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A B S T R A C T   

This study investigates the relationship between idiosyncratic risk, market volatility, and stock returns for 
companies traded on the Borsa Istanbul. The analysis calculates idiosyncratic risk and market volatility and 
estimates the coefficients using cross-sectional and panel data approaches. The GARCH and EGARCH models are 
used to calculate market volatility, while idiosyncratic risk is measured using the Capital Asset Pricing Model, 
and three-factor, four-factor, and five-factor models. We run the Fama-MacBeth regression to investigate the 
cross-sectional relationship between idiosyncratic risk, market volatility, and stock returns and the Arellano- 
Bover/Blundell-Bond panel regression technique to unveil firm-specific effects. The estimated coefficients 
demonstrate a positive relationship between idiosyncratic risk and stock returns and a negative relationship 
between market volatility and stock returns. Furthermore, the findings suggest that larger firm size, higher 
trading volume, higher market returns, and higher book-to-market ratios have positive effects, while beta and 
corporate governance indices have negative effects on returns.   

1. Introduction 

In his seminal work, Markowitz (1952) proposed a mathematical 
framework establishing the relationship between risk and return, which 
led to the emergence of many financial models that attempt to uncover 
the impact of risk on return (Merton, 1973; Sharpe, 1964). Based on this 
theoretical background, most financial models postulate a positive 
relationship between market risk and returns in market equilibrium 
(Chou, 1988; French et al., 1987). In this context, extensive empirical 
literature has emerged that endeavors to confirm this equilibrium rela
tionship. However, a conclusive consensus on this topic remains elusive 
(Chabi-Yo, 2011; Fink et al., 2012; Schwert, 1989; Turner et al., 1989; 
Whitelaw, 1994). Empirical studies often report insignificant or even 
negative relationships between risk and returns (Glosten et al., 1993; 
Nelson, 1991; Qadan et al., 2019). Despite the strong theoretical cor
respondence between risk and returns (Campbell, 1987; Merton, 1980; 
Pindyck, 1984; Scruggs, 1998), the inability to observe this relationship 
may be due to imprecise risk measures and market imperfections. 
However, regardless of how risk is measured (Bowman, 1979; Gençay 
et al., 2005; Hong & Sarkar, 2007; Reeb et al., 1998) or whether 

empirical evidence supports the theoretical relationship, the influence of 
risk on stock returns cannot be ignored. 

Although financial theories have long shown an interest in the 
impact of risk on returns, they have primarily focused on market risks. 
However, in the financial context, risk is divided into two main com
ponents: market risk and idiosyncratic risk (Beja, 1972; Rowe & Kim, 
2010). Market risk, which cannot be mitigated through diversification 
(Li et al., 2019; Silva et al., 2017; Yang et al., 2020), is caused by factors 
beyond the control of investors and firms. In contrast, idiosyncratic risk, 
which can be mitigated through diversification (Iqbal & Shah, 2012; 
Zaimovic et al., 2021), refers to risks that are specific to individual firms 
or industries (Goyal & Santa-Clara, 2003; Mazumdar et al., 2020). While 
each risk component presents potential challenges and opportunities for 
investors, the interaction between idiosyncratic risk and market vola
tility is crucial in financial markets, particularly with respect to the 
dynamics of emerging markets. Modern finance theory assumes that 
investors invest in diversified portfolios to minimize idiosyncratic risk. 
Building on this assumption, the Capital Asset Pricing Model (CAPM) 
and the three-, four-, and five-factor models extend portfolio theory by 
assuming that all investors hold market portfolios in equilibrium. This 

Peer review under responsibility of Borsa İstanbul Anonim Şirketi. 
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assumption implies that only systematic risk is priced in equilibrium, 
whereas idiosyncratic risk remains unpriced. However, in practice, 
perfectly diversified portfolios are unattainable because of various fac
tors such as market imperfections, transaction costs, information con
straints, investor behavior, and budget constraints. Thus, excluding 
idiosyncratic risk from asset pricing poses a significant structural 
problem. To mitigate these problems, idiosyncratic risk has been 
incorporated into asset-pricing models, and empirical studies have 
shown that idiosyncratic risk is a significant component of returns (Au 
et al., 2009; Huang et al., 2010; Liu, 2022; Long et al., 2018; Long et al., 
2020). Ultimately, although the relationship between idiosyncratic risk 
and market risk and returns is well established theoretically, the 
empirical effects of both risks on returns are inconsistent because of the 
many factors that can affect the risk–return relationship, such as market 
dynamics, analysis period, data frequency, and risk calculation method 
(Ang et al., 2006; Brown & Ferreira, 2016; Chen & Petkova, 2012; Chua 
et al., 2010; Fu, 2009; Gu et al., 2018; Hur et al., 2014; Khovansky & 
Zhylyevskyy, 2013; Malkiel and Xu 1997, 2004; Shi et al., 2016; Spiegel 
& Wang, 2005). Therefore, a more nuanced understanding requires 
recognition of the complexity of this relationship in real markets. 

Motivated by the established impact of idiosyncratic risk and market 
volatility on stock returns, this study investigates the risk–return asso
ciation in the context of emerging markets. Specifically, 202 stocks listed 
on the Borsa Istanbul are analyzed in this study to examine the impact of 
idiosyncratic risk and market volatility on stock returns, as previous 
research has been inconclusive (Bali & Cakici, 2008; Fazil & İpek, 2013). 
Given the robust nature of the relationship between market volatility, 
idiosyncratic risk, and stock returns, a nuanced examination in a specific 
context is essential. In this context, this study aims to empirically 
establish the relationship between risk and return, focusing on the un
proven impact of risk factors on the returns of individual stocks, espe
cially in the context of emerging stock markets such as Borsa Istanbul. 
Rigorous empirical evidence on the relationship between idiosyncratic 
risk, market risk, and return is not only a valuable guide for investors but 
also an important reference for researchers in the field of investment 
analysis. This study uses the GARCH and EGARCH models to measure 
market volatility and the CAPM, and three-factor, four-factor, and 
five-factor models to calculate idiosyncratic risk. Quarterly idiosyncratic 
risk data from January 1, 2010, to June 30, 2023, are derived from daily 
closing price series, resulting in 54 quarterly observations for each stock. 
The complicated nature of the risk-return series requires an examination 
of both cross-sectional and time-series information. Based on this prin
ciple, various econometric techniques have been used to capture the 
complex risk–return relationship. The cross-sectional analysis utilizes 
the two-stage regression model of Fama and MacBeth (1973). In this 
approach, the coefficients of individual companies are estimated 
through a time-series analysis and then used to determine the coefficient 
of the relevant factor in the second stage. Additionally, the 
Arellano-Bover/Blundell-Bond dynamic panel regression model, which 
captures the time dimension of an individual firm, is used to uncover 
firm-specific information. This dual approach allows a thorough evalu
ation of both cross-sectional and panel data for the stocks listed on Borsa 
Istanbul. As a result, the analysis in this study incorporates six risk 
measures, including GARCH and EGARCH market volatility measures, 
and four idiosyncratic risk indicators derived from the CAPM and factor 
models. To ensure robustness, each model is estimated using three 
partial regressions, considering positive excess returns, negative excess 
returns, and all observations separately. This multidimensional 
perspective, characterized by different risk measures (idiosyncratic and 
market) and including both horizontal (cross-sectional) and vertical 
(panel data) analyses, distinguishes this study from the existing litera
ture and provides a more nuanced understanding of the risk–return 
relationship on Borsa Istanbul. 

2. Idiosyncratic risk 

In the broadest sense, risk refers to deviations from expectations and 
inherently involves probabilistic uncertainty about the future. In the 
financial context, risk measures the uncertainty that an investor is 
willing to accept to realize a return on an investment. The concept 
contains many ambiguities in its definition and has no universally 
accepted framework; therefore, no unique method for computing risk 
exists. In the financial context, risk comprises two components: market- 
driven risk and idiosyncratic risk. Therefore, when market risk is 
decomposed, what remains is idiosyncratic risk. 

2.1. The CAPM 

The CAPM, introduced by William Sharpe (1964) and John Lintner 
(1965), is among the most widely used and accepted models for pricing 
financial assets. This single-factor equilibrium model investigates the 
relationship between systematic risks and returns. Consequently, the 
model includes only market-related components (Bali et al., 2005; 
Bozhkov et al., 2020). Since total equity risk is the sum of market-driven 
and idiosyncratic risks, idiosyncratic risk can be measured as the re
sidual variance of equity returns after subtracting systematic risk. The 
basic mathematical formulation of the CAPM is as follows: 

Ri,t − rf ,t =α+ β1
(
Rm,t − rf ,t

)
+ εi,t (1) 

where rf ,t is the risk-free rate of return, β1 is the slope coefficient 
estimated from the regression model and is equal to cov(Ri,t , RM,t)

var(RM,t )
, and εi,t ∼

(σ2,0) are the error terms that include only firm-specific risks (Fabozzi 
et al., 2007). The variable related to the market is included in the 
regression model; therefore, no market-specific effect in the residuals is 
obtained from the regression. Thus, the standard deviation of the re
siduals in Eq. (1) represents idiosyncratic risk. 

2.2. The three-factor model 

The CAPM is based on strict assumptions, such as investors’ general 
expectations, unlimited borrowing and lending at a risk-free rate, and no 
transaction costs. The strict assumptions and single factors explaining 
returns have led to criticism of the model. Researchers have argued that 
the returns for securities cannot be explained by the market beta alone 
and that factors such as book-to-market (Chan et al., 1991), size (Banz, 
1981), and price-earnings ratio (Basu, 1977) should also be considered 
when valuing an asset. To overcome the shortcomings of the CAPM, 
Fama and French (1993) proposed a three-factor model that included 
book-to-market and market factors. The three-factor model proposed by 
Fama and French (1993) is expressed as follows. 

Ri,t − rf ,t =α+ δ1
(
Rm,t − rf ,t

)
+ δ2 SMBi,t + δ3 HMLi,t + ϵi,t (2) 

where Ri,t is the return on the i-th share in month t, SMBi,t is the 
difference between the returns on the portfolios with small-cap shares 
and the returns on the portfolios with large-cap shares at time t, and 
HMLi,t is the difference between the returns of portfolios containing 
stocks with high book-to-market ratios and the returns of portfolios 
containing stocks with low book-to-market ratios at time t. In addition, α 
and δi for i = (1, 2,3) are the constant and slope coefficients, respec
tively, while ϵi,t ∼ (σ2,0) is residuals that include only firm-specific ef
fects. Thus, IVi =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
var (ϵi,t)

√
is the idiosyncratic risk of i-th stock in 

period t (Ali et al., 2020). 

2.3. The four-factor model 

The efforts to value financial assets did not end with the three-factor 
model. Carhart (1997) found that the three-factor model does not cap
ture the momentum factor and suggested adding a momentum factor 
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that captures the Jegadeesh and Titman (1993) momentum anomaly in 
addition to the three factors. Consequently, a four-factor model was 
constructed. The model specifications are as follows: 

Ri,t − rf ,t = γ+φ1
(
Rm,t − rf ,t

)
+φ2SMBi,t +φ3HMLi,t +φ4WMLi,t + ωi,t (3) 

where, in addition to the three-factor model, WMLi,t is the difference 
between the returns of the portfolios containing the stocks of the former 
winners and the returns of the portfolio containing the stocks of the 
former losers at time t. Moreover, γ is the constant coefficient and φi for 
i = (1, 2,3, 4) are slope coefficients obtained by regression estimation; 
IVi =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
var (ωi,t)

√
is the idiosyncratic risk of the ith stock in period t. 

2.4. The five-factor model 

Fama and French (2015) developed a five-factor model as an 
extension of their earlier three-factor model to improve the under
standing of stock returns. Profitability and investment portfolios are 
added to the three-factor model, according to the following model 
specifications: 

Ri,t − rf ,t =φ+ ϑ1
(
Rm,t − rf ,t

)
+ ϑ2SMBi,t +ϑ3HMLi,t + ϑ4RMWi,t +ϑ5CMAi,t

+ vi,t

(4) 

where CMAi,t represents the difference between the return of port
folios with low-investing stocks, called conservative, and the return of 
portfolios with high-investing stocks, called aggressive, at time t. 
Moreover, φ represents the constant of the model and ϑi for i =
(1, 2, 3,4, 5) are the slope coefficients derived from regression estima
tion. All the asset pricing models described above have evolved from the 
CAPM to the five-factor model. Although these models all include 
market-related factors, they lack the firm-specific factors that constitute 
idiosyncratic risk. Therefore, regardless of their explanatory power, the 
residuals obtained from these models contain only firm-specific infor
mation. Thus, it is plausible to compute idiosyncratic risk from the error 
terms that exclude all market-related information. Consequently, the 
analysis results can be used to determine whether the models produce 
different results in practice, although it is difficult to determine which 
model is superior. 

3. Analysis and results 

Despite these inconclusive results, the effects of market volatility and 
idiosyncratic risk on returns cannot be ignored. Estimating the unique 
and isolated effects of risk on returns requires a robust regression 
framework and the relevant control variables. In this context, this study 
applies well-established techniques from the financial literature and 
integrates several commonly used control variables, including market 
volatility (Chung & Chuwonganant, 2018; Irshad, 2017; Ma et al., 
2018), market-to-book ratio, beta and firm size (Fama & French, 1992; 
Pontiff & Schall, 1998; Heston et al., 1999; Fletcher, 2000; Drew, 2003; 
Cordeiro da Cunha Araújo and André Veras Machado 2018), trading 
volume of index (Chen, 2012; Lee & Rui, 2000), and corporate gover
nance (Cremers & Nair, 2005; Durnev et al., 2003; Ferreira & Laux, 
2007; Gompers et al., 2003; Morck et al., 2000) to obtain robust coef
ficient estimates for the risk factors of interest. Concordantly, the anal
ysis begins by decomposing total equity risk into its systematic and 
idiosyncratic components. Subsequently, the coefficients of the explan
atory variables are calculated through an econometric estimation pro
cess, including the two-stage cross-sectional approach of Fama and 
MacBeth (1973) and Arellano-Bover/Blundell-Bond dynamic panel 
regression models. Among the explanatory variables, beta, 
market-to-book ratio, firm size, trading volume of Borsa Istanbul, and 
the corporate governance index are included as control variables in the 
regression models to estimate the unbiased coefficients for idiosyncratic 
risk and market volatility. Daily closing prices from January 1, 2010, to 

June 30, 2023, are utilized to calculate the idiosyncratic risk of the 
stocks. The closing prices and associated factor observations are divided 
into quarterly subsets to calculate quarterly idiosyncratic risk.1 Finally, 
for each stock series, 54 models are calculated based on the 54 data 
subsets. The regression models are estimated to include one of the 
calculated idiosyncratic risk measures based on the CAPM and the 
three-, four-, and five-factor models, as described in the previous section. 
Once the firm-based risk is calculated from these models, the final step is 
to establish the relationship between idiosyncratic risk, market volatility 
obtained from the GARCH and EGARCH models, and stock returns using 
the Fama–MacBeth two-stage regression which provides a 
cross-sectional analysis via the slope of the coefficients of each risk 
factor used in the model, and the Arellano-Bover/Blundell-Bond panel 
regression approach, which provides a time- and unit-dimensional 
analysis. 

Table 1 summarizes the descriptive statistics and correlation 
matrices of the variables. All variables except RM, EXR, and RS were 
used in logarithmic form. IR_C is the idiosyncratic risk series derived 
from the CAPM, IR_3F is the idiosyncratic risk series based on the three- 
factor model, and IR_4F and IR_5F are the idiosyncratic risk series 
derived from the four- and five-factor models, respectively. CRP repre
sents the corporate governance index of Borsa Istanbul and SZ represents 
the size of the company. BT is the beta of stocks and MB is the market-to- 
book series. Where RM is the market return, RS is the series of individual 
stock returns, EXR is the excess return calculated as (RM-RS), and VLM is 
the trading volume of Borsa Istanbul. Finally, VLT is the volatility series 
of Borsa Istanbul, obtained from the GARCH and EGARCH2 models. 
Although four models are employed to compute idiosyncratic risk, all 
idiosyncratic risk series have similar means, standard deviations, and 
minimum values. IR_C has the largest standard deviation among the 
other idiosyncratic risk measures. This result is not unexpected because 
the CAPM contains only beta and market returns. The more explanatory 
variables included in an econometric model, the greater the dispersion 
of the error terms around zero. Therefore, the standard deviation de
creases as the number of factors in the model increases. The correlation 
matrix is presented at the end of Table 1. In an econometric model, the 
correlation between explanatory variables should be zero. However, in 
practice, it is almost impossible for the variables to remain uncorrelated. 
This is because economic and financial data are typically influenced by 
the same factors; therefore, the correlation between them is typically 
high. A high correlation leads to several problems in coefficient esti
mation, such as biased coefficient estimation or the inability to deter
mine the unique effects of independent variables on the dependent 
variable. Therefore, if the variables do not have high correlation co
efficients, the estimated coefficients in the regression model do not 
cause such a bias. Accordingly, the covariance matrix entries in Table 1 
are generally low or moderate. The highest correlation coefficient is 
calculated between company size and the corporate governance index. 
However, even this coefficient falls below 50%. 

Table 2 presents the estimated coefficients on the GARCH and 
EGARCH models derived from the residuals of the ARMA (5,4) regres
sion. Notably, the ARCH and GARCH terms have statistically significant 
coefficients in both models. However, it is crucial to recognize that the 
ARCH/GARCH framework and its derivatives rely on the assumption of 
homoscedastic (white noise) residuals. Therefore, using a volatility se
ries generated by such models requires rigorous diagnostic tests. In this 
study, the ARCH test for heteroscedasticity and the autocorrelation 
function (ACF) test were applied. The results confirm the 

1 All other explanatory variables, including the dependent variable, were 
obtained as quarterly data from the Finnet database.  

2 The ARMA (5,4) model was used to obtain the market volatility series of the 
Borsa Istanbul, and thus 1420 observation evanished. According to the AIC and 
SIC information criteria, GARCH and E-GARCH(1,1) is the best model to cap
ture the volatility series. 
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homoscedasticity of the residuals and the absence of statistically sig
nificant ACF values up to lag 8. Thus, the error terms of the estimated 
models are consistent with the a priori assumptions. 

Cross-sectional and panel data analyses are utilized to establish a 
relationship between idiosyncratic risk, market volatility, and individ
ual stock returns3; however, market returns and market volatility have 
time-series properties because they are repeated for each stock. The line 
charts of the market volatility series obtained from the GARCH and 
EGARCH models and the market returns in Fig. 1 show fluctuations in 
the variables during the analysis period. In the market volatility series, 
the first six observations are excluded because of the lagged variables 
included in the ARMA, GARCH, and EGARCH models. The red lines in 
the charts present four-week moving averages of the corresponding se
ries. The chart shows that the market experienced three distinct periods 
of significant volatility over the investigated period. Notably, these pe
riods coincide with instances of either significant market gains or sub
stantial losses. In summary, this chart supports the notion that increased 
risk exposure in financial markets has the potential for both substantial 
gains and losses. 

The dynamic nature of idiosyncratic risk necessitates consideration 
of different calculation methods, resulting in potential discrepancies in 
the computed risk series. Fig. 2 shows four distinct idiosyncratic risk 
series computed using capital asset pricing and three-factor, four-factor, 
and five-factor models. Notably, none of these models explicitly in
corporates firm-specific components. Factor models, especially the 
CAPM, have a market-oriented perspective and use market factors as 
explanatory variables. Consequently, the model residuals encapsulate 
the combined effects of all the excluded factors. The error terms pri
marily reflect firm-specific fluctuations by including all relevant market 
variables. Essentially, removing the market contribution to the total 
stock price variation isolates the firm-specific component. Therefore, the 

Table 1 
Descriptive statistics and correlation matrix.  

Variable Obs. Mean Std. Dev. Min Max 

IR_C 7668 2.319 1.294 0.303 62.154 
IR_3F 7668 2.221 1.105 0.280 34.714 
IR_4F 7668 2.188 1.053 0.279 24.388 
IR_5F 7668 2.162 1.029 0.277 21.543 
SZ 7668 20.049 1.933 15.009 26.312 
BT 7668 − 0.243 0.242 − 1.825 0.316 
VLM 7668 26.828 1.132 25.469 29.687 
MB 7628 0.630 0.872 − 2.028 6.382 
VLT 6248 4.110 1.129 2.300 6.866 
CRP 7668 6.757 0.507 6.079 8.402 
RM 7526 0.057 0.153 − 0.207 0.739 
RS 7526 0.099 0.340 − 0.799 6.692 
EXR 7526 0.042 0.302 − 1.097 6.657   

Correlation Matrix 

IR_5F VLT MB BT SZ RM CRP VLM 

IR_5F 1        
VLT 0.170 1       
MB 0.210 0.114 1      
BT 0.113 0.121 0.104 1     
SZ − 0.057 0.175 0.387 0.325 1    
RM 0.135 0.278 0.223 0.129 0.223 1   
CRP 0.297 0.365 0.308 0.283 0.430 0.377 1  
VLM 0.128 0.280 0.085 0.043 0.089 0.524 0.081 1  

Table 2 
The coefficients of GARCH and EGARCH models.   

GARCH EGARCH 

Variable Coeff. Prob. Coeff. Prob. 

Mu 0.024 0.0000 0.027 0.0074 
AR(1) 0.203 0.0867 0.030 0.8230 
AR(2) − 0.272 0.0125 − 0.021 0.8521 
AR(3) − 0.099 0.4826 − 0.025 0.7833 
AR(4) − 0.301 0.0000 − 0.478 0.0000 
AR(5) − 0.123 0.1347 − 0.192 0.0702 
MA(1) − 0.387 0.0000 − 0.198 0.0000 
MA(2) 0.564 0.0000 0.213 0.0000 
MA(3) − 0.377 0.0000 − 0.202 0.0000 
MA(4) 0.821 0.0000 0.837 0.0000 

Omega 0.001 0.9994 0.326 0.0000 
Alpha 0.239 0.0494 − 0.271 0.0000 
Beta 0.761 0.0000 1.003 0.0000  

Diagnostic Tests  

Coeff. Prob. Coeff. Prob. 

ARCH Test 0.178 0.6754 0.664 0.4195 
Autocorrelation 
1 − 0.063 0.657 − 0.118 0.3960 
2 − 0.229 0.244 − 0.184 0.2840 
3 0.010 0.419 − 0.117 0.3530 
4 0.092 0.512 0.056 0.4870 
5 − 0.113 0.555 − 0.046 0.6150 
6 − 0.037 0.671 − 0.050 0.7170 
7 0.063 0.749 0.024 0.8100 
8 − 0.097 0.778 − 0.038 0.8730  

3 A panel data contains numerous observations for each sampling unit. Such 
datasets are constructed by merging time series observations from different 
cross-sectional units such as countries, states, regions, firms or randomly 
selected individuals or households (Baltagi, 1998, p. 13). However, variables 
such as market returns are the same for each unit. For example, the market 
returns on January 1, 2015 is the same for all stocks, regardless of the return of 
individual stocks on January 1, 2015. Therefore, series such as market returns 
are repeated for each unit in the panel. 
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standard deviations of the error terms derived from the CAPM and other 
factor models effectively serve as proxies for idiosyncratic risk. 

Idiosyncratic risk is not directly observable. However, implementing 
theoretical models can provide a measure of idiosyncratic risk. Unfor
tunately, even if guided by, no unique method is available for calcu
lating idiosyncratic risks. Furthermore, no clear evidence indicates 
which calculation method is superior. All that can be done is determine 
idiosyncratic risks using reasonable methods and compare them. In this 
context, although the idiosyncratic risk series in Fig. 2 have the char
acteristics of noisy data, their distributions are similar. The series 

exhibits different maximum and minimum values; however, their his
tograms indicate that the risk distributions are nearly identical. For all 
four series, the predominant occurrence is consistently in the range of 
1–2, and each series has a right-skewed distribution. Observations of 
idiosyncratic risk are rarely distributed in the lower and upper tails. 
Fig. 3 supports these findings. A careful examination of the figures shows 
very few observations greater than six or close to zero. The uniform 
distribution and scatter plots observed for all firm-specific risk series 
suggest that regression models that include various measures of idio
syncratic risk as explanatory variables are likely to produce consistent 

Fig. 1. Market returns and market volatility series.  

Fig. 2. Idiosyncratic risk based on the CAPM and the three-factor, four-factor, and five-factor models.  
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estimation results. 
Fig. 4 (upper-left quadrant) provides a three-dimensional visualiza

tion of the complex interaction between idiosyncratic risk and stock 
returns. The IR _5F series is used as a representative measure of idio
syncratic risk. As the idiosyncratic risk measures derived from four 
different models have high pairwise correlation coefficients, a single risk 
measure is used for the charts. During periods when stocks have low 
idiosyncratic risk, returns fluctuate only slightly. Conversely, as idio
syncratic risk increases, the magnitude of the returns or losses gradually 
increases. The striking conclusion is that, as the magnitude of stock 
returns increases, the returns become more volatile. As idiosyncratic risk 
increases, so does its variability. In particular, idiosyncratic risk remains 
stable at lower levels, but becomes increasingly pronounced and volatile 
at higher levels. The chart also indicates a positive correlation between 
idiosyncratic risk and returns. Accordingly, stock returns tend to in
crease when market returns and idiosyncratic risk increase and volatility 
tends to increase when the level of returns increases. Furthermore, the 
second part of the chart shows that individual stock returns are higher 
when market volatility increases. The density of individual stock returns 
increases with market volatility and idiosyncratic risk. Simultaneously, 
stock returns become more volatile when market volatility is high. 
However, the relationship between market volatility and stock returns is 
inversely U-shaped. Stock returns tend to increase to the midpoint of 
market volatility and decrease from a point of market volatility. The 
effect of the corporate governance index on stock returns follows a 
similar path. As corporate governance increases, average expected stock 

returns also increase. Thus, an inverted U-shaped relationship exists 
between corporate governance and stock returns. 

Although data visualization provides valuable insights into the re
lationships between variables, econometric methods such as panel data, 
cross-sectional, or time-series analyses are required to establish these 
relationships. Here, Fama and MacBeth’s (1973) procedure is utilized to 
construct a cross-sectional relationship between market volatility, 
idiosyncratic risk, and stock returns. Accordingly, Table 3 summarizes 
the estimated coefficients from the two-stage Fama-MacBeth 
cross-sectional regression model. Each model utilizes a different mea
sure of market risk, derived from either the GARCH or EGARCH model 
and one of the four measures of idiosyncratic risk. This comprehensive 
approach ensures a rigorous examination of the risk–return relationship 
by considering both firm-specific and market-based risk components. 
The coefficients show a consistently positive and statistically significant 
relationship between the risk premiums associated with idiosyncratic 
risk factors and stock returns across all models. This result is consistent 
with theoretical expectations and empirical evidence from previous 
research (e.g., Merton, 1980). Specifically, higher idiosyncratic risk 
implies firm-specific uncertainties that market exposure alone cannot 
mitigate. Consequently, investors demand higher expected returns (risk 
premium) to compensate for the non-diversifiable risk. Notably, the 
coefficients are consistent across the models that incorporate both 
GARCH- and EGARCH-based market risk measures, underscoring the 
robustness of this relationship. These results validate the effectiveness of 
the GARCH and EGARCH models in capturing the dynamics of market 

Fig. 3. Distribution of idiosyncratic risks from the CAPM and factor models.  
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volatility and its influence on the risk-return relationship. 
Accordingly, the VLT coefficients obtained from either the GARCH or 

EGARCH across all eight models are consistently negative, indicating a 
statistically significant inverse relationship between market volatility 
and expected stock returns. This finding suggests that, on average, 
higher market volatility is associated with lower expected returns for the 
studied stocks. The magnitude of this association is quantified using 
coefficient values, which are approximately − 0.1%. A 1% increase in 
market volatility is associated, on average, with a 0.1% decrease in 
expected stock returns. This is consistent with well-established empirical 
evidence in financial markets (Fig. 4). Higher market volatility implies 
greater uncertainty and risk, leading investors to demand higher risk 
premia (i.e., compensation for assuming increased risk) for holding risky 
assets such as equities. Consequently, expected returns decline as market 
volatility increases, reflecting a trade-off between risk and returns. 
However, the estimated coefficients of the SZ and VLM variables have 
positive signs consistently in all models. This indicates that stocks tend 
to generate higher returns during periods characterized by larger and 
more active market conditions. Conversely, the coefficient on BT 
consistently has a negative and statistically significant sign, indicating 
that increased market exposure is associated with lower stock returns. In 
addition, the control variables MB and CRP do not have statistically 
significant coefficients in any of the models. 

Empirical analyses using cross-sectional, time-series, and panel data 
usually require preliminary investigations to ensure model fit and data 
integrity. This study uses a panel data approach in conjunction with a 
cross-sectional regression. Within this framework, the analysis begins 
with the necessary pre-tests for panel data to ensure model consistency 
and establish a valid relationship between variables. To establish such a 
relationship, the panel data analysis begins with an examination of the 
cross-sectional dependence of the dependent and independent variables. 
In this study, the Breusch-Pagan LM and Pesaran CD tests are used to 
examine the cross-sectional dependence of the variables employed in the 

Fig. 4. Idiosyncratic risk, stock returns, market returns and market volatility.  

Table 3 
Coefficients of the Fama-MacBeth (1973) two-step cross-sectional regressions.   

IR_C IR_3F 

Variable GARCH EGARH GARCH EGARH 

IR 0.0489** 0.0500** 0.0463* 0.0491** 
VLT − 0.0999*** − 0.1004** − 0.1015*** − 0.1023** 
RM 0.0219* 0.0234* 0.0226* 0.0241* 
SZ 0.1755** 0.2106** 0.1774** 0.2153** 
BT − 0.0079* − 0.0088* − 0.0081* − 0.0090* 
MB 0.0435 0.0484 0.0432 0.0489 
CRP 0.0217 0.0350 0.0217 0.0361 
VLM 0.0243* 0.0295* 0.0248* 0.0302** 
C 0.0077* 0.0092* 0.0079* 0.0095**   

IR_4F IR_5F 

Variable GARCH EGARH GARCH EGARH 

IR 0.0417** 0.0458** 0.0448* 0.0483** 
VLT − 0.1023*** − 0.1029*** − 0.1015*** − 0.1022** 
RM 0.0225** 0.0241* 0.0225** 0.0240** 
SZ 0.1726** 0.2129** 0.1759** 0.2149** 
BT − 0.0083* − 0.0091* − 0.0083* − 0.0092* 
MB 0.0411 0.0476 0.0425 0.0485 
CRP 0.0201 0.0354 0.0218 0.0367 
VLM 0.0243* 0.0301* 0.0246* 0.0302* 
C 0.0078* 0.0094* 0.0078* 0.0095* 

The (***), (**), and (*) indicate statistical significance levels of 1%, 5%, and 
10%, respectively. This study examines the relationship between idiosyncratic 
risk and individual stock returns using two sets of regression models. In one set 
of models, market volatility is estimated using a GARCH model, while in the 
other set, it is estimated using an EGARCH model. These estimated volatilities 
are included as independent variables in the regressions. In addition, four 
different measures of idiosyncratic risk are used: IR_C from the CAPM model, 
IR_3 from the 3-factor model, IR_4 from the 4-factor model, and IR_5 from the 5- 
factor model. 
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regression models. Table 4 presents the test results for all variables 
except the corporate governance, market return, trading volume of 
Borsa Istanbul, and market volatility series. The omission of a test for 
cross-sectional dependence for these series is because of their inherent 
time-series characteristics. These variables have an artificial panel data 
structure that is specifically influenced by the overall market and 
replicated for each stock. For example, the market volatility values in 
the first quarter of 2010 or the last quarter of 2020 are identical for all 
stocks. Therefore, the conventional panel unit root test is inappropriate 
for testing the unit roots of these variables. Instead, a time-series unit 
root test is more appropriate for examining the unit roots of the variables 
of corporate governance, market returns, and market volatility. 

The null hypothesis of “no cross-sectional dependence” is rejected for 
all variables listed in Table 4 based on the Breusch-Pagan LM and 
Pesaran CD tests. This indicates cross-sectional dependence among the 
variables, which requires the application of second-generation unit root 
tests specifically designed for such scenarios. Consequently, the CADF 
and CIPS tests developed by Pesaran (2007) are used to assess the var
iables’ stationarity. In addition, ADF with breakpoints and Ng-Perron 
unit root tests are applied to the corporate governance index, market 
returns, and market volatility for time-series analysis. The choice of an 

appropriate unit root test is crucial because an incorrect specification 
can lead to spurious regressions. Applying an inappropriate test to a 
truly stationary series (I(0)) can falsely identify it as non-stationary, 
thereby leading to a “spurious regression” where a unit root is artifi
cially induced during differencing. This differencing process not only 
eliminates valuable information but also risks biasing the coefficient 
estimates or obscuring potentially significant relationships between the 
variables. To eliminate this drawback, four different unit root tests were 
performed. 

Table 5 provides a comprehensive overview of the results of both the 
panel and time-series unit root tests. The first section of the table pre
sents the critical values for the CIPS and CADF unit root tests that are 
generally accepted and used for panel data analyses. Each of these unit 
root tests is run under two model specifications: one containing only the 
constant and the other containing both the trend and the constant. 
Notably, the idiosyncratic risk series derived from the CAPM and three- 
factor, four-factor, and five-factor models had similar test statistics. The 
null hypothesis for the CIPS and CADF unit root tests is decisively 
rejected at conventional significance levels. Stock returns, excess 
returns, firm size, and the market-to-book ratio are also found to be 
stationary at the order of zero (I(0)). A notable exception is the beta 
series, in which the null hypothesis of stationarity is not rejected at the 
level, but is rejected for the differentiated beta series. Consequently, the 
test statistics indicate that the beta series is integrated of order one (I 
(1)), justifying its inclusion in the analysis by differentiating the vari
ables. The time series section reports the results of the unit root tests for 
the corporate governance index, market returns, trading volumes, and 
market volatility series. The null hypothesis of non-stationarity is deci
sively rejected for both unit root tests applied to market returns and 
market volatility series. However, for the corporate governance index 
and trading volume of Borsa Istanbul, the hypothesis can only be 
rejected for the ADF unit root test with a constant specification. In 
summary, the joint results confirm that the corporate governance index, 

Table 4 
Cross-sectional dependency tests.  

Variable Breusch-Pagan LM Pesaran CD Prob. 

RS 78698.04 253.069 0.0000 
EXR 21837.79 67.927 0.0000 
SZ 371845.60 602.659 0.0000 
MB 98945.89 194.465 0.0000 
BT 171958.60 250.799 0.0000 
IR_C 41391.97 153.732 0.0000 
IR_3F 38852.08 146.125 0.0000 
IR_4F 38681.51 146.027 0.0000 
IR_5F 39131.74 147.605 0.0000  

Table 5 
Unit root test results.  

Variable CIPS Test CADF Test 

C C&T C C&T 

RS − 5.750 − 5.881 − 3.317 − 3.328 
EXR − 5.994 − 6.128 − 3.614 − 3.714 
SZ − 2.244 − 2.628 − 2.048 − 2.278 
MB − 3.110 − 3.455 − 2.221 − 2.451 
BT − 1.035 − 1.448 − 1.352 − 1.711 
D.BT − 5.157 − 5.388 − 3.084 − 3.310 
IR_C − 5.264 − 5.450 − 3.009 − 3.212 
IR_3F − 5.263 − 5.446 − 3.018 − 3.214 
IR_4F − 5.288 − 5.491 − 3.025 − 3.219 
IR_5F − 5.270 − 5.479 − 3.031 − 3.224 

Critical Values 
10% − 2.01 − 2.50 − 2.01 − 2.50 
5% − 2.06 − 2.54 − 2.06 − 2.54 
1% − 2.14 − 2.62 − 2.14 − 2.62   

ADF with Breakpoint Ng Perron 

C C&T 

C C&T MZa MZt MSB MPT MZa MZt MSB MPT 

CRP − 7.39 − 1.72 2.66 1.38 0.52 84.17 7.16 3.54 0.49 42.96 
RM − 10.62 − 9.32 − 25.64 − 3.58 0.14 3.57 − 25.92 − 3.56 0.14 1.06 
VLT − 9.69 − 7.72 − 21.47 − 3.24 0.15 4.48 − 20.98 − 3.24 0.15 1.18 
VLM − 0.38 − 3.50 1.27 0.74 0.58 29.15 − 6.70 − 1.73 0.26 13.66 

Critical Values 
1% − 5.72 − 4.95 − 23.80 − 3.42 0.14 4.03 − 13.80 − 2.58 0.17 1.78 
5% − 5.18 − 4.44 − 17.30 − 2.91 0.17 5.48 − 8.10 − 1.98 0.23 3.17 
10% − 4.89 − 4.19 − 14.20 − 2.62 0.19 6.67 − 5.70 − 1.62 0.28 4.45 

*C is the model specification with constant and trend, while C&T is the model specification with constant only. 
* The null hypothesis is “the variable is not stationary” for all unit root tests used in the table, including both panel unit root test and time series unit 
root test. 
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market volatility, and market return series exhibit zero-order statio
narity (I(0)), while the trading volume of Borsa Istanbul is integrated of 
order one (I(1)). 

Cross-sectional analyses provide valuable initial insights into the 
risk–return relationship; however, their inherent limitations require 
more sophisticated approaches to fully capture the dynamic complexity. 
This study overcomes the limitations of static cross-sectional analyses by 
employing a dynamic panel data estimation technique. This technique 
allows for a deeper examination to uncover the multifaceted effects of 
risk on individual stock returns over time. Dynamically modeling the 
evolving nature of the relationship provides a nuanced understanding of 
how different risk factors affect expected returns over different time 
horizons. Stock returns are a function of several indicators, such as beta, 
market returns, and company size, in addition to past returns. Thus, 
investors may be more willing to invest in stocks with steady returns. 
The use of one or more lagged dependent variable values as an 
explanatory variable in a regression model leads to several estimation 
problems. In a regression model, the explanatory variables must be non- 
probabilistic and the covariance between the explanatory variables and 
error term should be zero. If the lagged dependent variable were 
included in the model as an explanatory variable, this assumption would 
not be met because of its inherent structure, as the presence of lagged 
dependent variables leads to correlation with unobservable panel-level 
effects, making standard estimators inconsistent and consequently 
affecting the validity of significance tests for coefficients. Arellano and 
Bond (1991) addressed this challenge by formulating a consistent 
generalized method of moments (GMM) estimator. This estimator first 
incorporates differencing to eliminate panel effects and uses instruments 
to construct moment terms. However, Blundell and Bond (1998) iden
tified a limitation of the Arellano-Bond estimator. Specifically, they 
showed that the effectiveness of lagged instruments in this estimator 
declines as the autoregressive process becomes more persistent, which is 
associated with an escalation in the ratio of the variance of panel effects 
to the variance of idiosyncratic errors. To overcome this obstacle, 

building on the contributions of Arellano and Bover (1995), Blundell 
and Bond (1998) propose a system estimator. This novel approach in
corporates moment conditions in which lagged differences serve as in
struments for the level equation and complements traditional moment 
conditions that use lagged levels as instruments for the difference 
equation. Consequently, while a static regression model with 
non-stochastic or lagged explanatory variables satisfies these assump
tions, an autoregressive model requires the use of a dynamic estimation 
procedure to obtain unbiased coefficients and perform valid significance 
tests on the coefficients. As stock returns are a function of past realiza
tion, a dynamic panel data estimation procedure must be used to 
establish the relationship between idiosyncratic risk, market volatility, 
and individual stock returns. In this context, the 
Arellano-Bover/Blundell-Bond dynamic panel regression model is used 
to estimate the coefficients. 

Table 6 lists the estimated coefficients of the Arellano-Bover/ 
Blundell-Bond regression models. In all models, individual stock 
returns are the dependent variable, whereas idiosyncratic risk and 
market volatility obtained from the EGARCH model serve as the primary 
independent variables. Several additional factors, including firm size, 
beta, book-to-market ratio, market volatility, trading volume, and 
corporate governance index, are included as control variables to explain 
the relationship between risk and returns. Excess returns are used as the 
estimation thresholds to comprehensively examine the interaction be
tween stock returns, idiosyncratic risk, and market risk (represented by 
market volatility). This approach allows for both positive and negative 
excess returns and encompasses scenarios in which stock returns either 
outperform or underperform the market. Consequently, three models 
are estimated to capture potential fluctuations in the risk–return rela
tionship as a function of market performance: (M1) in which the stock 
outperforms the market, (M2) in which the market outperforms the 
stock, and (M3) which includes all observations. Estimating these three 
regression models reveals whether the relationship between idiosyn
cratic risk, market risk, and returns varies under different market 

Table 6 
Arellano-Bover/Blundell-Bond dynamic panel regression models with EGARCH based market volatility.  

Variable  IR_C Model IR_3F Model 

M1 M2 M3 M1 M2 M3 

L1.RS − 0.0873*** − 0.1459*** − 0.0793*** − 0.0853*** − 0.1476*** − 0.0818*** 
L2.RS − 0.0282** − 0.0989** − 0.0344** − 0.0235*** − 0.0126*** − 0.0345*** 
IR 0.3338*** 0.1952*** 0.2611*** 0.3414*** 0.2059*** 0.2688*** 
VLT_EGARCH − 0.0126** − 0.0106*** − 0.0179*** − 0.0132*** − 0.0110*** − 0.0182*** 
SZ 0.2178*** 0.1577*** 0.2036*** 0.2137*** 0.1511*** 0.1983*** 
BT − 0.8515*** − 0.8564*** − 0.8882*** − 0.8398*** − 0.5430*** − 0.8733*** 
MB 0.4538*** 0.2901*** 0.3252*** 0.4496*** 0.2875*** 0.3236*** 
CRP − 0.4748*** − 0.3649*** − 0.3907*** − 0.4660*** − 0.3553*** − 0.3804*** 
RM 0.7421*** 0.4723*** 0.6665*** 0.7338*** 0.4746*** 0.6594*** 
VLM 0.0223 0.0940*** 0.0836*** 0.0283 0.0969*** 0.0883*** 
Constant − 1.6998 *** − 1.099*** − 1.9065*** − 1.0217*** − 1.6238*** − 1.8540***  

Variable IR_4F Model IR_5F Model 

M1 M2 M3 M1 M2 M3 

L1.RS − 0.0841*** − 0.1470*** − 0.0811*** − 0.0853*** − 0.1471*** − 0.0812*** 
L2.RS − 0.0230 − 0.0990*** − 0.0340*** − 0.0240 − 0.0996*** − 0.0346*** 
IR 0.3409*** 0.2035*** 0.2675*** 0.3420*** 0.2026*** 0.2672*** 
VLT_EGARCH − 0.0129** − 0.0109** − 0.0180*** − 0.0136*** − 0.0110*** − 0.0184*** 
SZ 0.2142*** 0.1519*** 0.1989*** 0.2142*** 0.1513*** 0.1983*** 
BT − 0.8409*** − 0.5419*** − 0.8718*** − 0.8328*** − 0.5427*** − 0.8708*** 
MB 0.4509*** 0.2875*** 0.3238*** 0.4506*** 0.2884*** 0.3247*** 
CRP − 0.4675*** − 0.3559*** − 0.3811*** − 0.4676*** − 0.3555*** − 0.3807*** 
RM 0.7322*** 0.4737*** 0.6579*** 0.7305*** 0.4709*** 0.6564*** 
VLM 0.0272*** 0.0963*** 0.0876*** 0.0293*** 0.0983*** 0.0898*** 
Constant − 1.6602*** − 1.0318*** − 1.8573*** − 1.6513*** − 1.0205*** − 1.8434*** 

(***), (**), and (*) represent the significance level at %1, 5%, and 10%, respectively. L1. and L2. are lag operators. The dependent variable in all models is the in
dividual stock return. M1 models represent the estimated regression models when excess returns are positive, M2 models represent the estimated regression model 
when excess returns are negative, and M3 models are estimated using all observations. IR_C, IR_3, IR_4, and IR_5 are the measures of idiosyncratic risk obtained from 
the CAPM, three-factor model, four-factor model, and five-factor model, respectively. 
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conditions. 
In the first regression model, the explanatory variable representing 

idiosyncratic risk is derived from the CAPM. Two lags of the dependent 
variable are included in the model as explanatory variables. The results 
indicate that all M1 variables have statistically significant effects on 
stock returns. Idiosyncratic risk, firm size, book-to-market ratio, traded 
volume of Borsa Istanbul, and market returns have positive effects on 
individual stock returns, while the stock beta and market volatility ob
tained from the EGARCH model and Istanbul Stock Exchange Company 
Index have negative effects on returns. Similar results are obtained when 
the measure of idiosyncratic risk is changed. For M1, in which stock 
returns exceed market returns, the estimated coefficients and their signs 
are consistent for four different measures of risk. In all models, idio
syncratic risk and market volatility have statistically significant effects 
on returns, while idiosyncratic risk has a positive effect on returns, and 
market risk has a negative effect on returns. Accordingly, a 1% increase 
in idiosyncratic risk increases stock returns by approximately 0.3395% 
on average. Based on the four models, the effect of market risk is very 
limited compared with that of idiosyncratic risk. On average, a 1% in
crease in market risk reduces stock returns by approximately 0.01331%. 
Consequently, idiosyncratic risk and market volatility have positive and 
negative effects, respectively, on stock returns in the case of positive 
excess returns. 

The second scenario occurs when market returns outperform stock 
returns. All the variables in M2 have statistically significant effects on 
stock returns, except for the two lagged values of the dependent variable 
in the models that include IR _3F and IR _4F as risk measures. The signs 
of the coefficients in these models are consistent with those in both M2 
and M1. Accordingly, idiosyncratic risk, market returns, firm size, 
trading volume, and book-to-market ratio have positive effects on 
returns during periods of negative excess returns. Market volatility 
negatively affects stock returns, when both negative and positive excess 
returns occur. A 1% increase in idiosyncratic risk increases stock returns 
by approximately 0.2018%, on average. The impact of market risk was 

very limited compared with idiosyncratic risk, as in M1. A 1% increase 
in market risk reduces stock returns by approximately 0.0108% on 
average. In the third specification, the regression models were estimated 
using the full dataset. In this case, we determine the impact of idio
syncratic risk and market volatility on stock returns for periods in which 
excess returns can be both positive and negative. The coefficients are 
statistically significant and consistent with the previous two model 
specifications. The coefficient of the idiosyncratic risk variable is 
calculated to have a positive value of approximately 0.2662% for M3, 
and the average market risk coefficient is estimated to be − 0.018%. 
Thus, including the control variables, the effects of idiosyncratic risk and 
market volatility on stocks are consistent across models. Only the 
magnitudes of the coefficients differed across the models. Accordingly, 
the coefficient of the idiosyncratic risk variable is highest when excess 
returns are positive, while the magnitude of the coefficient is lowest 
when excess returns are negative. 

The ARCH/GARCH models and their specifications are widely used 
in financial studies to compute volatility series. In this context, the 
EGARCH model is frequently used in the financial literature. The choice 
of a method to calculate the volatility of a financial series is of secondary 
importance, as no definitive proof supports the superiority of one 
technique over another. Nevertheless, these methods can be used to 
check the robustness. The estimated coefficients likely remain robust 
regardless of the method used to calculate volatility as long as the 
relationship between the variables remains consistent across the esti
mated models. This study aims to provide a robust and comprehensive 
understanding of risk that includes both market- and firm-specific 
components; thus, the EGARCH model is preferred in addition to the 
GARCH model. Table 6 shows the coefficients of the regressions with the 
volatility series derived from the EGARCH, whereas Table 7 shows the 
coefficients of the regression models based on the GARCH volatility 
series. 

Table 7 presents the estimated coefficients derived from the 
Arellano-Bover/Blundell-Bond dynamic panel regression models 

Table 7 
Arellano-Bover/Blundell-Bond dynamic panel regression models with GARCH based market volatility.  

Variable  IR_C Model IR_3F Model 

M1 M2 M3 M1 M2 M3 

L1.RS − 0.0945*** − 0.1067*** − 0.1684*** − 0.0972*** − 0.1042*** − 0.1704*** 
L2.RS − 0.0349*** − 0.0334** − 0.1078** − 0.0352*** − 0.0286** − 0.1085*** 
IR 0.2498*** 0.3258*** 0.1755*** 0.2590*** 0.3348*** 0.1853*** 
VLT_GARCH − 0.1232*** − 0.0600*** − 0.2277*** − 0.1236*** − 0.0620*** − 0.2252*** 
SZ 0.2371*** 0.2099*** 0.2251*** 0.2318*** 0.2063*** 0.2187*** 
BT − 0.7025*** − 0.7063*** − 0.2558*** − 0.6890*** − 0.6931*** − 0.2424*** 
MB 0.3331*** 0.4673*** 0.3029*** 0.3316*** 0.4630*** 0.3010*** 
CRP − 0.3329*** − 0.4027*** − 0.2344*** − 0.3236*** − 0.3942*** − 0.2276*** 
RM 0.6741*** 0.7621*** 0.5117*** 0.6681*** 0.7553*** 0.5115*** 
VLM 0.1057*** 0.0393*** 0.1117*** 0.1092 0.0438** 0.1193*** 
Constant − 3.5742*** − 2.3376*** − 4.3686*** − 3.5239*** − 2.3205*** − 4.2688***  

Variable IR_4F Model IR_5F Model 

M1 M2 M3 M1 M2 M3 

L1.RS − 0.0964*** − 0.1025*** − 0.1699*** − 0.0966*** − 0.1035*** − 0.1702*** 
L2.RS − 0.0349*** − 0.0281** − 0.1082*** − 0.0353*** − 0.0288*** − 0.1087*** 
IR 0.2584*** 0.2069*** 0.1837*** 0.2587*** 0.3368*** 0.1837*** 
VLT_GARCH − 0.1239** − 0.0631** − 0.2254*** − 0.1238*** − 0.0623*** − 0.2255*** 
SZ 0.2324*** 0.2069*** 0.2196*** 0.2317*** 0.2071*** 0.2187*** 
BT − 0.6875*** − 0.6925*** − 0.2417*** − 0.6865*** − 0.6860*** − 0.2420*** 
MB 0.3316*** 0.4639*** 0.3010*** 0.3326*** 0.4635*** 0.3019*** 
CRP − 0.3241*** − 0.3951*** − 0.2282*** − 0.3240*** − 0.3969*** − 0.2275*** 
RM 0.6671*** 0.7547*** 0.5108*** 0.6656*** 0.7530*** 0.5085*** 
VLM 0.1085*** 0.0429*** 0.1188*** 0.1100*** 0.0439*** 0.1204*** 
Constant − 3.5303*** − 2.3290*** − 4.2810*** − 3.5128*** − 2.3124*** − 4.2662*** 

(***), (**), and (*) represent the significance level at %1, 5%, and 10%, respectively. L1. and L2. are lag operators. The dependent variable in all models is the in
dividual stock return. M1 models represent the estimated regression models when excess returns are positive, M2 models represent the estimated regression model 
when excess returns are negative, and M3 models are estimated using all observations. IR_C, IR_3, IR_4, and IR_5 are the measures of idiosyncratic risk obtained from 
the CAPM, three-factor model, four-factor model, and five-factor model, respectively. 
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examining the relationship between idiosyncratic risk, market volatility, 
and individual stock returns, along with several control variables. These 
models use GARCH-derived market volatility as an independent vari
able. To assess the potential impact of risk on returns comprehensively, 
three scenarios are planned: positive stock performance (M1), negative 
stock performance (M2), and all observations (M3). Each model in
corporates four different measures of idiosyncratic risk derived from the 
CAPM and factor models and uses the GARCH-derived market volatility 
series. This multi-layered approach ensures a robust evaluation of the 
risk-return relationship across different risk components and perfor
mance scenarios. The estimated coefficients are consistent with those 
obtained using EGARCH-derived market volatility (Table 6). Accord
ingly, on average, a 1% increase in idiosyncratic risk correlates with a 
positive return of approximately 0.2565%. Conversely, increased mar
ket volatility is associated with a negative return reaction, reflecting 
increased risk aversion during volatile market conditions. Furthermore, 
the results extend beyond idiosyncratic and market risk factors. Tables 6 
and 7 consistently show that firm size, market-to-book ratio, market 
returns, and market trading volume are positively correlated with 
returns. Conversely, higher beta and corporate governance index values 
are associated with lower expected returns, supporting the risk and 
governance premium interpretations. 

4. Conclusion 

The traditional financial theory assumes a positive relationship be
tween risk and returns. However, in emerging markets, characterized by 
less mature market dynamics and higher firm-specific risks, this rela
tionship requires a more nuanced examination. This study aims to reveal 
the impact of market and idiosyncratic risks on stock returns traded on 
the Borsa Istanbul. The study uses a dataset of 202 stocks covering 54 
quarters and follows a two-pronged approach. First, the Fama-MacBeth 
(1973) two-stage cross-sectional regression is used to capture the hori
zontal relationship between risk and return. Second, the 
Arellano-Bover/Blundell-Bond dynamic panel regression model is 
applied to examine the evolution of this relationship over time. To ac
count for possible methodological dependencies, two different market 
risk measures derived from the GARCH and EGARCH models are 
included. In addition, four different idiosyncratic risk measures are 
employed derived from the CAPM and three-, four-, and five-factor 
models. To further explore heterogeneity, three partial regression 
models are established for each risk measure using excess returns as 
thresholds. This multifaceted approach aims to contribute to a more 
nuanced understanding of the risk–return relationship in the context of 
Borsa Istanbul, considering the unique characteristics of emerging 
markets and providing valuable insights for investors and policymakers. 

Thus the coefficient of the Fama-MacBeth (1973) two-stage regres
sion model confirms the positive and statistically significant role of 
idiosyncratic risk on returns. This result remains consistent across eight 
regression models using four different measures of idiosyncratic risk. 
Specifically, the estimated coefficients indicate that a 1% increase in 
idiosyncratic risk is associated with a 0.0468% increase in expected 
returns. Market volatility is also a statistically significant determinant of 
stock returns. However, the coefficients show an inverse relationship 
between market returns and volatility, suggesting that the susceptibility 
to significant losses is higher during periods marked by high rather than 
low volatility. In addition, market returns, firm size, stock beta, and 
Borsa Istanbul trading volume show remarkable significance in 
explaining stock returns. Among the control variables used in the 
Fama-MacBeth (1973) regressions, the book-to-market ratio and 
corporate governance index had an insignificant effect on stock returns. 
Furthermore, the Arellano-Bover/Blundell Bond approach reveals a 
statistically significant and positive relationship between idiosyncratic 
risk and individual stock returns. This relationship holds for both 
EGARCH and GARCH specifications, including all 24 estimated models. 
Particularly notable is the stability of the impact of idiosyncratic risk on 

returns, regardless of whether stock returns outperform or underperform 
the market. However, market volatility has an inverse relationship with 
stock returns, which remains consistent across models, regardless of 
whether the measure of market volatility is derived from EGARCH or 
GARCH specifications. In addition to these main results, the control 
variables contribute to the dynamics of returns. In particular, the 
corporate governance index and beta have negative effects on stock 
returns, whereas positive relationships are found between stock returns 
and book-to-market ratio, firm size, Borsa Istanbul trading volume, and 
market returns. Notably, the regression coefficients derived from the 
cross-sectional and panel data regressions show remarkable consistency 
across the different measures of idiosyncratic risk, with minimal vari
ability in coefficient magnitude. 
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