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Abstract 

Through an empirical analysis of the impact of fluctuations in the international prices of crude oil, natural 

gas and wheat on the US stock market performance, the study seeks to show evidence of the investor 

social network sentiment effects post the Ukraine war declaration on February 24, 2022. A 

comparative approach was used for Ukraine's pre- vs post-war declaration period. The 

considered models are of the GARCH-X type. Founding show that only post-war declaration; 

investor sentiment as well as the economic factors such as the prices of raw materials (including 

crude oil and natural gas) and food (wheat) have caused the volatility of the S&P 500 index 

return, while market volatility (VIX) affect negatively the stock market return pre- and post-

war declaration. 
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1. Introduction 
 

This study aims to analyse the impact of investor sentiment, as expressed on Twitter, on the 

volatility of the American S&P500 stock index [1] in particular before and after the outbreak of 

war between Russia and Ukraine. By combining natural language analysis techniques with 

advanced statistical models, it aims to assess how investors' emotional reactions to major 

geopolitical events can influence US stock market. 

The research sits at the intersection of international political economy and behavioural finance, 

providing an empirical framework for understanding the underlying dynamics of stock markets 

in a context of geopolitical crisis. It also examines how new technologies, particularly social 

media like Twitter, can provide a valuable source of real-time information on investor 

sentiment.  

Social network sentiment is the sentiment extracted from the messages posted on social 

networks using, in most of the cases, some language processing software. This study analyzed 

the influence that social network sentiment has influence on S&P 500 Index’s volatility, and 

see whether this influence was greater or lesser pre- or post-war declaration. 

 

By dividing the study period into two distinct phases – pre-war and post-Ukraine war – the 

study takes a comparative approach to assess the evolving relationship between investor 

sentiment and market volatility. The results obtained 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. 

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

markets by focusing specifically on the S&P500 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 avenues for more informed decision-making in a complex and 

ever-changing financial environment. 

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

the subject and a review of the literature on the effect of variables linked to the global 

environment and variables linked to the American stock market. Section 3 explains the data 

collection and the calculation of the sentiment variable and gives a descriptive analysis of the 

considered data. Section 4 presents the research methodology and the results of the considered 

models. We conclude in the last section. 

  



3 
 

2. Literature review and hypothesis setting 
 

Financial markets respond to a wide range of geopolitical events such as the wars, invasions, 

terrorist attacks and periods of tension.  

Though wars generally have a strong impact on financial markets (Izzeldin et al., 2023), …”the 

relevant literature is limited. Wisniewski (2016) found that wars result in widespread 

destruction of human and physical capital and stock markets fall. Hudson and Urquhart (2015) 

studied the effect of the second world war (WWII) on the British stock market and found that 

only one of the wartime events classified as important resulted in a structural break. Berkman, 

et al,. (2011) investigated 447 international political crises – but not all are wars. They find that 

the global stock market returns would have been higher by 3.6% per annum but for these events. 

Waldenström and Frey (2008) observed sudden shifts in sovereign debt yields and spreads in 

the Nordic bond markets during WWII. Frey and Waldenström (2004) compared sovereign debt 

prices on the Zurich and Stockholm stock exchanges and conclude that market efficiency has 

not been affected by WWII. Brown Jr and Burdekin (2002) studied German bonds traded on 

the London stock exchange during WWII and document a negative impact on only two events 

during the entire conflict course. Frey and Kucher (2001) analyzed government bond prices of 

Germany and Austria traded on the Swiss bourse during WWII. They show that war episodes 

are clearly reflected in government bond prices. Frey and Kucher (2000) examined the prices 

of the government bonds of five European countries during WWII. They found that the loss and 

gain of national sovereignty affected the bond prices of the countries.” 

Among the results of the most recent references on conflict or crisis effects, we present the 

following. Research conducted by Wu et al. (2023) found that conflict initially reduced stock 

volatility but increased it after Russia invaded Ukraine. Izzeldin et al. (2023) found a rapid 

reaction of stock and commodity markets to the Russian invasion, with less intense effects 

compared to other crises such as Covid-19 and the 2008 global financial crisis, particularly 

affecting products such as wheat and nickel. Kamal et al. (2023) observed significant negative 

abnormal returns in the Australian stock market following the event, especially for small and 

medium-sized and high-growth export-oriented firms. Arnd et al. (2023) studied the impact on 

food and raw material prices, showing increased vulnerability of agri-food systems and poverty 

to price increases. Liao (2023) highlighted the role of renewable energy in mitigating declines 

in stock returns. Umar et al. (2022) highlighted the co-movements between sold stocks and 

beneficial short-term hedging strategies. Yousaf et al. (2022) demonstrated the significant 

negative impact of the conflict on the stock markets of the G20 and other countries, with 

different reactions depending on the region. Finally, Boungou & Yatié (2022) documented a 

negative relationship between conflict and global stock returns. 

Investor sentiment analysis on social media can provide a complementary perspective to 

traditional financial asset pricing models and provides a better understanding of emotional and 

behavioural influences on stock markets.  

There are 5 emotional and behavioural aspects that influence financial markets that have been 

studied in the literature including:  

 real-time information flows (Bollen, Mao et Zeng, 2011; Garcia et Schweitzer, 2015; 

Bollen, Mao et Pepe, 2011),  
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 peer reactions and social influence (Hong et Stein, 1999; Barber et Odean, 2001 ; Aral 

et Walker, 2012; Bollen, Mao et Pepe, 2011),  

 contagion effects (Christakis et Fowler, 2009; Aral et Muchnik, 2013),  

 confirmation bias (Christakis et Fowler, 2009; Aral et Walker, 2012; Bollen, Mao et 

Pepe, 2009; Tuckett et Taffler, 2011) and  

 the effect on market liquidity (Bollen, Mao et Zeng, 2011; Sprenger et al, 2014).  

The cited researchers among others have contributed to a better understanding of these 

phenomena and their impact on investment decisions and financial market dynamics.  

Several studies have been conducted on the relationship between investor sentiment and stock 

market performance based on various sources such as social media (Twitter in particular). We 

present the main contributions. Recently, Nyakurukwa & Seetharam, (2023) used bibliometric 

analysis to examine the evolution of sentiment on social media, highlighting its 

multidisciplinary and structure within the stock market. Zeitun et al., (2022) studied the effect 

of Twitter-based sentiment on US sector returns, revealing varying causality and correlation 

across sectors. Ranjan & Majhi, (2022) developed a machine-learning model to predict the 

impact of sentiments expressed in tweets on stock values, concluding that this model has 

superior accuracy. Qing et al., (2022) examined the synergy between stock prices and investor 

sentiment, finding a positive synergy. Renault, (2019) evaluated the performance of different 

sentiment analysis methods in finance, concluding a correlation between investor sentiment and 

stock returns, but low predictive ability. Audrino et al., (2019) analysed the impact of sentiment 

and attention variables on stock market volatility, showing that these variables improve 

volatility forecasts. Cabarcos et al., (2019) studied the influence of social media sentiment on 

sustainability indices, highlighting its impact on sustainable business returns. Ranco et al., 

(2015) examined the relationship between Twitter and financial markets, identifying a 

correlation between tweet sentiment and stock returns, especially during peaks in volume. 

 

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 both commodity prices and investor sentiment. 

In this study, we will fill this gap by including specific variables related to the commodity prices 

as well as the investor sentiment effects. We believe that the inclusion of commodity prices 

(crude oil price, natural gas price, wheat price) will provide additional insight into the complex 

dynamics between war, commodity prices and U.S. stock index performance. Our approach 

will be based on three key aspects of geopolitical conflicts: geopolitical uncertainty and risk, 

financial contagion and commodity price fluctuations. 

In this regard, we ask four questions: 

Question 1: Is there a significant relationship between crude oil prices and the US S&P500 

stock index volatility? 

Question 2: Is there a significant relationship between the price of natural gas and the US 

S&P500 stock index volatility? 

Question 3: Is there a significant relationship between the price of wheat and the US S&P500 

stock index volatility? 
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Question 4: Does investor sentiment expressed on Twitter pre and post Ukraine war affect the 

fluctuations of the US stock index in the same way? 
 

Then, we formulate the corresponding hypotheses as follows: 

H1: there is no relationship between the price of oil and the volatility of the S&P500 

stock market index. 

H2: There is no relationship between the price of natural gas and the volatility of the 

S&P500 stock index  

H3: There is no link between the price of wheat and the volatility of the S&P500stock 

market index. 

and 

H4: Investor sentiment expressed in tweets does not have an effect on the volatility of 

American stock index pre or post Ukraine war. 
 

3. Data collection and preliminary analysis 
 

In the current context marked by the war in Ukraine, financial markets are facing increased 

volatility and geopolitical uncertainties. This study aims to test the impact of investor sentiment 

extracted from Twitter on stock index returns, as well as the influence of crude oil price, natural 

gas price and wheat price fluctuations on the returns of the US S&P 500 index pre- and post- 

Ukrainian war declaration. 

3.1 Data collection 
 

Data includes daily prices of the US S&P 500 stock index (excluding weekends and holidays), 

the US VIX Volatility Index, and daily prices of crude oil, of natural gas and of wheat obtained 

from Yahoo Finance. The period of study extends from February 24, 2021 to February 24, 2023 

(totalling 504 observations) covering the war declaration in Ukraine (February 24, 2022). The 

data are collected one year before and one year after Russia's invasion of Ukraine. The 

dependent variable is the daily return of the stock market S&P 500 calculated as:  

𝑹𝒕 = ∆log(SP𝑡), 

where ∆ = 1 − 𝐵 and 𝐵 is the lag operator, SP = S&P 500. 

The control variables include the US volatility index (VIX) for the mean evolution and the 

prices of crude oil (WTI), the natural gas price (NG) and the wheat price (WHEAT) as well as 

the Investor Sentiment Index (SENT) for the volatility fluctuations. Investor sentiment (SENT 

index) will be obtained from the the messages posted about S&P 500 Index explained in the 

following sub-section. 

 

3.2 SENT 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 SENT index from investors' tweets that is 

based on five different steps can be summed up as follows: 
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Step1. Importing the necessary packages into Python code: This step includes 

creating and activating an environment, installing the required packages via 

pip. The process begins with importing the necessary packages into a Python 

environment such as Anaconda. (see Figure 1). 

 
Figure 1: Importing the necessary packages into Anaconda 

 

Step 2 Scraping the Tweets: This step involves searching and gathering tweets 

related to the S&P500 index using specific keywords like “S&P500” and 

“SPX”. The tweets are then stored in a data frame and exported to CSV 

format (se Figure 2). 
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Figure 2: Scraping of tweets from tweeter 

 

Step 3. Pre-processing the Tweets: The pre-processing step includes several steps 

such as data cleaning by elimination of irrelevant elements like hashtags and 
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URLs, tokenization to divide the text into tokens, elimination of stop words, 

usage of lemmatizes to normalize words, and cleaning to remove unwanted 

characters (see Figure 3). 

 

 

 
Figure3: Tweet preprocessing: tokenization, lemmitizer, token cleaning 

 

Step 4. Sentiment Analysis: This step involves 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 (see Figure 

4).  
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Figure 4: Sentiment analysis and calculation 

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 then 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 %tage, we assign via phyton progam −1 for the negative sentiment, 1 for the 

positive sentiment, and 0 for the neutral sentiment. Then, the average of the daily sentiment is 

calculated as: 

𝑆𝐸𝑁𝑇𝑡 =
∑ 𝑆𝑖𝑡

𝑚
𝑖=1

𝑀𝑡
 , 

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

posted in moment t. We note by 𝑆𝐸𝑁𝑇𝑡 the daily sentiment. 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 (see Figure 5). 
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Figure 5: Filtering the “SENT” according to the dates of the data relating to the other 

variables of the study 

3.3 Descriptive analysis  
 

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

-war period.  

From the evolution over time of these variables presented in Figure 6 (a) for the pre-war case 

and in Figure 6 (b) for the post-declaration case, we conclude that the three variables (crude oil 

price, natural gas price and wheat price) are non-stationary for the 2 sub-periods. It should be 

noted that the trend in the price of crude oil is upwards pre-war and downwards post-war. The 

same observation is true for the other two prices: natural gas price and wheat price. 
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Figure 6: Evolution of oil price (WTI), natural gas price (NG), wheat price (WHEAT) in log. 

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

here. All considered series are found to be non-stationary (I(1)) for the full, pre-war, and post-

war declaration periods.   
 

To avoid any problem of multi-collinearity, we analyse the correlations between the regressors 

for the entire period as well as for the two sub-periods. According to Table 1, the correlation 

between the natural gas price and the crude oil price is insignificant pre- and post-war, while 

the correlation between the natural gas price and the wheat price is only insignificant post-war 

declaration. 
 

To check rigorously whether the behaviour of these variables changes or not with the Ukrainian 

war declaration, we propose the application of the Student's t and the ANOVA tests. From Table 

2, it is clear that on average the crude oil price is significantly higher in the post-war declaration 

period. The same result is drawn for the other two prices.  

Before proceeding for the remaining variables, it merits mentioning that these higher global 

prices in average are a signal of penury. Because of the Ukraine war, supplies of foods and 

energy on global markets were appreciably lower since February 24, 2022 than they would 

otherwise have been. 

Now, according to Figure 7, the LSP = log(S&P 500) is non-stationary (figure (a)), while the 

first difference ∆LSP (US market return) is possibly stationary (LSP ∼ I(1)). Also, from Figure 

7 (b), ∆LSP, LVIX and SENT are found stationary (with stable mean and variance). 
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Table 3 presents the descriptive statistics (mean, min, max, standard deviation, Jarque-Bera test 

statistic of the Normality hypothesis and its p -value, the number of observations, ARCH-LM 

test for conditional heteroscedasticity, and PP test conclusion for unit root test). The statistics 

are calculated for the full period (Panel A), for the pre-war period (Panel B), and for the post-

war declaration period (Panel C). All statistics are applied to the log of the series in level as 

well as to the yield series. For the dependent variable (R), we apply in addition the ARCH-LM 

(p) test to reveal the possible presence of conditional heteroscedasticity. 
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Table 1: Correlation matrices between WTI, NG and WHEAT 

 Panel A: Full sample Panel B: Pre war Panel C: Post declaration 

 ∆LWTI  ∆LNG  ∆LWHEAT  ∆LWTI  ∆LNG  ∆LWHEAT  ∆LWTI  ∆LNG  ∆LWHEAT  

∆LWTI  1.000000   1.000000   1.000000   

 -----    -----    -----    

∆LNG  0.022778 1.000000  0.052775 1.000000  -0.009119 1.000000  

 (0.6103) -----   (0.4042) -----   (0.8859) -----   

∆LWHEAT  0.279206 0.070658 1.000000 0.210515 0.196180 1.000000 0.359362 

-

0.073723 1.000000 

 (0.0000) (0.1135) -----  (0.0008) (0.0018) -----  (0.0000) (0.2455) -----  
 

Note: (.): are the p-values. LWTI: the price of crude oil in log, LNG: the price of natural gas in log, LWHEAT: the price of wheat in 

log. 

Table 2: Results of the Student t and ANOVA tests 

 
 LWTI LNG LWHEAT 

Average pre-war 4.318563 1.341319 6.616101 

Average post-war 4.473652 1.791455 6.732289 

Student t  -11.27722 -16.2690 -8.777921 

p-value  (0.0000) (0.0000) (0.0000) 

ANOVA  127.1758 264.6809 77.05190 

p-value  (0.0000) (0.0000) (0.0000) 

Note: (.): are the p-values. 
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(b) Stationary series (at level or in first difference) 

Figure 7: Evolution of the USA series 

 

  



14 
 

Table 3: Descriptive statistics  

Panel A: full period LSP LVIX SENT R 
Mean 8.334154 3.079092 -0.064541 3.27E-05 

Maximum 8.475024 3.595941 0.154289 0.053953 

Minimum 8.182288 2.708717 -0.282481 -0.044199 

Std. Dev. 0.067955 0.202180 0.049800 0.012501 

Jarque-Bera 19.18759 23.00623 271.3470 22.58590 

Probability 0.000068 0.000010 0.000000 0.000012 

Observations 504 504 504 503 

ARCH-LM (p)           18.88809(0,000) 

PP test results I(1) I(1) SL2                SL2 

Panel B: Pre-war LSP LVIX SENT R 
Mean 8.379791 3.000462 -0.054840 0.000582 

Maximum 8.475024 3.595941 0.154289 0.025374 

Minimum 8.234424 2.708717 -0.211967 -0.029963 

Std. Dev. 0.054162 0.202978 0.053626 0.009995 

Jarque-Bera 14.17192 32.47019 84.91337 2.062719 

Probability 0.000837 0.000000 0.000000 0.356522 

Observations 253 253 253 252 

ARCH-LM (p)            13.16012(0,0003) 

PP test result I(1) SL2 SL2                       SL2 

Panel C: Post-war 

declaration LSP LVIX SENT R 
Mean 8.288153 3.158349 -0.074320 -0.000553 

Maximum 8.430031 3.548180 0.070333 0.053953 

Minimum 8.182288 2.883123 -0.282481 -0.044199 

Std. Dev. 0.045845 0.167782 0.043587 0.014610 

Jarque-Bera 9.012329 15.40802 214.2582 4.018292 

Probability 0.011041 0.000451 0.000000 0.134103 

Observations 251 251 251 250 

ARCH-LM (p)        1.63648(0,2023) 

PP test result SL2 SL2 SL2 SL2 

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

the regression of R on the variation of LVIX. I(1): integrated at order 1. SL2:stationary 

in L2. 
 

The LSP and LVIX in average are positive while the average of SENT is negative for the 2 sub-

periods. On average, the volatility (measured by LVIX) is higher post-war (more risk), while 

LSP is lower post-war (fall in price), and the sentiment is more negative post-war (more 

pessimism post-war). The significance of these results will be rigorously studied via the 

Student's t and the ANOVA tests. Returns are on average is positive (negative) pre (post) war. 
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It is clear that the US stock market is negatively affected by the war. Based on Figure 7, it is 

clear also that the volatility of returns presents successively high and low fluctuations in 

amplitude. The ARCH test results confirm the presence of an ARCH effect in the volatility of 

US returns (see Table 3). All these series are stationary (SL2) pre- and post- the Ukraine war 

declaration except the LSP series, which is stationary, only post-war declaration (see Table 3). 

Table 4 presents the correlations between the variables of interest (Panel A) as well as for the 

control variables (Panel B). For the pre-war period (Panel A1), it is clear that the yield is 

negatively linked with LVIX. In addition, the sentiment variable “SENT” is not linked to any 

of the three control variables: the natural gas price (∆LGN), the wheat price (∆LWHEAT) and 

the price of crude oil (∆LWTI) pre- and post-war declaration (Panel B1). For the post-war 

declaration period (Panel A2 and B2), we obtain similar results.  

Table 4: Correlation matrices  

Panel A: Between the variables of interest 

Correlation Panel A1: Pre-war Panel A2: Post-war declaration  

P-value ∆LSP LVIX SENT   LSP LVIX SENT  

∆LSP  1   LSP  1   

 -----     -----    

LVIX  -0.278243 1  LVIX  -0.528369 1  

 0 -----   0 -----   
SENT  0.129691 -0.194629 1 SENT  -0.138853 -0.028572 1 

 (0.0397) 0.0019 -----  0.0278 0.6524 ----- 

Panel B: Between control variables and the SENT variable 

Correlation Panel B1: Pre-war Panel B2: Post-war declaration 

P-value ∆LWTI  ∆LNG  ∆LWHEAT  ∆LWTI  ∆LNG  ∆LWHEAT  

SENT  -0.033751 0.031571 -0.026113 0.093136 0.111317 0.031146 

 (0.5938) 0.6179 0.6799 0.1420 0.0790 0.6240 
 

Note: The correlation of the sentiment variable “SENT” is statistically zero with the three prices 

LWTI, LNG, and LWHEAT pre and post war. (.): are the p-values. 
 

To see if the behaviour of the variables change post the Ukraine war declaration, we move on 

to the application of the Student t and the ANOVA tests. The test results as well as the empirical 

average of each variable pre- and post-war declaration are presented in Table 5 below. This 

involves testing the following hypothesis: 

H0: the mean of the variable does not change. 

Since all the p-values are less than 5%, we conclude that the difference in average between the 

pre- and post-war declaration is significant for each variable. 
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Table 5: Stability behaviour of the variables  

 LSP LVIX  SENT  

Average pre-war 8.380709 3.000462 -0.054840 

Average post-declaration 8.299192 3.158349 -0.074320 

t de Student 16.23686 -9.513809 4.473012 

p-value (0.0000) (0.0000) (0.0000) 

ANOVA 263.6355 90.51256 20.00783 

p-value (0.0000 (0.0000) (0.0000) 

Note: LSP: stock price in log, LVIX: market volatility in log, SENT: sentiment 

value from tweeter. 

4. Research methodology and empirical results 
 

Volatility is important for analyzing risk in financial markets. The increased availability of daily 

data has shift attention to modelling volatility measures. However, it is not directly observable. 

Realized volatility including GARCH-type models (Andersen, et al., 2003) has been shown to 

dominate several parametric approximations. It is well-known that volatility can be affected by 

economic shocks.  

 

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

for the conditional variance. A GARCH (𝑝, 𝑞) − 𝑋 model is proposed to analyse the volatility 

of stock index returns. These models have already been widely used to analyse index volatility 

(Schaeffer, et al. 2012; Cabarcos, et al., 2019, and Neifar, 2020). The conditional mean and 

variance equations take the following forms: 

𝑹𝒕= C +𝜷 ∆𝑳𝑽𝑰𝑿𝒕 + 𝒖𝒕                                     

𝜎2
𝑡 = 𝛼0 + ∑ 𝛼𝑖𝑢

2
𝑡−𝑖

𝑝
𝑖=1 + ∑ 𝛽𝑖𝜎

2
𝑡−𝑖

𝑞
𝑖=1 + γ’ 𝑋𝑡                                 

where, 

𝑅𝑡 Return of the SP500 index on date t, 

∆LVIX Growth of the American market volatility index, 

𝑋𝑡 = (𝑆𝐸𝑁𝑇, ∆𝐿𝑊𝑇𝐼, ∆𝐿𝐺𝑁, ∆𝐿𝑊𝐻𝐸𝐴𝑇), 
SENT Daily sentiment from tweeter, 

WTI Price of crude oil, 

GN Price of natural gas, 

WHEAT Price of wheat, 
 

if the elements of 𝑋𝑡 are uncorrelated, 𝜎2
𝑡 is the variance of the residuals 𝑢𝑡, c is the constant, 

𝛼𝑖  is the ARCH parameter, 𝛽𝑖  is the GARCH parameter,  𝛾 is the coefficient vector of the 

exogenous variables vector 𝑋𝑡, and t is to indicate day t. The expected sign of the effect of each 

variable is presented in Table 6.  

Table 6: Expected signs of the variable effects 

Variable Sign of the pre-war  Sign of the post-war  References 

VIX (−) (−) (Cabarcos, et al., 2019) 

SENT (−) (−) (Cabarcos, et al., 2019) 

WTI (+) (+) Our expectations 

NG (+) (+) Our expectations 

WHEAT (+) (+) Our expectations 
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To avoid multi-collinearity problem, different specifications based on correlation matrices will 

be considered. The adequacy verification of each multivariate model will be based on the 

Ljung-Box (LB) test statistics applied on the residuals and on the squared residuals of each 

model. In addition, the Wald test for the regressors significance (with respect to the independent 

variables in the variance equations) will be applied. 

4.1 The Pre-war declaration case 
 

Based on the correlation matrices in Table 1 (Panel B) and Table 4 (Panel A), we will then 

estimate two models whose mean behaviour admits the following specification: 

𝑅𝑡 =𝛽0 + 𝛽1∆𝐿𝑉𝐼𝑋𝑡 + 𝑢𝑡, 

while the variance behaves either as 

i) in the following GARCH-X1 model: 

                            𝜎2
𝑡 = 𝛼0 + ∑ 𝛼𝑖𝑢

2
𝑡−𝑖

𝑝
𝑖=1 + ∑ 𝜃𝑖𝜎2

𝑡−𝑖
𝑞
𝑖=1 +𝛾’ 𝑋1𝑡  + 𝜀𝑡                             (1) 

Where  

𝛾’ 𝑋1𝑡 = 𝛾1𝑆𝐸𝑁𝑇𝑡 +  𝛾2∆𝐿𝑊𝑇𝐼𝑡 + 𝛾3∆𝐿𝑁𝐺𝑡,  

with 

𝑋1𝑡 = (𝑆𝐸𝑁𝑇𝑡 , ∆𝐿𝑊𝑇𝐼𝑡, ∆𝐿𝑁𝐺𝑡)′, and 𝛾’ = (𝛾1,  𝛾2,  𝛾3), 

i) Or in the GARCH-X2 model:  

                             𝜎2
𝑡 = 𝛼0 + ∑ 𝛼𝑖𝑢

2
𝑡−𝑖

𝑝
𝑖=1 + ∑ 𝜃𝑖𝜎2

𝑡−𝑖
𝑞
𝑖=1 + 𝛾’ 𝑋2𝑡 +𝜀𝑡                             (2) 

Where 

𝛾’ 𝑋2𝑡 = 𝛾1𝑆𝐸𝑁𝑇𝑡 + 𝛾4∆𝐿𝑊𝐻𝐸𝐴𝑇𝑡,  

𝑋2𝑡 = (𝑆𝐸𝑁𝑇𝑡 , ∆𝐿𝑊𝐻𝐸𝐴𝑇𝑡)′, and 𝛾’ = (𝛾1, 𝛾4). 

The 𝑝 and 𝑞 lags determination is based on the AIC information. 

Estimation results of each model by the maximum likelihood (ML) method is presented in Table 

7 (Panel A) for the mean evolution, Table 8 (Panel A) for the volatility fluctuation, and Table 

9 (Panel A) for the diagnostic check. Looking at Table 9, it is clear that both models (1) and (2) 

are well specified [4]. The errors behave well [non-autocorrelated (DW ≈ 2), homoscedastic 

and behave as taken from the Normal distribution. Additionally, using the Ljung-Box (LB) 

statistics [portmanteau test for white noise] on the residuals and squared residuals. Table 9 

results confirm that there is no any inadequacy in models (1) and (2). Table 9 (Panel A) indicates 

also that each terms of the univariate ARCH and univariate GARCH is statistically significant 

for both models (1) and (2). 

In accordance with hypothesis H1, H2, and H3, results revealed successively that fluctuations 

in the crude oil price (LWTI), in the price of natural gas (LNG), and in wheat price (WHEAT) 

do not have a direct impact on the American stock index volatility pre-war period. In addition, 

hypothesis H4 according to which investor sentiment (SENT) expressed in tweets would not 

have an effect on the volatility of American stock indices before the Ukraine war was not 

rejected. Then, in accordance with control variables: wheat price, crude oil price and natural 

gas price, the sentiment variable has insignificant effect on the S&P 500 index return volatility 

evolution during the pre- Ukraine-Russia war period (see Table 8 (Panel A)).  

In accordance with previous results, Table 9 (Panel A) reports results of the Wald test against 

the null hypothesis that all coefficients of the independent variables in the variance equations 

are zero [Wald = 0.16329169 for Eq (1) and 0.17027068 for Eq (2) (p-value = 0.8435362 and 

0.9209986 successively)]. Together, all considered independent variables have no effect on the 

American stock index volatility pre-war period. 
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However, results show as expected a significant negative relationship between the American 

VIX volatility and the US stock market volatility pre-war period. This means that contrarily to 

the volatility behavior, the average evolution of the American stock market returns was affected 

by the American VIX volatility (Table 7 and 8 (Panel A)). 

Then, these results say that there are no emotions that reflect fear or anxiety on the behavior of 

American investors pre-war declaration. Even if the media have broadcast the probability of a 

near war between Russia and Ukraine this has not influence the sentiment of American investors 

and the information broadcast had not generate contagion effects or peer reactions. 

Table 7: Results for mean evolution of R  

Period Panel A 

Pre-war period 

Panel B 

Post-declaration war period 

Variable/Model (1) (2) (3) (4) 

∆LVIX -0.081333* 

(-21.81613) 

-0.081086* 

(-30.08187) 

-0.160197* 

(-15.71842) 

-0.159890* 

(-16.76727) 
Note: *: 1% significance level. **: 5% significance level. ***: 10% significance level. 

 (.) is the t statistic. LVIX: the volatility of the American stock market index. 

 

Table 8: Volatility fluctuation Results  

Period Panel A 

Pre-war period 

Panel B 

Post-declaration war period 

Variable/Model (1) (2) (3) (4) 

SENT 3.13E-06 

(0.366079) 

3.90E-06 

(0.488051) 

0.000102 

(1.435030) 

7.47E-05** 

(2.356157) 

∆LWTI -1.21E-05 

(-0.258269) 

 0.000966* 

(4.844623) 

 

∆LNG -4.52E-06 

(-0.173447) 

 9.43E-05 

(0.994959) 

0.000195* 

(4.510973) 

∆LWHEAT  7.51E-06 

(0.187745) 

 0.000494* 

(4.035693) 
Note: *: 1% significance level. **: 5% significance level. ***: 10% significance level. (.) is 

the t statistic. SENT: the sentiment variable, LWTI: the price of crude oil, LNG: the price of 

natural gas, LWHEAT: the price of wheat. Optimal lags for GARCH model: 𝑝 = 𝑞 = 1. 
 
 

4.2 The Post-war declaration case 
 

Again, using results on significant correlations from Table 1 (Panel C) and Table 4 (Panel B), 

we will estimate two models whose mean behavior admits the same linear specification as given 

in the previous sub-section, while the variance behaves as: 

i) The GARCH-X3 model: 

                           𝜎2
𝑡 = 𝛼0 + ∑ 𝛼𝑖𝑢

2
𝑡−𝑖

𝑝
𝑖=1 + ∑ 𝜃𝑖𝜎2

𝑡−𝑖
𝑞
𝑖=1 +𝛾’ 𝑋3𝑡    + 𝜀𝑡                             (3)  

Where  

𝛾’ 𝑋3𝑡 = 𝛾1𝑆𝐸𝑁𝑇𝑡 +  𝛾2∆𝐿𝑊𝑇𝐼𝑡 + 𝛾3∆𝐿𝑁𝐺𝑡,  

with 

𝑋3𝑡 = (𝑆𝐸𝑁𝑇𝑡 , ∆𝐿𝑊𝑇𝐼𝑡, ∆𝐿𝑁𝐺𝑡)′ and 𝛾’ = (𝛾1, 𝛾2, 𝛾3), 

 

ii) Or as in the GARCH-X4 model: 
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                              𝜎2
𝑡 = 𝛼0 + ∑ 𝛼𝑖𝑢

2
𝑡−𝑖

𝑝
𝑖=1 + ∑ 𝜃𝑖𝜎2

𝑡−𝑖
𝑞
𝑖=1 + 𝛾’ 𝑋4𝑡 +𝜀𝑡                            (4)  

Where  

𝛾’ 𝑋4𝑡 = 𝛾1𝑆𝐸𝑁𝑇𝑡 + 𝛾3∆𝐿𝑁𝐺𝑡 + 𝛾4∆𝐿𝑊𝐻𝐸𝐴𝑇𝑡,  

𝑋4𝑡 = (𝑆𝐸𝑁𝑇𝑡, ∆𝐿𝑁𝐺𝑡, ∆𝐿𝑊𝐻𝐸𝐴𝑇𝑡)′, and 𝛾’ = (𝛾1, 𝛾3, 𝛾4). 

Table 7, 8, and 9 (Panel B) give successively the estimation results of both models (3) and (4) 

by ML method for the mean evolution, for the volatility fluctuation, and for the diagnostic 

check. Looking at Table 9 (Panel B), it is again clear that both models (3) and (4) are well 

specified. Indeed, the results of the LB test do not suggest any inadequacy of models (3) and 

(4). Table 9 indicates also that each terms of the univariate ARCH and univariate GARCH is 

statistically significant for both models (3) and (4).  

Table 9 (Panel B) reports the Wald test against the null hypothesis that all coefficients of the 

independent variables in the variance equations are zero [Wald = 33.20805 for Eq (3) and 

32.92307 for Eq (4) (p-value = 0.0000 for both statistics)]. This means that the sentiment 

variable as well as macroeconomic conjecture factors (such as crude oil price and natural gas 

price for Eq (3) and natural gas price and wheat price for Eq (4) have a significant effect on the 

volatility of the US stock market returns. 

From Table 7 (Panel B), the results from the GARCH-X3 and GARCH-X4 specifications 

indicate that the growth of the US market volatility (∆LVIX) has a negative impact on the S&P 

500 return. An increase in the volatility of the US market is associated with a decline in the 

S&P 500 return. In addition, this market volatility has higher negative effect post-war than the 

pre-war effect.   

Post declaration of the war, all macroeconomic conjecture factors (the crude oil price (∆LWTI), 

the natural gas price (∆LNG), and the wheat price (∆LWHEAT)) showed a significant influence 

on the conditional variance of the LS&P500. However, even post war declaration, investor 

sentiment expressed in the tweets did not show any significant direct effect on US stock market 

volatility (Table 8 (Panel B)).  

 

Table 9: Diagnostic check  

Period Panel A 

Pre-war period 

Panel B 

Post-declaration war period 

Variable/Model (1) (2) (3) (4) 

�̂�2
𝑡−1 0.090835*** 

(0.0563) 

0.086721** 

(0.0467) 

0.112171** 

(0.0382) 

0.014042** 

(0.0384) 

�̂�2
𝑡−1 0.889858* 

(0.0000) 

0.895016* 

(0.0000) 

0.603127* 

(0.0000) 

0.931138* 

(0.0000) 

LB (10) 6.4763 

(0.774) 

6.3167 

(0.788) 

9.3406 

(0.500) 

8.9600 

(0.536) 

LB2(10) 4.3719 

(0.929) 

4.0576 

(0.945) 

7.0196 

(0.724) 

5.7193 

(0.838) 

DW 2.003227 2.002777 2.165819 2.164876 

ARCH 0.963739 

(0.3262) 

0.881693 

(0.3477) 

0.138183 

(0.7101) 

0.536477 

(0.4639) 

Wald test 0.16329169 

(0.92099) 

0.17027068 

(0.8435362) 

33.20805 

(0.000) 

32.92307 

(0.000) 
Note: (.) p-value. *: 1% significance level. **: 5% significance level. ***: 10% significance 

level. 
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5. Conclusion 
 

In this study, we consider variables linked to the economic environment including the crude oil 

price (WTI), the natural gas price (NG) and the wheat price (WHEAT). We consider also a 

variable which measures the American market volatility (the VIX index), and the sentiment 

index “SENT” to check whether the ideas of investors expressed in tweets have a significant 

effect on the volatility of the S&P500 stock index. 

By examining the relationships between the war, commodity prices and stock returns, we 

contribute to the existing literature by providing new perspectives and enriching our 

understanding of the financial consequences of the geopolitical crisis. 

By focusing on the price of oil (WTI), the price of natural gas (NG) and the price of wheat 

(WHEAT), we take into account the export status of Russia and Ukraine in these commodities.  

The results showed that investor sentiment helps to predict the volatility of daily returns of the 

American S&P 500 index post-war declaration. On the other hand, the other factors such as the 

market volatility, the variation in raw material (oil and gas) and food prices (wheat) effect the 

volatility of the index. 

These results can be explained by several financial and economic factors as follow: 

 Impact of market volatility: The growth in market volatility, measured by ∆LVIX, 

has a negative effect on the performance of the S&P 500 Index. This is because 

periods of high volatility are often associated with greater uncertainty and erratic 

movements in financial markets. Then, investors may become more cautious and 

reduce their exposure to risky assets, which may cause index returns to decline. 

 Persistence of volatility: The persistence of volatility, measured by the coefficient 

of the conditional variance on the previous day (�̂�2
𝑡−1), suggests that past volatility 

continue to have an impact on current volatility. The persistence of volatility can 

amplify market movements and contribute to the volatility cycles formation. This 

may be due to momentum phenomena, which refers to the empirical observation 

that financial assets, that have had recent positive performance (negative 

performance) tend to continue to outperform (underperform) in the near future. 

 Macroeconomic shocks: Geopolitical events can cause macroeconomic shocks, such 

as disruptions in production, exports, foreign investment, supply chains or 

commodity prices. Investors respond to these shocks by adjusting their expectations, 

which can lead to increased volatility in stock indices [5]. 

 Effects on the real economy: Wars can have a significant impact on the real 

economy, including production and trade and consumer confidence. Disruptions in 

these areas can affect company profits, growth prospects and investor expectations. 

Changes in corporate profits and changes in the economic outlook can result in 

fluctuations in stock prices and volatility in stock indexes. 

 Investor sentiment: Although the exogenous variable “sentiment” (SENT) did not 

show a significant influence on the conditional variance of the S&P 500 index in the 

considered models, it is important to note that investor sentiment can play a role in 

shaping financial asset prices. In this study on the American stock market, the 

sentiment of the American investor was not too influenced by the Russo-Ukrainian 

war given the geographical distance from the USA. Similarly, investors may have 
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perceived that the Russian-Ukrainian conflict had no direct or immediate impact on 

the U.S. economy since Ukraine is not a major trading partner of the United States, 

and the economic ties between the two countries may be relatively limited. 

These results highlight the importance of the volatility, volatility persistence, and exogenous 

factors in understanding and modeling stock market returns volatility. However, it should be 

noted that these results are specific to the post- declaration of Ukraine-Russia war and may not 

be generalizable to other periods or other financial markets. We can extend our study to other 

countries to better understand the role of investor sentiment in predicting stock market index 

returns during periods of major events. 

 

Note: 

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

of 500 large companies listed on stock exchanges in the United States. 

2. As an overview of the main methods for calculating the sentiment index, we give the more recent 

ones. Herrera et al. (2022) used a natural language processing (NLP) technique to extract investor 

sentiment from Twitter. Xiangn et al. (2022) developed a new improved semantic and syntactic 

neural model (SSENM) to infer bullish or bearish sentiments in the financial domain. Hodorog 

et al. (2022) used the NLP processing techniques to automatically detect real-time events in smart 

cities from Twitter messages to assess citizen satisfaction. Bapat et al. (2022) used FinBERT, a 

pre-trained NLP model for financial sentiment analysis, and calculated sentiment as positive, 

neutral, or negative, assigning corresponding weights. Sinha et al. (2022) used different learning 

and classification approaches to extract sentiments from financial news headlines, and then 

validated the economic effect of sentiments on overall market movements. Liu et al. (2022) used 

NLP processing techniques to construct an investor confidence index from investors' social 

media posts, relying on a Fourier transform to identify periods of sentiment fluctuation. Kevin 

et al. (2021) built a pipeline to predict stock prices using Twitter sentiment analysis, extracting 

public opinion, and predicting stock movement. Nguyen et al. (2020) presented BERTweet, a 

pre-trained language model for English Tweets, outperforming previous models on several NLP 

Tweet tasks. Zvonarev & Bilyi (2019) compared the performance of different text tone analysis 

techniques, showing that the convolutional neural network (CNN) performed best among the 

models tested for Russian-language tweets. 

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, 

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. 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. 

5. This was specifically reflected in the GARCH-X3 model where changes in the crude oil price 

(∆LWTI) and natural gas price (∆LNG) showed a significant effect on the conditional variance 

of the S&P 500 index. Price fluctuations of these raw materials may reflect economic factors 

such as supply and demand in the global energy markets since movements in crude oil and natural 

gas prices can affect the production costs, business spending and investor confidence, resulting 

in greater volatility in the index performance. 

  

https://arxiv.org/abs/2104.12250


22 
 

References 
 

A. Christakis, N., & H. Fowler, J. (2009). Connected: The Surprising Power of our Social Networks and 

How they Shape our Lives. Journal of Cognition and Culture, 353 pages. 

doi:DOI:10.1163/156853710X531267 

A. Samuelson, P. (1947). Foundations of Economic Analysis. Havard: Harvard University Press. 

Akerlof, G. A., & Shiller, R. J. (2015). Phishing for Phools: The Economics of Manipulation and 

Deception. United States: Princeton University Press. doi:https://doi.org/10.2307/j.ctvc777w8 

Andersen, T. G., Bollerslev, T., Diebold, F. X., & Labys, P. (2003). Modeling and forecasting realized 

volatility. Econometrica, 71(2), 579–625. 

Aral, S., & Dylan, W. (2012). Identifying Influential and Susceptible Members of Social Networks. 

Science AAAS, 1-32. doi:DOI: 10.1126/science.1215842  

Aral, S., Muchnik, L., & Taylor, S. J. (2013). Social Influence Bias: A Randomized Experiment. Science 

AAAS, 1-6. doi:DOI: 10.1126/science.1240466 

Arnd, C., Diao, X., Dorosh, P., Paw, K., & Thurlow, J. (2023, March). The Ukraine war and rising 

commodity prices: Implications for developing countries. Global Food Security, 1-9. 

doi:https://doi.org/10.1016/j.gfs.2023.100680  

Audrino, F., Sigrist, F., & Ballinari, D. (2019). The impact of sentiment and attention measures on stock 

market volatility. International Journal of Forecasting, 1-24. 

doi:https://doi.org/10.1016/j.ijforecast.2019.05.010 

Bapat, S. R., Kothari, S., & Bansal, R. (2022, October). Sentiment Analysis of ESG disclosures on Stock 

Market. arXiv:2210.00731v1 [q-fin.CP], 1-9. 

Baruník, J., & Křehlík, T. (2018). Measuring the frequency dynamics of financial connectedness and 

systemic risk. J. Financial Econom. 16 (2), 271–296. 

Bekaert, G., & R. Harvey, C. (2000). Foreign Speculators and Emerging Equity Markets. The Journal 

of Finance , Vol. 55, No. 2, 565-613. 

Berkman, H., Jacobsen, B., & Lee, J. B. (2011). Time-varying rare disaster risk and stock returns. 

Journal of Financial Economics, 101(2), 313–332. 

Black, F., Scholes, M., & Merton, R. c. (1973). The Pricing of Options and Corporate Liabilities. Journal 

of Political Economy, Vol. 81, No. 3, 637-654 (18 pages). 

Bollen, J., Mao, H., & Pepe, A. (2009). Modeling Public Mood and Emotion: Twitter Sentiment and 

Socio-Economic Phenomena. (pp. 1-10). Bloomington-Los Angelos: Proceedings of the Fifth 

International AAAI Conference on Weblogs and Social Media (ICWSM 2011), 17-21 July 

2011, Barcelona, Spain. doi:https://doi.org/10.1609/icwsm.v5i1.14171 

Bollen, J., Mao, H., & Zeng, X. (2011). Twitter mood predicts the stock market. Journal of 

Computational Science, Volume 2( Issue), 1-8. doi:https://doi.org/10.1016/j.jocs.2010.12.007 

Boungou, W., & Yatié, A. (2022, April). The impact of the Ukraine–Russia war on world stock market 

returns. Economics Letters, 1-3. doi:https://doi.org/10.1016/j.econlet.2022.110516 

Brown, W. O., & Burdekin, R. C. (2002). German debt traded in London during the second world war: 

A British perspective on Hitler. Economica, 69(276), 655–669. 



23 
 

Cabarcos, L. M., Ada, M. P.-P., & López-Pérez, M. L. (2019). Does Social Network Sentiment Influence 

S&P 500 Environmental & Socially Responsible Index? Sustainability, 11(320). 

doi:10.3390/su11020320 

Caldara, D., & Iacoviello, M. (2022). Measuring geopolitical risk. Am. Econ. Rev., 112 (4), 1194–1225. 

Cortes, G., Vossmeyer, A., & Weidenmier, M. (2022). Stock Volatility and the War Puzzle. National 

Bureau of Economic Research: NBER Working Paper (No. 29837). 

Diebold, F., & Yılmaz, K. (2014). On the network topology of variance decompositions: Measuring the 

connectedness of financial firms. J. Econom. 182 (1). 

Ding, Z., Engle, R., & Granger, C. (1993). Long Memory Properties of Stock Market Returns and a 

New Model. Journal of Empirical Finance, 1, 83-106. 

Engle, R. F., Lilien, D. M., & Robins, R. P. (1987). Estimating Time Varying Risk Premia in the Term 

Structure: The ARCH-M Model. Econometrica, 55(2), 391-407. 

Engle, R., & Ng, V. (1993). Measuring and Testing the Impact of News on Volatility. Journal of 

Finance, 48, 1749–1778. 

Fama, E., Fisher, L., Jensen, M., & Roll, R. (1969). The adjustment of stock prices to new information. 

Int. Econ. Rev. 10 (1), 1–21.  

Frey, B. S., & Kucher, M. (2000). World war II as reflected on capital markets. Economics Letters, 

69(2), 187–191. 

Frey, B. S., & Kucher, M. (2001). Wars and markets: How bond values reflect the second world war. 

Economica, 68 (271), 317–333. 

Frey, B. S., & Waldenström, D. (2004). Markets work in war: World war II reflected in the Zurich and 

Stockholm bond markets. Financial History Review, 11(1), 51–67. 

Garcia, D., & Schweitzer, F. (2015). Social signals and algorithmic trading of Bitcoin. Royal Society 

Open Science, 1-19. 

Hodorog, A., Petri, I., & Rezgui, Y. (2022, july). Machine learning and Natural Language Processing 

of social media data for event detection in smart cities. Sustainable Cities and Society, 1-20. 

doi:https://doi.org/10.1016/j.scs.2022.104026 

Hong, H., & Stein, J. C. (1999). A Unified Theory of Underreaction, Momentum Trading, and 

Overreaction in Asset. The Journal of Finance , 1-43. 

Hudson, R., & Urquhart, A. (2015). War and stock markets: The effect of world war two on the British 

stock market. International Review of Financial Analysis, 40, 166–177. 

Izzeldin, M., Muradoglu, Y. G., Pappas, V., Petropoulou, A., & Sivaprasad, S. (2023, February). The 

impact of the Russian-Ukrainian war on global financial markets. International Review of 

Financial Analysis, 1-13. doi:https://doi.org/10.1016/j.irfa.2023.102598  

J. Shiller, R. (2000). The American Journal of Economics and Sociology (Vol. Vol. 59, No. 3). 

Princeton: The American Journal of Economics and Sociology. 

Kahneman, D., & Tversky, A. (1979). Prospect Theory: An Analysis of Decision under Risk. 

Econometrica , Vol. 47, No. 2, 263-292 (29 pages). doi:https://doi.org/10.2307/1914185 



24 
 

Kamal, M.-R., Ahmed, S., & Hasan, M. M. (2023, April). The impact of the Russia-Ukraine crisis on 

the stock market. Pacific-Basin Finance Journal, 1-27. 

doi:https://doi.org/10.1016/j.pacfin.2023.102036  

Kevin, H., D. G., & Eziz, D. (2021). Twitter Sentiment Analysis for Predicting Stock Price Movements. 

Stanford University, Department of Computer Science, USA. doi:CS230: Deep Learning, 

Winter 2018, Stanford University, CA. (LateX template borrowed from NIPS 2017.) 

Liadze, I., Macchiarelli, C., Mortimer-Lee, P., & Juanino, P. (2022). The economic costs of the Russia-

Ukraine conflict. NIESR Policy Pap(32). 

Liao, S. (2023, February). The Russia-Ukraine Outbreak and the Value of Renewable Energy. 

Economics Letters, 1-20. doi:DOI: https://doi.org/10.1016/j.econlet.2023.111045 

Liu, Q., Wang, X., & Du, Y. (2022, December). The weekly cycle of investor sentiment and the holiday 

effect- An empirical study of Chinese stock market based on natural language processing. 

Heliyon, 1-14. doi:https://doi.org/10.1016/j.heliyon.2022.e12646 

M. Barber, B., & Odeon, T. (2001). BOYS WILL BE BOYS: GENDER, OVERCONFIDENCE, AND 

COMMON STOCK INVESTMENT. QUARTERLY JOURNAL OF ECONOMICS, 1-32. 

Moat, H., Curne, C., Avakian, A., Kenett, D., Stanley, E., & Preis, T. (2013). Quantifying Wikipedia 

usage patterns before stock market moves. Sci. Rep, 3 (1801). 

Neifar, M. (2020, March 17). Stock Market Volatility Analysis: A Case. Munich, Germany. Récupéré 

sur https://mpra.ub.uni-muenchen.de/99140/ 

Neifar, M., Charfeddine, S., & Kammoun, A. (2022). Financial Performance of Islamic Versus 

Conventional Banks a Comparative Analysis for Jordan. International Journal of Economics 

and Financial Issues, 12(6), 65-74. doi:DOI: https://doi.org/10.32479/ij 

Nguyen, D. Q., Vu, T., & Nguyen, A. T. (2020, November). BERTweet: A pre-trained language model 

for English Tweets. Association for Computational Linguistics, 1-6. doi:Proceedings of the 

2020 EMNLP (Systems Demonstrations), pages 9–14 

Nyakurukwa, K., & Seetharam, Y. (2023, February ). The evolution of studies on social media sentiment 

in the stock market: Insights from bibliometric analysis. Scientific African, 1-11. 

doi:https://doi.org/10.1016/j.sciaf.2023.e01596 

Oh, C., & Sheng, O. (December, 2011). Investigating predictive power of stock micro blog sentiment 

in forecasting future stock price directional movement. In Proceedings of the ICIS, Association 

for Information Systems, (pp. 1-19). Shanghai, China. 

Paes Herrera, G., Constantino, M., Su, J.-J., & Naranpanawa, A. (2022, September). Renewable energy 

stocks forecast using Twitter investor sentiment and deep learning. Energy Economics, 1-11. 

doi:https://doi.org/10.1016/j.eneco.2022.106285 

Piñeiro-Chousa, J., López-Cabarcos, M., Pérez-Pico, A., & Ribeiro-Navarrete, B. (2018). Does social 

network sentiment influence the relationship between the S&P 500 and gold returns? Int. Rev. 

Financ. Anal., 57, 57-64. 

Poterba, J. M., & Summers, L. H. (1984, September ). THE PERSISTENCE OF VOLATILITY AND 

STOCK MARKET FLUCTUATIONS. National Bureau of Economic Research , pp. 1-34. 

doi:DOI 10.3386/w1462 



25 
 

Preoţiuc-Pietro, D., Volkova, S., Lampos, V., Bachrach, Y., & Aletras, N. (2015). Studying User Income 

through Language, Behaviour and Affect in Social Media. PLOS ONE. doi:DOI: 

10.1371/journal.pone.0138717 

Qing, L., Woon-Seek, L., Minghao, H., & Qingjun, W. (2022, September). Synergy between stock 

prices and investor sentiment in social media. Borsa Istanbul Review, 1-17. 

doi:https://doi.org/10.1016/j.bir.2022.09.006 

R.H. Thaler, C. S. (2008). Nudge: Improving Decisions About Health, Wealth and Happiness. New 

Haven: Yale University Press. 

Ranco, G., Aleksovski, D., Caldarelli, G., Grčar, M., & Mozetič, I. (2015, September). The Effects of 

Twitter Sentiment on Stock Price returns. Plos One, 1-21. doi:PLOS ONE | 

DOI:10.1371/journal.pone.0138441 

Ranjan, J. P., & Majhi, R. (2022, November). Are Twitter sentiments during COVID-19 pandemic a 

critical determinant to predict stock market movements? A machine learning approach. 

Scientific African, 1-11. doi:https://doi.org/10.1016/j.sciaf.2022.e01480 

Reinhart, C., & Rogoff, K. (2009). This Time Is Different: Eight Centuries of Financial Folly. Maryland-

Havard: Princeton University Press. 

Renault, T. (2019, September). Sentiment analysis and machine learning in fnance: a comparison 

of methods and models on one million messages. Digital Finance, 1-13. 

doi:https://doi.org/10.1007/s42521-019-00014-x 

S. Nye, J. (2002). The Paradox of American Power: Why the World’s Only Superpower Can’t Go It 

Alone. Oxford: Oxford University Press. 

Sabherwal, S., Sarkar, S., & Zhang, Y. (2011). Do Internet stock message boards in- fluence trading? 

Evidence from heavily discussed stocks with no fundamental news. J. Bus. Financ. Account., 

38, 1209–1237. 

Schaeffer, R., Borba, B., Rathmann, R., Szklo, A., & Branco, D. (2012). Dow Jones sustainability index 

transmission to oil stock market returns: A GARCH approach. Energy, 45, 933–943. 

Shleifer, A., & W. Vishny, R. (1997). The Limits of Arbitrage. The Journal of Finance, Vol. 52, No. 1 , 

35-55 (21 pages). doi:https://doi.org/10.2307/2329555 

Sinha, A., Kedas, S., Kumar, R., & Malo, P. (2022, February India-Finland). SEntFiN 1.0: Entity-aware 

sentiment analysis for financial news. Association for Information Science and Technology, 1-

22. doi:DOI: 10.1002/asi.24634 

Sprenger, T. O., Tumasjan, A., Sandner, P. G., & Welpe, I. (2014). Tweets and Trades: the Information 

Content of Stock Microblogs. European Financial Management. doi:DOI:10.1111/j.1468-

036X.2013.12007.x 

Tuckett, D., & J., T. (2011). Emotional Finance: The Role of the Unconscious in Financial Decisions. 

London: The Research Foundation of CFA Institute. doi:DOI:10.1002/9781118258415.ch6 

Umar, Z., Bossman, A., Choi, S.-Y., & Vo, X. V. (2022, October). Are short stocks susceptible to 

geopolitical shocks? Time-Frequency evidence from the Russian-Ukrainian conflict. Finance 

Research Letters, 1-9. doi:https://doi.org/10.1016/j.frl.2022.103388  

Waldenström, D. &. (2008). Did Nordic countries recognize the gathering storm of world war II? 

Evidence from the bond markets. Explorations in Economic History, 45(2), 107–126. 



26 
 

Wisniewski, T. P. (2016). Is there a link between politics and stock returns? A literature survey. 

International Review of Financial Analysis, 47, 15–23. 

WorldBank. (2022b). Developing economies must act now to dampen the shocks from the Ukraine 

conflict. WorldBank.Org. Retrieved from. Récupéré sur 

https://blogs.worldbank.org/voices/developing-economies-must-act-now-dampen-shocks-

ukraine-conflict?cid=ECR_TT_worldbank_EN_EXT 

Wu, F.-l., Zhan, X.-d., Zhu, J.-q., & Wang, M.-h. (2023, April). Stock market volatility and Russia–

Ukraine conflict. Finance Research Letters, 1-14. doi:https://doi.org/10.1016/j.frl.2023.103919 

Xiang, C., Zhang, J., Li, F., Fei, H., & Ji, D. (2022, May). A semantic and syntactic enhanced neural 

model for financial sentiment analysis. Information Processing and Management, 1-15. 

doi:https://doi.org/10.1016/j.ipm.2022.102943 

Yousaf, I., Patel, R., & Yarovaya, L. (2022). The reaction of G20+ stock markets to the Russia-Ukraine 

conflict ‘black-swan’ event: evidence from event study approach. SSRN Electronic J. doi: 

https://doi.org/10.2139/ssrn.4069555 

Zeitun, R., Ur Rehman, M., Ahmad, N., & Vinh Vo, X. (2022, November ). The impact of Twitter-

based sentiment on US sectoral returns. North American Journal of Economics and Finance, 1-

16. doi:https://doi.org/10.1016/j.najef.2022.101847  

Zvonarev, A., & Bilyi, A. (2019). A Comparison of Machine Learning Methods of Sentiment Analysis 

Based on Russian Language Twitter Data. CEUR-WS.org/Vol-2590/short35.pdf, 1-7. 

 


