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Abstract 
 

We test whether in the cross-section of European stocks, the cost of equity capital is more 
strongly affected by the (upward) “slope” (identified as momentum over a period of time) of their 
ESG scores or by their “stability” (identified as the volatility of the scores over a period of time), 
measured around a given slope. We find that short-term ESG momentum is priced in the cross-
section of stock returns but that it may increase or decrease the ex-ante cost of capital depending 
on the specific sample investigated. While short-term ESG momentum may represent a novel, 
priced systematic risk factor, there is also strong evidence that a ESG spread strategy that buys 
(sells) low (high) ESG score volatility stocks leads to a significant alpha and lower the ex-ante 
cost of capital. This suggests that ESG rating stability may carry a more reliable reward than 
improvements do, in terms of ex-ante equity cost of capital. These results are robust to the 
use of different sub-samples (over firms and sub-periods) and to forming the two quantitative 
ESG signals on the basis of alternative rating data. 
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1 Introduction 
 

The phenomenon of Environmental, Social and Governance (ESG) compliant investing has gained 

substantial traction over the past decade. In August 2020, CNBC reported that the value of sustain- able funds 

had exceeded $1 trillion for the first time in history.1 Both institutional and retail investors are increasingly 

expanding their holdings of ESG-compliant securities due to either social pressure or moral considerations.2  

Unlike the practical impact of other strands of research in asset management, ESG strategies of a 

quantitative nature have so far struggled to be embraced by investors.3 Arguably, so far, investors have been 

relying heavily on the subjective and diverse ESG ratings of companies to measure their ESG exposures, but 

only on a qualitative basis. To some extent, this may be due to the fact that ESG score-linked investment 

signals have not yet received the extensive academic coverage that other types of accounting or finance-

related signals (e.g. book-to-price ratios) have. Yet, the identification of profitable ESG strategies is important 

for a number of reasons. First, a significantly positive alpha for portfolios sorted by ESG rating signals (e.g., 

the ESG scores themselves or some intuitive function thereof), may indicate that the signal represents a new 

source of systematic risk. Such a finding would be important to academics, to enhance the understanding of 

the cross-sectional variation in stock returns, and to asset managers, who would want to take this new risk 

into account in allocation decisions. Second, such evidence of systematic abnormal returns may provide 

important indications on the links between the cost of equity capital and the dynamics of the ESG 

phenomenon.4  

The goal of our paper is to develop and back-test the effectiveness of two ESG score strategies of an 

intuitive nature. This allows us not only to provide two important examples of how ESG-related quantitative 

signals may play a leading role in asset pricing and allocation strategies, but also to address an important 

policy question: is a firm’s cost of (equity) capital more strongly affected by the existence of an upward, 

                                                            
1 See https://www.morganstanley.com/ideas/sustainable-funds-performance-demand/. 
2 A report by Morningstar published in 2022 revealed that over 2,700 funds in Europe were using ESG-related metrics 
in their investment decisions, see https://www.morningstar.com/articles/1132007/esg-investing-keeps-pace-with-
conventional-investing-in-2022. 
3 See Sorensen et al. (2021) for a discussion of quantitative methods applied to investors’ ESG preferences. In spite of 
their advantages, they characterise our times as the “(...) early days of quantitative sustainable investing (...)”. Currently, 
managers typically use fundamental approaches to assess stocks and build ESG portfolios. However, just as the advances 
in quantitative portfolio theory have gained ground over fundamental analyses of stock returns since the 1980s, so 
Sorensen et al. (2021) expect quantitative rankings of ESG factors to gain relevance. See also the discussion of the 
integration of ESG within a smart beta framework in Yasmine and Kooli (2022). 
4 The connection between finding accurately estimated risk premia in the cross-section of past excess returns and the 
forecasts of the future equity cost of capital can be traced back to a Campbell and Shiller (1988)’s decomposition of 
current stock prices as the sum of future cash flow and discount rate news. This is related to the mechanism in Stotz 
(2022) by which realised and expected future returns may differ. 
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virtuous trend in their ESG ratings or by their ability to avoid undue fluctuations in such scores? In other 

words, conditioning on strong ESG scores being an important driver of the cost of capital, does it also matter 

whether such a score improves in a more or less steady way over time, that avoids creating undesirable 

uncertainty on the ESG quality of the firm? Our study is focused on the European stock markets because it is 

the region of the world with more sustainable investment-related assets under management and where a 

drive towards ESG-oriented portfolios is backed by the strongest support in the legislative agenda (see 

Alliance for Global Sustainable Investment (2018)). We tackle the issue of the robustness of our answers to 

these questions by studying two alternative data rating providers, Sustainalytics and MSCI. 

We contribute to the literature in several ways. First, we investigate the cross-sectional properties of ESG 

scores and identify a few biases commonly present in this type of data. We propose two ways to deal with 

these issues and analyse how the raw ESG score data treatment influences the resulting quantitative signals. 

To the best of our knowledge, one method based on sector and size rank-neutralisation is novel.5 Second, we 

analyse the optimal ESG momentum computation period, back-testing the strategy’s performance when 

winners and losers are defined with reference to a window of 1, 3, 6 and 12 months, respectively. 

Furthermore, we formally test whether quintile portfolios sorted by optimal ESG momentum, i.e., the ESG 

momentum computed under the optimal period, may achieve a significantly positive risk-adjusted mean 

return, obtaining mixed findings across alternative rating providers. Third, we investigate a new quantitative 

ESG signal related to the volatility of ESG scores, starting from a prior that companies with a stable ESG score 

may outperform out-of-sample companies with volatile ESG scores because their ratings are subject to less 

uncertainty. Finally, we also pursue the positive, asset pricing implications of our earlier results and test 

whether ESG momentum and volatility may represent new sources of systematic risk that need to be 

compensated by means of a positive risk premium.6 

Our results indicate that quintile portfolios sorted by (especially) short-term ESG momentum earn 

significant alpha for a spread portfolio that buys “winners” (the virtuous) and sells “losers” (the sinners), as 

                                                            
5 Kaiser (2020) has investigated ESG integration in the portfolios of smart beta, factor investors. He shows that growth, 
value, and momentum investors in the EU and US can raise the sustainability level of their portfolio, without sacrificing 
financial performance. He also acknowledges the presence of size and sector biases in ESG score data and proposes a 
method to neutralise them by dividing the ESG score of every stock by the average ESG score of the corresponding 
sector. He further refines this method by scaling the sector-neutralised ESG score by the average ESG score of the 
corresponding size decile. 
6 Our paper does not test or take a stand on whether a (positive) ESG “level” premium may exist rewarding virtuous 
versus “sin” stocks as defined in terms of the level of their ESG scores. We focus instead on the changes and the variability 
of such scores. On the existence and sign of the ESG premium, see e.g. Adler and Kritzman (2008) Bannier et al. (2023), 
Bolton and Kacperczyk (2021), Bruno et al. (2022), Giese et al. (2021), Halbritter and Dorfleitner (2015), Hong and 
Kacperczyk (2009), and Stotz (2022). However, in subsection 3.1, with reference to MSCI ratings, we perform a few tests 
that reveal the hard-to-estimate nature of the ESG level premium. 
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defined in the ESG space. Such an alpha is negative, large, and significant in the case of MSCI ratings data and 

smaller, positive and statistically significant in the case of Sustainalytics data, as in Berk et al. (2023). Further 

analysis reveals that such a sign heterogeneity is explained by the strong role played by the average level of 

ESG scores as a sorting variable in the former case. Andrews’ (1993) test for a structural break at an unknown 

date fails to find evidence against the null hypothesis of a stable alpha over the entire sample. This is 

consistent with a conjecture that short-term (3 and 6-month and, subject to some limitations on the 

timeliness of the signals, 1-month) ESG momentum represents a new type of systematic risk, a finding 

confirmed at the intermediate portfolio formation horizons by formal asset pricing tests of the Gibbons et 

al.’s (1989) type. However, the neutralisation method for dealing with the score biases, the period over which 

ESG momentum is computed, and the specific data source (i.e., Sustainalytics vs. MSCI) are crucial for the 

significance of the risk-adjusted mean returns. For instance, a simpler ESG momentum tilting strategy, that 

over-weights stocks with high ESG momentum and under-weights stocks with low ESG momentum, fails to 

generate significant alpha. Only our novel approach to deal with data biases manages to lead to a precisely 

estimated short- term momentum premium. Moreover, also a long-short spread portfolio that buys stocks 

with stable ESG scores and sells stocks with unstable scores earns a statistically significant risk-adjusted 

return. Interestingly, this empirical finding is more robust as it holds across different volatility estimation 

periods and for both Sustainalytics and MSCI data and it is confirmed by standard asset pricing tests that 

report that under all portfolio formation windows, an ESG volatility factor cannot be rejected and that it 

simultaneously sets all the alphas of the test portfolios to zero. 

There is a long tradition of empirical finance studies concerning momentum that can be traced back to 

Jegadeesh and Titman (1993) who investigated the performance of winning vs. losing stocks over a range of 

back-testing intervals and horizons. They reported statistically significant positive returns for zero-

investment portfolios based on 3, 6, 9, and 12-month holding periods. Moreover, they found that these results 

cannot be traced back to other risk factors, thereby grounding the idea that momentum may represent a 

genuine risk factor as in Carhart (1997). Interestingly, they also show that often minor modifications of the 

portfolio sorting methodology may lead to reversals of momentum, which is in some sense also reflected by 

our application. Our paper extends this research in two ways. We apply the concept of momentum to a new 

setting as we define it not simply with reference to past return performance of winners vs. losers, but instead 

we coin a new notion of ESG momentum based on the fact that the firms issuing equity might be improving 

their (size- and industry-specific) ESG scores over time, relative to their peers. We then carefully investigate 
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whether a trading strategy based on ESG momentum earns significant risk-adjusted returns.7  

Another literature has noted that low- and high-return volatility stocks might be priced differently and 

that not only the classical CAPM beta exposure would matter in this perspective. For instance, Blitz and Van 

Vliet (2007) have studied the low volatility effect on stock returns, also with reference to European data. 

They present empirical evidence that, contrary to classical asset pricing, stocks with low return volatility 

generate higher risk-adjusted returns than stocks with high volatility. Their results are robust to the choice 

of geographical markets and of each of the 10-year sub-period in their sample. Moreover, this effect is not 

the result of exposures to other risk factors, as these spreads represent genuine average abnormal returns 

possibly compensating a novel risk factor. In this paper, we follow the lead of this literature and investigate 

the existence of an ESG Low Volatility factor. We posit that the uncertainty about the ESG quality of a stock-

issuing firm, defined as the volatility of its ESG score over a certain period, may provide an additional source 

of systematic risk.8 We test this conjecture and assess whether investors should receive a premium for 

bearing this novel risk.9 While Gibson et al. (2021) have examined the positive relationship between stock 

returns and ESG rating disagreement, in this paper we focus on a more classical notion of time series variance. 

There is also a new strand of literature that studies systematic, quantitative strategies that sort stocks on 

the basis of their ESG performance. For instance, Nagy et al. (2016) have introduced ESG momentum to the 

literature. They use ESG scores from MSCI to create tilting strategies and compare their performance to the 

MSCI World index benchmark. Their signals are ESG score quality (which leads to over-weighting companies 

with a relatively high ESG score) and ESG score momentum (which over-weights companies with the highest 

increase in ESG score over a given interval of time). They find that both separate tilting strategies outperform 

the MSCI World index in terms of mean, realised returns. However, their paper focuses on raw returns, rather 

than on risk-adjusted returns. Yet, adjusting for a portfolio’s risk exposures could wipe out all the realized, 

average excess returns. We formally test the performance of an ESG momentum strategy to assess whether 

the risk-adjusted average returns earned by this signal are statistically significant. Additionally, we 

investigate another ESG signal, ESG score volatility. Bruno et al. (2022) have investigated the recursive, risk- 

and sector- adjusted performance of several systematic ESG strategies, including 12-month momentum, with 

                                                            
7 To ensure that ESG momentum does not represent a mere re-packaging and re-branding of the classical momentum 
factor (or at least that it does not strongly correlate with it), our tests control for the exposure of ESG momentum excess 
returns to Carhart’s classical momentum factor. 
8 Cantor and Mann (2007) tested the hypothesis that market participants have a strong preference for credit ratings 
that are not only accurate but also stable as they would like ratings to reflect enduring changes in credit risk. Of course, 
our analysis concerns ESG and not credit ratings. 
9 By formally controlling for the standard, financial volatility premium, we make sure that in no way the already well-
investigated low volatility factor may explain away the novel ESG volatility factor. 
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reference to stocks in the US and in developed markets. While they fail to find significant alpha, their results 

are not inconsistent with ours as we report that it is a shorter window ESG momentum that, at least in the 

case of European equities, turns out to be profitable on a systematic basis.10  

Using an exposure-matched approach that formally neutralises the ESG level effect applied to US data, 

Dor et al. (2022) have shown that not only the ESG level but also the ESG rating history may impact stock 

performance. Companies with improving ESG credentials may outperform those with deteriorating scores, 

even if their current ESG level is the same. In their empirical results, the E-pillar score turns out to contain 

the strongest momentum effects and ESG momentum is the highest for stocks around the medium ESG level. 

We extend this analysis to European data and to the uncertainty characterising the time series of the ESG 

scores. Even though we carefully neutralise industry and size effects in the ESG scores, we refrain to 

completely neutralise the level of the ESG scores to be able to ask what are the sustainability policy 

implications of the ESG-driven strategies under examination. 

The paper is structured as follows. Section 2 describes the data and how to deal with any biases in ESG 

scores. Section 3 explains the ESG momentum and volatility signals and analyses the alpha earned by quintile 

portfolios sorted on them. Formal asset pricing tests of the new, ESG-driven factors are performed here. 

Section 4 performs robustness checks concerning the definition of the two ESG signals, their stability over 

time, the span of the universe of firms investigated, and the true out of sample analysis concerning the period 

2020-2023. Because ESG signals may become available to investors with a lag compared to what our data set 

show because of back-filling, we also implement a 1-month ESG momentum strategies after applying a 1-

month gap. Section 5 concludes. 

 

2 Data 
 

The data set comprises a variety of stock market and firm-specific characteristics such as returns, market 

capitalisation and the Sustainalytics (now Morningstar) and MSCI KLD ESG scores. The reason for this choice 

of raters resides in Wong et al. (2019), who have recently reported that the scores provided by Sustainalytics 

and MSCI KLD are among the most highly regarded scores by investors. Apart from their comparable global 

and impact-related relevance, one reason to supplement the original analysis of Sustainalytics ratings (as in 

Berg et al. (2022)) with MSCI scores is that Sustainalytics has changed their methodologies over time (also 

as a result of the company changing ownership structure), and their ESG scores are suspected to have been 

                                                            
10 Martellini and Vallée (2021) have studied the performance of a ESG momentum strategy applied to sovereign bonds 
issued by developed and emerging countries. 
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back-filled using these new methodologies (see the discussion in Berg et al. (2020).  MSCI is instead deemed 

to be free of forward-looking biases. Moreover, while Sustainalytics has been reported to market its ratings 

in coarsely aggregated, categorical (0 - 5) scores then aggregated and re-expressed in percentage terms, MSCI 

determines its rating as a weighted average of key issues scores, all ranging from 0 to 10, considering both 

positive and negative performance indicators.11  

Apart from the ESG scores, all company-specific data are extracted from FactSet. In particular, we start 

by covering a sample of companies that are common to both Sustainalytics and MSCI ratings, but in later 

robustness checks we extend our analysis of the MSCI-rated stocks to that specific universe (the MSCI Europe 

Investable Market Index) which turns out to be considerably larger than Sustainalytics’s. 

Our investment universe covers a number of stocks issued in the countries of the European Area, hence 

including the United Kingdom, with the exception of Iceland and Greece. The countries are Austria, Belgium, 

Czech Republic, Denmark, Finland, France, Germany, Ireland, Italy, the Netherlands, Norway, Poland, 

Portugal, Spain, Sweden, Switzerland, and the United Kingdom. Their selection was driven by a set of 

minimum requirements that ensure an investor would be able to trade in well-functioning stock markets, in 

terms of investor-protection laws and liquidity. These filters are imposed on the Sustainalytics’ universe of 

firms.12 As an additional quality filter, we exclude all stocks that are not covered by any equity analyst over 

our sample period. We, also, require a minimum market capitalisation of 400 million euros to exclude listed 

companies close to bankruptcy or small capitalisation stocks just admitted to listing. These stocks have been 

reported to be able to adversely affect the performance of many multi-factor asset pricing models and may 

bias our empirical findings concerning alphas and their statistical significance in Sections 3 and 4, see, e.g. 

Israel and Moskowitz (2013). 

We narrow our sample to stocks with a share price below 10,000 euros. We also introduce a lower bound 

to exclude “penny” stocks because these tend to be less informative due to the extreme returns they may 

yield by construction. The upper bound is set to avoid situations in which the optimal portfolio would be 

otherwise infeasible: if stocks carry too high a price, frequent portfolio rebalancing cannot be implemented 

because of the induced discreteness of the portfolio adjustments. Finally, we impose a minimum liquidity 

                                                            
11 For each company, around 4 to 7 most material ESG key issues of the primary industry it belongs to are considered 
when computing the weighted average, together with any relevant additional ESG topic which may significantly affect 
the company. The resulting scores are then re-scaled by us to be expressed out of 100. Although also the MSCI’s scores 
range between 0 and 10, they are more granular and such a 11-point scale range may be taken as a closer approximation 
to a continuous rating. We thank an anonymous referee for drawing our attention on these issues (see  
https://www.sustainalytics.com/esg-data). 
12 The exclusion of all Greek listed firms derives from such filters, especially the liquidity and analyst coverage ones. 
However, later robustness checks based on MSCI ratings do cover also 46 Greek and 3 Icelandic stocks over time. 

https://www.sustainalytics.com/esg-data
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constraint of 1 million euros in terms of trading volume per day to limit the market impact of any of the long-

short strategies that we shall be proposing and back-testing. Absent such a minimum turnover filter, in the 

case in which the optimal portfolio strategy may require to buy a stock multiple times its maximum daily 

volume, this would imply a severe market impact with the risk of destroying the signal’s profitability making 

our back-testing findings virtual at best. 
 

 
 Figure 1 shows the evolution of the investment universe and the coverage of ESG scores in it. Panel (a) refers to the 
number of stocks, as well as the entries and exits for the whole sample period. Panel (b) refers to the number of stocks 
reporting both Sustainalytics and MSCI ESG scores compared to the total number of stocks under analysis. The sample 
period is July 2009 - December 2019. 

 
Our sample spans the period July 2009 - December 2019. The beginning of the sample corresponds to the 

starting of Sustainalytics’s activities at European rating stocks on a large scale, as covered by FactSet. As often 

remarked in the literature, ESG scores represent relatively new data and are not available before mid-2009. 

The end of our sample is carefully chosen to not overlap with the period (January 2020 - March 2023) 

dominated by the Covid-19 pandemic to avoid any biases due to the presence of extreme outliers in the 

data.13  

Figure 1 shows the evolution over time of the number of stocks in our sample. Panel (a) exhibits the total 

number of stocks, the new entries, and the exits for every month in our sample. To prevent any survivorship 

bias, we account for all entries and exits at any point.14 Clearly, this procedure causes the resulting panel data 

set to be unbalanced. Our back-testing methods rely on repeated cross-sectional spread tests over time. This 

approach prevents variations in cross-sectional size from influencing our results. Panel (b) of Figure 1 shows 

                                                            
13 Nonetheless, in subsection 4.7, we perform robustness checks based on MSCI ratings that also cover the 2000-2023 
pandemics and its aftermath. 
14 On average, our sample include 712 companies per month, ranging from 445 to a maximum of 812. Because all sorting 
methods are applied at the univariate level and the resulting portfolio include an equal number of stocks, this delivers 
an average of 142 stocks in each portfolio, with any reminders allocated to the extreme portfolios 1 and 5. Such an 
average of 142 stocks oscillates from approximately 90 stocks per quintile portfolio early on in our sample to a 
maximum of approximately 162. 
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the evolution of the number of stocks with an ESG score assigned by both raters, as a fraction of the total 

number of stocks under analysis. 

In the literature, Kaiser (2020) notes that the ESG scores strongly depend on the firms’ size and differ 

substantially across different industries (see also Bruno et al. (2022)). These findings align with prior 

research that consistently links a company’s size to its sustainability policies. For instance, Artiach et al. 

(2010) established a strong positive correlation between firm size and Corporate Sustainability Performance 

(CSP). Bos (2017) and Kaiser (2020) show that this relationship translates into higher ESG scores for larger 

companies. As far as our data are concerned, any sectoral dependence may be embedded in the rating that 

the raters assign to each company, as they build their scores by assessing a company according to a variety 

of different subcategories. Some subcategories only apply to certain sectors (e.g. fleet carbon emission is 

irrelevant for an IT company, but highly relevant for a transport company). Furthermore, within the same 

category, varying weights may be assigned to different sectors. To mitigate unintended biases, we address 

these sectoral dependencies using a novel (to our knowledge) methodology, which we describe in the 

following. 

Figure 2 shows the evolution of the mean ESG scores for the companies included in our sample. Panels 

(a) (for Sustainalytics) and (c) (for MSCI) show the evolution of the average of all the stocks that have been 

assigned an ESG score. Especially panel (a) shows a clear upward trend over the sample period. Such a trend 

sets off in 2013 in the case of panel (c). This may reflect the increasing urge for companies to have their ESG-

directed efforts publicly acknowledged. A reduction in 2009-2010 (2010- 2011) can be noted in both panels 

(a) and (c) but this may be explained by the effects of the European Sovereign Debt crisis, possibly a sign that 

when firms are pressed to scrape valuable resources in critical situations, they may relent on their 

sustainability development efforts (see, e.g., Idowu, Vertigans, and Burlea Schiopoiu, 2017). In spite of some 

differences, it is also notable the existence of an upward trend in average scores that occurs in 2012-2014. 

Panels (b) and (d) in Figure 2 display the evolution of the average ESG score across five equally-weighted 

quintile portfolios sorted by size. Therefore, ME1 is the quintile portfolio including companies with the 

lowest market capitalisation while ME5 is the quintile containing the largest stocks. The plots (in particular 

panel (b)) show that the average ESG score tends to increase with the size. ME5 essentially carries the highest 

ESG score for every observation in the sample period, while ME1 generally has the lowest. Yet, this ordering 

does not consistently apply to the average ESG scores of the bottom three quintiles over time, despite the 

general trend of scores increasing with market capitalization. 
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 Figure 2 shows the evolution of the mean ESG scores over time. Panels (a) and (c) refer to the ESG score across the entire 
investment universe for Sustainalytics and MSCI, respectively. Panels (b) and (d) refer to ESG scores for each of the five size 
quintiles used in the paper, for Sustainalytics and MSCI, respectively. The common sample period is July 2009-December 
2019. 

 

Table 1 shows the relationship between size and the ESG scores on the basis of the same quintile 

portfolios used in panels (b) and (d) of Figure 2. As market capitalisation increases, the average and median 

ESG score (together with the minimum and the maximum score) increase monotonically. This suggests 

that a strong size tilt is present in the data (see Artiach et al. (2010) for a discussion of the potential motives 

driving this empirical regularity).  Additionally,  the  data reveal  a  negative  correlation  between average 

Table 1: Summary Statistics and ESG scores for five size-sorted quintiles 

 
The table shows the portfolio summary statistics of returns and mean ESG scores by size quintiles. In the left panel, we 
report the mean return, the volatility of the returns, the Sharpe Ratio (SR) and the market capitalisation in millions of 
euros. In the two rightmost panels (for Sustainalytics and MSCI, respectively), we show the average and the median ESG 
score, the volatility of the score, and the maximum and the minimum value of the score for each of the size-sorted quintiles. 
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cross-section. In our analysis, we consider the size effect to ensure it does not interfere with the measurement 

of ESG signal performance. 

Table 2 shows a high dispersion of mean ESG scores across industries. For instance, this is clear if one 

compares the industrials and materials sectors. These two industries have roughly the same average market 

capitalisation (5,081 and 5,103 million euros, respectively). However, industrials carry an average ESG score 

that is approximately two standard deviations higher than the materials sector’s ESG score (using the 

standard deviation of the former) for both Sustainalytics and MSCI. The same pattern applies also to the 

median and the minimum ESG scores while the Sharpe ratio (SR) of the industrials is only marginally higher 

than materials producers. Less disparity can be observed for other pairs of industries that display similar 

average market capitalisation (e.g. the healthcare and industrials sectors). The rightmost section of Table 2 

concerning the MSCI scores proposes other examples of industries with similar average market capitalization 

and very different mean and volatility of the ESG scores. To avoid any undesirable, implicit industry tilts in 

our ESG-driven strategies, our methodology takes sector-dependency into account. 

We neutralise the ESG scores from the influence of both size and industry biases, so as to remove any 

unintentional tilts. To this end, we follow two approaches. A first method divides the stocks into five size 

quintiles, where the size of a company is defined by its market capitalisation. We calculate the median  ESG  

score for  each quintile and then subtract this median from the score of every stock within that quintile. This 

approach effectively neutralises the monotonically increasing relationship between size and ESG score since 

we focus solely on deviations from the medians. Next, we compute the score quintiles to which each stock 

belongs by assigning the stock a value between 0 and 1: zero is attributed to the stocks with the largest 

negative deviation from the median ESG score within their size quintile; one to the stocks with the highest 

positive deviation from the median score within a quintile. For stocks falling between the minimum and 

maximum, we assign a score that is proportional to their signed distance from the median, with a value of 0.5 

given to the median stocks (or to the two stocks straddling the median if this does not correspond to an actual 

score). To mitigate sectoral biases, a similar process is applied to all sectors. However, this time, we begin 

with the size-corrected ESG scores percentiles derived from the earlier steps, rather than the raw scores. 

We also entertain an alternative neutralisation method, which consists of simply standardising the scores 

across portfolio sorts. To begin, stocks are categorised into size quintiles. Within each quintile, we calculate 

the mean  and  standard deviation  to  standardise  the  ESG scores.  Next,  the same procedure is applied to a  
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Table 2: Summary statistics of returns and ESG scores for fifteen industries 

 
The table reports summary statistics of returns and ESG scores in each industry. In the left panel, we show the mean return, the volatility of the returns, the Sharpe Ratio and 
the market capitalisation in millions of euros. In the right panel, for both providers of ESG scores, we display the average, the median, the volatility, the maximum and the 
minimum value of the scores. The firms are classified in 15 industries on the basis of the Global Industry Classification Standard (GICS) codes. 
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fifteen-industry classification, with the initial data being the size-standardised ESG scores.15 

Throughout the paper, when referring to the un-adjusted, non-neutralised ESG scores we call them “raw 

scores”. When we resort to the ESG scores adjusted using the first procedure, we use the expression “rank-

neutralised ESG scores”. Finally, when we refer to the ESG scores adjusted using the second procedure, we 

refer to them as “standardised ESG scores”. 

 

2.1 How Often Do ESG Ratings Change and Why? 
 
It is well known that Sustainalytics and MSCI assign ESG ratings and apply revisions to them according to 

a rather different logic. Sustainalytics provides risk ratings that measure a company’s exposure to industry-

specific, material ESG risks and how well the company is managing those risks. They collect data from a 

variety of sources, including company disclosures, government databases, and third-party research. They 

emphasise transparency and aim to provide clear insights into how ratings are derived. Sustainalytics 

updates its ESG Risk Ratings at least once a year, but they are also subject to review whenever significant 

new information becomes available. This includes major company events, news, and regulatory changes. 

MSCI ESG Ratings evaluate a company’s exposure to ESG risks and opportunities relative to its industry peers. 

They use a mix of public data sources, proprietary models, and direct company engagement. To gather 

information updates its ESG ratings annually but also conducts quarterly reviews to capture any significant 

changes or events that may impact a company’s rating. Such events might include new regulatory compliance 

issues, major corporate actions, or significant incidents related to environmental, social, or governance 

factors. MSCI also has mechanisms for more immediate updates when critical incidents occur. At least in 

principle, this frequent review mechanism ensures that MSCI ratings are relatively up-to-date and reflective 

of current conditions. Moreover, Sustainalytics is noted for its emphasis on transparency in how its ratings 

are derived, which can provide clearer insights into the risk levels assigned to companies; yet, such careful 

approach may be reflected in a lower responsiveness of their ratings to news. Therefore, we expect the 

variation over time of MSCI ratings to exceed that of Sustainalytics, given the greater attention placed by the 

former on fast updating. 
 

                                                            
15 We recognise that both neutralisation methods tackle the biases in a sequential manner, by first neutralising the size 
tilt and then the industry bias. Although they are common (see, e.g. Kaiser (2020)), sequential approaches like ours may 
lead to the ESG scores obtained after the second industry-neutralisation step no longer being perfectly size-neutral. This 
may partially reverse the effect of the first neutralisation step. While employing simultaneous double sorting could 
control for both size and industry biases at the same time, it might result in portfolios with a limited number of stocks 
or even completely empty portfolios. For this reason, we stick to a sequential, conditional sorting. We take care of the 
potential reversal of the original size-neutralisation by computing risk-adjusted performances from multi-factor models 
that contain a factor that exposes to size risk. 
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Figure 3 shows the evolution of the cross-sectional mean proportion of the ESG rating updates or initiation as a fraction 
of the companies included in our data set over a pre-set period of time, identified with 1, 3 and 12 months. Panel (a) 
refers to Sustainalytics; panel (b) to MSCI data. The common sample period is July 2009-December 2019. 
 

Figure 3 shows instead the variation over our sample of the cross-sectional mean proportion of the ESG 

rating updates or initiation as a fraction of the companies included in our data (at each point in time, t) set 

over a pre-defined time window, identified with 1, 3 and 12 months before t. Because the two plots share the 

same scales (the right scale is used for the 12-month rating activity index), a comparison of panels (a) and 

(b) immediately reveals a much stronger rate of activity by MSCI vs. Sustainalytics. For instance, over the 12-

month horizon, the mean cross-sectional ESG rating activity indicator is 45.5% (i.e., on average between 2009 

and 2019, on every possible 12-month window, almost 46% of the companies in the sample receive a new 

ESG rating or their rating is changed in some of its components and dimensions) in the case of MSCI vs. 28.6% 

in the case of Sustainalytics.16 However, all curves describing the intensity of the rating activity steeply 

increase during our sample, even though such a trend is more visible in the case of MSCI. For instance, 

focusing now on 3-month cumulative activity, Sustainalytics goes from a rate of 3-4% during 2009-2010, to 

an average in excess of 10% of all of our companies in the final part of the sample; MSCI goes from a rate of 

approximately 5% in 2009-2010 to always exceed 10% (except May and June of 2019) after 2016. Of course, 

as expected, also the variability of the rating activity differs across panels (a) and (b). Such a spread is 

maximum in the case of the 3-month cumulative activity (the sample standard deviation of the rating activity 

indicator is 4.0% in the case of Sustainalytics vs. 5.7% in the case of MSCI), it persists at a 12-month horizon 

(15.3% in the case of Sustainalytics vs. 18.5% for MSCI). Finally, the most crucial question is whether there 

could be enough variability in ratings to support ESG score-driven portfolio strategies over short horizons, 

and in particular 1 month. Focusing now on the rating activity indicator over a simple 1-month window, we 

find that on average Sustainalytics initiates ratings or revises old ones for 3.26% of the companies in our 

                                                            
16 The numerator of the statistics excludes cases in which the ESG ratings are simply re-affirmed to be identical to the 
previous occasion in which they were published. In this sense, our indicator may easily under-estimate the intensity of 
the rating activity and this is especially the case of MSCI ratings. However, it is possible that the indicator may reflect 
the fact that the ratings of the same company are revised multiple times over the intervals of 3 and especially 12 months. 
Nonetheless the last type of activity would be relevant to both our portfolios.  
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sample, while MSCI does so for 3.80% of the same. If one applies these rates to our average number of 712 

companies, this means that on average there are on every month between 24 (Sustainalytics) and 27 (MSCI) 

companies whose rating is revised and affected. Of course, by the end of the sample, when the number of 

companies exceed 800 and the rates of activity average between 4% and 5% for both raters, we would be 

investigating between 35 and 45 companies on which there is rating activity on every month. When the 

horizon is 3 months, the number are of course much larger, with on average between 52 (Sustainalytics) and 

75 companies (MSCI) affected by rating changes on every three-month period, and these figures are reaching 

triple digits for both raters after 2016. Although they are never extreme, these rates of activity seem sufficient 

to at least create very short-term long-short portfolio that systematically buy stocks whose ESG rating has 

improved and sell those whose rating has declined in overall terms.17 

 

3 Main Results  
In this section, we first sort our universe of stocks into portfolios; for each sort, we use different 

ESG momentum or volatility computation periods.18 We then estimate the Fama and MacBeth 

(1973) cross-sectional regressions to provide preliminary evidence on the effects that ESG 

momentum and volatility each have on stock returns. Formal asset pricing tests are subsequently 

implemented to investigate whether the two ESG characteristics generate statistically significant abnormal 

returns and whether they provide explanatory power for the cross-section. 

 

3.1 ESG Momentum 
 

3.1.1 Portfolio Sorting. ESG momentum is defined as the percentage increase of a security’s ESG score 

over a certain period of time. As discussed in the Introduction, Nagy et al. (2016) has used ESG momentum 

in devising a strategy to adjust the weights of stocks with high and low ESG momentum relative to standard 

market capitalization weights. Yet, to evaluate whether changes in the ESG score can genuinely support an 

alpha-generating strategy, it is essential to conduct ESG momentum portfolio sorting according to the 

conventions of the asset pricing literature. We start by computing the 𝑥𝑥-month ESG momentum, where 𝑥𝑥 ∈

 {1, 3, 6, 12}  months. The motivation for this range of momentum-measurement periods reflects the well-

documented finding that the results of empirical tests often vary depending on the range of momentum 

                                                            
17 One residual check concerns the occurrence of adequate down-grading activity to make a portfolio strategy that shorts 
negative ESG momentum implementable. It turns out that on average 47.5% of the rating activity undertaken by 
Sustainalytics consists of (aggregate) downgrades; the corresponding statistic is 43.3% in the case of MSCI. 
18 We resort to simple, univariate sorting instead of bivariate sorting that would condition on the ESG score level. 
However (see, for instance, Table 4 to follow) we also investigate what the effects of reversing the order of ESG score 
level and momentum sorting would be. 
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computation periods (see Jegadeesh and Titman (1993)). Crucially, the cases of 𝑥𝑥 ≥ 3 are important because 

ESG rating changes are normally communicated with a delay. In fact, entertaining a range of horizons over 

which momentum is computed is supposed to neutralise the fact that there may be long and variable lags in 

the reporting of ratings and of their changes: Readers worried of the timeliness with which rating changes 

are made available to market participants may want to pay attention to the case of 𝑥𝑥 = 3 months or higher. 

Because the selection of the computation period may significantly influence the final results, we investigate 

this selection in Table 3, in which the two adjacent panels deal with Sustainalytics and MSCI ratings. We first 

sort stocks by their 𝑥𝑥-month ESG momentum in a descending manner. Next, we create equally-weighted 

quintile portfolios based on the descending ESG momentum scores, such that portfolio 1 contains stocks with 

the highest ESG momentum and portfolio 5 stocks with the lowest ESG momentum. Additionally, we create a 

long-short portfolio that only has exposure to ESG momentum and minimises its sensitivity to other risk 

factors (when different portfolios carry exposures with similar signs), especially, to the market portfolio. This 

zero-cost portfolio is conventionally created taking contemporaneous long and short positions in the 

extreme quintile portfolios of stocks (i.e., 5 - 1). 

Table 3 shows summary statistics for both the performance metrics and the raw ESG scores of the quintile 

portfolios sorted by four different ESG momentum definitions. In this table, we use the rank-neutralised ESG 

scores to produce the sort. The table also shows the summary statistics for the zero-investment portfolio 5 - 

1. We report the mean return, the standard deviation of the returns, the Sharpe ratio, and the standard error 

of the SR (Std. Err(SR)) as derived by Lo (2002) for every portfolio. For each rater, on the right-hand-side of 

the table we detail the mean and median raw ESG scores, the standard deviation of the raw ESG score, and 

the average rank-neutralised ESG momentum for each of the quintile portfolios.19  

Table 3 has a number of implications that crucially differ for Sustainalytics vs. MSCI ratings. First, ESG 

momentum offers potential explanatory power for the cross-section of European stock returns. In the case 

of the Sustainalytics scores, the SR of the spread portfolio 5 - 1 is negative for the 1- and 3-month ESG 

momentum windows. Moreover, only 1-month ESG momentum yields a long- short portfolio with a 

statistically significant SR. This confirms the general wisdom that the length of the momentum formation 

period affects the results (see also the robustness checks in Section 4.8). When momentum and the resulting 

portfolio strategies are based on MSCI data instead, both the mean returns and the SR of the spread portfolios 

5 - 1 are sizeable and  statistically significant  for  all  momentum  windows,  even  though  the  performance 

                                                            
19 We report raw instead of rank-neutralised scores to be able to express sensible policy considerations, even though 
the raw scores are not used in the portfolio sorting process. 
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Table 3: Results for portfolio sorted by ESG momentum using four computation periods 

 
The five quintiles are sorted by ESG momentum, the percentage increase of the ESG score over a period. The table also provides the summary statistics for a portfolio 5 - 
1, which takes a long position in portfolio 5 and a short position in 1. 
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statistics quickly decline as the window expands beyond 6 months. This finding naturally shifts our focus 

in what follows towards ESG momentum defined on relatively short windows of 1 and 3 months, as only 

in this case we find evidence of significant performance by an ESG-momentum driven strategy for both 

raters under investigation. Second, at 1- and 3-month formation periods, the rate of change of the ESG 

ratings is modest and as a result the intermediate quintiles (2-3-4) display low rates of momentum (e.g., 

for 3-month momentum, 6.9%, -0.3%, and -7% in the case of Sustainalytics and 0%, 0%, and -0.1% in the 

case of MSCI). Of course, such momentum scores increase over longer portfolio formation horizons and 

even become extreme (especially in the case of the MSCI ratings) in the 12-month case.20 Third, while in 

the case of Sustainalytics, the mean 5 - 1 spread returns and the corresponding Sharpe ratios are negative, 

i.e., high ESG momentum commands a higher (risk-adjusted) performance than low momentum does, in 

the MSCI case the opposite occurs. For instance, using the former ratings, the mean spread and Sharpe 

ratio at 1 month are -0.425% and -0.248; using MSCI data, these are 2.479% and 1.782. This means that 

when MSCI rating momentum is used, there is a positive differential in returns from investing in low or 

negative ratings momentum, which may at first appear surprising. 

Fourth, Table 3 shows a striking difference across Sustainalytics vs. MSCI in the way both the means and 

medians raw ESG scores are distributed across momentum-sorted portfolios. In the MSCI panel, mean and 

median ESG scores follow an asymmetric, tent-shaped pattern in which the extreme quantiles, in particular 

the high momentum one, have lower ESG scores than quantiles 2, 3, and 4. Therefore the investment 

                                                            
20 Because ESG ratings change rather infrequently, we need to carefully handle the cases in which, especially over short 
horizons, a majority of our stocks is characterised by zero momentum derived from no changes in their ESG scores. This 
explains why in Table 3, for Sustainalytics at the 1-month (3-month) horizon, portfolio 3 is on average collecting 142 
stocks and most of the time, all or almost carry a zero-momentum score, with the result that the mean momentum score 
is -0.1% (-0.3%). Especially at the shortest, 1-month horizon, portfolios 2 and 4 tend to include a substantial fraction of 
stocks with no ESG score change (precisely, the fractions are on average 62.4% in the case of portfolio 2 and 58.8% in 
the case of portfolio 4), which explains their modest and symmetric momentum scores (4.1% and -4.1%). Even though 
our paper is based on the comparisons of the average returns of portfolios 1 and 5 according to the ESG score 
momentum-induced ranking, we allocate the zero momentum stocks across portfolios 2, 3, and 4 using the following 
algorithm: at every point in time, we randomly draw which stocks ought to be allocated across the three portfolios 
according to an equal probability distribution and compute the equivalent of Table 3 500 times. Table 3 represents an 
average of these 500 tables. The randomisation seems to have modest effects as in comparisons, for instance, the first, 
the last, and the average of such Tables imply no substantial differences for the results concerning portfolios 2 and 4. 
For example, the Sharpe ratio of the 1-month momentum sorted portfolio 2 (4) in the “averaged” Table 3 is 0.158 (0.151) 
vs. 0.157 (0.151) in the first copy of Table 3 obtained at random and 0.158 (0.152) in the last, 500th copy of the same. 
The randomisation is applied at all horizons but as the horizon grows, it becomes less impactful as there are more 
frequent rating changes over time. In the case of MSCI, we have followed the same logic because at the 1-month horizon 
we have now that portfolios 2, 3, and 4 always and only include stocks with zero rating momentum but such stocks 
minimally spill over into portfolios 1 and 5 (precisely, the fractions of zero ESG momentum stocks are on average 6.1% 
in the case of portfolio 1 and 12.7% in the case of portfolio 5). Also in this case, at every point in time, we randomly draw 
which zero-momentum stocks ought to be allocated across all portfolios according to an equal probability discrete 
distribution and compute Table 3, 500 times. Yet, we have noted that comparing the first, the last, and the average of 
such Tables makes no differences for the results concerning portfolios 1 and 5 and for the spread 5-1 portfolio returns. 
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strategy results indicate that stocks who had low ESG scores in the first place and still have low ESG scores, 

although they were able to improve their ESG performance in comparison with the other groups receive 

declining valuations in spite of their efforts at improving their ESG standing. This establishes a sort of 

primacy of the (initial) mean and median ESG scores over their subsequent changes (momentum), at least 

over very short periods of time. On the contrary, in the Sustainalytics panel, mean and median ESG scores 

follow a similar asymmetric tent-shaped pattern in which however the extreme quantiles, in particular the 

low momentum one, yield lower ESG scores than quantiles 2, 3, and 4. Therefore the strategy performance 

suggests that firms of poor ESG quality would be punished by declining valuations when efforts at improving 

their standing fail, as shown by low or negative momentum. On the opposite, firms that implement ESG 

understand the benefits of ESG integration in their businesses and hence invest in further ESG momentum 

and rewarded by investors for that. Yet, also in this case, the initial mean and median ESG scores matter 

more than momentum does per se. 

To corroborate this point, Table 4 shows the performances obtained by a (rank-neutral) ESG score 

level-based strategy. Visibly, the ordering by rank-neutralised score (which are indeed on a 0-1 scale very 

different from the raw ones) implies also a very tight ordering by raw score; furthermore, the sorting 

based on the mean carries over to the median. Such an ordering seems to matter at least in the sense of 

generating a statistically significant average return spread of 0.33% per month but fails to generate a 

statistically significant estimated Sharpe ratio or alpha.21 Crucially, a level ordering fails to organise in any 

meaningful way the cross section of rank neutralised momentum ESG scores, which range from +5.4% for 

the highly scoring stocks to +4% for the poorly scoring ones.22 

Finally, in Table 3 the mean and median ESG scores are higher the longer the portfolio formation period 

is. Yet, this may represent an artifact of the visible upward trend in ESG scores over our sample period, as 

shown in panels (a) and (c) of Figure 2.23 Furthermore, the average ESG momentum tends to increase as the 

length of the formation period increases from 1 to 12 months. Especially over long formation windows, the 

average portfolio momentum may become extreme as over several months it is not uncommon for rank-

neutralised scores below 50 in the interval [0,100] to even double. Because of the general positive trends in 

                                                            
21 In the bottom panel of Table 4, we report an economically small and imprecisely estimated alpha of 0.08% per month. 
In fact, this result provides justification to our efforts to isolate non-level ESG signals as a basis to quantitative 
investment strategies. 
22 We have repeated this level-based cross-sectional analysis applied to Sustainalytics data but failed to find any 
significant results for either performances of momentum scores. To save space, we omit these outputs. 
23 The longer the ESG momentum computation period, the more of the earlier months in our sample are ignored because 
of the need for a longer initialisation sample. Because the ESG scores have been increasing over time, dropping the 
earlier, lower scores increases the resulting average and median in a mechanical way. 
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ESG scores, positive momentum prevails over negative momentum, and the positive and negative are more 

extreme (e.g., +124% for quintile 1 vs. -36% for quintile 5 in the case of Sustainalytics and +182% vs. -32% 

for MSCI, both estimated at 6 months). The table also shows a decrease in the mean return and Sharpe Ratios 

(SRs) as the portfolio formation period extends. This observation suggests that the ESG signal’s strength 

diminishes as the computation period lengthens, aligning with the expected behaviour in the context of the 

informational efficiency of the European equity markets under examination. 

Table 4: Results for portfolios sorted by 1-month MSCI ESG score levels 

 
The five quintiles are sorted by the mean of rank-neutralised MSCI ESG scores. The upper panel of the table also provides the 
summary statistics for a portfolio 1 - 5, which takes a long position in portfolio 1 and a short position in 5. The bottom panel 
shows the OLS estimates and t-statistics for the regression of excess portfolio returns on seven risk factors and a constant. 
The risk factors are the five risk factors Mkt - Rf, SMB, HML, RMW, and CMA proposed by Fama and French (2015), the 
Carhart (1997) Momentum factor, and the Low Volatility factor, as proposed by Blitz and Van Vliet (2007). The standard 
errors are estimated using a HAC consistent estimator proposed by Newey and West (1987). The values that appear in the 
parentheses in the R-square column are the p-values associated to the F statistics that test the overall regression 
significance. The estimated coefficients significant at a test size of 5% or lower are emphasized using bold face font. 

 
3.1.2 Abnormal portfolio performance. Given the earlier evidence suggesting that ESG momentum 
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may represent a source of (at least, firm-specific) risk, we  investigate whether there is actual 

alpha that portfolios sorted by 1-month ESG momentum may consistently earn. 

Table 5: Estimates of regressions of ESG momentum-sorted portfolio excess returns on 7 risk factors 

  
This table shows the OLS estimates and t-statistics for the regression of excess portfolio returns on seven risk factors and 
a constant. The portfolios are sorted by their 1-month ESG momentum, the percentage increase of the ESG score over 
one month, in descending order. The 5 - 1 portfolio is a long-short portfolio which takes a long position in portfolio 5, 
and a short position in portfolio 1. The incorporated risk factors are the five risk factors Mkt - Rf, SMB, HML, RMW, and 
CMA proposed by Fama and French (2015), the Carhart (1997) Momentum factor, and the Low Volatility factor, as 
proposed by Blitz and Van Vliet (2007). Panel A reports the results for the returns of strategies driven by Sustainalytics 
rating momentum, while panel B for the case of MSCI ratings. The standard errors are estimated using a HAC consistent 
estimator proposed by Newey and West (1987). The estimated coefficients significant at a test size of 5% or lower are 
emphasised using bold face font. 

 

α Mkt. - Rf SMB HML RMW CMA Momentum  Low Vol. R-square

0.581 0.569 -0.155 -0.162 0.492 0.048 -0.065 -0.417 0.776

(2.215) (7.010) -(0.768) -(0.731) (1.804) (0.230) -(0.987) -(3.893) (0.000)

0.446 0.617 -0.052 0.095 0.527 0.005 -0.116 -0.264 0.766

(1.724) (6.911) -(0.226) (0.333) (1.736) (0.027) -(1.670) -(2.311) (0.000)

0.428 0.639 0.049 0.196 0.588 -0.149 -0.144 -0.265 0.771

(1.527) (6.301) (0.184) (0.609) (1.619) -(0.684) -(1.950) -(2.000) (0.000)

0.426 0.613 -0.078 0.210 0.595 -0.262 -0.086 -0.310 0.789

(1.718) (6.916) -(0.299) (0.724) (1.816) -(1.330) -(1.340) -(2.858) (0.000)

0.123 0.623 0.110 0.323 0.539 -0.413 -0.079 -0.217 0.758

(0.458) (6.104) (0.413) (1.085) (1.587) -(2.012) -(1.215) -(1.767) (0.000)

-0.457 0.052 0.267 0.494 0.050 -0.462 -0.016 0.204 0.243

-(3.108) (1.218) (2.619) (3.939) (0.298) -(4.787) -(0.427) (3.448) (0.000)

-0.736 0.470 -0.258 -0.860 -0.394 -0.251 0.038 -0.529 0.720

-(2.773) (6.764) -(1.650) -(3.561) -(1.169) -(0.768) (0.315) -(5.996) (0.000)

0.287 0.577 -0.491 -0.480 -0.054 -0.145 0.186 -0.442 0.775

(1.341) (8.679) -(3.143) -(2.347) -(0.259) -(0.665) (2.123) -(5.664) (0.000)

0.296 0.550 -0.399 -0.433 -0.044 -0.207 0.170 -0.451 0.825

(1.819) (10.090) -(2.945) -(2.622) -(0.263) -(1.165) (2.145) -(6.290) (0.000)

0.306 0.537 -0.315 -0.540 -0.031 -0.201 0.067 -0.471 0.813

(1.536) (10.175) -(2.274) -(3.146) -(0.149) -(0.924) (0.754) -(6.342) (0.000)

1.694 0.565 -0.260 -0.641 -0.244 -0.284 0.172 -0.425 0.785

(8.249) (7.723) -(1.815) -(3.715) -(1.267) -(1.211) (1.963) -(5.232) (0.000)

2.430 0.095 -0.003 0.219 0.150 -0.032 0.134 0.103 0.126

(14.436) (1.654) -(0.029) (1.254) (0.675) -(0.152) (1.946) (1.809) (0.034)

Panel B: MSCI Rating-Based Momentum Strategy
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2

Panel A: Sustainalytics Rating-Based Momentum Strategy
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4
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5

5 - 1



22  

This necessitates the adjustment of returns based on their (estimated) systematic risk exposure. It 

is crucial to consider  the possibility that  the  mean excess  returns  obtained  by  the  portfolios 

sorted by 1-month ESG momentum might be attributed to risk exposures that cannot be identified by the 

Sharpe Ratio, as discussed in previous research (see, e.g. Bruno et al. (2022)). In particular, we select a linear 

factor model that includes the five Fama and French (2015) factors, i.e., excess market returns and the returns 

on the Small Minus Big (SMB), High Minus Low (HML), Robust Minus Weak (RMW), and Conservative Minus 

Aggressive (CMA) portfolios. These factors approximate market, size, value, profitability, and investment 

risks, respectively. Given the objective of our paper, besides the five Fama and French (2015) European 

factors, we also include the Carhart (1997) momentum factor.24 Finally, a seventh factor is the low volatility 

factor added to our model in light of the results in Blitz and Van Vliet (2007) who motivate the existence of 

the anomaly by the listing of sin stocks.25  

Panel A in Table 5 shows the estimated coefficients and t-statistics for strategies driven by Sustainalytics 

rating momentum, while panel B does the same for MSCI rating momentum. First, there is evidence that the 

estimates of Jensen’s α vary when the ESG momentum of a portfolio decreases, moving from top to bottom. 

In the case of Sustainalytics data, the alphas are weakly decreasing, while in the case of MSCI these are 

strongly increasing. In both cases, this is consistent with the findings in Table 3. Panel A shows that the 

estimate of α for portfolio 1 is significant at a 5% size level while for portfolios 2 and 4 they are significant 

only at a 10% size. Nonetheless, the alpha estimate for the long-short portfolio, which can be seen as a clean 

strategy implementation of the ESG momentum signal, is significant at a 1% level. The estimated alphas are 

also non-negligible, ranging from 0.12 to 0.58 percent per month. In panel B, the estimates of the αs are much 

larger as they range between -0.74 and 1.69 percent per month, but also in this case only the extremes are 

statistically significant. The alpha for the long-short portfolio which buys negative momentum, high mean 

ESG rating stocks to sell positive momentum, low rated stocks is significant at a 1% level. This is additional, 

formal evidence of the economic value that can be generated through sorting European stocks by 1-month 

ESG momentum. The table also shows that portfolios sorted by ESG momentum carry a substantial, precisely 

estimated exposure to market risk, generally inferior to 1 as this is a sample of relatively large-size firms and 

                                                            
24 The data on the factors are downloaded from the data repository maintained by Kenneth French at https://mba. 
tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. Blitz and Fabozzi (2017), Yasmine and Kooli (2022) 
and Sagbakken and Zhang (2022) with explicit reference to European data, have stressed the importance of including 
all of the Fama and French’s five factors when assessing the average abnormal performance of sin vs. virtuous stocks. 
25 This latter factor mimicking portfolio is constructed by computing the rolling, 36-month volatility for every stock in 
our investment universe. Next, we sort the quintile portfolios in order of ascending, past realised volatility and create a 
long-short portfolio. This zero-cost portfolio implies a long position in the portfolio containing stocks with the lowest 
volatility and a short position in the portfolio collecting stocks with the highest volatility. 

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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the market betas are anyway obtained within a multi-factor model. For each rating provider, the five 

portfolios all imply a positive coefficient with a large t-statistic. However, the effect vanishes for portfolio 5 - 

1, indicating that the pure ESG momentum signal is not influenced by market risk. On the contrary, the 

negative exposures to the low volatility factor of the long-only quintile portfolios fail to strongly carry over 

to the long-short portfolios, as visible especially in panel B. The classical Carhart’s return momentum 

provides a scant contribution to the returns earned by ESG momentum, especially insofar as the long-short 

portfolios go. This confirms that ESG momentum and actual momentum are two separate factors that do not 

exhibit much overlap. Finally, while the Jensen’s alpha derived from the Sustainalytics implementation of the 

strategy seems to be partially explained by some correlation with other factors (in particular, size, value, and 

the investment factors, besides low volatility, as discussed above, to achieve an overall R-square of 24%), in 

the case of MSCI the 5-1 excess returns represent the realizations of an almost pure factor as these are not 

explained by any other priced risk component and yield a modest R-square of 13% only. 

Crucially, Table 5 indicates that some of the individual ESG momentum-sorted portfolios do earn 

significant alpha. However, to assess whether our seven-factor model is able to explain these excess returns, 

we must perform a formal test on the joint significance of the pricing errors.26 The test proposed by Gibbons 

et al. (1989) (GRS) has this exact aim. The GRS test statistic is 

𝑧𝑧 =  𝑇𝑇−𝑛𝑛−𝑘𝑘+1
 𝑛𝑛(𝑇𝑇−𝑘𝑘)

1
𝑞𝑞11

𝜶𝜶�′𝚺𝚺�−1𝜶𝜶�~ 𝐹𝐹𝑛𝑛,𝑇𝑇−𝑛𝑛−𝑘𝑘+1  (4) 

where 𝜶𝜶� is the vector of estimated alphas from the factor model, 𝜮𝜮� is the estimated covariance matrix of the 

residuals from the regressions, T the number of months in the sample, 𝑛𝑛 the number of portfolios and 𝑞𝑞11 is 

the first element of (𝑿𝑿′𝑿𝑿)−1 (where 𝑿𝑿 collects the factors used in the factor model). In the case of Table 5, in 

the panel for the Sustainalytics momentum strategy, the test statistic is 2.417, with an associated p-value of 

0.040; in the case of MSCI momentum, the test statistic is 39.37, with an associated p-value of 0.000. This 

means that in both applications the estimated abnormal excess returns are jointly significant and cause the 

set of factors to be rejected as in-sample explanations of the long-short realised returns. Hence, the 

postulated seven-factor model is unable to adequately price the ESG momentum portfolios and the resulting 

average abnormal returns may be a real effect.27  

We now assess the potential of ESG momentum to represent a new systematic risk factor. The ESG 

momentum factor is proxied by the long-short portfolio 5 - 1, where the 1-month ESG momentum is 
                                                            
26 It is possible that we may be dealing with a system of equations that are only connected via correlations in the error 
terms and that by taking these into account, all abnormal excess returns may become jointly insignificant. 
27 However, we need to be mindful of the fact that the sign of the premium of such an alleged factor derived from the 
same universe of European firms is different across Sustainalytics vs. MSCI rating data. 
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computed using the rank-neutralised ESG scores. Table 6 shows the Pearson correlation matrix of the ESG 

momentum factor and the seven other risk factors as well as the t-statistics of these correlations. 

Table 6: Correlation matrix (lower triangle) and associated t-ratios (upper triangle) of the ESG 

Momentum factor vs. seven other systematic risk factors 

 
This table reports the correlation matrix of the ESG Momentum factor and of seven other risk factors. The lower triangle 
shows the pairwise correlations and the upper triangle shows the corresponding t-statistics (in italics). The ESG 
Momentum factor is constructed by taking a long position in the quintile portfolio containing stocks with the lowest 1-
month ESG momentum and taking a short position in the quintile portfolio containing stocks with the highest 1-month 
ESG momentum. The risk factors considered are the five risk factors Mkt - Rf, SMB, HML, RMW, and CMA as proposed by 
Fama and French (2015), the Carhart (1997) Momentum factor, and the Low Volatility factor, as proposed by Blitz and 
Van Vliet (2007). 

 
Panel A concerns the case of Sustainalytics while panel B refers to MSCI. The lower triangle of the matrix 

displays the sample correlations while the upper triangle (printed in italics) shows the corresponding t-

statistics. Both panels show that the ESG momentum factor is only weakly correlated with value and 

profitability when is extracted using Sustainalytics ratings and it is otherwise linearly unrelated to all other 

traditional factors.28 In particular, ESG momentum is essentially uncorrelated with the classical momentum 

                                                            
28 These correlations suggest that high ESG momentum companies are profitable, growth companies. An intuitive 
argument would be that these companies are new since they are still growing. Many established companies, in fact, tend 
to be typically heavily invested already. 
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and low volatility factors.29 

To supplement this information and even though for every formation horizon we have built only five 

portfolios of stocks, in Table 7 we perform a typical asset pricing test. As a first step, for each of the four 

horizons, we use the spread 5-1 portfolio returns as a candidate risk factor that we shall be calling 

ESG_mom(x), where x = 1, 3, 6 and 12 months. Next, we set up and compare (using F-tests applied on cross-

equation restrictions) four systems of time series, factor-based portfolio regressions, in which the estimation 

occurs by SUR (seemingly unrelated) GLS methods. The first system is unconstrained and contains the seven 

classical, finance factors already described before augmented to include ESG_mom(x); the second system is 

constrained in that all the portfolio exposures vs. ESG_mom(x) are constrained to be zero, so that an F-test 

built as an R-squared comparison between the first and second system allows to test whether ESG_mom(x) 

may be a priced risk factor; the third system contains ESG_mom(x) as an explanatory factor but it constraints 

all the alphas of the five regressions in the system to be zero, so that an GRS/F-test built as an R-squared 

comparison between the first and third system allows to test whether ESG_mom(x) sets the alphas to zero; 

the fourth system simultaneously implements all the constrains of the second and third models and 

essentially tests whether ESG_mom(x) belongs to these linear pricing models and it can set to zero (in the 

sense of not being statistically significant) all the abnormal, ESG momentum-sorted portfolio returns.30 

Therefore the fourth model estimated tests whether the seven factor model would be able to exclude 

ESG_mom(x) and at the same time to “correctly price” the five ESG-momentum sorted portfolios. 

Table 7 shows the results of such system of regressions tests. Notably, in spite of the rather different 

behaviour of the signs of the returns of the ESG momentum spread portfolio across the two raters (especially 

at a one-month horizon), the two corresponding panels reveals results which are somewhat homogeneous. 

Moreover, in all the eight cases featured (four horizons in the case of Sustainalytics and four in the case of 

MSCI), the joint F-test that compares the first unconstrained model with the fourth, constrained one, lead to 

bitter rejections of the restrictions, thus giving evidence (consistent with Table 5) that a classical, seven-

factor model cannot price the ESG-sorted portfolios. It is more interesting to note that in all the eight cases, 

the null of the ESG momentum factor not belonging to the set of factors is rejected with p-values of 0.000, 

                                                            
29 In the case of Sustainalytics, this may be surprising given the fact that Table 5 showed a significant estimate for the 
low volatility factor. However, the table also shows that HML and the Low Volatility factor are significantly negatively 
correlated, indicating that the Low Vol and ESG momentum factors are indeed implicitly, indirectly correlated. This 
outcome underscores the significance of employing a state-of-the-art factor pricing model to unveil the genuine 
underlying relationships. Relying solely on pairwise correlations, without accounting for other relevant risk factors, can 
lead to erroneous conclusions regarding the pairwise relationship. 
30 Apart from when it is explicitly indicated, all systems contain estimable intercepts in each regression, arguably to be 
interpreted as Jensen’s alphas. The GRS/F-tests are all implemented using the estimated covariance matrix of the pricing 
errors obtained from the first, unconstrained model. 
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while in only 4 cases (and always when x = 3 and 6 months) the null of all the individual portfolio regression 

alphas being zero cannot be rejected (hence it leads to p-values that exceed 0.05, even though in one case, 

MSCI and x = 6 months, the resulting p-value exceeds 0.1). All in all, Table 7 provides evidence that the ESG-

momentum factor may be real, in the sense of always helping to explain the spread returns built on the basis 

of momentum and also contributing (at least at the intermediate horizons) to set the model pricing 

performance “to be right”, at least in a statistical sense. 

Table 7: F-tests of the pricing performance of an ESG momentum factor 

  
This table reports the estimated alphas from an unconstrained system regression model that includes an ESG Momentum 
factor and seven other risk factors. The ESG Momentum factor is constructed by taking a long position in the quintile 
portfolio containing stocks with the highest x-month ESG momentum and taking a short position in the quintile portfolio 
containing stocks with the lowest x-month ESG momentum, where x = 1, 3, 6 and 12 months. The risk factors considered 
are the five risk factors Mkt - Rf, SMB, HML, RMW, and CMA as proposed by Fama and French (2015), the Carhart (1997) 
Momentum factor, and the Low Volatility factor, as proposed by Blitz and Van Vliet (2007). The table also performs the 
three F-tests of asset pricing restrictions concerning the role played by the ESG Momentum factor. We have italicised 
cases in which the rejection or non-rejection of a null conforms to the hypothesis of ESG Momentum serving as a factor. 

 
3.2 ESG Volatility 

 
3.2.1 Portfolio sorting. We define 𝑥𝑥 -month ESG volatility as the sample standard deviation of 

(size- and industry-adjusted) ESG scores over a fixed time window of 𝑥𝑥 months, where 𝑥𝑥 ∈

 {18, 24, 30, 36}.  Stocks are sorted by ascending ESG volatility and we form equally-weighted quintile 

portfolios where portfolio 1 contains stocks with the most stable ESG scores while in portfolio 5 we 

collect the stocks with the most volatile scores over the previous x months. 

Momentum-sorted Ptf. Full Model Estimated ai Partial F-tests Joint F-test Full Model Estimated ai Partial F-tests Joint F-test

1 0.114 (0.063) 0.146 (0.030)

2 0.053 (0.148) Exclude ESG Mom Factor 0.056 (0.197) Exclude ESG Mom Factor

3 0.061 (0.143) 88.816 (0.000) REJECT 0.043 (0.232) 90.960 (0.000) REJECT

4 0.156 (0.001) α = 0 (GRS test) 0.114 (0.002) α = 0 (GRS test)

5 0.011 (0.052) 11.481 (0.043) REJECT 0.145 (0.030) 30.298 (0.000) REJECT

1 0.073 (0.108) 0.089 (0.090)

2 0.010 (0.048) Exclude ESG Mom Factor 0.063 (0.095) Exclude ESG Mom Factor

3 0.085 (0.063) 74.557 (0.000) REJECT 0.059 (0.094) 11.230 (0.047) REJECT

4 0.068 (0.245) α = 0 (GRS test) 0.072 (0.338) α = 0 (GRS test)

5 0.007 (0.158) 10.101 (0.072) NOT REJECT 0.090 (0.092) 9.936 (0.077) NOT REJECT

1 0.041 (0.034) 0.050 (0.055)

2 0.025 (0.305) Exclude ESG Mom Factor 0.023 (0.456) Exclude ESG Mom Factor

3 0.067 (0.070) 94.581 (0.000) REJECT 0.045 (0.122) 91.000 (0.000) REJECT

4 0.070 (0.043) α = 0 (GRS test) 0.052 (0.061) α = 0 (GRS test)

5 0.003 (0.883) 10.005 (0.075) NOT REJECT 0.044 (0.058) 8.746 (0.120) NOT REJECT

1 0.034 (0.079) 0.045 (0.044)

2 0.024 (0.227) Exclude ESG Mom Factor 0.016 (0.502) Exclude ESG Mom Factor

3 0.187 (0.002) 99.020 (0.000) REJECT 0.020 (0.400) 91.001 (0.000) REJECT

4 0.078 (0.010) α = 0 (GRS test) 0.054 (0.021) α = 0 (GRS test)

5 0.004 (0.903) 22.270 (0.000) REJECT 0.046 (0.042) 17.170 (0.004) REJECT
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Table 8: Results for portfolio sorted by ESG volatility using four computation periods 

The five quintiles are sorted by ESG score volatility, computed using rank-neutralised ESG scores. The table also provides the summary statistics for a portfolio 1 - 5, which 
takes a long position in portfolio 1 and a short position in portfolio 5. 
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Table 8 shows that for two estimation windows (18 and 24 months), the long-short (quintile 1-5) 

portfolio is characterised by a significant realised SR for both rating providers. Therefore, we focus 

our attention on the results concerning portfolios sorted on 18-month ESG volatility since it leads to 

high SR across our data sets. Moreover, when compared to Table 3, the mean spread returns and 

Sharpe ratios (here from the 1 - 5 portfolio), now carry the same sign across the two raters, i.e., 

it is profitable to go long in low-variance ESG rating stocks and to short the ones with volatile ratings. 

Furthermore, the rank-neutralised ESG score volatility does not highly correlate with raw ESG 

volatility. For instance, the portfolio with the lowest rank-neutralised ESG volatility has by far the 

highest overall standard deviation of the raw ESG scores. In fact, all average and median raw ESG 

scores across quintiles tend to increase with the ESG volatility across portfolios. This may be 

problematic for sustainability-driven investors, as it implies that investing in firms with stable ESG 

scores characterised by low ESG volatility leads to lower portfolio ESG mean and median scores. This 

strengthens the finding in Table 5 that it is long positions in negative momentum, intermediate-ESG 

score firms that tend to generate the highest average abnormal returns.31  

 

3.2.2 Abnormal portfolio performances. It remains vital to establish whether a strategy earns a 

return because of its implied exposure to one or more risk factors or because it earns true risk- 

adjusted abnormal returns. To distinguish between the two cases, we adopt the same seven-factor 

linear model as in subsection 3.1, which includes tradeable proxies for market, size, value, profitability, 

investment, momentum, and volatility risks. Panel A of Table 9 shows the OLS estimates (and the 

associated t-ratios) of the factor loadings for each of the quintile portfolios built in subsubsection 3.2.1 

with reference to Sustainalytics data, while panel B performs the same task with reference to MSCI. 

The table shows that, with one exception, the average pricing errors for the quintile portfolios are 

not statistically significant at standard confidence levels and the null hypothesis of a zero alpha cannot 

be rejected for any of them.32 However, the alpha for the long-short portfolio is highly significant in 

both panels: the pure form of the ESG volatility signal earns significant average abnormal returns. 

                                                            
31 A sustainability-driven investor aims at over-weighting stocks characterised by relatively high raw ESG scores or to 
exclude stocks with low raw ESG scores irrespective of their predicted market performance and reward-to-risk ratio. 
32 Given that none of the quintile portfolios individually exhibits a statistically significant alpha at the 5% significance 
level, it is advisable to further assess the efficacy of the postulated seven-factor model in pricing the returns of portfolios 
categorised by ESG volatility. To achieve this comprehensive evaluation, the GRS test can be employed. Computing this 
test for the quintile portfolios sorted by ESG volatility yields a statistic of 1.510 in the case of the Sustainalytics data; the 
probability that this value is exceeded under the null hypothesis is 0.194. The GRS test is instead 1.144 in the case of the 
MSCI data, with an even higher p-value of 0.344. 
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Interestingly, the low minus high ESG rating volatility premium is of similar magnitude regardless 

of whether Sustainalytics or MSCI scores are used, 0.261 and 0.297 percent per month, respectively. 

Moreover, consistent with the results obtained in subsection 3.1, Table 9 implies high and significant 

estimates of the market factor exposures for all the quintile portfolios. Yet, the effect disappears for 

the long-short strategies, illustrating that the ESG volatility signal is indeed not significantly affected 

by market risk for any reasonable confidence level. 

Additionally, Table 9 shows a negative and significant estimate of the exposure to the equity 

Low Volatility factor for every quintile portfolio and both rating providers. However, this negative 

relationship completely disappears for the long-short portfolio 1 - 5 and in both panels. As a result, 

the ESG volatility factor is not explained by or significantly correlated with the classical low volatility 

anomaly and the resulting factor. This emphasises that, similarly to how ESG momentum and classical 

momentum were largely unrelated, the low volatility and ESG volatility are separate factors. This 

reveals one of the strengths of ESG-linked strategies: they appear to be uncorrelated with traditional 

factors and therefore may generate substantial diversification gains. Finally, Table 9 shows that the 

long-short portfolio carries no significant risk exposure to any of the seven risk factors. The only 

significant estimate is the average abnormal return which is highly significant (the t-stat is 3.04 in 

panel A and 3.05 in panel B) and measures a rather substantial risk-adjusted excess return of over 3 

percent per year (3.13% in the case of Sustainalytics and 3.57% in the case of MSCI) earned by the 

ESG volatility long-short portfolio. 

Table 10 performs the same formal asset pricing tests on systems of factor-based return regressions 

that we have already commented with reference to Table 7 to test the performance of the ESG volatility 

factor taken to represent the spread portfolio that goes long into the lowest ESG volatility portfolio and 

shorts the highest ESG volatility one. Rather impressively, all the tests proposed work out in seven out of 

the eight combinations of portfolio formation horizons and rating providers:33 the F-tests reject the null 

hypothesis of the ESG volatility factor implying zero exposures by the five portfolios examined; the GRS 

tests cannot reject the null hypothesis that when the ESG volatility factor is included the resulting test 

portfolio alphas are jointly zero, with p-values ranging from 0.095 to 0.631; a joint F-test that the seven 

classical factors can jointly set all the alphas to zero and exclude the ESG volatility from the pricing 

equations always lead to rejections with a p-value that is essentially zero.  

                                                            
33 The only exception occurs with reference to the 24-month horizon for Sustainalytics ratings, where we find that the 
null that by adding the ESG volatility factor all the alphas are jointly set to zero is rejected with a p-value of 0.047. 
Nonetheless, the test of the ESG volatility factor belonging to the system of regressions and the joint F test always 
reject the null and establish evidence in favor of the ESG volatility factor. 
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Table 9: Estimates of regressions of ESG volatility-sorted portfolio excess returns on 7 risk factors 

 
This table shows the OLS estimates and t-statistics from the regression of excess portfolio returns on seven risk factors 
and a constant. The portfolios are sorted by the ascending 18-month ESG volatility, the volatility of the ESG score over 
the last 18 months. The 1 - 5 portfolio is a long-short portfolio which takes a long position in portfolio 1 and a short 
position in portfolio 5. The incorporated risk factors are the five risk factors Mkt - Rf, SMB, HML, RMW, and CMA proposed 
by Fama and French (2015), the Carhart (1997) Momentum factor, and the Low Volatility factor, as proposed by Blitz 
and Van Vliet (2007). Panel A reports the results for the returns of strategies driven by Sustainalytics rating volatility, 
while panel B for the case of MSCI ratings. The standard errors are estimated using a HAC consistent estimator proposed 
by Newey and West (1987). The estimated coefficients significant at a test size of 5% or lower are emphasised using bold 
face font. 
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Table 10: F-tests of the pricing performance of an ESG volatility factor  

 
This table reports the estimated alphas from an unconstrained system regression model that includes an ESG Volatility 
factor and seven other risk factors. The ESG Volatility factor is constructed by taking a long position in the quintile 
portfolio containing stocks with the lowest x-month ESG Volatility and taking a short position in the quintile portfolio 
containing stocks with the highest x-month ESG Volatility, where x = 18, 24, 30 and 36 months. The risk factors considered 
are the five risk factors Mkt - Rf, SMB, HML, RMW, and CMA as proposed by Fama and French (2015), the Carhart (1997) 
Momentum factor, and the Low Volatility factor, as proposed by Blitz and Van Vliet (2007). The table also performs the 
three F-tests of asset pricing restrictions concerning the role played by the ESG Volatility factor. We have italicised cases 
in which the rejection or non-rejection of a null conforms to the hypothesis of ESG Volatility serving as a factor. 
 

4. Robustness Checks 
 
4.1 Alternative definitions of ESG Momentum and Volatility 
 
We repeat the empirical tests in subsubsection 3.1.3 using alternative definitions of ESG 

momentum, e.g., when the number of months used to estimate momentum exceed one. Table A.1 in 

the Appendix shows the estimated alphas and the GRS test statistics for long-short portfolios sorted 

by 1-, 3-, 6-, and 12- ESG momentum respectively. ESG momentum is computed using the rank-

neutralised ESG scores. We find that as the computation period increases, the estimated pricing 

error of the long- short portfolio 5 - 1 converge monotonically towards zero both in levels and in 

terms of the implied t-statistic. This confirms that the choice of the momentum computation period 

is an important one as the statistical significance of average abnormal returns on the long-short 

portfolio fades substantially (in panel A, with reference to Sustainalytics data, disappears entirely) in 

Volatility-sorted Ptf. Full Model Estimated αi Partial F-tests Joint F-test Full Model Estimated αi Partial F-tests Joint F-test

1 0.019 (0.124) 0.037 (0.076)

2 0.028 (0.150) Exclude ESG Vol Factor 0.019 (0366) Exclude ESG Vol Factor

3 0.042 (0.034) 99.854 (0.000) REJECT 0.047 (0.030) 91.542 (0.000) REJECT

4 0.043 (0.040) α = 0 (GRS test) 0.023 (0.230) α = 0 (GRS test)

5 0.008 (0.549) 10.001 (0.095) NOT REJECT 0.031 (0.084) 9.832 (0.095) NOT REJECT

1 0.015 (0.304) 0.031 (0.125)

2 0.060 (0.027) Exclude ESG Vol Factor 0.040 (0.059) Exclude ESG Vol Factor

3 0.016 (0.284) 82.440 (0.000) REJECT 0.019 (0.360) 87.770 (0.000) REJECT

4 0.048 (0.094) α = 0 (GRS test) 0.026 (0.207) α = 0 (GRS test)

5 0.008 (0.164) 11.221 (0.047) REJECT 0.029 (0.144) 5.572 (0.350) NOT REJECT

1 0.015 (0.354) 0.032 (0132)

2 0.043 (0.052) Exclude ESG Vol Factor 0.029 (0.162) Exclude ESG Vol Factor

3 0.022 (0.194) 79.005 (0.000) REJECT 0.024 (0.249) 91.000 (0.000) REJECT

4 0.044 (0.089) α = 0 (GRS test) 0.025 (0.246) α = 0 (GRS test)

5 0.009 (0.679) 8.004 (0.156) NOT REJECT 0.032 (0.132) 3.122 (0.681) NOT REJECT

1 0.016 (0.324) 0.032 (0.145)

2 0.027 (0.132) Exclude ESG Vol Factor 0.019 (0.315) Exclude ESG Vol Factor

3 0.029 (0.166) 95.583 (0.000) REJECT 0.033 (0.114) 84.881 (0.000) REJECT

4 0.040 (0.093) α = 0 (GRS test) 0.023 (0.292) α = 0 (GRS test)

5 0.008 (0.640) 3.515 (0.621) NOT REJECT 0.029 (0.140) 3.502 (0.623) NOT REJECT
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the case of formation periods longer than 3 months. 

Table 11:  Robustness to alternative volatility estimation period lengths 

 
This table reports the results of a robustness analysis with respect to the choice of the ESG score volatility estimation 
period. It reports the estimated alphas for the ESG volatility portfolios sorted by 18-, 24-, 30-, and 36-month ESG 
volatility, respectively. The ESG volatility is computed using the standardised ESG scores. The table also reports the p-
values (in parentheses) from Gibbons et al. (1989) test of the joint significance of the alphas for a range of volatility 
estimation periods. α is the estimated intercept in a regression of excess portfolio returns on a constant and seven risk 
factors. The risk factors are the five risk factors Mkt - Rf, SMB, HML, RMW, and CMA proposed by Fama and French 
(2015), the Carhart (1997) Momentum factor, and the Low Volatility factor proposed by Blitz and Van Vliet (2007). 

 

We perform similar robustness tests for ESG volatility. Table 11 shows the average abnormal 

returns and the corresponding t-statistics for the five quintile portfolios and the long-short portfolio 

for four ESG volatility-computation periods. It also displays the GRS statistics for testing the joint 

significance of the quintile portfolios’ average abnormal returns. The table shows consistent results 

across the two panels. First, the 1 - 5 spread strategy yields a significant alpha only at horizons 

of 18 and 24 months. Interestingly, the resulting average abnormal returns (arguably, the low ESG 

volatility factor premia) are of similar magnitude, between 0.26 and 0.30% per month, across the two 
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data providers. Second, even though the spread strategy yields statistically significant alphas at 

horizons inferior to 24 months, globally, a GRS test fails to reject the null that all the alphas are jointly 

equal to zero. Finally, for both data providers, it is the low(er) volatility portfolios 1 and 2 that are 

driving most of the differences. Their alphas are positive and statistically significant at the 30- and 

36-month horizons. 

 

4.2 Standardised ESG Momentum and Volatility 
 
Table A.2 in the Appendix reports the results of robustness analyses applied to ESG momentum computed 

from the standardised ESG scores. The table reveals that none of the ESG momentum estimation periods lead 

to statistically significant alphas from the long-short 5 - 1 strategies for either raters under investigation or 

to significant GRS statistics. Therefore, the null hypothesis of 𝛼𝛼 = 0 cannot be rejected and we conclude that 

none of the alternative momentum estimation windows earn jointly significant risk-adjusted returns.  
 

Table 12: Effects of an alternative method of industry and size adjustment on ESG momentum 

 
 The five quintiles are sorted by 6-month ESG momentum, the percentage increase of the ESG score over a period. The table 
also provides the summary statistics for a portfolio 5 - 1, which takes a long position in portfolio 5 and a short position in 
1. Panel A reports the results for the returns of strategies driven by Sustainalytics rating momentum, while panel B for the 
case of MSCI ratings. 
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However, for most horizons the spread strategies alphas are signed in the same way, i.e., negative momentum 

portfolios yield higher returns than positive momentum ones. Additional, unreported checks reveal that also 

in Table 12, and now also in the case of Sustainalytics, the negative momentum firms are characterised by a 

higher starting standardised rating than high momentum firm are.  Moreover, a combined assessment of 

Table 5 and Table A.2 indicates that it is the rank neutralisation of the scores that acts on Sustainalytics to 

flip to negative the sign of the mean abnormal returns of the 5 - 1 quintile. Hence, the precise method through 

which one can neutralise the size and industry biases plays a key role in defining an ESG momentum factor. 

While Table 3 used the rank-neutralised ESG scores to compute the ESG momentum, Table 12 shows the 

same results but with the standardised ESG scores. To save space, Table 12 only reports the summary 

statistics for 6-month momentum.34 We focus our attention on two differences in key empirical results 

relative to Table 3. First, the long-short portfolios no longer yield a significantly positive SR. This is a first 

indication that a simple ESG-momentum strategy based on standardised score may only earn fragile risk-

adjusted performance, at least in the European equity market. Second, standardising the scores is effective 

in removing sector and size biases but it may be also troublesome in light of its policy implications. Under 

the ESG momentum estimated using standardised scores, portfolio 5 has a lower or identical mean and 

median raw ESG score than portfolio 1 does. This indicates that the long-short portfolio will not have a 

positive raw ESG score spread, albeit such a negative spread turns out to be small in absolute value.35 

Therefore, per se, building ESG momentum on standardised scores does not contribute to yield more 

sustainable or ESG-compliant portfolios. More generally, the table shows that when the portfolios are sorted 

by the ESG momentum with classical, standardised ESG scores, the raw ESG scores of the quintile portfolios 

are very similar in magnitude. This means that an increasing standardised ESG score no longer corresponds 

to higher raw ESG scores. Hence allocating capital to firms on the basis of standardised ESG momentum does 

not imply transferring capital from virtuous companies to sin ones. 

Table 12 shows the same summary statistics as Table 7 when ESG volatility is computed using the 

standardised ESG scores. To save space, Table 12 only shows the summary statistics for stock portfolios 

sorted using 24-month ESG volatility.36 We focus on an estimation window of 24 months because in Table 8, 

this is one of the two horizons for which the long-short strategies earns a significant alpha in the case of both 

                                                            
34 We focus on 6-month ESG momentum because it strikes a balance between the size of the positive alpha obtained 
from MSCI data and obtaining non-negative alphas from the Sustainalytics ratings. 
35 Table 12 also shows a much larger dispersion in the momentum characterising the five quintiles, with the outer 
portfolio scores taking extreme values of +568% (+317% in the case of MSCI) and of -470% (-109% in the case of MSCI), 
both obtained from a 6-month momentum estimation window.  
36 The full set of results is in Table A.3 of the Appendix. 
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Sustainalytics and MSCI.  In Table 13, as in Table 9, we find the same lower mean and median ESG scores for 

portfolio 1 compared to portfolio 5, especially when Sustainalytics data are used. This result has implications 

from a sustainable investing point of view: investing in a spread ESG volatility factor may not lead to 

rewarding green stocks at the expense of the brown ones. 

           Table 13: Summary statistics of quintile portfolios sorted by 24-month ESG score volatility 

 
The five quintiles are sorted by 24-month ESG volatility. The table also provides the summary statistics for a portfolio 1- 
5, which takes a long position in portfolio 1 and a short position in 5. Panel A reports the results for the returns of strategies 
driven by Sustainalytics rating volatility, while panel B for the case of MSCI ratings. 

 

We also investigate the alphas of the portfolios sorted by ESG momentum and volatility computed using 

the standardised scores and under different estimation periods applied to the definition of ESG volatility. 

Tables A.2 and A.3 in the Appendix show the estimated alphas and corresponding t-statistics. The results are 

much weaker than those in Table 5 and Table 11, especially as far as the MSCI ratings are concerned. None 

of the GRS tests comes close to reveal the alphas being jointly significant and the average long-short returns 

turn to be not statistically significant. This occurs everywhere in Table A.2 and in Table A.3 in the case of the 

MSCI ratings, in panel B. Nonetheless, especially for the longest horizons, the low ESG score volatility 

strategies based on Sustainalytics gain some traction and are estimated precisely, even though these are not 
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larger than the average spreads in Table 11.37 All in all, the evidence of significance of the long-short alphas 

reported earlier is therefore not completely robust to the data neutralisation method used. 

 
4.3 Estimated ESG Momentum and Volatility Alphas over Time 
 
Because the GRS tests applied to Table 5 (and reported in Table A.1 in the Appendix) have shown that the 

ESG (reverse) momentum computed using the rank-neutralised ESG scores earns jointly significant alpha, it 

is appropriate to study the behaviour of the estimated pricing errors over time. One reason for concern is 

that it would be possible for the majority of the risk-adjusted returns to be earned at the beginning of the 

sample and that the signal might then have faded as time progresses. Figure A.1 in the Appendix shows the 

behaviour of the estimated pricing errors over the sample period, when the same seven factors are included 

in the risk factor model as in Table 5.38 We use a rolling window of 24 months of data to estimate the alphas. 

Panels (a) and (c) (the former with reference to Sustainalytics and the latter to MSCI data) show that 

especially during the period 2013- 2016, the dispersion in the alpha estimates was large. This translates into 

significant alpha estimates for the long-short portfolios. Over this period, the structural features of the 

strategies built on the ratings issued by the two alternative providers are different, something discussed 

earlier and featured, e.g., in Berg et al. (2022). However, after this period, the momentum alphas of the long 

leg and of the short leg obtained from Sustainalytics in panel (a) seem to converge and decline substantially 

to levels that deliver a negative but imprecisely estimated spread, whose sign is consistent with results for 

MSCI in panel (c). Moreover, Figure A.1 shows that over the entire sample, the estimates of the long-short 

portfolio’s alpha turned out to be significantly negative for a very limited period (at the end of 2012) in the 

case of Sustainalytics, while the precision of the alpha estimates is never problematic in the case of MSCI. 

Similarly, to investigate whether the alphas of the quintile portfolios are structural to the entire sample 

or whether ESG low volatility just recently became important, we analyse the dynamics of the pricing errors 

of the portfolios over time. As the long-short portfolio, derived from the spread in ESG score volatility using 

rank-neutralised ESG scores, demonstrated the most robust results in terms of t-statistics, we opt for a 24-

month volatility estimation period. Figure 4 provides an insight into the evolving 24-month alpha estimates 

for both the quintile portfolios and the long-short portfolio. Following an initial period of instability (2012- 

                                                            
37 Unreported results on the regressions underlying Table A.2 reveal that the momentum-sorted portfolios carry, just as for 
momentum computed using the rank-neutralised ESG scores, a significant relationship with the market and the low volatility 
factor portfolios. The regressions underlying Table A.3 disclose that for the quintile portfolios the estimated coefficients 
loading on the market and the classical volatility factor turn out to be significant. Both sets of results suggest some mixing 
between ESG score momentum and volatility strategies and classical momentum and volatility factors, which may be 
troublesome and indicates that standardising the scores has limitations. 
38 For clarity and to favour direct comparisons to panels (c) and (d), in panels (a) and (b) that refer to Sustainalytics ratings, 
we are plotting the negative of the 1 - 5 alpha spread, i.e., the 5 - 1 average abnormal return. 
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Figure 4 shows the dynamics of the OLS estimates of α and the dynamics of its corresponding t-statistics. The estimates 

are computed using a rolling window of 24 months of data. The portfolios are sorted by the 24-month ESG volatility. The 
risk factors incorporated in the OLS regressions are the five factors Mkt - Rf, SMB, HML, RMW, and CMA proposed by Fama 
and French (2015), the Momentum factor proposed by Carhart (1997), and the Low Volatility factor proposed by Blitz and 
Van Vliet (2007). Panels (a) and (b) concern Sustainalytics data, while (c) and (d) refer to MSCI ratings. 
 

2015), the estimates tend to converge towards a common value as we approach the end of the sample period. 

In the case of the Sustainalytics data, especially in the first half of the sample period, the alpha estimates for 

the individual quintile portfolios are highly significant, even though the long-short portfolio’s estimate is not. 

This suggests that a structural break may have occurred in the performance of the model used for pricing the 

quintile portfolios. Yet, the estimated alpha for the long-short portfolio turns out to be very stable, explaining 

the highly significant full-sample estimate reported in Table 11. The inferred coefficients are positive over 

most of our sample and whenever the estimates turn out to be negative, the t-statistic is very small in absolute 

value. Even though the 1 - 5 spread alphas are also generally positive and statistically significant between 

2011 and 2014, for MSCI data, the dynamics is a bit different as most individual quintile portfolios imply non 

positive alphas but eventually the average abnormal returns are estimated to favour the low rating volatility 

MSCI MSCI 

Sustainalytics Sustainalytics 
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portfolios over the high volatility ones. Yet, also in the case of MSCI data, there is some visual evidence in 

Figure 4 of a change in the mean of the alpha after 2013. 

 
4.4 Testing for Structural Breaks in the ESG Momentum and Volatility Portfolios 
 

Table 14 shows the results of the Andrews (1993) test of a structural break at an unknown break date for 

the five quintile portfolios and the long-short portfolio. The ESG momentum and volatility returns are 

computed using the rank-neutralised ESG scores using horizons of 1- and 24-month, respectively. The test 

uses the seven factors and excludes the first and last 15% of dates as possible break dates. The table shows 

that the null hypothesis of the absence of a structural break cannot be rejected for any of the portfolios and 

the raters investigated, since none of the test statistics exceeds the critical values. This means that the 

concern about a possible structural break can be put to rest, in spite of the considerable variation in estimated 

alphas shown in Figure A.1 and Figure 4. Therefore, there is no statistically significant evidence indicating 

that the asset pricing model incorrectly prices the assets because of structural instability. 

Table 14: Andrew’s test of a structural break at unknown date for ESG momentum and volatility 

 
This table shows the Andrews (1993) test for a structural break at an unknown break date for the regression coefficients 
of five quintile portfolios sorted by ascending 1-month ESG momentum or descending 24-month volatility. The null 
hypothesis is the absence of a structural break. Additionally, the table provides the Andrews (1993) test statistic for long- 
short portfolios (5 - 1 in the case of momentum and 1 - 5 in the case of volatility). The test statistic is the supremum of the 
Chow break test statistics over a fraction of the sample period. The test statistic follows a non-standard distribution, which 
depends on the number of regressors in the model, and the relative size of the fraction of the sample period. The regressors 
are the constant, the five Fama and French (2015) factors, the Carhart (1997) Momentum factor, and the Blitz and Van 
Vliet (2007) Low Volatility factor. The supremum of the Chow break test statistics is computed over the period January 
2011 - August 2018, so that the first and last 15% of dates are not considered as structural break candidates. The critical 
values of the associated non-standard distribution are reported for the 10%, 5% and 1% size test levels. 
 
4.5  ESG Momentum and Volatility Tilting Strategies 
 

The long-short portfolios built in subsection 3.1 and subsection 3.2 have the disadvantage that, by 

ignoring the information in quintiles 2-4, they ignore 60% of the stocks and their ESG signals. In this sense, 
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the long-short portfolio is formed with reference to a strongly, artificially bounded investment universe. 

Standard principles imply that this is unlikely to lead to optimised performances. In line with the earlier 

literature on ESG momentum (see, e.g. Nagy et al. (2016)), this suggests testing the robustness of the ESG 

momentum signal also using lighter, tilting-based strategies. 

To this end, we shall use a straightforward tilting strategy which consists of computing the ESG 

momentum and volatility for every stock in our (common) European equity universe and ranking them by 

the resulting estimates. To guarantee consistence with subsection 3.1, the stocks are ranked in descending 

(ascending) order, such that the stocks with the lowest ESG momentum (volatility) receive the highest 

ordering and vice versa for the stocks with the highest ESG momentum (volatility). Next, all the ranks are 

summed and every stock’s rank is divided by the sum. This way, we ensure that the stocks with the lowest 

ESG momentum (volatility) are over-weighted and the stocks with the highest ESG momentum (volatility) 

are under-weighted, relative to the equally-weighted portfolio. 

Table A.4 in the Appendix shows two important results. First, all average abnormal returns are 

insignificant for both ESG raters. In fact, none of the strategies manage to generate a significant SR and all fail 

to earn significant, risk-adjusted returns, which also happen to be economically rather small (or negative) in 

the case of MSCI. Second, the 12-month ESG momentum now implies the highest positive mean return when 

MSCI ratings are used, the highest SR, and the highest ESG score means and medians. This result differs from 

our earlier finding that 1-month momentum would guarantee the highest realised performances.39 Finally, 

the mean and median ESG scores generally increase when the momentum computation period increases. 

These results are robust to applying a tilting strategy based on the standardised ESG scores, even though in 

that cases the 1-month ESG momentum tilting strategy displays a significant SR.40  

Similarly, we apply the tilting strategy to the ESG volatility signal.  Table A.5 in the Appendix displays 

summary statistics for strategy returns for different computation periods.  The table shows that none of the 

tilting strategies earns a statistically significant alpha. Yet, this finding is not totally unexpected after the 

earlier results on the GRS tests in Table 12. In the top panel concerning Sustainalytics, the 24-month ESG 

volatility strategy fails to provide the highest SR. Both the 30- and 36-month ESG volatility tilting strategies 

yield a higher SR, higher alphas, and higher ESG scores. This observation is promising within the context of 

sustainable investing.  Specifically, when considering an ESG volatility tilting strategy, the conventional trade-

                                                            
39 Nonetheless, no choice of the length of the estimation period delivers significant alphas. Also Nagy et al. (2016) used 
the 12-month ESG momentum to build their tilting strategy, which indeed seems to be the superior one among their 
alternative strategies. 
40 Complete, tabulated estimated are available from the Authors upon request.  
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off between mean realised returns and un-adjusted ESG scores does not materialise. The longer the ESG 

volatility estimation period, the higher the SR and the higher the mean and median ESG score, despite the 

absence of statistical significance in the estimated SR and alpha. It is worth noting that this is in contrast with 

the outcomes for the quintile portfolios. However, Table 9 displayed significant average abnormal returns 

for the long-short portfolio, whereas this is not the case for the tilting strategy.  It therefore seems that the 

tilting strategy is superior to the long-short strategy from a sustainable investing perspective, even though 

the sustainable investing implied by the tilting strategy dilutes returns. Nonetheless, in the bottom panel, 

concerning the MSCI-driven strategies, realised mean returns are comparable to those in Section 3 and yet 

both the resulting Sharpe ratios and alphas are either not precisely estimated (the former) or even negative 

(but not significant, in the latter case). Therefore, any evidence in favour of the effectiveness of low ESG 

volatility strategies is limited to Sustainalytics data. 

 
4.6    A Larger Universe of Firms for MSCI ratings 
 

As discussed in Section 2, to increase comparability, we have performed the earlier analyses on the 

intersection of the firm universes for which we have both Sustainalytics and MSCI ratings data. In practice, 

this translates in a substantial sacrifice of the number of firms investigated, as this declines from a potential 

(maximum) number of 1301 to a (maximum) of 882 firms used earlier.41 Therefore, as an additional 

robustness check, we have performed afresh the key tests in Section 3 applied to the full universe of MSCI 

firms. Notably, in this case, in spite of the application of the same filters used before, also 47 Greek and 

Icelandic firms are included in the analysis. To save space, we focus on 1-month momentum and 18-month 

low volatility strategies which have also been our main focus earlier. To allow comparisons with earlier 

results, also in these analyses we focus on a July 2007 - December 2019 sample.  

Table 15 shows that the results concerning MSCI reported in Section 3 get stronger if one allows an even 

wider universe of firms, as selected by MSCI with reference to the European area. 

                                                            
41The corresponding average numbers of firms are 751 in the case of MSCI ratings and 711 in the case of Sustainalytics.  
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Table 15: Performance of ESG momentum and volatility strategies for the full MSCI universe 

 
In the top panel, the five quintiles are sorted by ESG momentum, the percentage increase of the rank-neutralised ESG score over a 1-month period. The table also 
provides the summary statistics for a portfolio 5 - 1, which takes a long position in portfolio 5 and a short position in 1. In the bottom panel, the five quintiles are sorted 
by ESG volatility, the percentage increase of the rank-neutralised ESG score over an 18-month period. The table also provides the summary statistics for the long-short 
portfolio. 
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First, while the 5-1 spread portfolio findings for 1-month momentum remain rather strong (the statistically 

significant mean average spread returns grows from 2.48% to 2.98% per month and the SR goes from 1.78 

to 1.54 when going from Table 3 to Table 15, the finding that negative momentum portfolios yield higher 

realised returns than high momentum ones remains puzzling and likely explained by the structurally higher 

mean and median (raw and rank-neutralised) ratings that characterised the former quintiles vs. the latter. 

In other words, also on a wider sample of firms, it remains true that in the case of MSCI ratings, the average 

(and median) level of the ESG score prevails and makes momentum able to express higher performance for 

stocks with high but stable or declining score vs. the ones with an initially low but increasing score. As a 

point in case, Table A.6 in the Appendix shows that also for the MSCI extended universe of firms, the spread 

return between the high ESG (both raw and rank-neutralised) score portfolio 1 and the low ESG score 

portfolio 5 is relatively large (0.30% per month) and statistically significant. 

Yet, as in Section 3, the corresponding SR (0.176) fails to be significantly positive and the estimated 7-

factor model alpha (0.15% per month) is economically small and statistically insignificant. In fact, in Table 

A.6, the abnormal returns derived from a seven-factor linear model lack any linear predictability structure. 

Once more these result show that while in the case of MSCI rating a simple rating-level strategy fails to be 

viable as an additional risk factor, the prominence of the level unravels the viability of the momentum 

strategy. Visibly, in Table A.6, 1-month rank-neutralised score momentum fails to differ substantially across 

portfolios with different mean and median score levels. 

Second, Table 15 shows that the ESG volatility-driven strategy gets unconditionally stronger. The 

average spread return from the 1 - 5 long-short portfolio increases from 0.28% per month in Table 7 to 

0.39% per month; the corresponding SR from 0.24 to 0.26 and these are both statistically significant. The 

estimated linear factor model alpha stays roughly constant (from 0.30% to 0.26% and both are precisely 

estimated). Especially this second set of results emphasises that, at least as far as MSCI data are concerned, 

expanding the sample to include all of the available data would not affect our results and, at least to some 

extent, actually strengthen them. 

 
4.7 Covid and Post-Covid MSCI Data 

 
A natural question is whether our results on ESG momentum and volatility strategies may be resilient 

with reference to the 2020-2021 Covid pandemics-dominated sample and also to the inclusion of additional 

2022 and (inasmuch as possible) 2023 ratings data.42 The exact sample period is January 2000 - March 

                                                            
42 See Arat et al. (2023) and Rizvi et al. (2020) for analyses of the impact of the pandemics on European financial 
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2023.  Because of data availability limitations, we could extend the analysis only to MSCI ratings and hence 

we do that with reference to the same universe as in subsection 4.6. To achieve consistency with subsection 

4.6, Table 16 reports on the performance of 1-month momentum and 18-month volatility strategies. It 

shows no substantial change in strength and significance of the ESG-driven strategy performances starting 

in 2020.  In practice, the long-short abnormal return of the 5 - 1 momentum strategy turns out to increase 

somewhat in correspondence to the pandemics, to generate a rather massive SR in excess of 1 and an alpha 

that exceeds the one in Table 14. In the bottom panel of Table 16, the ESG volatility strategy also displays 

some resilience to an extension to a recent sample. On the one hand, the quintiles portfolio returns and the 

resulting alpha are statistically insignificant; on the other hand, the SR increases vs. subsection 4.6 (from 

0.26 to 0.28 per month) and it is statistically significant. However, the resulting alpha (complete results are 

available upon request) that nets out the effect of linear factor exposures turns out to be positive but not 

significant. 

                 Table 16: Performance of the ESG momentum and volatility strategies in 2020-2023 

 
In the top panel, the five quintiles are sorted by ESG momentum, the percentage increase of the rank-neutralised ESG 
score over a 1-month period. The table also provides the summary statistics for a portfolio 5 - 1, which takes a long 
position in portfolio 5 and a short position in 1. In the bottom panel, the five quintiles are sorted by ESG volatility, the 
percentage increase of the rank-neutralised ESG score over an 18-month period. The table also provides the summary 

                                                            
markets and the asset management industry.  
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statistics for the appropriate long-short portfolio. 

 
4.8  Leaving a One-Month Gap between ESG Momentum Measurement and Portfolio 
Formation. 

 
In spite the evidence of non-negligible ESG rating activity on a monthly basis in the cross-section of 

European stocks under investigation discussed in Section 2.1, a sensible concern is that, irrespective 

of what we may see ex-post in the Sustainalytics and MSCI data set, over a short horizon, the 

information contained in  the changes  in  the ESG  ratings (hence,  also in  their volatility)  may  not  be 

easily actionable in terms of  trading stocks  to build  the portfolios tracked  in  Section 3. As a result, 

we decided to propose results for momentum and volatility strategies based not only on short 

windows  of 1 and  18 months,  but also of 3, 6 and 12 months in the case of momentum (and 24, 30 

and 36 in the case of volatility). Such medium-long windows are supposed to neutralise the fact that 

there may be long and variable lags in the reporting of ratings and of their changes. In addition, we also 

perform a robustness check and test the performance of a “t – 2-gap horizon” momentum strategy, in 

the sense that at time t, the long-short trades that our set up implies are implemented with reference 

to ESG momentum sorting statistics based not on momentum measured over month t – 1, but instead 

on month t – 2. This allows one additional “gap” month for the ESG score changes and/or initiation to 

be made public and become actionable in terms of trades and portfolio formation decisions. 

Table 17 reports the results from the 1-month gap momentum strategy (panel (a)) with those of 

the standard 1-month already reported in Table 3 (here reproduced for clarity in panel (b)). The two 

sets of performance results are qualitatively similar and simply characterised by some decay in mean 

portfolio performances, that however hardly extends to the Sharpe ratios. In the case of Sustainalytics, 

the long-short portfolio that buys high-minus-low ESG momentum keeps reporting a statistically 

significant spread of 0.27% per month, which implies a rather large and significant Sharpe ratio of 0.23. 

Even though, the mean spread return is visibly lower than the 0.43% reported in Table 3, the Sharpe 

ratios are similar (in fact, under the assumption of independent portfolio returns, the two Sharpe ratios 

are not significantly different). In the case of MSCI ratings, it is again the case that it is a strategy that 

shorts high momentum and goes long in negative momentum stocks that yields a significant mean 

return spread; yet, both the mean spread and the corresponding Sharpe ratios are lower, which is to 

be expected because in unreported results we have verified that the inverse relationship between 

realised ESG momentum and the initial average level of the ESG scores weakens somewhat.  



 

 
Table 17: Results for portfolio sorted by ESG momentum using a 1-month (t – 2)-gap horizon scheme 

 
The five quintiles are sorted by ESG momentum, the percentage increase of the ESG score over a period. The table also provides the summary statistics for a portfolio 
5 - 1, which takes a long position in portfolio 5 and a short position in 1. 

Mean (%) σ (%) Sharpe Ratio Std Err(SR) Mean Median σ Momentum Mean (%) σ (%) Sharpe Ratio Std Err(SR) Mean Median σ Momentum

1 0.348 4.006 0.079 0.083 57.801 61.147 0.907 46.5% 0.012 3.694 -0.005 0.083 62.604 62.838 3.088 78.4%

2 0.518 4.133 0.118 0.081 62.636 66.940 1.007 4.2% 0.761 3.920 0.186 0.081 64.917 65.178 2.119 0.0%

3 0.593 4.626 0.121 0.086 71.107 66.694 0.981 -0.1% 0.751 3.931 0.183 0.081 63.282 62.810 2.421 0.0%

4 0.614 4.938 0.118 0.087 64.702 67.798 0.942 -3.9% 0.879 4.191 0.202 0.080 60.757 61.630 3.187 0.0%

5 0.080 4.738 0.010 0.085 56.488 58.664 0.916 -21.8% 1.052 3.939 0.259 0.081 59.137 58.691 2.279 -6.8%

5 -1 -0.268 1.307 -0.230 0.054 1.040 1.289 0.782 0.074

1 0.851 4.377 0.195 0.088 57.920 58.260 0.927 46.1% -0.208 4.037 -0.047 0.089 59.050 58.750 2.290 77.0%

2 0.695 4.397 0.158 0.087 65.440 66.160 1.002 4.1% 0.932 4.171 0.228 0.086 60.659 61.551 3.162 0.0%

3 0.667 4.662 0.143 0.087 69.150 69.820 0.977 -0.1% 0.750 3.961 0.194 0.082 63.192 62.813 2.407 0.0%

4 0.699 4.630 0.151 0.092 64.990 65.670 0.911 -4.1% 0.796 3.930 0.207 0.084 64.896 64.987 2.141 0.0%

5 0.426 4.596 0.093 0.094 57.340 57.730 0.946 -21.0% 2.270 3.821 0.599 0.089 62.607 62.711 3.045 -6.9%

5 -1 -0.425 1.543 -0.248 0.113 2.479 1.414 1.782 0.157

Panel A: 1-Month ESG Momentum with a 1-Month Gap in Implementation

Panel B: 1-Month ESG Momentum (as in Table 3)

Sustainalytics MSCI

Returns Sustainalytics Raw ESG Scores  Returns MSCI Raw ESG Scores
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Table A-7 in the on-line Appendix show that also the linear factor regressions previously applied 

in Table 5 deliver results that are qualitatively similar to those reported in Section 3.1. In the case of 

Sustainalytics, even though the p-value of the of the returns on the long-short momentum portfolio is 

exactly 0.05, such an alpha is negative and there is at best faint evidence that the standard seven factors 

entertained throughout can explain the ESG momentum spread returns. The corresponding R-square 

is only 26%, only slightly higher than the 24% reported in Table 5. At the same time, the same factors 

do explain quite accurately the excess returns on the remaining ESG momentum-sorted portfolios, they 

imply rather high R-square and leave no evidence of mean abnormal returns behind. In the case of the 

MSCI-based strategy, even though the excess returns of portfolio 1 (the one characterised by the 

highest momentum) are on average larger (positive) than in Table 5, the alpha of the 5-1 spread 

portfolio remains positive and statistically significant and (with an R-square of only 14%) 

characterised by an alpha of 0.47% per month that implies a p-value of essentially zero. Also in this 

case it is hard to detect major differences between the second panel of Tables A.7 and Table 5 which 

makes us conclude that our assumptions are essentially robust to allowing a 1-month period to ESG 

rating flows to become available to stock market participants. 

 

5. Discussion and Conclusions 
 

In this paper, we have performed a systematic investigation of equity trading strategies based on ESG 

signals, with particular reference to the European equity space. We report that stable, sustainable investing 

company profiles, as captured by ESG ratings issued by MSCI and Sustainalytics, generate trading signals 

that are profitable and yield positive risk-adjusted returns. Interestingly, provided that the ESG ratings are 

stable over time, it is possible that also firms with weak but negative momentum in their ESG scores may 

benefit from a comparatively lower cost of equity capital. 

We propose two ways to neutralise the size and sector biases in ESG scores. The first method, new to 

the best of our knowledge, groups all stocks in size quintiles. We then compute the median ESG score within 

each quintile and from the raw values we subtract this median score. Next, we compute the quintile to which 

every stock belongs, giving every stock a value between 0 and 1. Finally, we apply a similar procedure to 

size-neutralise the resulting ESG scores from the first step, but this time using sectors to group the stocks. 

We refer to this method as rank-neutralised ESG scores. The second method consists of first grouping all 

the stocks in five size quintiles and then computing the average ESG score and the standard deviation of the 

ESG score within every quintile. The stocks are then standardised using the mean and standard deviation 



47  

corresponding to the size quintile that the stock belongs to. 

After correcting for size and sector dependencies in the data, we analyse two ESG score-linked 

strategies. The first strategy is based on ESG momentum, the percentage change in the ESG score of a stock 

over a given time interval. We sort quintile portfolios by their ESG momentum with reference to a range of 

computation periods. We estimate cross-sectional regressions to investigate the average effect of ESG 

momentum on portfolio excess returns. Next, we analyse the abnormal returns of portfolios sorted by 

decreasing ESG momentum using a standard linear factor model that includes the five Fama and  French 

(2015)  factors, Carhart  (1997)’s momentum, and  Blitz  and Van Vliet (2007)’s low volatility factor. The 

portfolios sorted by 1-month ESG momentum earn significantly positive alpha, implying that 1-month ESG 

momentum can be interpreted as a new source of risk. Moreover, the ESG momentum factor, which is 

proxied by a long-short portfolio, generally fails to correlate with the classical equity factors. 

However, at longer estimation horizons, ESG momentum appears to be fragile because it does not always 

yield significant alphas. Moreover, especially with reference to MSCI data, there is evidence that the initial 

average level of the ESG scores may “prevail” over momentum, leading to the result that a positive alpha 

could be estimated for a portfolio long in low momentum and short in high ESG momentum stocks. 

Therefore, we extend our analysis to a similar but distinct ESG volatility signal. We define ESG volatility as 

the sample standard deviation of the ESG score of a stock over a period of time. We sort portfolios by 

increasing ESG volatility over four different estimation periods. Cross-sectional regressions reveal a 

significantly negative average relationship between ESG volatility and excess portfolio returns. We explore 

the extent and estimation precision of the implied mean abnormal returns for the ESG volatility-sorted 

portfolios within the same seven-factor model examined previously. The long-short portfolio earns 

statistically significant mean excess returns even though Gibbons et al. (1989)’s test shows that the quintile 

portfolios do not earn jointly significant risk-adjusted mean returns. Structural break tests fail to reject the 

null hypothesis of the absence of a break-point date in the estimated alphas. These results are robust to the 

selection of the ESG volatility estimation periods, to using alternative sample periods and apply with equal 

strength to both Sustainalytics and MSCI ratings. We also find that the method by which the ESG data is 

neutralised from biases, significantly influences the returns earned by portfolios sorted by the ESG signals.43  

Our findings carry a few interesting policy implications.  On the one hand, by resorting to the Campbell 

                                                            
43 For instance, portfolios sorted by 1-month ESG momentum computed with the rank-neutralised ESG scores earn 
jointly significant alpha. However, these significantly positive mean abnormal returns are not earned by portfolios 
sorted by ESG momentum if momentum is computed using the classical, standardised ESG scores. 
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and Shiller’s stock return decomposition (see Campbell and Shiller (1988)), 

𝑟𝑟𝑡𝑡+1 −  𝐸𝐸𝑡𝑡[𝑟𝑟𝑡𝑡+1] =  𝛼𝛼 +  𝑟𝑟𝑡𝑡+1
𝑘𝑘−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 +  𝜖𝜖𝑡𝑡+1 −  𝐸𝐸𝑡𝑡�𝑟𝑟𝑡𝑡+1

𝑘𝑘−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓� =  

= (𝛼𝛼 + 𝜖𝜖𝑡𝑡+1) +  𝑟𝑟𝑡𝑡+1
𝑘𝑘−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 −  𝐸𝐸𝑡𝑡�𝑟𝑟𝑡𝑡+1

𝑘𝑘−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�  =

= �𝜌𝜌𝑠𝑠(𝐸𝐸𝑡𝑡+1[𝛥𝛥𝛥𝛥𝑡𝑡+1+𝑠𝑠] −  𝐸𝐸𝑡𝑡[𝛥𝛥𝛥𝛥𝑡𝑡+1+𝑠𝑠])
∞

𝑠𝑠=0

−�𝜌𝜌𝑠𝑠(𝐸𝐸𝑡𝑡+1�𝑟𝑟𝑡𝑡+1+𝑠𝑠
𝑘𝑘−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓� −  𝐸𝐸𝑡𝑡�𝑟𝑟𝑡𝑡+1+𝑠𝑠

𝑘𝑘−𝑓𝑓𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�)
∞

𝑠𝑠=1

 

where 𝜌𝜌 = 1/[1 + exp�𝑑𝑑 − 𝑝𝑝��������], (𝑑𝑑 − 𝑝𝑝������� is the average log dividend-price ratio) and 𝑟𝑟𝑡𝑡+1+𝑠𝑠
𝑘𝑘−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓  is the 

return implied by some multi-factor model, we can see that a current high alpha can only derive from either 

future positive upward revisions in the expected rate of growth in cash flows (here represented by the 

natural log of dividends) or from future downward revisions in expected stock returns. In light of the recent 

literature (see, e.g. El Ghoul et al. (2018) and Stotz (2022)) that has excluded that high realised returns on 

ESG stocks may derive from higher future expected profitability, current positive alphas forecast lower 

equity cost of capital. Hence, our findings of positive and statistically significant alphas from a number of 

ESG score momentum- and volatility-driven systematic strategies may be consistent with a declining cost 

of capital for firms characterised by ESG momentum (at least, when the scores given by specific raters are 

employed) and, consistently, low ESG score volatility. However, our very analysis shows that because it is 

well known that the ESG ratings of different providers rate the same companies differently (see, e.g., Berg 

et al., 2022), the precise connection between a company’s ESG strength and the equity cost of capital it faces, 

should always be mediated by the quality or in fact, the very deep meaning that different raters assign to 

their scores. Our findings also supplement the growing empirical evidence that while it may no longer be so 

obvious that high ESG scores would be associated with a lower expected cost of capital and hence higher, 

current realised stock returns (as originally reported by, e.g., Pástor et al. (2022) and as also confirmed by 

our results in Table 4), see e.g., the aggregate evidence in Friede et al. (2015), hard-to-ignore but never 

trivial connections exist between sustainability ratings and firms’ financial decisions.44 From a policy 

perspective, fostering a virtuous cycle of stable and reliable ESG scores may thus yield the social payoffs 

deriving from a future, expected low of cost of equity capital. Moreover, at least the results obtained in the 

case of Sustainalytics, reveal that the European capital markets may have embraced a hyper-efficient 

                                                            
44 Such a relationship may result from investors’ readiness to pay more for these firms, either because these are less 
risky in the long- run or as an expression of preferences for long-run non-pecuniary benefits, as in Fama and French 
(2007). As discussed by Stotz (2022), in efficient capital markets, return realisations should equal their expectations 
in the long-run; yet, over limited sample periods, a deviation of realised returns from expected returns (i.e. an 
unexpected return) can be explained by unexpected news or by a variation in tastes and preferences that may favor 
ESG-driven characteristics.  
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assessment of ESG quality in which high momentum and improving ESG (size and industry adjusted) scores 

lead to a lower cost of equity capital and hence free up additional resources for further ESG investments. 

This could be beneficial in light of a looming climate crisis.45 That notwithstanding, policymakers may also 

derive a less optimistic perspective from our findings. If firms were to realise that immediate benefits (in 

terms of higher stock prices per unit of fundamentals) are available if any progress in their ESG score is kept 

muted and occurs gradually, this may quickly deprive the ESG scores of their very signalling nature, as firms 

may learn how to “game” the system. Barring the possibility that stringent regulations concerning ESG 

scoring by the relevant, specialised agencies may be introduced soon, this represents a looming concern for 

investors and the market regulatory authorities (see the discussion in Redondo Alamillos and de Mariz 

(2022)). Finally, the very hyper-efficient assessment of ESG quality discussed earlier may hide the seeds of 

a dangerous ESG-rating driven bubble that policy-makers are likely to deem undesirable for its fall-out in 

terms of system risks. We leave this intriguing possibility to future research. 
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Figure A.1 shows the dynamics of the OLS estimates of α and the dynamics of its corresponding t-statistics. 
The estimates are computed using a rolling window of 24 months of data. The portfolios are sorted by the 1-
month ESG momentum. The risk factors incorporated in the OLS regressions are the five factors Mkt - Rf, SMB, 
HML, RMW, and CMA proposed by Fama and French (2015), the Momentum factor proposed by Carhart (1997), 
and the Low Volatility factor proposed by Blitz and Van Vliet (2007).  Panels (a) and (b) concern Sustainalytics 
data, while (c) and (d) refer to MSCI ratings. 
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Table A.1: Robustness to momentum estimation period lengths under rank-neutralised ESG scores 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This table reports the results of a robustness analysis with respect to the choice of the ESG momentum 
estimation period. It reports the estimated alphas for the ESG momentum portfolios sorted by 1-, 3-, 6-, and 
12-month ESG momentum respectively. Momentum is computed using rank-neutralised ESG scores. The table also 
reports the p-values (in parentheses) from Gibbons et al. (1989) test of the joint significance of the alphas for a range 
of momentum estimation periods. α is the estimated intercept in a regression of excess portfolio returns on a 
constant and seven risk factors. The risk factors are the five risk factors Mkt - Rf, SMB, HML, RMW, and CMA as 
proposed by Fama and French (2015), the Carhart (1997) Momentum factor, and the Low Volatility factor as 
proposed by Blitz and Van Vliet (2007). Panel A reports the results for the returns of strategies driven by 
Sustainalytics rating momentum, while panel B for the case of MSCI ratings. 
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        Table A.2: Robustness to momentum estimation period lengths under standardised ESG scores 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

This table reports the results of a robustness analysis with respect to the use of standardised ESG scores to 
estimate ESG momentum. It reports the estimated alphas for the ESG momentum portfolios sorted by 1-, 3-, 
6-, and 12-month ESG momentum respectively. The table also reports the p-values (in parentheses) from 
Gibbons et al. (1989) test of the joint significance of the alphas for a range of momentum estimation periods. 
α is the estimated intercept in a regression of excess portfolio returns on a constant and seven risk factors. 
The risk factors are the five risk factors Mkt - Rf, SMB, HML, RMW, and CMA as proposed by Fama and 
French (2015), the Carhart (1997) Momentum factor, and the Low Volatility factor as proposed by Blitz and 
Van Vliet (2007). Panel A reports the results for the returns of strategies driven by Sustainalytics rating 
momentum, while panel B for the case of MSCI ratings. 
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Table A.3: Robustness to volatility estimation period lengths under standardised ESG scores 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
This table reports the results of a robustness analysis with respect to the use of standardised ESG scores to 
estimate ESG volatility. It reports the estimated alphas for the ESG volatility portfolios sorted by 18-, 24-, 
30-, and 36-month ESG volatility, respectively. The table also reports the p-values (in parentheses) from 
Gibbons et al. (1989) test of the joint significance of the alphas for a range of estimation periods. α is the 
estimated intercept in a regression of excess portfolio returns on a constant and seven risk factors. The risk 
factors are the five risk factors Mkt - Rf, SMB, HML, RMW, and CMA as proposed by Fama and French 
(2015), the Carhart (1997) Momentum factor, and the Low Volatility factor as proposed by Blitz and Van 
Vliet (2007). Panel A reports the results for the returns of strategies driven by Sustainalytics rating volatility, 
while panel B for the case of MSCI ratings. 
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       Table A.4: Returns and ESG scores of tilting strategies based on 1, 3, 6 and 12-month ESG momentum 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

This table shows summary statistics of returns and ESG scores for a tilting strategy based on 1-, 3-, 6-, and 
12-month ESG momentum. The ESG momentum is computed using the rank-neutralised ESG scores. The 
tilting strategy consists of ranking every stock in the investment universe based on their x-month ESG 
momentum, where x ∈ {1, 3, 6, 12}. The x-month ESG momentum is the percentage change of the stock’s ESG 
score over the last x months. α is the estimated intercept in a regression of excess portfolio returns on a 
constant and seven risk factors. The risk factors are the five risk factors Mkt - Rf, SMB, HML, RMW, and 
CMA as proposed by Fama and French (2015), the Carhart (1997) Momentum factor, and the Low 
Volatility factor as proposed by Blitz and Van Vliet (2007). Panel A reports the results for the returns of 
strategies driven by Sustainalytics rating momentum, while panel B for the case of MSCI ratings 

.
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     Table A.5: Returns and ESG scores of tilting strategies based on 18, 24, 30 and 36-month ESG volatility 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This table shows summary statistics of returns and ESG scores for a tilting strategy based on 18-, 24-, 30-, and 
36-month ESG volatility. ESG volatility is computed using the rank-neutralised ESG scores. The tilting strategy 
consists of ranking every stock in the investment universe based on their x-month ESG volatility, where x ∈ {18, 
24, 30, 36}.  α is the estimated intercept in a regression of excess portfolio returns on a constant and seven risk 
factors. The risk factors are the five risk factors Mkt - Rf, SMB, HML, RMW, and CMA as proposed by Fama and 
French (2015), the Carhart (1997) Momentum factor, and the Low Volatility factor as proposed by Blitz and 
Van Vliet (2007). Panel A reports the results for the returns of strategies driven by Sustainalytics rating 
volatility, while panel B for the case of MSCI ratings.  
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          Table A.6: Results for portfolios sorted by 1-month MSCI ESG score levels, 2020-2023 sample 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

The five quintiles are sorted by the mean of rank-neutralised MSCI ESG scores. The upper panel of the table also 
provides the summary statistics for a portfolio 1 - 5, which takes a long position in portfolio 1 and a short 
position in 5. The bottom panel shows the OLS estimates and t-statistics for the regression of excess portfolio 
returns on seven risk factors and a constant. The risk factors are the five risk factors Mkt - Rf, SMB, HML, RMW, 
and CMA proposed by Fama and French (2015), the Carhart (1997) Momentum factor, and the Low Volatility 
factor, as proposed by Blitz and Van Vliet (2007). The standard errors are estimated using a HAC consistent 
estimator proposed by Newey and West (1987). The p-values that appear in the R-squared column refer to an 
overall F-test of regression significance (i.e., against the null that all coefficients are jointly zero). The estimated 
coefficients significant at a test size of 5% or lower are emphasised using bold face font. 
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Table A.7: Estimates of regressions on 7 risk factors of ESG momentum-sorted portfolio excess returns 
when a 1-month (t – 2)-gap horizon scheme is imposed 
 

 

α Mkt. - Rf SMB HML RMW CMA Momentum  Low Vol. R-square

-0.013 0.652 -0.159 -0.139 0.399 0.037 -0.262 -0.354 0.842

-(0.089) (8.436) -(0.982) -(0.801) (2.283) (0.251) -(5.656) -(3.962) (0.000)

0.439 0.585 -0.027 0.087 -0.108 0.010 -0.015 -0.254 0.806

(1.973) (7.624) -(0.123) (0.408) -(0.390) (0.052) -(0.212) -(2.256) (0.000)

0.468 0.661 0.052 0.230 1.761 -0.127 -0.173 -0.261 0.748

(1.520) (5.653) (0.185) (0.702) (4.264) -(0.581) -(2.050) -(1.810) (0.000)

0.424 0.649 -0.125 0.168 0.437 -0.250 -0.267 -0.310 0.747

(1.538) (5.372) -(0.422) (0.465) (1.288) -(1.162) -(4.124) -(2.678) (0.000)

0.036 0.521 0.126 0.426 0.651 -0.290 -0.014 -0.280 0.728

(0.113) (5.797) (0.456) (1.135) (1.285) -(1.100) -(0.165) -(2.076) (0.000)

-0.389 0.036 -3.626 0.248 -0.008 0.083 -0.015 0.198 0.263

-(1.993) (1.114) -(38.156) (2.105) -(0.062) (1.208) -(0.425) (3.665) (0.000)

0.016 0.539 -0.263 -0.736 -0.319 -0.193 0.154 -0.449 0.781

(0.111) (8.140) -(2.109) -(3.903) -(1.480) -(0.835) (1.802) -(6.103) (0.000)

0.282 0.547 -0.252 -0.442 0.011 -0.276 0.023 -0.425 0.816

(1.535) (9.575) -(1.709) -(2.875) (0.058) -(1.292) (0.269) -(5.528) (0.000)

0.323 0.569 -0.430 -0.507 -0.131 -0.176 0.205 -0.443 0.800

(1.810) (9.052) -(2.952) -(3.023) -(0.692) -(0.990) (2.255) -(5.693) (0.000)

0.305 0.568 -0.504 -0.433 -0.023 -0.192 0.207 -0.471 0.770

(1.376) (7.904) -(3.210) -(2.022) -(0.105) -(0.808) (2.321) -(5.943) (0.000)

0.491 0.473 -0.299 -0.846 -0.295 -0.199 0.031 -0.549 0.754

(2.034) (7.335) -(2.005) -(3.886) -(1.026) -(0.662) (0.266) -(6.149) (0.000)

0.474 0.066 0.035 0.110 -0.024 0.006 0.123 0.100 0.136

(6.051) (1.512) (0.423) (0.670) -(0.141) (0.038) (1.939) (1.922) (0.000)

Panel B: MSCI Rating-Based Momentum Strategy

1

2

Panel A: Sustainalytics Rating-Based Momentum Strategy

1

2

3

3

4

5

5 - 1

4

5

5 - 1
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