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The Investor Social Network Sentiment, Commodity Prices and Ukrainian war impact; 

Evidence from the S&P500 and the ESG Indexes  

 

Abstract 

Purpose: Through an empirical analysis, taking into account of the investor social network sentiment 

effects and the impact of fluctuations in the international prices of crude oil, natural gas and wheat on US 

stock markets (SMs) performances, this study seeks to compare between the S&P500 and the ESG SMs 

behaviors pre- and post-Ukrainian war declaration (PUWD).  

Methodology: In a first step, this study propose an original method for measuring investor 

sentiment from tweeter in the US SM. In a second step, Student t and ANOVA tests are used 

to prove the behavior instability of the conventional and ESG US SM, the investor sentiment 

(IS), and the world economic environment. In a third step, besides the GARCH-X and the 

augmented TGARCH-M models for a comparative analysis pre- vs PUWD, a robustness check 

of the persistence and the asymmetry is based on the new impact curves (NICs) and the sign 

and size bias tests is considered for the conventional US SM return (SMR) and volatility.  

Results: Regarding the IS SENTG (SENT) effect, results reveal significant positive effect on 

the ESG return pre- and PUWD (S&P500 return and its volatility only PUWD). In addition, the 

ESG return is found to have significant effect on its volatility. Finding show also that only 

PUWD; economic factors such as the prices of raw materials have as expected significant 

positive effects on return of the ESG (return and volatility of the S&P500) index, while the 

market volatility (VIX) affect negatively the conventional SMR and positively its volatility 

either pre- or PUWD. NICs and sign and size bias tests confirm graphically results about 

S&P500.   

Originality: In this study, the approach used to calculate the SENT and SENTG index from 

investors' tweets is based on combination of the BERT model of face hugging for natural 

language processing and the python language. The S&P500 and the ESG indexes are found to 

behave differently via different models vis à vis the investor sentiments and the geopolitical 

and economics evolutions pre- and PUWD.   
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1. Introduction 
 

The war in Ukraine has profoundly upset global geopolitical and economic balances, with 

significant repercussions for US financial markets (Boungou, et al., 2022a). On February 24, 

2022, just PUWD, global equities plunged, in particular, the S&P500 fell 1.2% on Wall Street 

(WorldBank, 2022b) [1]. The conflict between Russia and Ukraine has deeply disrupted global 

financial markets. Both countries play a crucial role in the global supply of raw materials: 

Ukraine is a major exporter of grain (contributes to around 10% of global wheat exports), while 

Russia is the world's leading exporter of natural gas and wheat (WorldBank, 2022b). The 

sanctions imposed on Russia have intensified tensions on the energy and food markets, 

exacerbating the volatility of SM indices (Cheng et al., 2023; Bouteska et al., 2024; Zhao & 

Wei, 2024; Neifar & Hdider, 2024). The USA has been indirectly affected by disruptions to 

supply chains and fluctuations in the prices of raw materials, notably wheat, natural gas and oil 

(Baffes et al., 2022; Liadze et al., 2022; Neifar & Hdider, 2024). Fluctuations in energy and 

commodity prices have influenced returns on traditional assets, but also on “green” assets 

(Reboredo & Ugolini, 2022; Zhu et al., 2024).  

The growing importance of sustainable markets reflects heightened sensitivity to climate and 

geopolitical issues, particularly in times of crisis (Broadstock et al., 2021). Environmental, 

social and governance (ESG) or Green SMs are playing a growing role in the global energy 

transition and the fight against climate change. In times of geopolitical and economic crisis, 

these markets display distinct resilience and dynamics compared to conventional markets 

(Reboredo & Ugolini, 2022) since they capture capital flows directed towards sustainable 

projects, thus contributing to the reduction of fossil fuel dependency and the adoption of low-

carbon growth strategies (Pham et al., 2022). On the other side, investor sentiment has amplified 

financial market dynamics in this context of uncertainty. It is essential then to understand how 

factors such as investor sentiment, fluctuations in commodity prices (wheat, gas, oil) and 

geopolitical crises influence green asset returns that can enable us not only to compare their 

performance with that of conventional markets, but also to assess their strategic role in 

stabilizing and transforming economies in the face of current challenges.  

In this article, we carry out a comparative study between the conventional and the green US 

SMs behaviour, analysing their respective dynamics and reactions to variations in economic 

and geopolitical factors, while taking IS and Ukrainian war impact into account. The research 

sits at the intersection of international political economy and behavioural finance, providing an 

empirical framework for understanding the underlying dynamics of SMs in a context of 

geopolitical crisis (Ricci et al., 2024; Katsampoxakis et al, 2024; Clancey-Shang & Fu, 2024; 

Neifar & Hdider, 2024). It also relays on new technologies, particularly social media like 

Twitter, that can provide a valuable source of real-time information on investor sentiment.  

By combining natural language analysis with advanced statistical models, this paper propose in 

first step an original investor sentiment index and assess how investors' emotional reactions to 

major geopolitical events (Ukrainian war) can influence the conventional and green US SMs 

pre and PUWD. The analysis will be carried out using augmented TGARCH-M models, which 

are widely used to study the dynamics of financial market volatilities (Neifar, 2020; Neifar & 

Hdider, 2024; Neifar, 2024). 

 

https://www.emerald.com/insight/search?q=A.%20Bouteska
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By integrating investor sentiment and key control variables such as wheat, oil and gas prices, 

this study provides essential tools for investors, portfolio managers and policy-makers. Firstly, 

analysing the effects of investor sentiment provides a better understanding of the role of 

perceptions and expectations in the formation of financial asset prices, a critical dimension in 

periods of high geopolitical uncertainty. Secondly, the introduction of control variables, such 

as essential commodities, sheds light on the complex interactions between external shocks to 

resource markets and SM performance. Furthermore, by comparing conventional and green 

markets, this research highlights structural differences in their sensitivity to economic and 

geopolitical shocks, helping investors to adjust their asset allocation strategies. Finally, the 

results of this study are invaluable to policy-makers, as they enable the development of policies 

promoting a stable energy transition and mechanisms for economic resilience in the face of 

crises. 

The paper has 5 sections. After the introduction, section 2 gives the theoretical foundation and 

a review of the literature. Section 3 explains the data collection and the measure of the investor 

sentiment and gives a descriptive analysis of the considered data. Section 4 presents the research 

methodology and the results of the considered technics. We conclude in the last section. 

2. Literature review and hypothesis setting  
 

IS studies on SM are taking on increasing importance in financial literature, as they provide a 

better understanding of the behavioural biases that influence market fluctuations, 

complementing traditional approaches based on economic fundamentals (Cheng, 2024; Ahmed 

Raafat & Khlefa, 2025). 

 Several studies have investigated the influence of IS on SMR, highlighting the central 

role of emotions in investment decisions (Su et al., 2020; Chakraborty & Subramaniam, 

2020; Liu et al., 2023; Bouteska et al., 2024; Zhao & Wei, 2024; Neifar & Hdider, 

2024).  

Su et al., (2020) studied the relationship between IS and the performance of financial markets 

in China. They showed a positive impact of IS on SMR. Chakraborty & Subramaniam (2020) 

examined the cross-sectional and asymmetric relationship between IS and SMR and volatility 

in India. They showed that lower sentiment (increasing changes in sentiment) induces fear-

induced selling which reduces returns (volatility). Based on the synergistic model between 

stock prices and IS in the SM, Liu et al., (2023) found that IS has generally a weak but highly 

significant positive correlation with stock prices. Recently, Bouteska et al., (2024) examined 

the effect of IS on the US and Chinese SMs. Based on the EGARCH-M model, they showed a 

positive relationship between sentiment and excess returns for both countries. Zhao & Wei 

(2024) investigated the SM behavior of developing countries. The IS seems to have non-linear 

and multiform effects on returns. Higher sentiment is correlated with higher returns, as 

optimistic investors demonstrate greater confidence in their investments.   

 Concurrently, the integration of ESG criteria has transformed investment behavior. 

Friede et al., (2015) in a meta-analysis of over 2,000 studies, confirmed a positive 

correlation between ESG performance and financial returns. These results suggest that 

those investors' emotional preferences, combined with ESG criteria, significantly 

influence the dynamics of SMR. Nyakurukwa & Seetharam (2023) examined whether 

https://www.emerald.com/insight/search?q=A.%20Bouteska
https://www.emerald.com/insight/search?q=A.%20Bouteska
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there is a significant flow of information between ESG news sentiments. Findings 

showed a significant flow from positive ESG news sentiment to SMR for the majority 

of stock tickers, confirming preliminary results from the Pearson correlation.  

In this regard, we ask if there is a significant relationship between IS expressed on Twitter pre 

and PUWD and the fluctuations of the US SMR and its volatility between 2021 and 2023. We 

formulate then the corresponding hypotheses as 

H0: IS expressed in tweets does not have an effect on the return and/ or volatility of the 

S&P500 and/or ESG American stock index pre and/or PUWD. 
 

Geopolitical events, such as wars, have a significant influence on SMs. These events often 

generate economic and political uncertainties, leading to increased volatility in financial 

markets (Ahmed Raafat & Khlefa, 2025).  

 Numerous studies have examined the impact of geopolitical events on conventional 

SMs, exploring the links between these events and variations in volatility, conventional 

stock index performance and investor behavior (Boungou & Yatie, 2022; Ahmed & 

Mariya, 2022; Boubaker et al., 2022; Izzeldin et al., 2023; Chater & Soussou, 2023; 

Neifar & Hdider, 2024).   

In examining the reactions of conventional SM indices in 94 countries, Boungou & Yatie (2022) 

revealed a significant negative effect of the war of Ukraine on SM performance, with 

particularly marked impacts in neighboring countries sharing borders with Russia and Ukraine. 

In investigating the asymmetric impact of conflict-induced geopolitical risk (GPR) on major 

emerging and developed SMs, Ahmed & Mariya (2022) highlighted heterogeneous effects, 

mixing positive and negative impacts across markets. Although these impacts were 

asymmetrical, most countries demonstrated notable resilience to the GPR, particularly in bear 

market contexts. Considering some global SMs (23 developed and 24 emerging countries) and 

using an analysis window of −7/+7 days around the February 24, 2022, Boubaker et al., 

(2022) observed significant negative cumulative abnormal returns (CARs) with varied effects 

across markets, revealing heterogeneity in the way global stocks reacted to the conflict. Based 

on a Markov switching HAR model, Izzeldin et al., (2023) compared the reaction of European 

and global SMs and a sample of commodities to the war-Ukraine crisis, the Covid-19 pandemic 

and the 2008 GFC. They found a rapid reaction of stock and commodity markets to the Russian 

invasion, with less intense effects compared to other crises. Chater & Soussou (2023) examined 

the impact of the COVID-19 pandemic and the Russo-Ukrainian (RU) war on the Tunisian 

Stock Exchange. The results revealed statistically significant but opposite influences. While the 

pandemic had a positive, albeit extremely small, influence on the value of the index, the war 

had a negative effect on its performance. 

 Geopolitical events, such as conflicts or international crises, exert a significant 

influence on ESG SMs by altering investors' perceptions of the risks and opportunities 

associated with environmental, social and governance criteria. Some studies have 

examined the impact of international crises on ESG SMs (Karkowska & Urjasz, 2023; 

Taera et al., 2023; Ricci et al., 2024; Katsampoxakis et al, 2024; Clancey-Shang & Fu, 

2024).  
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Karkowska & Urjasz (2023) studied the implications of volatility in dirty and clean energy 

markets relative to global stock indices in situations of increasing geopolitical risk, namely the 

Ukrainian war. The results show that clean energy indices generally present a lower risk than 

global SMs. Taera et al. (2023) examined the volatility and persistence of external shocks on 

financial markets and alternative assets such as ESG stock index, during the crisis triggered by 

Covid-19 and the Ukrainian war. Based on univariate GARCH family models, the results 

indicated that ESG indices displayed high volatility prior to the onset of Covid-19, whereas 

they became more volatile during the pandemic. ESG indices showed also a relatively lower 

risk compared to conventional equities and other alternative assets during the war. Recently, 

Ricci et al. (2024) observed that the SMR of European companies with high ESG ratings were 

less sensitive to the impact of escalating hostilities and announcements relating to Russian gas 

import disruptions, during the period 2021-2022, with a positive correlation between a high 

environmental score and increased shareholder returns. Katsampoxakis et al (2024) analyzed 

the performance of ESG stock indices in times of crisis, suggesting that indices of major ESG 

companies in North America and Europe represent resilient investment options. Through an 

event study of a sample of listed US companies, Clancey-Shang & Fu (2024) revealed that 

favorable ESG performance correlates with lower volatility of SMR at the onset of conflict. 

 Previous research has mainly examined the impact of commodity prices, such as oil, 

wheat and gas prices, on conventional SMs, analyzing the effect of variations in these 

prices on financial market performance (Lo et al., 2022; Adekoya et al., 2022; Bagchi 

& Paul, 2023; Chowdhury & Khan, 2024; Ghorbali et al., 2023; Manelli et al., 2024; 

Malhotra et al., 2024). However, few researches has addressed this impact in the context 

of green markets (Chen et al., 2023; Zhu et al., 2024). 

Based on a country's dependence on Russian commodities, Lo et al., (2022) analyzed the 

influence of the Russo-Ukrainian war on financial markets, to show a significant negative effect 

on the main financial markets, with a greater effect on volatility (developed markets) than on 

returns (emerging markets). The impact increases with the dependence on Russian oil products. 

Based on intraday data, Adekoya et al., (2022) investigated how oil is linked to leading financial 

assets, namely bonds, bitcoin, the US dollar, gold and stock prices, before and during the 

Ukraine-war. The links between oil and U.S. stock prices are found to be stronger during the 

war than before. Oil is found to be a net emitter of spillovers during the war in contrast to the 

pre-war period when it is characterized as a net receiver of spillovers. For the G7 countries, 

Bagchi & Paul (2023) examined the effects of the sharp rise in crude oil prices on SMR and 

exchange rates in the context of the Russia–Ukraine conflict. Based on FIGARCH model, 

Bagchi & Paul (2023) indicated the presence of significant long-term memory effects ranging 

from the price of Brent crude oil to all SMR. To analyze the immediate impact of the war 

between Russia and Ukraine on world SMs, and based on the EGARCH model, Chowdhury & 

Khan (2024) indicated the presence of significant volatility and leverage on all markets. They 

suggested the presence of a significant positive impact of VIX and a negative impact of oil on 

abnormal returns on global SMs. Using DCC-GARCH and wavelet techniques, Ghorbali et 

al.,(2023) evaluated a wheat's safe-haven and hedging profiles in relation to the SMs of five 

countries, including the United States, during the war between Russia and Ukraine. They 

showed that there is a significant decrease in dynamic conditional correlations between wheat 

and the SM indices of the considered countries, suggesting that investors could reduce portfolio 

risks by using wheat. Later, based on a VAR quantile analysis, Manelli et al., (2024) checked 
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whether there was a link between SM trends and commodities, namely wheat and natural gas 

prices, which have shown the greatest volatility since the start of the war. They found a positive 

and direct relationship between the variables under consideration: wheat futures prices and gas 

futures prices determine the trend of the Eurostoxx 50 index. In the same line, Malhotra et al., 

(2024) studied the dynamic connectivity of Russia's agricultural products (wheat) with 10 

financial markets of wheat-importing countries during the invasion of Russia and Ukraine. 

Based on the DCC-GARCH model, they showed a dynamic link between agricultural products 

and the SMs of Iraq, Pakistan and Tanzania in the short-term, and that there is a significant 

impact in the short-term rather than in the medium- and long-term. Then investors can have 

more diversification opportunities in the short-term than in the long-term, and are considering 

investing in these markets. 

 Concerning green SMs side, Chen et al., (2023) analyzed the hedging effects of green 

economy sector stocks on the natural gas futures market during three major crisis 

periods, including the Ukraine war. Green economy sector stocks are found to be able 

to offer satisfactory hedging effectiveness on the natural gas market. Zhu et al., (2024) 

examined the implications of energy imports (oil and gas) on green innovation in the 

context of the same Ukraine war context. Findings indicated that rising energy prices 

due to the war make imports of natural gas and oil unfavorable to the progress of green 

innovation in EU countries, whose dependence on natural gas (oil) ranges from 10% to 

90% (exceed 50%). 

In this regard, we ask three questions on the relationship PUWD of the S&P500 and the ESG 

US SMR and their volatilities with  

 the crude oil prices,  

 the price of natural gas,  

 the price of wheat  

to formulate the corresponding hypotheses as follows: 

H1: there is no relationship between the price of oil and the return and/or the volatility 

of the S&P500 and/or ESG SM. 

H2: There is no relationship between the price of natural gas and the return and/or the 

volatility of the S&P500 and/or ESG stock. 

H3: There is no link between the price of wheat and the return and/or the volatility of 

the S&P500 and/or ESG SM. 
 

Although several studies have examined the impact of IS on returns and volatility in 

conventional SMs, little research has integrated this aspect in the context of green markets. 

Moreover, few studies have explored the combined impact of oil, gas and wheat prices, 

particularly pre and PUWD, on these markets. To our knowledge, the major gap in the literature 

lies in the absence of a comparative analysis between conventional and green markets that is 

based on these crucial variables and the IS for the USA context. 
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3. Data collection and preliminary analysis 
 

In the current context marked by the war in Ukraine and the geopolitical uncertainties, this 

study aims to test if the impact of the investor sentiment and the commodity prices (oil, natural 

gas, wheat) fluctuations on the returns and volatilities of the US S&P500 and the ESG indexes 

are the same for both pre- and PUWD periods.  

3.1 Data collection 
 

We use daily data that are collected from the Yahoo Finance covering the period from 24, 2021 

to February 24, 2023 covering the UWD (February 24, 2022). The total number of observations 

is 504. The logarithmic return series are obtained by using the 𝑅𝑡  = ∆log(SP𝑡) formula, where 

∆ = 1 − 𝐵 and 𝐵 is the lag operator, SP = S&P500 or ESG.  

The control variables include the US volatility index (VIX), the prices of crude oil (WTI), the 

natural gas price (NG), and the wheat price (WHEAT) as well as the IS index (SENT or 

SENTG) (see Table 4 for more details). IS will be obtained from the the messages posted about 

S&P500 or ESG Index as explained in the following sub-section. 

 

3.2 Sentiment index determination 
 

Several recent works have used automatic processing models via natural language processes 

(NLP) to calculate the sentiment variable from messages published by investors in social media 

[2]. In this study, the approach used to calculate the SI from investors' tweets is based on five 

steps, which can be summed up as follows for the S&P500 case (Neifar & Hdider, 2024): 

Step1. Importing the necessary packages such as Anaconda into Python 

environment. (Figure A1).  

Step 2 Scraping the Tweets by searching and gathering tweets related to the index 

using specific keywords. The tweets are then stored in a data frame and 

exported to CSV format (Figure A2). 

Step 3. Pre-processing the Tweets: including data cleaning by elimination of 

irrelevant elements like hashtags and URLs, tokenization to divide the text 

into tokens, elimination of stop words, usage of lemmatizes to normalize 

words, and cleaning to remove unwanted characters (Figure A3). 

Step 4. Sentiment Analysis by loading a NLP model for sentiment analysis using the 

Hugging Face library. A function is created to extract the sentiment value 

associated with each tweet, and the sentiment values per tweet are then 

aggregated to obtain one sentiment value per day (Figure A4).  

 

Practically, sentiment measurement is based on messages taken from tweeter social media site. 

Basically, from the https://huggingface.co/cardiffnlp/twitter-xlm-roberta-base-sentiment 

model [3], we get 3 percentages of sentiment value (negative, positive and neutral) for each 

tweet. The sentiment obtained from each message can reach a score between – 1 and 1. For the 

highest %, we assign via phyton progam −1 for the negative sentiment, 1 for the positive 

sentiment, and 0 for the neutral sentiment. Then, we note by 𝑆𝐸𝑁𝑇𝑡 the daily sentiment: the 

average of sentiments 𝑆𝑖𝑡 calculated as: 

https://huggingface.co/cardiffnlp/twitter-xlm-roberta-base-sentiment
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𝑆𝐸𝑁𝑇𝑡 =
∑ 𝑆𝑖𝑡

𝑚
𝑖=1

𝑁𝑡
 ,     

where 𝑆𝑖𝑡 is the sentiment of message i posted in moment t and 𝑁𝑡 is the number of messages 

posted in moment t. These values are transferred to a CSV file. 

Step 5. Filtering the SENT variable by dates in accordance with the other variables: 

Sentiment values are filtered to match the dates of the other variables in the 

study, ensuring compatibility between different data sets. The filtered values 

are then saved to the main data file (Figure A5). 
 

3.3 Data analysis  
 

The considered sample is composed from 253 (251) observations for the pre (post)-declaration-

war period. From Figure 1, we conclude that all considered variables are non-stationary. For 

more reliable conclusion, we rely on the PP unit root test. These results are not reported here. 

All considered series are found to be non-stationary (I(1)) in level (except SENT and SENTG) 

but stationary in first difference. 

Table 1, (Panel A) for the pre-war period and (Panel B) for the PUWD period, presents the 

descriptive statistics (mean, min, max, standard deviation, Jarque-Bera test statistic, ARCH-

LM test, and PP result for unit root test). For the dependent variables (R and RESG), we apply 

in addition the ARCH-LM test. 

Returns (R_S&P500 and the R_ESG) in the average are positive in the pre-war period and 

negative in the post war period. The average of SENT is negative for the 2 sub-periods, and is 

more negative post-war. On average, the market volatility (LVIX) is positive and higher post-

war (riskier). These results are rigorously studied via the Student's t and the ANOVA tests. It 

is clear that the US SMs are negatively affected by the war. Based on Figure 2, both returns 

(Conventional and Green) present successively high and low fluctuations in amplitude. The 

ARCH test confirm the presence of an ARCH effect in the volatility of US returns (Table 1). 

These series are stationary (SL2). 

Table 2 shows the correlation matrix between dependent and independent variables (Panel A) 

and between control variables (Panel B). From Table 2 (Panel A), the dependent variable R 

(volatility) for conventional SM, is significantly correlated with the oil price (wheat price). IS 

is correlated with R and its volatility. 

For the green SM, the dependent variable (R_ESG) is significantly correlated on average with 

all independent variables except wheat price. However, the volatility RESG_Vol is uncorrelated 

with each of the independent variables.  

For the pre-war period, R_ESG is significantly correlated only with wheat price and IS. For the 

post-war period, R_ESG is significantly correlated with all independent variables, except wheat 

price. 

For panel B, we consider that there is a significant correlation between oil price and wheat price 

for the 2 sub-periods. The correlation between natural gas and wheat is only significant for the 

pre-war period. 
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Figure 1: Time evolution of variables. 

Note: See Table 4 for variable definition. Source: Authors’ own work. 

To check the instability behaviour PUWD, we move on to the Student t and the ANOVA tests 

application. The results pre- and PUWD are presented in Table 3 (Panel A). This involves 

testing the following hypothesis: 

H0: the mean of the variable does not change. 

Since all the p-values are less than 5%, the difference in average between the pre- and PUWD 

is significant for each variable (Lo et al., 2022; Boungou & Yatie 2022; Ahmed & Mariya 2022; 

Boubaker et al., 2022).  

For the pre-war period, investors were more pessimistic about the green SM than about the 

conventional market. On the other hand, after the declaration of the war, investors are more 

pessimistic about the green market than the conventional one. In both SMs, stock prices are 

higher pre-war declaration. 
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           Table 1: Descriptive statistics 

Panel A: Pre-war SENTG R_ESG SENT R_S&P500 DLVIX 

Mean -0.056607  0.000433 -0.054840  0.000582 -0.000331 

Maximum  0.268817  0.025605  0.154289  0.025374  0.432020 

Minimum -0.333333 -0.024158 -0.211967 -0.029963 -0.220352 

Std. Dev.  0.084674  0.009027  0.053626  0.009995  0.088276 

Jarque-Bera  21.38180  3.511359  84.91337  2.062719  68.76756 

  (0.000023)  (0.172790) ( 0.000000)  (0.356522)  (0.00000) 

ARCH-LM(1)  (0.002)  (0.000)  

PP   SL2  SL2  
 

 Panel B: PUWD SENTG R_ESG SENT R_S&P500 DLVIX 

Mean -0.073979 -0.000221 -0.074320 -0.000519  0.000295 

Maximum  0.049505  0.054415  0.070333  0.053953  0.218193 

Minimum -0.208955 -0.044782 -0.282481 -0.044199 -0.113348 

Std. Dev.  0.050705  0.015201  0.043587  0.014591  0.061061 

Jarque-Bera  0.284231  2.420098  214.2583  4.153409  60.46908 

  (0.86752)  (0.29818)  (0.00000)  (0.12534)  (0.00000) 

ARCH-LM(1)  (0.982)  (0.0371)  

PP   SL2  SL2  
 

Note: (.) is the p-value of the LM test. The ARCH-LM(1) test is applied to corrected retuns from 

outliers effects. SL2: stationary in L2. Source: Authors’ own work. 
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Figure 2: US Stock returns evolution. 

Source: Authors’ own work. 
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Table 2: Correlation matrices 

Panel A: Between dependent and independent variables  

Conventional R  ∆LWTI  ∆LWHEAT  ∆LNG  SENT  ∆LVIX  R_VOL  

R (full period) 1.000000 0.167719 -0.025700 -0.007902 0.131113 -0.714681 0.006198 

  0.0002 0.5653 0.8597 0.0032 0.0000 0.8897 

R_VOL  0.006198 -0.070725 -0.085426 0.010331 -0.161004 -0.054917 1.000000 

 0.8897 0.1131 0.0555 0.8172 0.0003 0.2189 -----  

ESG (full-period) R ESG ∆LWTI  ∆LWHEA  ∆LNG  SENTG  ∆LVIX  RESG_VOL  

R ESG 1.000000 0.079534 -0.014413 0.091141 0.108418 -0.108357 -0.022023 

 -----  0.0747 0.7471 0.0410 0.0150 0.0150 0.6222 

RESG_VOL -0.022023 -0.070728 -0.071377 -0.054176 -0.037426 -0.018833 1.000000 

 0.6222 0.1131 0.1099 0.2252 0.4023 0.6735 -----  

R ESG (pre-war) 1.000000 -0.003623 -0.131309 -0.012256 0.108522 -0.182698 -0.030602 

 -----  0.9544 0.0372 0.8465 0.0856 0.0036 0.6287 

R ESG (PUWD) 1.000000 0.132872 0.067106 0.149199 0.132587 -0.064324 0.002868 

 -----  0.0354 0.2896 0.0180 0.0358 0.3101 0.9639 
  

Panel B: Between control variables: WTI, NG and WHEAT 

 Full-sample Pre-war PUWD 

 ∆LWTI  ∆LNG  
∆LWHEA

T  ∆LWTI  ∆LNG  

∆LWHEA

T  ∆LWTI  ∆LNG  

∆LWHEA

T  

∆LWTI  1.000   1.000   1.000   

∆LNG  0.0228 1.000  0.0528 1.000  -0.0091 1.000  

 (0.611) -----   (0.404) -----   (0.885) -----   
∆LWHEA

T  0.2792 0.0706 1.000 0.2105 0.1962 1.000 0.3594 -0.074 1.000 

 (0.000) (0.114) -----  (0.001) (0.002) -----  (0.000) (0.24) -----  
 

Note: (.): are the p-values. See Table 4 for variable definition. Source: Authors’ own work. 

From Table 1, Table 2 and Table 3, we can see that considered SMs (conventional and green) 

behave differently. Indeed, the volatility of the returns of the green market (RESG_Vol) may 

not be ARCH. On the other hand, for conventional markets, the volatility (R_vol) is affected 

by all the considered variables in our study. For the green market, none of the variables 

considered in our study can affect the volatility. These differences in behaviour mean that we 

cannot use the same specifications for both markets. (More details will be presented in the next 

section). 
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Table 3: Stability and Granger Causality investigations 

Panel A: Results of the Student t and ANOVA tests 

 
 LWTI LNG LWHEAT LVIX 

Average pre-war 4.318563 1.341319 6.616101 3.00046  

Average PUWD 4.47365 1.791455 6.732289 3.15834 

Student t  -11.2772 -16.2690 -8.777921 -9.5138  

  (0.0000) (0.0000) (0.0000) (0.0000) 

ANOVA  127.1758 264.6809 77.05190 90.51256 

  (0.0000) (0.0000) (0.0000) (0.0000) 

 LSP SENT LSP_ESG SENTG  

Average pre-war 8.380709  -0.054840 5.926621  -0.056761 

Average PUWD 8.299192 -0.074320 5.862300  -0.073756 

t de Student 16.23686 4.473012 11.87542  2.730118 

 (0.0000) (0.0000) (0.0000)  (0.0066) 

ANOVA 263.6355 20.00783 141.0256  7.453545 

 (0.0000 (0.0000) (0.0000)  (0.0066) 

Panel B: Granger causality test results 

Null hypothesis       

pre-war F-stat Prob     

R_ESG ⇸R_ESG_VOL 8.22974*** (0.0045)     

R_ESG_VOL ⇸R_ESG 0.01587 (0.8998)     

PUWD       

R_ESG ⇸R_ESG_VOL 3.13636* (0.0778)     

R_ESG_VOL ⇸R_ESG 0.15547 (0.6937)     

Note: (.): p-value. LSP: stock price S&P500 in log, LSP_ESG: stock price ESG in log LVIX: market volatility in log, SENT: sentiment value 

from tweeter for S&P500. SENTG: sentiment value from tweeter for ESG. Source: Authors’ own work.
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4. Research methodology and empirical results 
 

Two equations will be considered for the each yield modelling: one regression for the mean and 

another for the conditional variance. Based on correlation matrix results, to handle the leverage 

effect, an augmented version of the GJR model noted by TGARCH
_
M−𝑋(1, 1) is proposed to 

analyse the S&P500 stock returns behaviour, while symmetric GARCH-X model will be 

appropriate for the ESG index. These models have already been widely used to analyse index 

volatility (Schaeffer, et al. 2012; Cabarcos, et al., 2019, and Neifar, 2020). Two representations 

will be considered for S&P500 stock index [4],  

Model (1) if 𝑋𝑡 = 𝑋𝑡1 = (∆𝐿𝑊𝑇𝐼, ∆𝐿𝑁𝐺, 𝑆𝐸𝑁𝑇, ∆𝐿𝑉𝐼𝑋 )  

and  

Model (2) if 𝑋𝑡 = 𝑋2𝑡 = (∆𝐿𝑊𝐻𝐸𝐴𝑇, ∆𝐿𝐺𝑁, 𝑆𝐸𝑁𝑇, ∆𝐿𝑉𝐼𝑋 ) 

to avoid multi-collinearity problem. The conditional mean and variance equations take 

simultaneously the following forms: 

                                                                  𝑹𝒕= C +𝝓 𝑿𝒕+𝛅 𝝈𝒕 + 𝒖𝒕                                                                      (3) 

                                 𝜎2
𝑡 = 𝑤 + α𝑢2

𝑡−1 + β𝜎2
𝑡−1

+𝛾𝑢2
𝑡−1

𝐼𝑡−1 + 𝜃 𝑋𝑡                                 (4) 

where,  
 

𝑅𝑡 Return of the S&P500 index on date t, 

𝐼𝑡−𝑖 = 1  if  𝑢𝑡−𝑖 < 0 and 0 otherwise 

𝑿𝒕 = 𝑿𝟏𝒕 for model (1) and 𝑿𝟐𝒕 for model (2), 
 

SENT, WTI, NG, WHEAT, and VIX definition with expected sign of their effect are presented 

in Table 4, ∆ is the first difference operator, and L is to indicate the log transformation of the 

considered variable, 𝑤 is the constant term, 𝛼 is the parameter of ARCH specification that 

represents a magnitude effect or the symmetric effect of the model and 𝛽 is the coefficient of 

GARCH specification which measures the persistence in conditional volatility irrespective of 

anything happening in the market. When β is relatively large, then volatility takes a long time 

to die out following a crisis in the market (Neifar, 2020). Some dummy variables will be used 

to take into account of some outliers effects. 

In Eq. (4), the coefficients 𝛼 and 𝛽 must be positive and the condition 𝛼 + 𝛽 < 1 is needed for 

covariance stationarity. 𝛾 is the parameter of leverage effect. If 𝛾 =  0 the model collapses to 

the classical GARCH
_
M−𝑋 (1, 1) process. Otherwise, when the shock is positive, the effect on 

volatility is 𝛼1 (i.e, 𝐼𝑡−1 = 0), 𝑎𝑛𝑑 when the shock is negative, the effect on volatility is 𝛼1 +
𝛾 (i.e, 𝐼𝑡−1 = 1). Hence, we can say that for 𝛾 > 0, the effect of bad news (negative shock) 

have larger impact on conditional variance than does good news (it assumes that negative 

shocks have a higher impact than positive ones). 
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Table 4: Variables, sources and expected signs of the 𝑋𝑡 effects 

Variables Notations Expected Sign  References Sources 
Stock Returns R/RESG   YF 

Market volatility index VIX (−) 
(Cabarcos, et al., 

2019) 

YF 

Daily sentiment Index SENT/SENTG 
(−)𝑓𝑜𝑟 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦 

(+) for return 

 

 

 (Chakraborty & 

Subramaniam, 

2020; Bouteska et 

al., 2024) 

 

 

OurCalculation from 

tweeter 

Crude oil price WTI (+) OurExpectation  

Natural gas price NG (+) OurExpectation  

Wheat price WHEAT (+) OurExpectation  

Note : YF: Yahoo Finance. Source: Authors’ own work. 

 

4.1. Estimation results 
 

Our assessment begins by testing for the normality of the return process. Corrected series from 

outliers effects behaves as the Gaussian distribution in 1% level.  

For the SP500 index case, estimation results of models (1) and (2) by the maximum log 

likelihood (LL) method is presented in Table 5 (Panel A) for the mean evolution, (Panel B) for 

the volatility fluctuation, and (Panel C) for the diagnostic check.  

For the ESG index case, estimation results of models (1’) and (2’) is presented in Table A1 

(Panel A) for the mean evolution, (Panel B) for the volatility fluctuation, and (Panel C) for the 

diagnostic check (see Annex). 

Looking at Table 5 (Table A1) Panel C, it is clear that both models (1) and (2) (models (1’) and 

(2’)) are well specified [5]. The errors behave well [no-autocorrelation (DW ≈ 2) and 

homoscedasticity]. Additionally, using the Ljung-Box (LB) statistics [portmanteau test for 

white noise] on the residuals, results confirm that there is no any inadequacy in considered 

models.  

Table 5 (Panel B) indicates that each of the univariate ARCH and GARCH terms is statistically 

significant pre- and PUWD for both models (1) and (2), while from Table A1 (Panel B ) results 

provide statistical significance only for the univariate GARCH term during the pre war 

declaration period (for model (1’)).  

Hypothesis H0 according to which investor sentiment, SENT, about S&P500 expressed in 

tweets would not have an effect on the volatility of American stock indices before the Ukraine 

war was rejected. However, in accordance with control variables, the IS has significant positive 

effect on the S&P500 index return and its volatility evolution during the PUWD period (see 

Table 5 (Panel A and B)). The IS, SENTG, about ESG is found to have significant positive 

effect on the returns pre and PUWD (see Table A1 (Panel A)), which guides the rational 

sentiment of equity investors helping to maintain the efficiency of US's financial markets 

(Friede et al., 2015; Su et al., 2020; Liu et al., 2023; Nyakurukwa & Seetharam 2023; Bouteska 

et al., 2024; Zhao & Wei 2024). 

For hypothesis H1, H2, and H3, results revealed successively that fluctuations in the crude oil 

price (LWTI), in the natural gas price (LNG), and in wheat price (WHEAT) do (not) have a 

direct impact on the conventional American stock index return and its volatility pre-(post)-war 

https://www.emerald.com/insight/search?q=A.%20Bouteska
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period (Malhotra et al., 2024; Manelli et al., 2024 ; Bagchi & Paul 2023 ; Adekoya et al., 2022). 

The opposite result is found (except the wheat price WHEAT effect) for the ESG American 

stock index return PUWD (see Table A1 (Panel A)). 

 

Table 5: GJR-GARCH-M Estimate for S&P500 

 Model (1)  Model (2) 

 Pre-War PUWD  Pre-war  PUWD 

  Panel A: Mean Equation   

𝜎̂ 𝑡−1 -0.092179 -1.577710*** 𝜎̂ 𝑡−1 -0.387601** -1.506721** 

SENT 0.004475 0.060343*** SENT -0.000437 0.042544** 

∆LWTI 0.003550 0.119725*** ∆LWHEAT -0.021832 0.014710 

∆LNG -0.001576 0.019175 ∆LNG 0.003453 0.038792** 

∆LVIX -0.082294*** -0.148872*** ∆LVIX -0.084462*** -0.152382*** 

C 0.001231 0.018985*** C 0.002643*** 0.018727*** 

  Panel B: Variance Equation   

𝑢̂2
𝑡−1 -0.074069*** 0.099484* 𝑢̂2

𝑡−1 -0.057407*** 0.131255 

𝑢̂2
𝑡−1𝐼𝑡−1 0.107312** -0.086093 𝑢̂2

𝑡−1𝐼𝑡−1 0.054901*** -0.171079** 

𝜎̂2
𝑡−1 1.028188*** 0.537624*** 𝜎̂2

𝑡−1 1.031014*** 0.582266*** 

SENT 1.03E-06 0.000113** SENT -8.23E-06 0.000262** 

∆LWTI 9.31E-06 0.000901*** ∆LWHEAT 5.31E-05** 0.000313*** 

∆LNG -7.25E-06 0.000216** ∆LNG -5.81E-05*** 0.000244 

∆LVIX 5.40E-05*** 0.000145 ∆LVIX 7.09E-05*** 0.000279* 

D386 0.000186 D386 0.000193 

D349 0.000114 D349 8.58E-05 

𝑊 2.48E-08 4.66E-05*** 𝑊 -3.69E-07 6.35E-05 
 

Panel C: Diagnostic 

ARCH-LM  )0.339( )0.6539(  )0.4665( )0.6485( 

LB(10) (0.056) (0.834)  (0.101) (0.826) 

R
2
 0.687154 0.503728  0.692235 0.503953 

LL 985.3154 819.2292  987.5805 809.8872 

D-W  2.032836 2.058046  2.072302 2.020707 

AIC -7.739565 -6.40023  -7.75761 -6.325794 
 

Note: * p < .1; ** p < .05; *** p < .0. For the ARCH-LM test only p-value which is reported. 

See Table 4 for variable definition. D349 and D386 are dummies to take into account of 

outliers in 9/06/2022 and 7/14/2022. Source: Authors’ own work. 

However, results show as expected a significant negative (positive) relationship between the 

American VIX volatility and the conventional US SMR (volatility) pre- and PUWD period. 

This means that an increase in the volatility of the conventional US market is associated with a 

decline in the S&P500 return and more instability of the SM. In addition, this market volatility 

has higher negative effect post-war than the pre-war declaration effect (see Table 5 (Panel A 

and B)). The opposite results is found for the ESG return (see Table A1 (Panel A)). 
 

4.2. The NICs and the S&P500 Return  
 

Following (Rizvi & Naqvi, 2008 and Umara, et al., 2021), we’ll use the News Impact Curves 

(NIC) that was introduced by (Pagan & Schwert, 1990) [discussed in detail by (Engle & Ng, 
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1993) and Zevot (2008)] to depict graphically the shocks’ and the volatility relationship in the 

full sample as well as in the subs periods: pre and PUWD. 

The shape of the TGARCH(1, 1) news impact curve is 

ℎ𝑡 = 𝐴 + 𝛼𝑢2
𝑡−1, for 𝑢𝑡−1 > 0 , ℎ𝑡 = 𝐴 + (𝛼 + 𝛾)𝑢2

𝑡−1, for 𝑢𝑡−1 < 0 

where 

𝐴 = 𝑤 + 𝛽𝜎2. 
The representation of the degree of asymmetry of volatility to positive and negative shocks is 

given by the NICs for both considered models pre and PUWD as given in Figure 3. 

Looking at Figure 3, model (1) and model (2) lead to a closed results pre and PUWD:  

 Pre-war declaration, both models show that negative shock impact is almost null, while 

positive shock has negative impact on volatility.  

 PUWD, we get the opposite results with both models from positive shock. NICs show 

that the positive shock in the current period has more much pronounced impact on 

volatility than a negative shock in the following week.  

 The effect of the negative shock on volatility appears to be almost non-existent PUWD 

as illustrated by the fat slope of the NIC in the negative domain. From negative shock, 

both models lead to similar results as the pre war declaration ones. 
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Figure 3: NICs from the augmented GJR models for S&P500.  

Source: Authors’ own work. 

 

4.3. Sign and size bias tests and the S&P500 Return 
 

To determine whether the volatility is the same for good news as that of the bad news or not, 

sign bias and size bias tests would be in use. 
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The sign bias will exist if ∅1 comes out to be significant in Eq.(5) for bad news and Eq.(6) for 

good news, meaning that there is a different effect of bad and good news on returns volatility: 

                                                    𝑢2
𝑡 = ∅0 + ∅1𝑆𝑡−1

− + 𝑣𝑡                                          :          (5) 

                                                   𝑢2
𝑡 = ∅0 + ∅1𝑆𝑡−1

+ + 𝑣𝑡                                                      (6) 

where 𝑆𝑡−1
− = 1 if   𝑢𝑡−1 < 0 and 0 otherwise and 𝑆𝑡−1

+ = 1 if   𝑢𝑡−1 > 0 and 0 otherwise. 
 

For the size bias, we will consider 𝑆𝑡−1
−  and 𝑆𝑡−1

+  as a slope dummy variable as in Eq.(7) and 

Eq.(8) for bad and good news respectively. To further substantiate our investigation, we could 

jointly test the presence of sign and size bias by using Eq.(9) and Eq.(10) for bad and good 

news respectively: 

                                                  𝑢2
𝑡 = ∅0 + ∅1𝑆𝑡−1

− 𝑢𝑡−1 + 𝑣𝑡                                                  (7) 

                                                  𝑢2
𝑡 = ∅0 + ∅1𝑆𝑡−1

+ 𝑢𝑡−1 + 𝑣𝑡                                                  (8) 

                                         𝑢2
𝑡 = ∅0 + ∅1𝑆𝑡−1

− + ∅2𝑆𝑡−1
− 𝑢𝑡−1 + 𝑣𝑡                                         (9) 

                                        𝑢2
𝑡 = ∅0 + ∅1𝑆𝑡−1

+ + ∅2𝑆𝑡−1
+ 𝑢𝑡−1 + 𝑣𝑡                                        (10) 

 

From the above Eq.(9) or Eq.(10), a significant ∅1 would imply sign bias to exist, which means 

the impact of bad or good news will be different on returns. On the other hand, a significant 

value of ∅2  would imply size bias to be present. This would mean that both the size and 

magnitude of the news would significantly impact the volatility of returns. Sign bias test and 

size bias test results are given at Table A2.    

The bad news results are summed up in Panel A while positive news results are in Panel B. The 

results in Table A2 indicate that the sign bias test coefficients estimated by Eq.(5) and Eq.(6) 

are not significant for both bad and good news and for both considered models (but bad new 

and good news have opposite sign). This mean that there is no significant asymmetry in 

volatility. Volatility due to negative shocks and volatility due to positive shocks may affect 

future volatility in the same way.  

However, the coefficients of size bias (estimated from Eq.(7) and Eq.(8)) are significant in the 

case of bad and good news for both models (with opposite sign for bad new vs good news). 

This means that the size and scope of the bad and good news item have significant asymmetric 

impact on the volatility of returns. Even jointly, the sign and size bias test (from Eq.(9) and 

Eq.(10)) reveal significant results for both models. 

5. Conclusion 
 

The existing literature on the impact of the Ukraine-Russia war on stock returns has mainly 

examined the relationship between the geopolitical conflict and financial markets without 

considering effects related to commodity prices and investor sentiment. In this study, we filled 

this gap by considering the commodity prices impact and the investor sentiment effects. We 

believe that the inclusion of commodity prices (crude oil price, natural gas price, wheat price) 

provide additional insight into the complex dynamics of both the U.S conventional and ESG 

stock index performance PUWD.  

In this study, we propose an original sentiment index “SENT or SENTG” to check whether the 

ideas of investors expressed in tweets have a significant effect on the return and/or the volatility 

of the S&P500 or ESG stock indexes pre and PUWD between February 24, 2021 and February 

24, 2023.  
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Given the Student t and the ANOVA tests results, the investor sentiment (NENT or SENTG), 

the world economic environment, and the US stock prices behavior are unstable towards the 

war declaration. Then, we have conducted a comparative approach pre- vs PUWD for the 

asymmetry investigation of the volatility dynamics structure of equity returns in the USA SMs. 

For robustness check of the persistence and the asymmetries, the NICs and the sign and size 

bias tests are used. 

Based on the correlation matrices, we found that the conventional and Green US stock markets 

do not behave in the same way. For the Green stock market (ESG), we found the absence of 

asymmetry, meaning that there is no difference between the effect of shocks and news, and that 

the global economic environment has no effect on the volatility of ESG markets. In addition, 

and this is highly original, return has an impact on the volatility of this market. However, for 

the conventional market, there is the presence of asymmetry indicating that there is a difference 

between the effect of shocks and news. We also found that the macroeconomic environment 

has an effect on returns and volatility in conventional markets. Volatility has also been shown 

to have an effect on returns in these markets. These differences in behaviour mean that we 

cannot use the same specifications for both markets. 

Our results provide evidence that the effects of investor sentiment, the market volatility and the 

commodity prices movements on stock returns and their volatilities might be different for ESG 

from SP500 depending on the adequate specification and the considered period pre or PUWD. 

 

Based on the GARCH-X for the ESG case and the augmented TGARCH-M models for the 

S&P500, the results showed that investor sentiment helps to predict the volatility of daily 

returns and volatility of the S&P500 American index only PUWD. For the control variables, 

results confirm our expectations. These results highlight the importance of the volatility, 

volatility persistence, and exogenous factors in understanding and modeling conventional SMR 

and its volatility.  

The investor sentiment, SENTG, about ESG is found to have significant positive effect on the 

returns pre and PUWD. The crude oil price (LWTI) and the price of natural gas (LNG), have a 

direct impact (positive) on the ESG American SMR PUWD. 

The findings on the impact of ESG investor sentiment, commodity prices and geopolitical 

conflicts offer major practical implications for investors. Firstly, ESG assets attract more stable 

investment flows, thereby reducing portfolio volatility. Secondly, the positive relationship 

between oil prices and ESG investments highlights an opportunity for sector arbitrage: investors 

can adjust their exposure to renewables when hydrocarbon prices rise, improving 

diversification and reducing dependence on fossil assets. In addition, the rise in interest in green 

assets in times of geopolitical crisis, as demonstrated by the war in Ukraine, means that 

investors can anticipate these events to reposition their portfolios towards ESG companies, thus 

benefiting from policies supporting the energy transition and regulatory changes. By integrating 

these dynamics, institutional and individual investors can optimize their returns by adopting a 

proactive approach based on the analysis of macroeconomic indicators (commodity prices, 

interest rates, monetary policy) and financial indicators (market volatility, capital flows, ESG 

index performance). Such a strategy makes it possible to anticipate market fluctuations and 

identify investment opportunities before they reach full value. What's more, by allocating their 

capital to sustainable assets, investors benefit from diversification effects, reduce their exposure 

to fossil fuel risks and take advantage of regulatory incentives in favor of ESG companies. This 
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approach not only improves the risk-adjusted performance of portfolios, but also contributes to 

the transition to a more resilient and sustainable economy. 

The results can provide important information for investors, portfolio managers and policy 

makers, illuminating market reactions to geopolitical events and enabling a better 

understanding of underlying financial dynamics. 

These results offer valuable insights for investors seeking to optimize their strategies in 

complex geopolitical contexts. The fact that investor sentiment towards the ESG has a 

significant positive effect on returns, both before and after the declaration of war, underlines 

the importance of monitoring sentiment indicators as predictive tools for investment decisions. 

Investors can exploit these dynamics to identify opportunities in ESG markets, even in times of 

heightened uncertainty. In addition, investors should consider the correlation between 

commodity fluctuations and ESG markets, which can be used to adjust portfolios in line with 

commodity price trends, particularly in green sectors. In sum, these results offer practical 

guidance for the active management of ESG portfolios, and underline the strategic role of 

macroeconomic and sentiment indicators in financial decision-making. 

This study contributes to the existing literature on the impact of investor sentiment on financial 

markets by focusing specifically on the conventional and ESG stock index in the context of the 

Russian-Ukrainian war. By providing valuable insights into the relationship between investor 

sentiment and market volatility, it offers an avenue for more informed decision-making in a 

complex and ever-changing financial environment. Findings could contribute to a better 

understanding of investors' reactions to major geopolitical events through the effective use of 

information from social networks (particularly Twitter), in the financial decision-making 

process (Rami Zeitun et al ., 2022; Gabrielle Ranco et al., 2015; Neifar & Hdider, 2024). 

Although this study provides significant results on the impact of investor sentiment and 

commodity prices on conventional and green SMs, it has certain limitations. Firstly, the analysis 

focuses on the US markets, which limits the generalizability of the results to other regions where 

green market dynamics may differ. In addition, the study does not take into account of other 

major exogenous factors, such as the risks associated with the Gazza war, which can have a 

profound impact on financial markets before and during the war in Gazza. 

For future research, it would be pertinent to explore the interaction between the risks associated 

with the Gazza war and the geopolitical tensions, notably their combined impact on green and 

conventional SMs, while comparing the dynamics between emerging and developed countries 

to better understand the divergences and similarities in their responses to crises.  

 

 

Note: 

1. The Standard and Poor's 500 (S&P500) is a SM index tracking the stock performance of 500 

large companies listed on stock exchanges in the US. There was a 1.2% drop in the S&P500 on 

Wall Street, a 1.8% drop in the Japanese Nikkei, a 3.2% drop in the Hang Seng index and a 4% 

drop in the German DAX. The price of Brent crude oil topped the $100 mark. 

2. See (Herrera et al., 2022; Xiangn et al., 2022 ; Hodorog et al., 2022; Bapat et al., 2022; Sinha et 

al., 2022; Liu et al., 2022; Kevin et al., 2021; Nguyen et al., 2020; Zvonarev & Bilyi, 2019). 

3. The index sentiment keywords are used to scrape tweet via python using snscrape library (sn: 

social network). Each tweet is pre-processed using pre-process function. To get sentiment value, 
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each tweet is then treated by xlm-Roberta (multi-langage) model based on machine learning 

model developed by Cardiff NPL (natural language processing); see arXiv:2104.12250. 

4. Two representations will be considered for ESG index: Model (1’) for pre war declaration with 

𝑋𝑡 = 𝑋𝑡1 = (∆𝐿𝑊𝐻𝐸𝐴𝑇, 𝑆𝐸𝑁𝑇𝐺, ∆𝐿𝑉𝐼𝑋 )  and Model (2’) for PUWD with 𝑋𝑡 = 𝑋2𝑡 =
(∆𝐿𝑊𝑇𝐼, ∆𝐿𝐺𝑁, 𝑆𝐸𝑁𝑇𝐺 )  to avoid multi-collinearity problem. The conditional mean and 

variance equations take simultaneously the following forms:  

                                                     𝑹_𝑬𝑺𝑮𝒕= c +𝝓 𝑿𝒕 + 𝒖𝒕                                                      (3’) 

                                    𝜎2
𝑡 = 𝑤 + α𝑢2

𝑡−1 + β𝜎2
𝑡−1 + 𝜃 𝑋𝑡+𝛿𝑹_𝑬𝑺𝑮𝒕                                 (4’)  

where,  
 

𝑅_𝐸𝑆𝐺𝑡 Return of the ESG index on date t, 

𝑿𝒕 = 𝑿𝟏𝒕 for model (1’) and to 𝑿𝟐𝒕 for model (2’). 

5. The value of R2 is not reported in the table because the model is highly nonlinear, so R2 is not a 

meaningful measure of goodness of fit. 

 

Annex 

 
Figure A1: Importing the necessary packages  

Source: Authors’ own work. 

 

 

 

 

 

 

 

 

 

 

 

 

https://arxiv.org/abs/2104.12250
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Figure A2: Scraping of tweets from tweeter 

Source: Authors’ own work. 

 

 
Figure A3: Tweet preprocessing 

Source: Authors’ own work. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



22 
 

 

Figure A4: Sentiment analysis and calculation 

Source: Authors’ own work. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A5: Filtering the “SENT”  
Source: Authors’ own work. 

 

Table A1: GARCH-X Estimate results for ESG 

 Model (1’)  Model (2’) 

 Pre-War  
 PUWD 

  Panel A: Mean-Equation  
SENTG 0.008884*  SENTG 0.034612*  
∆LWHEAT -0.007130 

 ∆LWTI 0.081812**  
∆LVIX -0.002145 

 ∆LNG 0.034518*  
C 0.002319***  C 0.003434*  

  Panel B: Variance-Equation  

𝑢̂2
𝑡−1 

 

0.052967 𝑢̂2
𝑡−1 

 

0.024465  

𝜎̂2
𝑡−1 0.888568*** 𝜎̂2

𝑡−1 -0.066344  
RESG -0.001456***  RESG -0.000891  
   D391 0.003535  

   D433 0.002652  

𝑤 
 

4.72E-06*** 𝑤 
 

0.000210*** 
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Panel C: Diagnostic 

ARCH LM  4.48E-06 (0.9983)  0.060375 (0.8061) 

LB (10) 7.5502 (0.673)  6.3416 (0.786) 

R2 0.000132  
 0.05195  

LL 861.7625  
 715.0247  

D-W stat 1.870388  
 2.011138  

A I C -6.775892  
 -5.617727  

 

Note: * p < .1; ** p < .05; *** p < .0. See Table 4 for variable definition. D391 and D433 

are dummies to take into account of outliers in 9/13/2022 and 11/10/2022. Source: Authors’ 

own work. 
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Table A2: Tests for Asymmetries in Volatility 

Panel A: Bad news Model 1  
 

 Model 2  

 

Sign Bias Test 

Eq.(5) 
Size Bias Test 

Eq.(7) 
Joint Test 

Eq.(9)   
 Sign Bias Test 

Eq.(5) 
Size Bias Test  
Eq.(7) 

Joint Test  
Eq.(9)    

 

𝑤 7.431201*** 7.508407*** 7.502418***  7.132427*** 7.420403*** 7.197297*** 

∅1 -0.367465 -2.341415** -2.288740**  0.105622 -2.573142** -1.869149* 

∅2   -3.260276***    -3.183777*** 

TR2   10.603           10.005  

Panel B: Good news   
 

   

 Eq.(6) Eq.(8) Eq.(10)    Eq.(6) Eq.(8) Eq.(10)    
 

𝑤 7.173363*** 7.449815*** 7.266612***  7.426833*** 7.485795*** 7.529893*** 

∅1 0.367465 3.235974*** -1.922117*  -0.105622 3.057638*** -2.355897*** 

∅2   3.752856***    3.869498*** 

TR2   13.911        14.635  

Note: ***, ** and * respectively indicates rejection of null hypothesis at 1%, 5% and 10 % significance level. Source: Authors’ own work. 
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