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Abstract ARTICLE INFO 
The primary objective of this study is to investigate how various stock portfolio 

strategies affect the volatility of returns among companies listed on the Tehran Stock 

Exchange (TSE). A systematic elimination method selected 185 companies from 2011 

to 2022. The return volatility of these companies, along with the stability of 

fluctuations, was analyzed across 16 sorted portfolios based on three characteristics: 

size, book-to-market (B/M) ratio, and financial leverage. Additionally, considering 

the leveraged structure of companies’ balance sheets, the extent of the leverage effect 

was examined in relation to the impact of positive and negative news on return 

fluctuations. The hybrid model ARMA(p, q)-GJR-GARCH(1, 1)-M was utilized to 

investigate this. The findings indicate that the volatility of returns and the stability of 

fluctuations within sorted portfolios vary across different groups. Furthermore, the 

influence of positive news on stock return volatility appears to be more pronounced 

in two specific portfolios: one consisting of large companies with a high B/M ratio 

and the other comprised of large companies with a low B/M ratio, compared to the 

impact of negative news. This disparity may be attributed to the dissemination of 

positive news within the market, wherein larger companies with low B/M ratios, due 

to their higher growth potential, and larger companies with high B/M ratios, due to 

their substantial capital and stable financial performance, have a greater impact on 

market expectations, thereby enhancing investor confidence. 
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1. Introduction 
 The growing body of financial literature has increasingly focused on stock return volatility (Chen 

et al., 2010; Vo, 2015, 2016) due to its potential influence on firms' financial stability as well as the 

financial system (Vuong et al., 2024). Understanding and managing stock return volatility is crucial 

for firms, investors, and regulatory entities. Hence, surveying stock return volatility in stock markets 

is an attractive topic for economic researchers because it is relevant to stock investors’ behaviors and 

corporate managers’ decisions. High levels of volatility can lead to increased uncertainty, higher risk 

premiums demanded by investors, and potentially destabilize financial markets. Moreover, excessive 

volatility can hinder firms' ability to plan and execute long-term strategies (Kashyap, 2023). 

Generally, portfolio managers aim to design strategies that achieve higher returns than risk-adjusted 

returns. Many investors construct investment portfolios based on size, B/M, etc. (Otaify, 2020). 

Forming an investment portfolio is a paramount concern for managers and investors, who endeavor 

to construct the optimal investment portfolio to achieve maximum returns from the market 

(Nourahmadi and Sadeqi, 2023). Given that the fluctuation patterns in various assets differ, portfolios 

constructed based on distinct fundamental characteristics are anticipated to exhibit different returns 

and risk levels. Several studies have presented evidence highlighting the success of portfolio 

management strategies concerning factors such as size and the B/M. 

Furthermore, empirical evidence indicates that negative shocks to financial time series lead to a 

more pronounced increase in the volatility of returns than positive shocks of equivalent magnitude. In 

the context of stock return, this asymmetry is termed the leverage effect, and one of the pivotal models 

for investigating these effects is the Glosten, Jagannathan, and Runkle (GJR) model. Additionally, 

many financial models assume that investors demand higher returns in exchange for taking on more 

risk. The GARCH-M model can be applied to explore this concept (Brooks, 2014). Thus, the main 

objective of the research is to employ a heterogeneous hybrid model of asymmetric conditional 

variance, ARMA (p, q)-GJR-GARCH (1, 1)-M, to assess the success rate of various portfolio 

management strategies based on three crucial characteristics: size, B/M and financial leverage. What 

distinguishes this study from others is that it investigates the impact of these variables in the form of 

sorted portfolios in the Iranian stock market, a facet not explored in previous research. Furthermore, 

the econometric model utilized in this research represents the first hybrid model used in this field. 

This advanced economic model, combining the capabilities of ARMA and GARCH, provides the best 

forecast for stock return fluctuations.  

 

2. Research background 
2.1 Theoretical Background 

In the era of the global economy and dynamic financial markets, analyzing the factors influencing 

stock market fluctuations holds particular significance. One key influential factor in these fluctuations 

is the company's size and value (Asyik et al., 2023). One crucial aspect of analyzing the influence of 

company size on stock market fluctuations is the company's capacity to adapt to market changes. 

Research indicates that while large companies may possess greater financial and operational 

capabilities, they are more likely to experience heightened market volatility. Company size is 

recognized as an indicator of a company's significance and impact on the economy. Due to their 

broader economic effects, market movements, and business diversification, large companies may be 

significantly affected by market fluctuations (Rutkowska-Ziarko, 2015). On the other hand, small 

companies may experience market fluctuations due to their higher sensitivity to various factors. The 

company's size can influence several aspects of its financial performance and largely depends on 

market and industry conditions (Tahir et al., 2013). 

 Large companies, endowed with abundant resources, often can enhance the stability of their 
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financial performance. This capability can lead to a reduction in return volatility. Moreover, increased 

transparency in the disclosure practices of large companies can boost investor confidence and mitigate 

return volatility (Ahmed and Hla, 2019). On the other hand, large companies may face challenges 

related to flexibility. This limited flexibility can result in these companies experiencing higher return 

volatility when confronted with market changes and economic conditions. In addition, the large size 

of a company may lead to a greater focus on diversification across various economic sectors. This 

diversification could have both positive and negative effects, as the impacts of different segments 

may balance each other, potentially reducing the overall return volatility of the company (Bhowmik 

and Wang, 2020). Overall, it can be said that the impact of company size on stock return volatility is 

dependent on various factors, including management, market conditions, and corporate policies. 

Generally, an increase in company size may sometimes reduce return volatility. In contrast, the 

opposite may be true in other cases, and an increase in size may result in higher return volatility. An 

increase in the firm’s market value is related to a rise in volatility (Shin and Stulz, 2000). High growth 

could cushion the negative effects of stock return volatility on firm value. If a company is 

experiencing significant growth, investors might be more willing to accept higher levels of stock 

return volatility because they anticipate future returns from the company’s expansion. In such cases, 

high growth modifies by reducing the adverse impact of stock volatility on firm value. Conversely, 

low growth could amplify the detrimental effects of stock return volatility on firm value. When a 

company is experiencing limited growth prospects, investors might perceive high stock volatility as 

an uncertainty indicator. This situation could lead to a greater decline in firm value (Vuong and 

Nguyen, 2024). 
Furthermore, the price-to-book ratio is identified as a significant indicator in determining the 

financial health of companies and can directly influence stock market fluctuations. The price-to-book 

ratio of the market value is a fundamental variable in the analysis of stock market fluctuations. This 

ratio can reflect the relative value of a company compared to the total market value. A high P/B ratio 

may indicate overvaluation or misinformation about the company's equity value, potentially 

contributing to market fluctuations (Pontiff and Schall, 1998). The impact of the book-to-market 

value ratio on stock return volatility is dependent on various factors. The P/B ratio typically plays a 

role in determining systematic risk. For example, an increase in the P/B ratio may indicate investors' 

expectations of improved profitability for the company, leading to increased stock sensitivity to 

market changes. In some cases, an increase in the P/B ratio may indicate a higher increase in market 

value compared to book value, possibly signaling a mismatch between market and true company 

value. This could result in increased stock return volatility. Additionally, an increase in the P/B ratio 

may be driven by an increase in market value surpassing the increase in book value, indicating a 

potential mismatch between market and true company value and consequently increasing stock return 

volatility (Nugroho, 2020). The effects of the P/B ratio on stock return volatility also depend on 

economic and industry factors. In some industries, this ratio is considered a more reliable indicator 

of book value, while in others, due to industry-specific characteristics, this relationship may be less 

significant. For a precise analysis of the effects of the P/B ratio on stock return volatility, an 

examination of the company's specific conditions, industry, and economic conditions is required 

(Park, 2019). 

Corporate financial leverage is considered one of the most significant factors influencing stock 

market fluctuations. According to the Trade-off theory (TOT), firms with higher volatility may face 

a greater risk of financial distress; therefore, they are cautious about using debt ratios in their capital 

structure (Modigliani and Miller, 1958). Stock return volatility is a concern for stakeholders, 

particularly when it can exert significant pressure on the overall economy. Moreover, economic, 

political, or financial shocks are more pronounced in emerging equity markets. The volatility of cash 
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flows generated by a firm's existing assets and potential growth options affects its market value. This 

volatility increases external financing costs (Ahmed and Hla, 2019), impeding managers from 

utilizing debt due to heightened bankruptcy risks. Companies benefit from tax shields by employing 

debt but incur financial distress costs (Ghasemzadeh et al., 2021). Listed firms can respond to equity 

volatility by reducing their debts to mitigate bankruptcy risk (Krause and Tse, 2016). 

When a company finances its capital through debt, its sensitivity to economic and financial 

changes increases. Companies with higher debt levels may face more pronounced stock return 

fluctuations in different economic conditions (Nukala and Prasada Rao, 2021). Companies utilizing 

financial leverage in their capital structure may experience the leverage effect in response to positive 

or negative news (Al-Slehat et al., 2020). According to the leverage effect model, shocks are divided 

into positive (good news) and negative (bad news), with the same absolute magnitude potentially 

having different effects on conditional volatility. The theoretical argument suggests that the debt 

portion of the firm's financial structure increases as stock prices decrease. Consequently, shareholders 

assume higher risks and expect future stock return fluctuations to increase. Many empirical studies, 

such as Christie (1982), Nelson (1991), Engle and Ng (1993), Friedmann and Sanddorf-Köhle (2002), 

have demonstrated that negative shocks (bad news) have a greater impact on stock return fluctuations 

compared to positive shocks (good news) of the same magnitude. As a result, market fluctuations in 

stock markets are asymmetric (Mehrara and Abdoli, 2006). 

In this research, considering that the complex relationships among these variables affecting stock 

return volatility may change over time, simultaneous examination of the impact of these variables in 

constructed portfolios enables better analysis of market dynamics and changes. Therefore, using the 

hybrid model proposed in this research, the impact of various stock portfolio strategies based on 

company size, firm value, and financial leverage on the volatility of returns and the degree of stability 

in fluctuations is examined. In addition, given the use of financial leverage in the capital structure of 

companies, the leverage effect is examined in the context of the impact of good and bad news on the 

volatility of stock returns in portfolios. 

 

2.2 Empirical Background 

Lam (2002) investigated the relationship between stock returns and beta, size, B/M, leverage, and 

price-to-earnings ratio (P/E) in the Hong Kong stock market using the Fama and French model from 

1980 to 1997. The results indicated that the beta coefficient could not explain the average returns of 

the examined companies. However, size, B/M, P/E ratio, and company leverage could capture cross-

sectional variations in monthly average returns over the period. Additionally, Ehrmann and Fratzscher 

(2004) argue that low financially leveraged firms have the largest effect on monetary policy, perhaps 

because they currently face financial constraints that prevent them from borrowing more debt. 

Moreover, Li et al. (2009) estimate the volatility properties of value, growth, and HML portfolios in 

the context of the GARCH model and convey interesting results. Firstly, the volatility of the value 

portfolio is more (less) sensitive to recent (older) information than the growth portfolio. Secondly, 

the volatilities of both the value and the HML portfolios are indifferent to good or bad news. Still, the 

volatility of the growth portfolio increases after the announcement of bad news. Finally, using the 

GJR-GARCH (1,1)- M model, the authors document a positive, significant relation between the 

excess return of the value portfolio and the time-varying volatility. In contrast, the excess return of 

the growth portfolio is negatively related to volatility. Therefore, the expected return of the value 

premium (HML portfolio) is positively associated with its time-varying volatility. Consequently, the 

authors argue that the return on the value portfolio is more sensitive to its volatility than the growth 

portfolio. 

Cenesizoglu et al. (2011) demonstrated that the returns of different portfolios respond to different 
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news and exhibit different reactions to similar news. The results show that returns on various 

portfolios respond differently to different news and react diversely to the same news. Furthermore, 

the response of portfolios to macroeconomic news also varies across the business cycle. Large and 

growth firms exhibit distinct reactions to employment news at daily and monthly frequencies 

compared to small and value firms during expansions but not recessions. Furthermore, Kontonikas et 

al. (2013) indicated that value stocks, small-cap stocks, and past loser stocks are more exposed to 

monetary policy shocks than growth stocks, large-cap stocks, and past winner stocks. Moreover, 

Vithessonthi and Tongurai (2015) showed that the extent of the impact of financial leverage on 

operational performance is contingent upon the firm's size. While the regression results of combined 

data suggested a negative effect of financial leverage on the performance of companies, cross-

sectional regression results indicated a positive effect of leverage on performance for small companies 

and a negative effect for large companies. Additionally, Ibhagui and Olokoyo (2018) examined the 

empirical relationship between financial leverage and firm performance using the Hansen threshold 

regression and considering firm size as the threshold variable. They sought to answer whether there 

is an optimal firm size where the relationship between leverage and firm performance is not negative. 

The results indicated that the negative impact of leverage on firm performance is significant for small 

companies and diminishes with company growth. Ultimately, when the firm size exceeds its estimated 

threshold level, this impact disappears, and the obtained result holds irrespective of the debt ratios 

employed.  

Otaify (2020), using the AR(1)-GJR-GARCH(1,1)-M model, examined the volatility 

characteristics of portfolios sorted based on three features: firm size, B/M, and financial leverage in 

the Egyptian stock market. The findings indicate that sorted portfolios with these characteristics 

exhibit various degrees of clustering in terms of volatility and stability. Additionally, the results 

suggest that bad news has a greater impact on these portfolios' volatility than good news, regardless 

of their size. Furthermore, Ramezani Sharif Abadi et al. (2022) investigated the impact of combining 

size, value, and idiosyncratic risk anomalies with tail risk on stock excess returns. Using two tail risk 

measures, Aggregate Tail Risk and Hybrid Tail Covariance Risk, they applied the Five-Factor Fama 

and French model (2015) to test their hypotheses. Their findings revealed that combining size or value 

with tail risk decreased excess returns, whereas combining idiosyncratic risk with tail risk resulted in 

higher excess returns. Additionally, Vuong and Nguyen (2024) estimated the relationship between 

firm value, stock return volatility, and growth opportunity in the framework of the GGM model and 

presented interesting results. Firstly, they shed light on the effect of stock return volatility on 

corporate value in the Vietnamese equity market after experiencing the primitive stage. A deep 

understanding of this link becomes necessary for an opening and young equity market in the ASEAN 

area. Secondly, their research shows that Vietnamese-listed firms with higher stock return volatility 

have a lower value. This finding hints at Vietnamese corporate managers needing to enact controlling 

policies for stock return volatility, thereby improving corporate value. Thirdly, further investigation 

shows that a positive nexus between stock return volatility and firm value is more prominent in growth 

companies and technology firms. Put differently, a negative association between firm value and stock 

return volatility is less pronounced in tech and growth enterprises. 

Recent studies have generally overlooked the effect of stock portfolio strategies in the Iran stock 

market, particularly those based on size, B/M, and financial leverage. To address this gap, this study 

proposes employing a hybrid model approach. Additionally, this research introduces the use of the 

hybrid econometric model ARMA (p, q)-GJR-GARCH (1,1)-M, which allows for a simultaneous 

examination of firm characteristics' influence on stock return volatility, fluctuations' stability, and the 

impact of shocks. This innovative approach offers a significant improvement in understanding the 

behavior of financial asset markets, considering complexities and temporal variations, thus providing 
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a more comprehensive analysis. 

 

3. Data and methodology  
 3.1 Sample selection and data sources 

 Our sample covers all companies listed on the TSE from 2011 to 2022. All company data was 

extracted from Rahvard Navin software. The variables include monthly total returns, size, B/M, and 

financial leverage. Because volatility analysis requires active stocks, the testable stocks must meet 

the following criteria: 

1. They should have been traded annually for at least 80% of all trading days. 

2. Their financial statements should conclude at the end of December each year. 

3. Exclude stocks belonging to financial companies and institutions. 

4. Exclude stocks with a negative book value of equity. 

Based on the mentioned criteria, 185 companies have been selected as samples for this research. 

 

3.2 Variables 

Size: The size is measured as the logarithm of the firm’s total assets (Vuong and Nguyen, 2024). 

Book Value to Market Value (B/M): The B/M ratio is calculated by dividing the book value of 

equity at the end of the financial year by the market value of equity at the end of June (Fama and 

French, 2018) 

Financial Leverage: Financial leverage is the ratio of total long-term debt to total stockholders' 

equity. In order to prevent the look-ahead bias, this study followed previous studies (e.g., Fama and 

French, 2015, 2018; Otaify, 2020) and utilized the 6-month lagged values of financial leverage and 

book value to ensure that financial statements were accessible to investors in the market while 

constructing portfolios. 

Monthly Stock Return: Monthly stock return is defined as the difference between the price of each 

share at the end of two consecutive months (adjusted for dividends and capital increases), divided by 

the price per share at the end of the previous month ) Pätäri et al., 2023). 

 

3.3 Construction of the characteristics-sorted portfolios 

Following the literature, we utilized 50% -50% breakpoints to sort stocks based on their size into 

big (top 50%) and small (bottom 50%) portfolios. Additionally, we applied breakpoints (30-40-30) 

to sort stocks based on their B/M into value (top 30%), medium (middle 40%), and growth (bottom 

30%) portfolios. Subsequently, we employed 50%-50% breakpoints to sort stocks based on their 

financial leverage into high (top 50%) and low (bottom 50%) financial leverage portfolios. These 

portfolios are denoted by two letters. The first letter represents the Size group, small (S) or big (B); 

the second letter represents the B/M group, indicating growth stock (G), Medium value stock (M), or 

value stock (V); and the third letter indicates the financial leverage group, high (H) or low (L) 

financial leverage. These seven portfolios jointly constructed 16 portfolios as shown in Table 1. 

 

3.4 Research model 

In this study, we follow Otaify (2020) and apply the ARMA (p, q)-GJR-GARCH (1,1)-M model to 

examine the impact of various stock portfolio allocation strategies on stock return volatility. This 

section begins with an explanation of the ARMA-GARCH model methodology, followed by a 

description of the hybrid model ARMA (p, q)-GJR-GARCH (1,1)-M. 
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Table 1. Characteristics-Sorted Portfolios 
Portfolio Abbreviation symbol 

Big Size, Low Leverage BL 
Small Size, Low Leverage SL 
Small Size, High Leverage SH 
Big Size, High Leverage BH 

Small Size, Growth Stock SG 
Small Size, Medium Value Stock SM 

Small Size, Value Stock SV 
Big Size, Growth Stock BG 

Big Size, Medium Value Stock BM 
Big Size, Value Stock BV 

Low Leverage, Growth Stock LG 
Low Leverage, Medium Value Stock LM 

Low Leverage, Value Stock LV 
High Leverage, Growth Stock HG 

High Leverage, Medium Value Stock HM 
High Leverage, Value Stock HV 

 

3.4.1 ARMA-GARCH Model  

Financial institutions commonly use the ARMA-GARCH predictive model to model the returns 

and volatility of financial assets. The first part of these models, the Autoregressive Moving Average 

(ARMA) model, is one of the most common models for modeling the returns of financial assets. 

Introduced by Box et al. (1976), this model was designed to forecast time series data of a single 

variable. This model is formed by combining an Autoregressive (AR) process and a Moving Average 

(MA) process. The second part of the ARMA-GARCH model is the Generalized Autoregressive 

Conditional Heteroskedasticity (GARCH) model, specifically designed for modeling the volatility of 

financial assets. The GARCH model consists of two equations: the conditional mean equation and 

the conditional variance equation. By representing the conditional mean equation as an ARMA 

process, we can combine the concepts of ARMA and GARCH to obtain an ARMA-GARCH model 

suitable for predicting returns. To better understand the ARMA-GARCH model, it is essential to 

differentiate between unconditional and conditional mean and variance. The unconditional mean and 

variance are simply the mean and variance of the return distribution considered over the entire period, 

assumed to be constant. It can be regarded as the long-term mean and variance for that period. On the 

other hand, conditional mean and conditional variance will vary at each point in time. Conditional 

mean and conditional variance depend on the past behavior of returns up to that time, and the 

conditional mean equation specifies the behavior of returns (Grachev, 2017). 

 

3.4.2 Conditional Mean Equation 

 The conditional mean equation in a GARCH model can take various forms, and in this research, 

it is assumed that the return series follows an Autoregressive Moving Average (ARMA) model. The 

ARMA is defined as follows (Liu and Shao, 2016): 

𝑟𝑖,𝑡 = 𝑐𝑖 + ∑ 𝑘𝑖,𝑗  𝑟𝑖,𝑡−𝑗 + ∑ 𝜇𝑖,𝑗 𝜀𝑖,𝑡−1 + 𝜀𝑖,𝑡                              (1) 

𝑞

𝑗=1

𝑝

𝑗=1

 

Where: 

• ci  the constant term 

• r 𝑖,𝑡 is the observed realized return at the time 

•  kij represents the autoregressive terms 

• 𝜀𝑖,𝑡−1 is the realized error at the time t 



 RESEARCH ARTICLE                                                                                                                  78 

 
 

 

Seyed Kazem Ebrahimi et al. IJAAF; Vol. 8 No. 4 Autumn 2024, pp: 71-88  

• μi,j is the moving average coefficient 

• 𝜀𝑖,𝑡 is the white noise 

 

3.4.3 Conditional Variance Equation 

In 1982, Engle proposed the Autoregressive Conditional Heteroskedasticity (ARCH) model as a 

method for examining fluctuations in a variable. The idea behind the ARCH approach is that the 

current period's variable volatility depends on information from previous periods. In other words, 

considering data from the previous period will make the volatility estimation more accurate (Mirzaei 

et al., 2019). This model assumes that the random term has a mean of zero and is serially uncorrelated, 

but its variance is conditional on its past information. In other words, the Autoregressive Conditional 

Heteroskedasticity (ARCH) model can explain the conditional variance trend using its past 

information (Manzoor and Yadi-Poor, 2016). The conditional variance equation presented by Engle 

(1982) is defined as follows: 

𝜎𝑡
2 = 𝛼0 + 𝛼1𝜀𝑡−1

2  (2) 

In the above equation 𝜎𝑡
2 represents the conditional variance for the current period (t), where 𝛼0 

and 𝛼1 are constant coefficients and 𝜀𝑡−1
2  is the squared error term at the previous period (t-1). In this 

equation, to ensure the positivity of the variance, it is considered that 𝛼0 ≥ 0, and for stability, 𝛼1 

should be between 0 and 1 (0 ≤ 𝛼1≤ 1). For higher-order interruptions, the ARCH equation will be as 

follows. 

𝜎𝑡
2 = 𝛼0 + 𝛼1𝜀𝑡−1

2 + ⋯ + 𝛼𝑃𝜀𝑡−𝑃
2  (3) 

 

The above relation represents an ARCH model of order p (Mirzaei et al., 2019). According to what 

has been observed in empirical studies, the order of ARCH is often large, leading to an increase in 

the model parameters. To address this issue, Bollerslev (1986) proposed the following model: 

 

𝜎𝑡
2 = 𝛼0 + ∑ 𝛼𝑖  𝜀𝑡−𝑖

2

𝑝

𝑖=1

+ ∑ 𝛽𝑗 𝜎𝑡−𝑗
2

𝑞

𝑗=1

 

 

(4) 

 

In the above equation, to ensure the positivity of the variances, 𝛼𝑖  and 𝛽𝑗  are assumed to be 

positive. This model is the Generalized Autoregressive Conditional Heteroskedasticity (GARCH) 

model (p, q), essentially an extended version of the ARCH model. If q equals zero in this model, it 

will be the same as the ARCH (p) model (Zabol and Abounoori, 2020). 

 

3.4.4 The ARMA (p, q)-GJR-GARCH (1,1)-M model 

The GJR-GARCH model is one of the conditional heteroskedasticity models within the GARCH 

family, introduced by Glosten et al. (1993). The primary advantage of the GJR-GARCH model lies 

in its ability to model leverage effects, such as good and bad shocks in financial markets. The GJR-

GARCH model includes a single extra leverage parameter in the conditional variance equation. Using 

an indicator function, this extra parameter is formulated to augment the asymmetric response only by 

negative market shocks. Furthermore, the conditional mean equation and relation (1) are now 

enhanced by including the conditional volatility term to model volatility feedback. Collectively, we 

obtain the ARMA (p, q)-GJR-GARCH (1,1)-M model, represented by the following expressions 

(Rønold and Hausken, 2018): 

 

𝑟𝑖,𝑡 = 𝑐𝑖,𝑠,𝑡 + ∑ 𝑘𝑖,𝑠,𝑗𝑟𝑖,𝑡−𝑗 +

𝑃

𝑗=1

∑ 𝜇𝑖,𝑠,𝑗𝜖𝑖,𝑠,𝑡−𝑗 +

𝑞

𝑗=1

𝜂𝑖,𝑠,𝑗𝜎𝑖,𝑡 + 𝜖𝑖,𝑠,𝑡  
 

(5) 
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𝜎𝑖,𝑡
2 = 𝜔𝑖,𝑠,𝑡 + 𝛼𝑖,𝑠,𝑡𝜖𝑖,𝑠,𝑡−1

2 + 𝜆1{𝜖𝑖,𝑠,𝑡−1<0}𝜖𝑖,𝑠,𝑡−1
2 + 𝛽𝑖,𝑠,𝑡𝜎𝑖,𝑡−1

2  (6) 

 

4. Empirical analysis and interpretation of the results 
Given that the random trend of time series variables in econometrics may lead to misinterpretation 

or pose challenges in selecting the type of estimation and validating results, the first step in addressing 

this issue is to examine whether or not there is a unit root in the time series. This step is of particular 

importance. In this regard, two generalized Dickey-Fuller tests and the Phillips-Perron test were 

employed to examine the existence or absence of a unit root in the variables' trends. Based on the 

results of both unit root tests in Table 2, the probability values for all research variables within their 

sorted portfolios are less than one percent. Therefore, all variables are stationary at the level. 
 

Table 2. Stationary Test of Formed Portfolios 
Phillips- Perron Test Dickey-Fuller Test Variables 

-43.751 
(0.000) 

-43.011 
(0.000) 

BL 

-45.767 
(0.000) 

-45.391 
(0.000) 

SL 

-47.123 
(0.000) 

-46.439 
(0.000) 

SH 

-41.124 
(0.000) 

-40.170 
(0.000) 

BH 

-35.248 
(0.000) 

-34.548 
(0.000) 

SG 

-38.570 
(0.000) 

-37.937 
(0.000) 

SM 

-39.448 
(0.000) 

-39.329 
(0.000) 

SV 

-36.559 
(0.000) 

-35.860 
(0.000) 

BG 

-33.116 
(0.000) 

-32.656 
(0.000) 

BM 

-33.945 
(0.000) 

-33.395 
(0.000) 

BV 

-41.407 
(0.000) 

-40.654 
(0.000) 

LG 

-33.768 
(0.000) 

-33.224 
(0.000) 

LM 

-34.127 
(0.000) 

-34.046 
(0.000) 

LV 

-29.877 
(0.000) 

-29.282 
(0.000) 

HG 

-38.440 
(0.000) 

-37.740 
(0.000) 

HM 

-39.371 
(0.000) 

-38.829 
(0.000) 

HV 

 

Now, after checking the absence of unit root to ensure the results of ARMA (p, q)-GJR-GARCH 

(1, 1)-M models, it is necessary to check the presence or absence of homogeneity of variance  in the 

portfolios. The ARCH test has been employed for this purpose, and the results of this test are 

presented in Table 3. 
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Table 3. ARCH Test 
Variables ARCH Test P-Value 

BL 41.368 0.000 
SL 0.000 0.987 
SH 34.769 0.000 
BH 69.457 0.000 
SG 5.917 0.015 
SM 18.804 0.000 
SV 0.000 0.992 
BG 27.024 0.000 
BM 40.259 0.000 
BV 49.604 0.000 
LG 18.370 0.000 
LM 5.083 0.024 
LV 0.000 0.984 
HG 11.848 0.000 
HM 58.186 0.000 
HV 20.578 0.000 

 

Based on the results obtained from the ARCH test, the null hypothesis of homoskedasticity is not 

rejected for three portfolios, SL, SV, and LV, out of the 16 portfolios studied. Therefore, the ARMA 

(p, q)-GJR-GARCH (1, 1)-M model does not apply to these three portfolios, and the model estimation 

is carried out for the remaining 13 portfolios. These 13 portfolios are divided into three sections: 

portfolios sorted by size and financial leverage, portfolios sorted by size and B/M, and portfolios 

sorted by B/M and financial leverage. This division is done to achieve better result differentiation. 
 

Table 4 presents the results of the ARMA (p, q)-GJR-GARCH (1,1)-M models based on size and 

financial leverage. According to the results in Table 4, it can be stated that the constant term (C), the 

GARCH coefficient (β), and the mean coefficient in the estimated model (SQRT) for the portfolio of 

small-sized and high-leverage companies (SH) are significantly higher than those for big-sized and 

low-leverage companies (BL) and big-sized and high-leverage companies (BH). These findings 

indicate that the returns, variance, and average volatility of small-sized and high-leverage companies, 

compared to other portfolios in Table 4, have the highest level of volatility. Moreover, the stability 

of each portfolio can be obtained by calculating the sum of the two ARCH and GARCH coefficients 

(α + β). In this regard, the results show that the stability of the portfolio of big-sized and high-leverage 

companies (BH) is higher than that of the other portfolios. This implies that the shocks entering these 

companies will impact these portfolios in the long term. Another significant result emphasized in the 

analysis of these models is the leverage effect coefficient (η).  

The positive or negative nature of this coefficient has different interpretations. If the leverage effect 

coefficient is positive, it indicates a greater impact of positive news compared to negative news on 

the variable trend and vice versa. In this regard, in the estimated model for all three portfolios, the 

leverage effect coefficient is negative and significant, indicating that negative news has a greater 

impact than positive news on the trend of these portfolios. Additionally, the estimated ARMA 

coefficients in the models are also statistically significant. 
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   Table 4. Estimation Results for Portfolios Sorted by Size and Financial Leverage 
𝜷 𝜼 𝜶 C MA AR 𝑺𝑸𝑹𝑻 Model Variables 

0.518 
(0.000) 

-0.166 
(0.000) 

0.299 
(0.000) 

16.611 
(0.000) 

MA(1) 
1.176 

(0.000) 

AR(1) 
-0.976 
(0.000) 

0.274 
(0.038) 

ARMA(1,2)-GJR-
GARCH(1,1)-M 

BL 

MA(2) 
0.188 

(0.000) 

0.642 
(0.000) 

-0.175 
(0.000) 

0.196 
(0.000) 

83.449 
(0.000) 

MA(1) 
0.062 

(0.464) 

AR(1) 
-0.002 
(0.973) 

0.537 
(0.001) 

ARMA(4,4)-GJR-
GARCH(1,1)-M 

SH 

MA(2) 
-0.053 
(0.517) 

AR(2) 
0.016 

(0.858) 
MA(3) 
0.308 

(0.000) 

AR(3) 
-0.291 
(0.000) 

MA(4) 
0.809 

(0.000) 

AR(4) 
-0.777 
(0.000) 

0.513 
(0.000) 

 
 

-0.344 
(0.000) 

 
 

0.480 
(0.000) 

44.470 
(0.000) 

MA(1) 
-0.354 
(0.011) 

AR(1) 
0.488 

(0.000) 

0.319 
(0.000) 

ARMA(3,4)-GJR-
GARCH(1,1)-M 

BH 

MA(2) 
-0.193 
(0.208) 

AR(2) 
0.124 

(0.493) 
MA(3) 
0.825 

(0.000) 

AR(3) 
-0.816 
(0.000) 

MA(4) 
0.083 

(0.024) 

 

In Table 5, portfolios are sorted based on size and B/M. The results of this table indicate that in 

two portfolios, the ones consisting of big-sized companies with high B/M (BV) and the portfolio of 

big-sized companies with low B/M (BG), the obtained GARCH leverage coefficients (η) are positive 

and significant, contrary to the sign direction of other portfolios. The positivity of the GARCH 

leverage effects suggests that positive shocks (good news) cause more volatility in these portfolios 

than negative shocks (bad news). In contrast, for other portfolios, the leverage effect of negative 

shocks (news) on the volatility of portfolio returns is more pronounced than positive shocks. 

Furthermore, in line with theoretical expectations, the results show that the stability (α + β) of the BV 

portfolio (big size and big value) is higher than other portfolios. Therefore, it is evident that as the 

company's value increases, it undoubtedly possesses a higher level of assets. Moreover, a bigger size 

will contribute to better stability in crisis conditions than other investment companies. Additionally, 

among the portfolios, the mean coefficient in the estimated model (SQRT) for the SG portfolio (small 

size and low B/M) is higher than that of other portfolios, indicating that the average volatility change 

in this type of portfolio from companies is higher. Also, the high intercept coefficient in the SG 

portfolio suggests a higher return for this type of company than other companies. The estimated 

ARMA coefficients in the models are also statistically significant.  
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Table 5. Estimation Results for Portfolios Sorted by Size and  B/M 
𝜷 𝜼 𝜶 C MA AR 𝑺𝑸𝑹𝑻 Model Variables 

0.048 
(0.000) 

-0.124 
(0.000) 

0.026 
(0.000) 

291.773 
(0.000) 

MA(1) 
-0.776 
(0.000) 

AR(1) 
0.822 

(0.000) 

1.678 
(0.035) 

ARMA(1,1)-GJR-GARCH(1,1)-
M 

SG 

0.574 
(0.000) 

-0.353 
(0.000) 

0.216 
(0.000) 

115.539 
(0.000) 

MA(1) 
-0.562 
(0.000) 

AR(1) 
0.802 

(0.000) 

-0.302 
(0.325) 

ARMA(1,2)-GJR-GARCH(1,1)-
M 

SM 

MA(2) 
-0.092 
(0.008) 

 
0.036 

(0.000) 
 

0.062 
(0.000) 

0.045 
(0.000) 

31.929 
(0.000) 

MA(1) 
-0.336 
(0.116) 

AR(1) 
0.563 

(0.008) 

1.538 
(0.000) 

ARMA(3,1)-GJR-GARCH(1,1)-
M 

BG 

AR(2) 
-0.073 
(0.170) 
AR(3) 
0.006 

(0.008) 

0.313 
(0.000) 

-0.314 
(0.000) 

0.410 
(0.000) 

98.107 
(0.000) 

MA(1) 
-1.215 
(0.000) 

AR(1) 
1.419 

(0.000) 

-0.064 
(0.744) 

ARMA(3,3)-GJR-GARCH(1,1)-
M 

BM 

MA(2) 
-0.213 
(0.000) 

AR(2) 
-0.060 
(0.289) 

MA(3) 
0.436 

(0.000) 

AR(3) 
-0.370 
(0.000) 

0.545 
(0.000) 

0.063 
(0.000) 

0.401 
(0.000) 

6.649 
(0.000) 

MA(1) 
-1.396 
(0.000) 

AR(1) 
1.535 

(0.000) 

0.444 
(0.000) 

ARMA(3,3)-GJR-GARCH(1,1)-
M 

BV 

 

In Table 6, companies' portfolios are sorted based on financial leverage and B/M to better 

distinguish portfolio results. According to the results of this table, the return rate (C) in the portfolio 

of companies with low financial leverage and medium value (LM) is the highest compared to other 

portfolios. Additionally, the stability of companies with high financial leverage and medium value 

(HM) is better than that of other portfolios, especially in critical and unfavourable financial 

conditions. This may be because companies with high leverage, presumably, can better cope with 

financial challenges and experience greater stability by having a strong ability to finance. 

Furthermore, the results indicate that, in line with theoretical expectations, the mean coefficient in 

the estimated model (SQRT) for companies with high financial leverage and B/M (HV) is higher than 

other portfolios. This is because, obviously, the higher a company's financial leverage, the greater the 

likelihood of discontinuous return changes. However, a noteworthy point in the classification results 

of this group is that the GARCH leverage coefficient for the return of the entire group of these 

companies is negative and significant. This suggests that negative news effects outweigh positive 

news effects, leading to changes in the trend of this group of portfolios. Additionally, the estimated 

coefficients of the ARMA models are also significantly meaningful. 

Now, one of the ways to ensure the adequacy of the fitted models is to perform goodness-of-fit 

tests. In this regard, the fitted models for portfolios with variance homogeneity should exhibit no 

variance after the model estimation. Based on this, the ARCH test has been conducted to investigate 

this matter, and the results indicate that this test's null hypothesis has not been rejected for all 13 

portfolios. The results of this test are presented in Table 7 based on the sorted portfolios. Therefore, 
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the fitted models do not exhibit variance homogeneity; thus, the model estimation results can be relied 

upon. 

 
Table 6. Estimation Results for Portfolios Sorted by Financial Leverage and B/M  

𝜷 𝜼 𝜶 C MA AR 𝑺𝑸𝑹𝑻 Model Variables 

0.556 
(0.000) 

-0.230 
(0.000) 

0.277 
(0.000) 

78.647 
(0.000) 

MA 
(1) 

0.986 
(0.000) 

AR (1) 
-0.768 
(0.004) 

0.345 
(0.041) 

ARMA (1,2)-GJR-GARCH(1,1)-
M 

 
 

LG 

MA(2) 
0.153 

(0.068) 
0.224 

(0.000) 
-0.431 
(0.000) 

0.290 
(0.000) 

188.479 
(0.000) 

MA 
(1) 

-0.011 
(0.874) 

AR (1) 
0.329 

(0.000) 

-0.728 
(0.002) 

ARMA(1,1)-GJR-GARCH(1,1)-
M 

LM 

0.300 
(0.000) 

-0.330 
(0.000) 

0.207 
(0.000) 

182.853 
(0.000) 

MA 
(1) 

1.307 
(0.000) 

AR (1) 
-0.906 
(0.000) 

-1.775 
(0.000) 

ARMA(3,3)-GJR-GARCH(1,1)-
M 

HG 

MA 
(2) 

0.582 
(0.000) 

AR (2) 
0.017 

(0.876) 

MA 
(3) 

-0.255 
(0.001) 

AR (3) 
0.603 

(0.000) 

0.621 
(0.000) 

-0.264 
(0.000) 

0.298 
(0.000) 

59.810 
(0.000) 

MA 
(1) 

0.563 
(0.000) 

AR (1) 
-0.398 
(0.001) 

0.397 
(0.005) 

ARMA(1,1)-GJR-GARCH(1,1)-
M 

HM 

0.570 
(0.000) 

-0.129 
(0.000) 

0.292 
(0.000) 

77.215 
(0.000) 

MA 
(1) 

-0.980 
(0.000) 

AR (1) 
1.062 

(0.000) 

0.536 
(0.000) 

ARMA(1,2)-GJR-GARCH(1,1)-
M 

HV 

 
Table 7. ARCH Test  

P-Value ARCH Test Variables 

0.334 0.898 BL 
0.817 0.053 SH 
0.479 0.500 BH 
0.160 1.974 SG 
0.820 0.510 SM 
0.560 0.339 BG 
0.339 0.914 BM 
0.613 0.254 BV 
0.775 0.810 LG 
0.542 0.370 LM 
0.381 0.766 HG 
0.883 0.021 HM 
0.282 1.153 HV 

 

5. Conclusion  
In the context of the expanding significance of financial markets, any fluctuations in these markets 

have considerable impacts on the economy. Given the role of a diversified and appropriate portfolio 
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in risk reduction and considering investors' uncertainty about the future, taking measures to mitigate 

risk becomes crucial. Formulating a diverse portfolio can significantly decrease overall risk. While 

numerous strategies for selecting portfolios with desirable returns and minimal risk have been 

explored in existing research, the efficacy of these selections depends on diverse factors and 

parameters influencing the risk and return of the portfolio. This study examines the impact of different 

equity portfolio strategies on stock return volatility and the stability of fluctuations from three 

perspectives: financial leverage, company value, and size. This investigation employs a hybrid model, 

ARMA (p, q)-GJR-GARCH (1, 1)-M. Furthermore, given the leverage structure of companies' 

balance sheets, the impact of leverage on the volatility of stock returns in the context of both positive 

and negative news has been investigated. To this end, a systematic elimination method was employed, 

and 185 active companies listed on the TSE from 2011 to 2022 were selected: 

1. Classification Based on Size and Financial Leverage: When ranking companies in portfolios 

based on size and financial leverage, smaller-sized companies with bigger financial leverage exhibit 

higher returns, variance, and average volatility compared to other portfolios. Moreover, greater 

stability is observed in portfolios with big size and leverage, and negative news has a more significant 

impact on the trend of these portfolios compared to positive news. 

2. Classification Based on Size and B/M: In portfolios categorized by size and B/M, positive news 

has a greater effect than negative news in portfolios with big size and low B/M, as well as big size 

and high B/M. Conversely, for other portfolios, the impact of negative news is greater than positive 

news. The stability of portfolios with big size and big value is also higher than other portfolios. The 

mean coefficient in the estimated model (SQRT) indicates that the average changes in portfolios with 

small size and low B/M are greater than those of other companies. 

3. Classification Based on Financial Leverage and B/M: Regarding portfolios categorized by 

financial leverage and B/M, portfolios with low leverage and medium B/M have the highest returns 

among other classifications. Companies with big leverage and medium value demonstrate greater 

stability than other portfolios, and the mean coefficient in the estimated model (SQRT) in portfolios 

with high leverage and high B/M is higher than in other portfolios. However, a crucial result in this 

classification is that the effects of negative news, compared to positive news, cause more changes in 

the trend of all companies in this portfolio group.  

Based on the findings of the research and utilizing the hybrid ARMA (p, q)-GJR-GARCH (1, 1)-

M model, it is recommended that investors and market participants incorporate intelligent strategies 

based on this model into their decision-making processes. This hybrid model, combining ARMA and 

GARCH components, provides potential capability for predicting market fluctuations and optimizing 

risk management. Employing this model as a powerful analytical tool enhances the guidance of 

investors in their decision-making processes, contributing to accuracy and efficiency in predicting 

and managing market fluctuations. Investors are advised to diversify their investment portfolios using 

broad and diverse strategies to optimize investment performance. Selecting balanced strategies, 

considering factors such as financial leverage, B/M, and size, is crucial. Additionally, developing a 

news management system to reduce the impact of market changes and price fluctuations can lead to 

sustainable improvement in investment performance. It is recommended that the stability of 

companies be given sufficient importance in investment selection so that factors affecting yield 

fluctuations are properly considered. 

Based on the current research findings, it is recommended that more advanced models such as 

hybrid models like ARIMA-ANN, GARCH-ANN, VAR-MLP, LSTM-SVR, LSTM -XGBOOST and 

ARIMA-SVR be employed in the analysis of financial markets in future studies. The application of 

neural network models, considering their deep learning capabilities and more complex interaction 

with information, can contribute to improving prediction accuracy and interpreting market 
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complexities. Additionally, advancing sophisticated mathematical models and systemic analysis, 

taking into account various factors and their interactive effects, can aid in interpreting study results 

and enhance the accuracy of the analysis. Furthermore, improving analyses by considering new 

variables, such as economic indicators or other market variables, and incorporating more data as 

model inputs will assist in conducting more extensive and precise analyses. Finally, the development 

of hybrid models by integrating diverse approaches and utilizing time-series data can offer broader 

insights into market behaviors, providing effective assistance to investors and organizations in their 

decision-making processes. 
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