 

relationship between financial stress and stock return volatility during expansion periods is confirmed. 

Table 15 presents the years assigned to each regime, or in other words, the cycles of stock return volatility in 

Iran during recession and expansion periods. As the results in the table below show, in 1991, 1996–2006, 2014–

2017, and 2019–2020, financial stress led to a reduction in stock return volatility in Iran during expansion periods. 

In contrast, during recession years, namely 1992–1995, 2007–2013, 2018, and 2021–2024, financial stress 

increased the stock return volatility of pharmaceutical companies listed on the Tehran Stock Exchange. 

Table 15. Years Classified Under Each Regime 

Regime Years 

Regime 1 1991; 1996–2006; 2014–2017; 2019–2020 

Regime 2 1992–1995; 2007–2013; 2018; 2021–2024 

 

Table 16 presents the transition probabilities from one regime to another and the duration of each regime. As 

can be seen from the transition probability functions of the estimated model for the Iranian economy in the following 

table, if the Iranian economy is in the expansion period at time 𝑡, it will remain in the same state with a probability 

of 0.85530, while there is also a probability of 0.13946that the Iranian economy, under other factors, will switch to 

the recession state. If the economy is in a recession state at time 𝑡, it will remain in the same state at time 𝑡 + 1with 

a probability of 0.14470, while there is a probability of 0.86054that the Iranian economy, under other factors, will 

move to the expansion state. Moreover, in the present study, the economy experienced 18 periods of expansion 

compared with 16 periods of recession. 

Table 16. Transition Probabilities From One Regime to Another for the Model 
 

Regime 1 Regime 2 

Regime 1 0.85530 0.13946 

Regime 2 0.86054 0.14470 

 

As noted in the model introduction section, the error terms of the Markov-switching model must be normally 

distributed and free from autocorrelation and heteroskedasticity. The results of the tests related to these properties 

are presented below. 

Table 17. Results of the Relevant Diagnostic Tests for the Model 

Test Type Test Statistic Test Statistic Value Probability Value 

Autocorrelation test 𝜒2(3) 5.5381 0.3538 

Normality test 𝜒2(2) 0.46371 0.7931 

Homoskedasticity test 𝐹(1,1) 0.51551 0.2277 
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According to the results obtained from the classical assumption tests, all classical assumptions are confirmed at 

the 95% confidence level. 

Discussion and Conclusion 

The findings of the present study provide strong empirical evidence that the behavior of stock return volatility in 

pharmaceutical companies is fundamentally shaped by macroeconomic shocks, financial conditions, and regime-

dependent dynamics. The estimation results of the Markov-switching model indicate that the coefficients of the 

explanatory variables are statistically significant at the 95% confidence level and their signs are consistent with 

theoretical expectations. More specifically, the results reveal that financial stress, the COVID-19 crisis, oil price 

shocks, and inflation exert a positive and significant effect on stock return volatility during recession periods, while 

the effect of financial stress becomes negative during expansion periods. In addition, the estimated variance 

parameters confirm that volatility is substantially higher during recession regimes compared to expansion regimes, 

suggesting that the pharmaceutical sector is more vulnerable to instability under adverse macroeconomic 

conditions. These findings highlight the importance of accounting for nonlinear dynamics and regime shifts when 

analyzing stock market behavior in emerging economies. 

The positive relationship between financial stress and stock return volatility in recession periods suggests that 

increased instability in the financial system amplifies uncertainty in equity markets. During periods of recession, 

financial constraints, liquidity shortages, and deteriorating expectations intensify risk perceptions, leading to 

heightened fluctuations in stock returns. This result is consistent with prior evidence emphasizing the critical role of 

financial tensions in shaping firm performance and market volatility, particularly in sectors with high dependence on 

external financing and supply chains such as pharmaceuticals (1, 2). The observed negative relationship between 

financial stress and stock return volatility during expansion periods can be interpreted as a stabilization effect, where 

moderate levels of financial discipline and controlled credit conditions may reduce speculative behavior and dampen 

excessive volatility. This dual effect underscores the nonlinear nature of financial stress and its regime-specific 

impact, reinforcing the argument that its influence cannot be adequately captured through linear models. 

The results related to the COVID-19 crisis further demonstrate that this global shock significantly increased stock 

return volatility in the pharmaceutical sector during recession regimes. Although pharmaceutical firms experienced 

increased demand during the pandemic, the overall uncertainty associated with supply disruptions, input shortages, 

regulatory interventions, and global economic slowdown appears to have dominated the market response. These 

findings align with previous studies showing that the COVID-19 crisis, when combined with financial stress and oil 

price fluctuations, significantly affected stock returns and profitability in pharmaceutical companies (2, 8). The results 

suggest that crisis-induced uncertainty plays a more important role than demand-side advantages in determining 

stock market behavior, particularly in unstable macroeconomic environments. 

Oil price shocks also exhibit a positive and significant effect on stock return volatility during recession periods. 

This finding is theoretically consistent with the role of oil as a key driver of production costs, inflation, and 

macroeconomic expectations. In oil-dependent economies such as Iran, fluctuations in oil prices transmit rapidly 

through multiple channels, including exchange rates, fiscal revenues, and inflation, thereby affecting firm-level 

performance and investor sentiment. The empirical literature supports this mechanism, indicating that oil price 

volatility has a pronounced impact on stock returns across sectors and is particularly relevant for industries with 

import dependence and cost sensitivity (4-6). The present study extends this literature by demonstrating that the 
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impact of oil shocks is not uniform across economic regimes but becomes significantly stronger during recession 

periods, when the economy is less capable of absorbing external shocks. 

Inflation is another key variable that contributes to stock return volatility, especially during recession regimes. 

The positive relationship between inflation and volatility reflects the role of rising prices in increasing uncertainty 

about future costs, revenues, and discount rates. In inflationary environments, investors face difficulties in 

accurately valuing firms, which leads to increased volatility in stock prices. This effect is particularly pronounced in 

the pharmaceutical sector, where pricing policies, cost structures, and regulatory constraints interact with inflation 

dynamics. Previous research has similarly emphasized the importance of inflation as a channel through which 

macroeconomic shocks influence stock market behavior and firm performance (1, 3). The findings of the present 

study confirm that inflation acts as an amplifying factor of volatility in adverse economic conditions. 

An important contribution of this study lies in its confirmation of regime-dependent asymmetry in the determinants 

of stock return volatility. The higher level of volatility observed in recession regimes compared to expansion regimes 

indicates that negative economic conditions magnify the sensitivity of stock markets to macroeconomic shocks. 

This result is consistent with the broader literature on nonlinear financial dynamics, which emphasizes that 

economic variables do not exert constant effects over time but vary depending on the state of the economy (9, 10). 

The application of the Markov-switching model allows for a more nuanced understanding of these dynamics by 

capturing the latent structure of economic regimes and their influence on volatility behavior. 

The findings of this study also resonate with recent research on economic complexity, sustainability, and 

structural transformation. Although these studies focus on different contexts, they collectively highlight the 

interconnected nature of economic systems and the importance of considering multiple dimensions of analysis. For 

example, research on economic governance and complexity shows that institutional and structural factors can 

moderate the impact of macroeconomic variables on economic outcomes (12). Similarly, studies on green 

technology and energy systems emphasize the role of innovation and efficiency in enhancing economic resilience 

(13, 14). These insights support the argument that the volatility of pharmaceutical stock returns should be analyzed 

within a broader framework that incorporates structural and systemic factors. 

Furthermore, the results related to oil price asymmetry and volatility dynamics are consistent with the theoretical 

literature on asymmetric shocks. Financial and commodity markets often respond differently to positive and negative 

shocks, and this asymmetry is particularly evident in oil markets. Positive oil price shocks, often associated with 

supply disruptions and geopolitical tensions, tend to generate greater uncertainty and volatility than negative 

shocks. This asymmetry is reflected in the findings of the present study, which show that oil shocks significantly 

increase stock return volatility during recession periods. These results are in line with previous empirical evidence 

demonstrating the asymmetric impact of oil price fluctuations on financial markets (4, 9). 

Another important implication of the findings is the role of investor behavior and market expectations in shaping 

volatility dynamics. During recession periods, heightened uncertainty and negative expectations lead to increased 

risk aversion, speculative behavior, and market overreactions, all of which contribute to higher volatility. In contrast, 

during expansion periods, improved economic conditions and positive expectations stabilize market behavior and 

reduce volatility. This interpretation is consistent with behavioral finance theories and empirical studies highlighting 

the role of expectations and sentiment in financial markets (5, 6). 

The overall results of the study contribute to the existing literature by providing a comprehensive analysis of the 

determinants of stock return volatility in the pharmaceutical sector within a regime-switching framework. By 
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integrating macroeconomic variables, crisis indicators, and nonlinear modeling techniques, the study offers new 

insights into the complex interactions that drive volatility in emerging market contexts. The findings underscore the 

importance of considering both structural and cyclical factors in analyzing stock market behavior and highlight the 

need for more sophisticated modeling approaches in financial research. 

The limitations of this study should be acknowledged. One of the main limitations is the reliance on aggregate 

data for the pharmaceutical sector, which may mask firm-level heterogeneity and differences in sensitivity to 

macroeconomic variables. Additionally, the study focuses on a specific set of macroeconomic variables, and other 

potentially relevant factors such as exchange rate volatility, interest rate dynamics, and political risk are not explicitly 

included in the model. The use of a two-regime Markov-switching model, while effective in capturing nonlinear 

dynamics, may also oversimplify the complexity of economic regimes, which could involve more than two distinct 

states. 

Future research can build upon the findings of this study by incorporating additional variables and exploring 

alternative modeling approaches. For example, extending the analysis to include firm-level data could provide more 

detailed insights into the heterogeneous effects of macroeconomic shocks. Moreover, the use of higher-frequency 

data and more advanced nonlinear models, such as threshold models or time-varying parameter models, could 

enhance the understanding of volatility dynamics. Comparative studies across different sectors or countries could 

also shed light on the generalizability of the results and identify sector-specific or region-specific patterns. 

From a practical perspective, the findings of this study have important implications for policymakers, investors, 

and financial analysts. Policymakers should consider the role of macroeconomic stability and financial regulation in 

mitigating stock market volatility, particularly during recession periods. Investors can use the insights from this study 

to improve portfolio management strategies by accounting for regime-dependent risk factors. Financial analysts can 

also benefit from incorporating nonlinear modeling techniques into their analyses to better capture the dynamics of 

stock return volatility. 
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