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ABSTRACT 

Momentum strategies, due to their strong performance, are common investment 

methods designed based on the continuation of past asset performance. However, 

these strategies face sharp declines in high volatility conditions and market rever-

sals. In this research, the impact of Constant Volatility Scaled Momentum 

(cMOM) and Semi-Constant Volatility Scaled Momentum (sMOM) strategies is 

examined using data from 100 stocks that constitute a significant portion of the 

Tehran Stock Exchange market value during the years 2013 to 2024. These strat-

egies aim to reduce risk and improve risk-adjusted returns by adjusting for recent 

volatility. The results show that sMOM outperforms cMOM in factor-spanning 

tests and acts as a complement to traditional momentum. Moreover, its strong 

correlation with traditional momentum and its relative independence from market 

risk were confirmed in this study. These findings indicate that volatility adjust-

ment does not always lead to performance improvement, and market conditions 

play a crucial role in the efficiency of these strategies. The results demonstrate 

that neither the constant volatility nor the semi-constant volatility scaled momen-

tum strategies consistently outperform one another. 

 

 

1 Introduction 

 Momentum strategies, which are based on the concept of following existing market trends, have 

become a cornerstone of investment approaches due to their straightforward implementation and strong 

performance across various time horizons. These strategies operate on the premise that assets which 

have recently exhibited strong performance will continue to do so, while those with poor performance 

will likely persist in underperforming [1,2]. Nevertheless, a significant limitation of traditional momen-

tum strategies is their vulnerability to sharp losses during market reversals or periods of heightened 
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volatility, potentially resulting in considerable drawdowns [3].One effective method for managing these 

fluctuations is the application of volatility adjustment techniques, which adjust the portfolio's risk ex-

posure based on the inverse of its recent volatility to maintain a consistent level of risk under varying 

market conditions [4]. This approach, specifically designed to reduce risk and mitigate maximum draw-

down, can enhance risk-adjusted returns. This study focuses on constant-volatility (cMOM) and semi-

constant volatility (sMOM) scaled momentum strategies, which are specifically designed to address the 

large drawdowns often associated with momentum strategies. These strategies dynamically adjust port-

folio exposure based on real-time volatility assessments, aiming to reduce risk and enhance downside 

protection during periods of market instability [5]. Examining the impact of these strategies in the Teh-

ran Stock Exchange, which has its own unique characteristics and challenges, provides a valuable op-

portunity to study the dynamics of emerging markets. Given that financial markets in developing coun-

tries often experience higher volatility, strategies that contribute to risk reduction and more precise 

capital management gain added significance. By evaluating the performance of cMOM and sMOM 

strategies under such conditions, this research not only enhances the understanding and practical appli-

cation of these strategies but also enables their comparison with other international markets. This infor-

mation can assist investors and portfolio managers in making more informed decisions and improving 

investment strategies in similar markets. 

2 Theoretical Fundamentals and Research Background 

In our analysis of momentum strategies in the Tehran Stock Exchange, we specifically focus on 

constant-volatility scaled momentum (cMOM) and semi-constant volatility scaled momentum (sMOM) 

strategies. These innovative approaches, grounded in the principles proposed by Matthias and Hanauer 

[6], emphasize risk management through volatility scaling and aim to mitigate the significant risks as-

sociated with traditional momentum strategies, such as momentum crashes during market reversals.In 

the study of momentum strategies in financial markets, the foundational work of Fama and French on 

factor models plays a critical role in understanding the risk factors that drive stock returns. Specifically, 

Fama and French [7-9] introduced models that identify market, size, and value factors as key determi-

nants of asset prices, providing a robust framework for analyzing investment strategies. Within this 

framework, the reviewed literature considers these factors to evaluate the performance of various mo-

mentum strategies, particularly the constant-volatility scaled momentum (cMOM) and semi-constant 

volatility scaled momentum (sMOM) strategies proposed by Matthias and Hanauer [6]. These authors, 

along with others such as Moreira and Muir [4], emphasize the importance of accounting for volatility 

as a key risk component when implementing momentum strategies. This methodological approach 

aligns with Fama and French’s broader implication that market anomalies, such as momentum, should 

be assessed in the context of risk-adjusted returns. By utilizing Fama and French factor models [7-9], 

researchers can disentangle the specific effects of momentum from broader market movements, ena-

bling a more precise evaluation of the true effectiveness and risk characteristics of these strategies across 

diverse market environments. This integration underscores the importance of factor-based analysis in 

the design and evaluation of advanced financial strategies, such as cMOM and sMOM, in the Tehran 

Stock Exchange, and provides a deeper understanding of risk management in momentum investing. The 

literature indicates that while traditional momentum strategies can be profitable, they are susceptible to 

sudden and severe drawdowns, often referred to as "momentum crashes." As detailed by Daniel and 

Moskowitz [3], these crashes are particularly pronounced during periods of intense market stress. This 

vulnerability is attributed to the high volatility experienced by momentum portfolios during downturns. 
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In light of this, Grobys et al. [10], examined risk-managed industry momentum strategies across various 

sectors, demonstrating that industry-specific momentum strategies can help diversify some of the in-

herent risks associated with broader market momentum strategies. Their findings suggest that risk man-

agement approaches can be more resilient under different market conditions, complementing the core 

hypotheses of the cMOM and sMOM strategies proposed by Matthias and Hanauer [6], which advocate 

that adjusting investment exposure based on market volatility can lead to more stable returns. Moreover, 

Moreira and Muir [4] demonstrate that volatility-scaled momentum strategies can significantly enhance 

the Sharpe ratios of momentum portfolios while reducing both the frequency and severity of negative 

anomalies (momentum crashes) without compromising high returns. They argue that the effectiveness 

of momentum can be substantially improved through dynamic position scaling based on realized vola-

tility. This feature aligns with the logic of constant-volatility and semi-constant volatility scaled mo-

mentum strategies.The concept of volatility scaling has also been expanded by Barroso and Santa-Clara 

[5], who show that adding a layer of risk management significantly reduces the skewness and kurtosis 

of momentum strategy return distributions, effectively lowering the probability of severe losses while 

enhancing overall performance. This idea underpins the constant-volatility and semi-constant volatility 

scaled momentum strategies, as these strategies aim to constrain investment volatility to a manageable 

level, delivering more predictable and stable returns for investors. Evidence has highlighted the sensi-

tivity of momentum profits to market conditions, suggesting that these profits are more pronounced 

when markets continue in the same state rather than transition to a different one [11]. This finding builds 

on earlier work by Cooper, Gutierrez, and Hameed [12], who demonstrated that momentum profits are 

largely confined to periods following UP markets. Asem and Tian empirically investigate the effects of 

market reversals and find that momentum profits significantly decline when markets transition from an 

UP state to a DOWN state [11], supporting the behavioral theories proposed by Daniel, Hirshleifer, and 

Subrahmanyam [13] and Hong and Stein [14]. These models argue that investor overconfidence and 

risk aversion dynamics drive momentum, predicting higher profits when markets continue in the same 

state. However, the results also reveal unexpected large momentum profits following DOWN markets, 

challenging prior findings and providing new insights into the underlying mechanisms of momentum 

profits in varying market conditions.Carhart [15] demonstrates that common factors in stock returns 

and investment expenses almost completely explain the persistence in mutual fund performance. Using 

a four-factor model that includes market risk, size, book-to-market, and momentum, Carhart shows that 

mutual funds following momentum strategies do not achieve superior returns once expenses and trans-

action costs are considered. The study concludes that persistence in mutual fund performance is largely 

driven by costs and common factor exposures, rather than managerial skill. This evidence challenges 

the notion of skilled fund managers consistently outperforming the market.Cederburg et al. [16] inves-

tigate the performance of volatility-managed portfolios using a comprehensive sample of 103 equity 

strategies. Their findings suggest that while volatility-managed portfolios tend to produce positive al-

phas in spanning regressions, they do not systematically outperform their unmanaged counterparts in 

direct performance comparisons. Moreover, the out-of-sample performance of these portfolios gener-

ally fails to replicate the in-sample results, indicating substantial structural instability in the underlying 

spanning regressions. These results imply that the benefits of volatility management may be less prac-

tical for real-time investors than previously suggested. Volatility weighting is an effective risk manage-

ment technique applied to momentum strategies. Du Plessis and Hallerbach [17] explore two main 

forms of volatility weighting: weighting a strategy by its own volatility and weighting each underlying 
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asset by its volatility. Their empirical findings, based on U.S. industry portfolios, demonstrate that vol-

atility weighting can significantly enhance the Sharpe ratio of both time-series and cross-sectional mo-

mentum strategies. They also introduce a novel form of volatility weighting, termed dispersion 

weighting, which uses cross-sectional dispersion as a measure of volatility. The results indicate that, 

while traditional volatility weighting improves performance, dispersion weighting offers additional 

benefits by stabilizing returns and reducing downside risk. Momentum strategies, which involve buying 

recent winners and shorting recent losers, inherently exhibit time-varying factor exposures due to the 

performance of common risk factors during the ranking period. Grundy and Martin [18] find that, even 

after adjusting for dynamic risk exposures, momentum profits remain remarkably stable across various 

subperiods, suggesting that factor models can explain a significant portion of the return variability but 

not the mean returns of these strategies. Their analysis also shows that strategies based on stock-specific 

return components are more profitable than those based on total returns, indicating that the momentum 

effect is primarily driven by stock-specific information rather than industry or cross-sectional factors. 

Asness et al. [19] investigate the performance of value and momentum strategies across eight diverse 

asset classes, including equities, bonds, currencies, and commodities. Their findings reveal consistent 

and significant return premia for both value and momentum strategies in every asset class, with strong 

comovement of returns across asset classes. They also demonstrate that value and momentum are neg-

atively correlated with each other, both within and across asset classes. The study introduces a three-

factor model incorporating global funding liquidity risk to explain these patterns, highlighting the im-

portance of examining value and momentum jointly rather than in isolation.Wang and Yan [20] examine 

the performance of downside volatility-managed portfolios compared to those scaled by total volatility. 

They find that strategies scaled by downside volatility exhibit superior performance, as evidenced by 

significantly higher alphas and Sharpe ratios. The enhanced performance is attributed primarily to the 

ability of downside volatility to predict future returns, allowing for better return timing. This suggests 

that managing downside risk, rather than total volatility, provides additional benefits for investors, par-

ticularly in real-time trading and across a broad range of equity factors and anomaly portfolios. Bekaert 

and Wu [21] investigate the asymmetry in volatility and risk in equity markets, focusing on both firm-

level and market-level dynamics. Their study provides evidence that the negative correlation between 

returns and volatility is primarily driven by volatility feedback rather than leverage effects. Using data 

from the Nikkei 225 stocks, they find that conditional covariances respond more strongly to negative 

market shocks, which enhances volatility feedback at the firm level. These findings suggest that changes 

in conditional volatility are more significant for predicting risk premiums than previously assumed, 

challenging the traditional view that leverage effects are the primary driver of volatility asym-

metry.Blitz, Hanauer, and Vidojevic [22] investigate the idiosyncratic momentum anomaly, demon-

strating that it is distinct from conventional momentum and cannot be explained by established asset 

pricing factors. Their analysis shows that idiosyncratic momentum delivers robust returns across vari-

ous international markets, and its performance remains stable even when controlling for factors such as 

crash risk and investor overconfidence. Unlike conventional momentum, idiosyncratic momentum is 

less sensitive to market reversals and exhibits lower transaction costs due to its unique risk-return pro-

file. These findings suggest that idiosyncratic momentum represents a separate and valuable dimension 

in the cross-section of expected stock returns. Chui, Titman, and Wei [23] explore the relationship be-

tween cultural differences and momentum profits across global markets. Using Hofstede’s individual-

ism index, they find that momentum profits are significantly higher in countries with high levels of 

individualism, which is associated with greater overconfidence and self-attribution bias. Their results 
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suggest that cultural factors, particularly individualism, play a critical role in explaining the cross-coun-

try variation in momentum returns. These findings highlight the importance of psychological biases in 

shaping investor behavior and market outcomes. Watanabe et al. [24] examine the asset growth effect 

in international equity markets and find that firms with higher asset growth rates experience signifi-

cantly lower future stock returns across 42 countries. This negative relationship is more pronounced in 

developed markets where stocks are more efficiently priced. The study suggests that the asset growth 

effect is driven by optimal investment behavior rather than market mispricing. These findings indicate 

that the link between asset growth and future returns is a robust global phenomenon, consistent with the 

predictions of rational asset pricing models.Blitz, Huij, and Martens [25] introduce the concept of re-

sidual momentum, which ranks stocks based on their residual returns rather than total returns. This 

approach significantly reduces the time-varying exposures to common risk factors observed in tradi-

tional momentum strategies. Their findings indicate that residual momentum delivers approximately 

double the Sharpe ratio of conventional momentum strategies, with higher risk-adjusted returns and 

lower volatility. The strategy also performs consistently over time and across business cycles, suggest-

ing that residual momentum offers a more robust and less risk-exposed alternative to traditional mo-

mentum investing. Griffin, Ji, and Martin [26] analyze whether macroeconomic risk factors can explain 

momentum profits across global markets. Their findings indicate that neither unconditional models nor 

conditional forecasting models using lagged instruments can account for the observed momentum prof-

its. They demonstrate that momentum strategies are economically significant and statistically robust in 

both good and bad economic states, with profits tending to reverse over long horizons. These results 

challenge traditional risk-based explanations for momentum, suggesting that the phenomenon is not 

driven by macroeconomic risk. During the years 2001 to 2005, Fadaei Nejad and Sadeghi demonstrated 

that momentum strategies in the Tehran Stock Exchange were able to generate excess returns for one-

month, three-month, and six-month time horizons [27]. Similarly, Eslami Bidgoli et al., in their study 

of the market from 2004 to 2009, concluded that return continuation, or momentum, exists in stock 

returns over 3- to 12-month periods [28]. Additionally, Badri and Fathollahi (2014) found evidence of 

momentum in stock returns and a significant relationship between past and future returns in their anal-

ysis of the Tehran Stock Exchange [29].Davallou and Javadian (2017) examined the profitability of a 

novel momentum strategy based on 52-week high timing and concluded that the winner portfolio 

formed according to this strategy did not achieve higher returns compared to the loser portfolio [30]. 

Other findings suggest that cost stickiness has a positive impact on the relationship between institutional 

investors and passive institutional investors with conservatism [31]. Using the Huang and Salmon 

model, researchers examined the impact of herding behavior of institutional investors on the stock re-

turns of companies listed on the Tehran Stock Exchange, and their research results showed that there is 

a relationship between these two variables. Other findings of this study showed that the relationship 

between herding behavior and stock returns is greater in larger companies than in smaller companies, 

and also in companies with higher financial leverage; it is greater than in companies with lower financial 

leverage [32]. The hypotheses have been developed through an extensive analysis of existing research 

and are outlined as follows: 

Hypothesis 1: Constant-volatility and semi-constant volatility scaled momentum strategies outper-

form traditional momentum strategies in terms of return, risk, and risk-adjusted return by delivering 

higher alphas and stronger risk-adjusted performance. 

Hypothesis 2: Volatility management improves the performance of momentum strategies. 
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3 Methodology 

 In this study, we first construct momentum strategy portfolios. The statistical population used in this 

research consists of data on stocks listed on the Tehran Stock Exchange from April 2013 to March 2024. 

The sample includes data from 100 stocks, representing the majority of the market value of the Tehran 

Stock Exchange during the period from April 2013 to March 2024. The stocks in the sample are ranked 

based on their formation period returns (the returns over the past 12 months, excluding the most recent 

two months) according to the method proposed by Matthias and Hanauer [6], from highest to lowest. 

The top 30% of the sample, representing the highest returns, are classified as the winner portfolio, while 

the bottom 30%, representing the lowest returns, are classified as the loser portfolio. These winner and 

loser portfolios are formed based on the market value of the stocks. The monthly return of the momen-

tum factor is then calculated as follows: 

 

𝑀𝑂𝑀 = (∑ (
𝑉𝑖

𝑊𝑖𝑛𝑛𝑒𝑟𝑠

∑ 𝑉𝑗
𝑊𝑖𝑛𝑛𝑒𝑟𝑠𝑛𝑊𝑖𝑛𝑛𝑒𝑟𝑠

𝑗=1

𝑛𝑊𝑖𝑛𝑛𝑒𝑟𝑠

𝑖=1
× 𝑟𝑖

𝑊𝑖𝑛𝑛𝑒𝑟𝑠)) − ∑ (
𝑉𝑖

𝐿𝑜𝑠𝑒𝑟𝑠

∑ 𝑉𝑗
𝐿𝑜𝑠𝑒𝑟𝑠𝑛𝐿𝑜𝑠𝑒𝑟𝑠

𝑗=1

𝑛𝐿𝑜𝑠𝑒𝑟𝑠

𝑖=1
× 𝑟𝑖

𝐿𝑜𝑠𝑒𝑟𝑠))                                     

 

(1) 

where: 𝑛 is the number of stocks in the portfolio. 𝑊𝑖 is the weight of stock 𝑖 in the portfolio, calculated 

based on its market value relative to the total market value of the portfolio, defined as 𝑊𝑖 =
𝑉𝑖

∑ 𝑉𝑗
𝑛
𝑗=1

 , 

where 𝑉𝑖 represents the market value of stock 𝑖. 𝑟𝑖 is the return of stock 𝑖. 

It should be noted that the holding period is one month, and at the end of each holding period, the 

momentum factor return is calculated, and the winner and loser portfolios are reformed based on their 

formation period returns. Subsequently, we will address the following factors: 

3.1 Steps for Constructing the Constant-Volatility Scaled Momentum Factor 

1) Select your target population and sample. 

2) Construct the standardized momentum factor as described. 

3) Calculate the realized daily volatility of the standardized momentum factor over the past 6 months 

(126 trading days). The realized volatility is obtained according to the method outlined by Barroso and 

Santa-Clara [5] as follows: 

 

𝜎𝑀𝑂𝑀.𝑡
2 = 21 × ∑

𝑅𝑀𝑂𝑀.𝑑−𝑗.𝑡
2

126

126

𝑗=1

 

(2) 

The above equation is executed from 𝑗 = 1 to 𝑗 = 126, where: 𝑅𝑀𝑂𝑀.𝑑−1.𝑡
2  represents the squared 

return of the standardized momentum strategy on the first day.  Similarly, the squared daily returns 

of the momentum strategy up to day 126 are summed together.  The variable 𝜎𝑀𝑂𝑀.𝑡
2  denotes the 

variance of the momentum strategy’s returns up to time  t. Specifically, for the constant-volatility 

scaled momentum strategy (cMOM), this variance is used to scale the momentum returns in order 

to achieve a target volatility level.By scaling momentum returns based on their historical volatility, 

the constant-volatility scaled momentum strategy aims to smooth returns and reduce the risk of large 

negative drawdowns, which are typically observed in unscaled momentum strategies. This approach 

contributes to effective risk management. 
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4) Selecting the Target Volatility Level. There are various methods for choosing 𝜎𝑡
^ : 

• The average historical volatility of the sample over a specific time period can be used. 

•  A fixed target volatility can be used. 

In this study, the target volatility level is set using the average historical volatility of the past month. 

5) Using the target volatility (Step 4) and the realized volatility (Step 3), the weight 𝑊𝑐𝑀𝑂𝑀.𝑡 is 

calculated as follows: 

 

𝑊𝑐𝑀𝑂𝑀.𝑡 =
𝜎𝑡𝑎𝑟𝑔𝑒𝑡

𝜎𝑡
^

 
(3) 

Based on Equation (3), the above ratio can be analyzed as follows: 

1) When the ratio of the target volatility to the realized volatility equals one, it indicates that the risk 

levels of the standard momentum and the constant-volatility scaled momentum strategies are equivalent. 

2) When the target volatility level is lower than the realized volatility, the scaling ratio will be less 

than one. This lower ratio indicates that the investment during that period carries more risk compared 

to the target risk. Consequently, less capital is allocated to it, reducing its high risk to the desired level, 

thereby effectively managing the momentum risk. 

3) Conversely, if the target volatility level is higher than the realized volatility, the scaling ratio will 

be greater than one. This means that the investment during that period has less risk compared to the 

accepted risk level. A higher ratio indicates a larger allocation to the constant-volatility scaled momen-

tum strategy compared to the standard momentum strategy. This ultimately leads to higher returns for 

investors, with the added benefit that the scaled momentum strategy carries less risk than the standard 

momentum strategy, as it utilizes variable capital for buying and selling instead of a fixed amount. 

4) Finally, the return of the constant-volatility scaled momentum strategy in month t is calculated as 

follows: 

 

𝑅𝑐𝑀𝑂𝑀.𝑡 = 𝑅𝑀𝑂𝑀.𝑡 × 𝑊𝑐𝑀𝑂𝑀.𝑡 (4) 

5) Repeat Steps 3 to 6 as the holding period ends and new data becomes available to obtain the 

returns of the constant-volatility scaled momentum factor. 

3.2 Steps for Constructing the Semi-Volatility Scaled Momentum Factor 

1) Select your target population and sample. 

2) Construct the standardized momentum factor as previously described. 

3) Calculate the downside volatility (semi-volatility) of the standardized momentum factor over the 

past 6 months (126 trading days). The downside volatility is obtained according to the method outlined 

by Matthias and Hanauer [6] as follows: 
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𝜎𝑀𝑂𝑀.𝑡.𝑠𝑒𝑚𝑖
^ = 21 × ∑

𝑅𝑀𝑂𝑀.𝑑−𝑗.𝑡
2 𝐼|𝑅𝑀𝑂𝑀.𝑑−𝑗<0|

126

126

𝑗=1

 

(5) 

The above expression is similar to Step 3 of the constant-volatility scaled momentum factor, with the 

key difference being that only negative returns are used in the calculation of downside volatility.Semi-

volatility is a measure of the downside risk of an investment. Unlike traditional volatility, which in-

cludes both upward and downward price movements, semi-volatility focuses only on negative returns. 

This makes it particularly useful for risk management, as investors are typically more concerned with 

downside risks than with upside potential. 

4) Selecting the Target Volatility Level. Similar to the constant-volatility scaled momentum strategy, 

we also choose 𝜎𝑡𝑎𝑟𝑔𝑒𝑡
^  in this context. 

5) Using the target volatility (Step 4) and downside realized volatility (Step 3), the weight 𝑊𝑠𝑀𝑂𝑀.𝑡 

is calculated as follows: 

 

𝑊𝑠𝑀𝑂𝑀.𝑡 =
𝜎𝑡𝑎𝑟𝑔𝑒𝑡

𝜎𝑡.𝑠𝑒𝑚𝑖
^

 
(6) 

where 𝜎𝑡.𝑠𝑒𝑚𝑖
^  is obtained in Step 3. 

Adjusting the weight in the semi-volatility scaled momentum strategy is designed to manage the 

strategy's exposure to market fluctuations. This approach aims to improve risk-adjusted returns. 

6) Finally, the return of the semi-volatility scaled momentum factor in month t is calculated as fol-

lows: 

 

𝑅𝑠𝑀𝑂𝑀.𝑡 = 𝑅𝑀𝑂𝑀.𝑡 × 𝑊𝑠𝑀𝑂𝑀.𝑡 (7) 

7) Repeat Steps 3 to 6 at the end of each holding period and as new data becomes available to obtain  

The returns from the semi-volatility scaled momentum strategy. In financial research, the factor span-

ning test is a fundamental analytical tool used to assess the added value of incorporating new factors 

into an existing asset pricing model. The primary goal of this test is to determine whether adding a new 

factor provides additional explanatory power for asset returns beyond what is already captured by the 

existing factors. This is particularly important in the context of momentum strategies, where the objec-

tive is to examine whether volatility-scaled momentum strategies offer significant improvements over 

the traditional momentum factor. The factor spanning test involves regressing the returns of a new factor 

on the returns of existing factors and then examining the coefficients. If the coefficients are statistically 

significant, it indicates that the new factor provides unique information that the existing factors cannot 

explain. Conversely, if the coefficients are not significant, it suggests that the new factor does not offer 

additional explanatory power and is redundant within the existing model. This test is crucial for vali-

dating the effectiveness of volatility-scaled momentum strategies, as it ensures that they provide mean-

ingful insights and improvements over traditional momentum strategies.In this study, we utilize the 
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factor spanning test to rigorously evaluate the effectiveness of the proposed constant-volatility and 

semi-volatility scaled momentum strategies. Through this test, we aim to determine whether these strat-

egies provide additional explanatory power and higher risk-adjusted returns compared to the traditional 

momentum factor (MOM). The factor spanning test is particularly important in this context, as it allows 

us to quantify the incremental benefits of each volatility-scaled strategy and confirm their significance 

and robustness. The following regressions are used for the factor spanning test: 

 

𝑀𝑂𝑀𝑡 = 𝛼 + 𝛽1𝑅𝑀𝑅𝐹𝑡 + 𝛽2𝑆𝑀𝐵𝑡 + 𝛽3𝐻𝑀𝐿𝑡 + 𝜖𝑡 

 

(8) 

𝑀𝑂𝑀𝑡 = 𝛼 + 𝛽1𝑅𝑀𝑅𝐹𝑡 + 𝛽2𝑆𝑀𝐵𝑡 + 𝛽3𝐻𝑀𝐿𝑡 + 𝛽4𝐶𝑀𝑂𝑀𝑡 + 𝜖𝑡 

 

(9) 

𝑀𝑂𝑀𝑡 = 𝛼 + 𝛽1𝑅𝑀𝑅𝐹𝑡 + 𝛽2𝑆𝑀𝐵𝑡 + 𝛽3𝐻𝑀𝐿𝑡 + 𝛽4𝑆𝑀𝑂𝑀𝑡 + 𝜖𝑡 

 

(10) 

𝐶𝑀𝑂𝑀𝑡 = 𝛼 + 𝛽1𝑅𝑀𝑅𝐹𝑡 + 𝛽2𝑆𝑀𝐵𝑡 + 𝛽3𝐻𝑀𝐿𝑡 + 𝛽4𝑀𝑂𝑀𝑡 + 𝜖𝑡 

 

(11) 

𝐶𝑀𝑂𝑀𝑡 = 𝛼 + 𝛽1𝑅𝑀𝑅𝐹𝑡 + 𝛽2𝑆𝑀𝐵𝑡 + 𝛽3𝐻𝑀𝐿𝑡 + 𝛽4𝑀𝑂𝑀𝑡 + 𝛽5𝑆𝑀𝑂𝑀𝑡 + 𝜖𝑡 

 

(12) 

𝑆𝑀𝑂𝑀𝑡 = 𝛼 + 𝛽1𝑅𝑀𝑅𝐹𝑡 + 𝛽2𝑆𝑀𝐵𝑡 + 𝛽3𝐻𝑀𝐿𝑡 + 𝛽4𝑀𝑂𝑀𝑡 + 𝜖𝑡 

 

(13) 

𝑆𝑀𝑂𝑀𝑡 = 𝛼 + 𝛽1𝑅𝑀𝑅𝐹𝑡 + 𝛽2𝑆𝑀𝐵𝑡 + 𝛽3𝐻𝑀𝐿𝑡 + 𝛽4𝑀𝑂𝑀𝑡 + 𝛽5𝐶𝑀𝑂𝑀𝑡 + 𝜖𝑡 

 

(14) 

Where: 

 𝑀𝑂𝑀𝑡 represents the return of the momentum strategy in month t. 𝐶𝑀𝑂𝑀𝑡 represents the 

return of the constant-volatility scaled momentum strategy in month t. 𝑆𝑀𝑂𝑀𝑡 represents the 

return of the semi-volatility scaled momentum strategy in month t. 𝑅𝑀𝑅𝐹𝑡 represents the market 

risk premium in month t, calculated as the excess return of the market portfolio over the risk-free 

rate (𝑅𝑚 − 𝑅𝑓). 𝑆𝑀𝐵𝑡 is the size factor in month t, representing the difference in average returns 

between small-cap and large-cap stock portfolios. In this study, firm size is defined as the market 

capitalization (stock price multiplied by the number of shares outstanding). Following the ap-

proach of Fama and French [7], the median market capitalization of the sample companies is used 

for this classification. 𝐻𝑀𝐿𝑡 is the book-to-market factor in month t, calculated as the difference 

in average returns between stocks with high book-to-market ratios and those with low book-to-

market ratios. Based on the Fama and French methodology [7], 30% of companies are classified 

as low, 40% as medium, and 30% as high based on their book-to-market rankings. It is worth 

noting that, in the tables presented in the research findings section, following the notation used 

by Matthias and Hanauer [6], the factors 𝑅𝑀𝑅𝐹𝑡, 𝑆𝑀𝐵𝑡 and 𝐻𝑀𝐿𝑡 are collectively represented as 

𝐹𝐹𝑡 for brevity. The Jobson-Korkie test is a statistical method used to compare the Sharpe ratios 

of two investment portfolios, allowing us to determine whether there is a significant difference 

in their risk-adjusted performance. The Sharpe ratio is a common metric in finance that adjusts  

returns for risk and is defined as the ratio of a portfolio’s excess return over the risk -free rate to 
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the standard deviation of the portfolio’s excess return. Specifically, the Sharpe ratio (S) is defined 

as follows: 

 

𝑆 =
𝑅𝑝 − 𝑅𝑓

𝛿𝑝
 

(15) 

Where 𝑅𝑝 is the average return of the portfolio, 𝑅𝑓  is the risk-free rate, and 𝛿𝑝 is the standard 

deviation of the portfolio’s excess return. 

In the context of the Jobson-Korkie test, our goal is to test the null hypothesis  𝐻0 of equality 

of the Sharpe ratios of two portfolios against the alternative hypothesis  𝐻1 of inequality of their 

Sharpe ratios. Formally, the hypotheses are stated as follows: 

• Null Hypothesis 𝑯𝟎: The Sharpe ratios of the two portfolios are equal. 

• Alternative Hypothesis 𝑯𝟏: The Sharpe ratios of the two portfolios are not equal.  

The test statistic for the Jobson-Korkie test is calculated based on the difference between the 

two Sharpe ratios, taking into account the correlation between the returns of the two portfolios 

and the number of observations. The test statistic z is given as follows: 

 

𝑆1 − 𝑆2 

√2(1 − 𝜌)
𝑇 − 1

 
(16) 

 

After performing the calculations, the test statistic is expressed as follows:  

 

𝑍 =  
𝜎1𝜇2 − 𝜎2𝜇1 

√𝜃
 

 

(17) 

𝜃 =  
1

𝑇
(2𝜎1

2𝜎2
2 − 2𝜎1𝜎2𝜎1,2 +

1

2
𝜇1

2𝜎2
2 +

1

2
𝜇2

2𝜎1
2 −

𝜇1𝜇2

2𝜎1𝜎2
(𝜎1,2

2 + 𝜎1
2𝜎2

2)) 

 

(18) 

Where 𝑆1 and 𝑆2 are the Sharpe ratios of the first and second portfolios, respectively.  𝑍 repre-

sents the test statistic for comparing the Sharpe ratios of the two populations,  𝜇1 is the mean 

return of Portfolio 1, 𝜇2 is the mean return of Portfolio 2, 𝜎1 is the standard deviation of Portfolio 

1, 𝜎2 is the standard deviation of Portfolio 2, 𝑁 is the total number of strategies calculated for 

each ranking and holding period, and 𝜎1,2 is the covariance between the returns of Portfolios 1 

and 2. 

3.3 Classification of Volatility-Scaled Momentum Strategies for Performance Eval-

uation 

In this paper, the constant-volatility and semi-volatility scaled momentum strategies are di-

vided into two distinct groups to systematically evaluate and compare their performance. Each 

group is characterized by specific configurations of realized volatili ty periods and target volatil-

ity levels. By classifying the volatility-scaled momentum strategies into these categories, the aim 
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of this study is to precisely assess which configurations deliver better results in terms of risk, 

return, and risk-adjusted return. 

3.3.1 Group1 

Group One in the constant-volatility scaled momentum and semi-volatility scaled momentum 

strategies is defined by using the realized daily volatility over a 6 -month period (126 trading 

days). From this point forward, the Group One volatility-scaled momentum strategies will be 

referred to with the addition of the number one at the end of their labels (cMOM1, sMOM1) for 

reference in this study. 

3.3.2 Group2 

Group Two in the constant-volatility scaled momentum and semi-volatility scaled momentum 

strategies is defined by using the realized daily volatility over a 3-month period (63 trading days). 

From this point forward, the Group Two volatility-scaled momentum strategies will be referred 

to with the addition of the number two at the end of their labels (cMOM2, sMOM2) for reference 

in this study. 

4 Findings 

4.1 Descriptive Statistics of Research Variables 

Table 1: Descriptive Statistics of Various Strategies 

  MOM cMOM1 cMOM2 sMOM1 sMOM2 

Avg. monthly Returns  0.98% 1.28% 1.13% -0.07% 0.19% 

Median 0.96% 0.78% 0.97% 0.75% 0.92% 

standard deviation 0.07 0.09 0.08 0.08 0.07 

Sharpe ratio (annualized) -0.38 -0.18 -0.27 -0.74 -0.72 

Skewness 0.40 1.59 1.09 -0.74 -0.31 

Kurtosis 7.86 17.15 11.90 14.77 10.76 

Minimum -24.38% -33.90% -26.63% -45.67% -34.51% 

Maximum 32.93% 56.11% 44.04% 40.76% 35.27% 

Max. Drawdown  -34.28% -38.20% -34.71% -73.12% -62.71% 

 

In the descriptive statistics analysis of various momentum strategies presented in Table 1, several 

key insights emerge. The average return for these strategies indicates that cMOM1 leads with the 

highest average return of 1.28%, although this return comes with the highest standard deviation 

of 0.09, suggesting a more volatile but higher-yielding strategy. Interestingly, both sMOM1 and 

sMOM2 have negative average returns, indicating poor performance of these strategies over the 

observed period.  

The relatively high standard deviations of sMOM1 and sMOM2 compared to their average returns 

highlight a high level of risk without a commensurate benefit in terms of investment returns.In 

terms of risk-adjusted performance, as measured by the Sharpe ratio, all strategies exhibit nega-

tive ratios, indicating that none of them have provided returns that justify their risks relative to 

the risk-free asset.  



Constant Volatility Scaled and Semi-Constant Volatility …

 

   

 

[346] 

 
Vol. 10, Issue 3, (2025) 

 
Advances in Mathematical Finance and Applications  

 

However, cMOM1 and cMOM2 have less negative Sharpe ratios (-0.18 and -0.27, respectively), 

which may suggest relatively better risk-adjusted performance among the strategies, even though 

they are still negative.  

The maximum drawdown reflects the potential losses from peak to trough during the observed 

period, with sMOM1 showing the highest potential loss at -73.12%. Consequently, while none 

of the strategies demonstrate a clear advantage, cMOM1 emerges as a more favorable option due 

to its highest average return and a less negative Sharpe ratio, suggesting that this strategy man-

ages the risk-return balance better than the others, although it still carries significant risk, as 

evidenced by its maximum drawdown and negative Sharpe ratio. 

4.2 Factor Spanning Test for Group One Volatility-Scaled Momentum Strategies 

 

Table 2 : Factor Spanning Test (Alpha Value) 

  FF+(MOM) FF+(MOM)+cMOM1 FF+(MOM)+sMOM1 

MOM 0.0162 0.0013 0.0095 

cMOM1 0.0008  0.0063 

sMOM1 -0.0092 -0.0098  

 

Table 3 : Factor Spanning Test (t-Statistic) 

  FF+(MOM) FF+(MOM)+cMOM1 FF+(MOM)+sMOM1 

MOM 2.8050 0.0013 4.5057 

cMOM1 0.3129  2.8804 

sMOM1 -3.9113 -5.6906  

The results from Tables 2 and 3 indicate that the factors cMOM1 and sMOM1 do not consistently 

enhance the explanatory power of the traditional momentum factor (MOM) in various Fama-

French models. The traditional momentum factor alone performs well and generates significant 

alpha, while adding cMOM1 does not lead to any substantial improvement, leaving the alpha 

very low and insignificant. However, the reduction in alpha from 0.0162 to 0.0013 in the model 

where cMOM1 is included suggests that cMOM1 explains a portion of the momentum-related 

returns. On the other hand, sMOM1 generally worsens model performance, showing a signifi-

cantly negative alpha, although it can be somewhat useful in certain combined settings. Overall, 

neither cMOM1 nor sMOM1 outperforms the traditional momentum factor, underscoring the im-

portance of model configurations in determining the effectiveness of volatility -scaled momentum 

strategies. 

4.3 Factor Spanning Test for Group Two Volatility-Scaled Momentum Strategies 

Table 4 : Factor Spanning Test (Alpha Value) 

  FF+(MOM) FF+(MOM)+cMOM2 FF+(MOM)+sMOM2 

MOM 0.0162 0.0007 0.0077 

cMOM2 0.0001   0.0028 

sMOM2 -0.0070 -0.0071   
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Table 5: Factor Spanning Test (t-Statistic) 

  FF+(MOM) FF+(MOM)+cMOM2 FF+(MOM)+sMOM2 

MOM 2.8050 0.5224 4.5421 

cMOM2 0.0652   2.4800 

sMOM2 -3.9352 -5.2357   

The analysis of the volatility-scaled momentum strategies, cMOM2 and sMOM2, in relation to 

the traditional momentum factor (MOM), reveals distinct dynamics. While MOM alone shows 

strong performance in the Fama-French model, the introduction of cMOM2 significantly reduces 

the alpha and t-statistic of MOM, indicating that cMOM2 captures a substantial portion of MOM's 

explanatory power. In contrast, sMOM2 slightly reduces MOM's alpha but maintains a strong t -

statistic, suggesting a complementary role rather than a complete replacement of MOM. The 

cMOM2 strategy itself shows almost no independent explanatory power, whereas sMOM2, in 

combination with the momentum strategy, demonstrates moderate effectiveness with positive al-

pha and a significant t-statistic. Overall, sMOM2 enhances the model more effectively than 

cMOM2, complementing the traditional momentum strategy without fully replacing it. This char-

acteristic aligns with the findings of Matthias and Hanauer [6] regarding the benefits of volatility-

scaled strategies under specific conditions. 

4.4 Comparative Performance Analysis of Portfolios Using the Jobson-Korkie Test for 

Sharpe Ratios 

Table 6: Jobson-Korkie Test Statistic 

cMOM1 cMOM2 sMOM1 sMOM2 

0.046 -0.043 4.353 4.271 

Table 6 presents the t-statistics from the Jobson-Korkie test and the Sharpe ratios for the four 

mentioned strategies compared to a momentum strategy. While sMOM1 and sMOM2 show better 

significance based on their high t-statistics, the negative Sharpe ratios for all strategies indicate 

poor risk-adjusted performance. This suggests that despite higher statistical significance, the 

sMOM1 and sMOM2 strategies carry higher risk. The negative Sharpe ratios across all strategies 

reflect an inadequate balance between risk and return, indicating the need for a more detailed 

analysis of the risk profile and market conditions. 

4.5 Correlation Coefficients for Volatility-Scaled Momentum Strategies 

Table 7: Correlation Coefficients of Various Variables 

  MOM RMRF SMB HML cMOM1 sMOM1 cMOM2 sMOM2 

MOM 1.00 0.04 -0.35 -0.28 0.95 0.94 0.98 0.96 

RMRF 0.04 1.00 -0.04 0.44 0.12 0.01 0.12 0.03 

SMB -0.35 -0.04 1.00 0.19 -0.38 -0.37 -0.36 -0.34 

HML -0.28 0.44 0.19 1.00 -0.25 -0.34 -0.26 -0.32 

cMOM1 0.95 0.12 -0.38 -0.25 1.00 0.95 0.99 0.95 

sMOM1 0.94 0.01 -0.37 -0.34 0.95 1.00 0.95 0.99 

cMOM2 0.98 0.12 -0.36 -0.26 0.99 0.95 1.00 0.97 

sMOM2 0.96 0.03 -0.34 -0.32 0.95 0.99 0.97 1.00 
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The correlation matrix indicates strong positive correlations between the momentum factor 

(MOM) and the volatility-scaled momentum strategies, suggesting that these scaled strategies 

closely follow the traditional momentum while being adjusted for risk. Low correlations between 

momentum and the market factor (RMRF) highlight momentum’s independence from market 

risk, which is a key benefit for diversification. Negative correlations with SMB indicate that 

momentum tends to favor larger stocks, while stronger negative correlations with HML reflect 

an increased divergence between momentum and value strategies [19]. Overall, the enhanced 

momentum strategies maintain the core dynamics of traditional momentum and improve risk -

adjusted returns without significantly altering exposure to size and value factors.  

5 Discussion and Conclusions 

In comparing the results of this study in the Tehran Stock Exchange with international re-

search, several key similarities and differences emerge. The findings are consistent with those of 

Matthias and Hanauer [6], Barroso and Santa-Clara [5], and Moreira and Muir [4], where vola-

tility-adjusted strategies typically show higher returns accompanied by greater risk, as observed 

in cMOM1, which exhibits higher returns but also higher volatility. Similar to the observations 

in these studies, particularly the Barroso and Santa-Clara paper [5], the volatility-adjusted ap-

proach improves returns but still faces significant drawdowns and negative Sharpe ratios in the 

Tehran market. Interestingly, the negative returns of the sMOM strategies highlight the limita-

tions of volatility adjustment in certain markets, aligning with Grobys [10], who noted the inef-

ficacy of volatility management in some subsets. The less negative Sharpe ratios for the cMOM 

strategies, similar to the results of Matthias and Hanauer [6], suggest that these strategies perform 

better in risk adjustment compared to others. However, the absence of a clearly superior strategy 

in this study aligns with the broader literature, which points to the ongoing trade-off between risk 

and return in momentum strategies, even with volatility adjustments. This comparison indicates 

that while volatility adjustment can lead to higher returns, its effectiveness depends on market 

conditions and does not always result in positive risk-adjusted performance. Comparing these 

results with the factor spanning test reveals several key insights. Similar to the findings of Mat-

thias and Hanauer [6], the traditional momentum factor alone continues to exhibit strong explan-

atory power, while volatility-scaled factors such as cMOM and sMOM present mixed outcomes. 

The inability of cMOM1 and sMOM1 to improve the traditional momentum model is consistent 

with Barroso and Santa-Clara [5], who demonstrated that not all volatility-scaled momentum 

strategies outperform traditional models, particularly in specific market conditions.  The capacity 

of cMOM2 to capture some of MOM’s explanatory power aligns with Moreira and Muir [4] on 

the effectiveness of volatility scaling. In contrast, the complementary role of sMOM2, rather than 

fully replacing the momentum strategy, reflects the varying behavior of these strategies under 

different conditions, as highlighted by Grobys et al. [10]. Ultimately, the results emphasize that 

while volatility-scaled strategies can add value in certain configurations, they often act as com-

plements rather than substitutes for traditional momentum, underscoring the importance of model 

specifications. Among the strategies evaluated, sMOM2 demonstrates better performance, com-

plementing MOM rather than completely replacing it and providing a more effective enhance-

ment to the model compared to cMOM2.In comparing the results of the Jobson-Korkie test and 

the correlation matrix with related international studies, several notable similarities emerge. Con-

sistent with the findings of Matthias and Hanauer [6], the strong correlation between the scaled 

strategies and traditional momentum in this study indicates that these strategies effectively track 



Ghaseminejad and Pakizah 

 

 

 

Vol. 10, Issue 3, (2025) 

 

Advances in Mathematical Finance and Applications  
 
 

 

[349] 

 

momentum trends. This is also in line with Barroso and Santa-Clara [5], who demonstrated that 

volatility-scaled strategies remain dependent on momentum, albeit with different risk adjust-

ments. In this section, the performance of volatility-scaled momentum strategies in the Tehran 

Stock Exchange was compared with international studies, revealing significant similarities and 

differences. Consistent with the findings of Matthias [6], Barroso and Santa-Clara [5], and 

Moreira and Muir [4], the volatility-scaled strategies demonstrated higher returns and greater risk 

but were still accompanied by drawdowns and negative Sharpe ratios. In the factor spanning tests, 

sMOM2 outperformed cMOM2, acting as a complement to traditional momentum. This strategy 

also showed a strong correlation with traditional momentum and relative independence from 

market risk. 
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