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Abstract
This dissertation assesses the predictability of stocks´ market returns based on the on the previous day´s cross-sectional market-wide behavior. Our main assumption is that herding may lead to prices deviation from their fundamental value, contradicting stock market efficiency hypothesis in financial theory. Allied to the previous fact, various studies documented that herding may lead to overreaction and result in subsequent price reversals.
Our main hypothesis suggests that daily stock market returns may be higher (lower) following trading days characterized by negative (positive) market returns and high levels of herding. 
For that purpose, our focus was directed to the UK market, on a sample of 331 companies from the FTSE All-share index.
Additionally, an empirical quantitative methodology (an empirical market research) is used to test the main hypothesis, according to structure set by Kudryavtsev (2019). 
Our results do not show herding effect on the following day´s market returns (element of overreaction), regardless if the value of the market return itself is controlled for.
Essentially, the outcome indicates that there is some degree of positive serial correlation in market returns, and especially, that the herding effect on the next day’s stock market returns could be partially driven by the magnitude of the market returns themselves.
Furthermore, this dissertation could be useful for financial literature, mostly in the debate over stock market efficiency, since our findings do not show any signs of market anomalies such as an overreaction which could drive prices away from their fundamental value and lead to a price reversal on the following day. On the practical side, the results could be useful for future trading strategies where investors could invest in a perfect stock market if the previous day is characterized by high levels of herding and positive market returns, especially on days characterized by stable returns.
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Resumo
Esta dissertação avalia a previsibilidade dos retornos de mercado baseado no comportamento de medidas de dispersão transversais do dia anterior. O nosso principal pressuposto é que o fenómeno herding conduz ao desvio dos preços de mercado do seu valor intrínseco, contrariando a hipótese da eficiência de mercado, na teoria financeira. Diferentes estudos documentam que herding pode levar a um elemento de sobre reação que resulta na respetiva reversão dos retornos de mercado. 
O nosso pressuposto é que os retornos diários do mercado acionista podem ser maiores (menores) seguidos de uma atividade de mercado caracterizada por retornos negativos (positivos) e altos níveis de herding. 
Assim, o nosso foco foi para o mercado acionista do UK, composta por uma amostra de 331 constituintes extraídos do índice FTSE All-share. Adicionalmente, uma metodologia empírica quantitativa (metodologia de mercado) foi escolhida, com base no trabalho elaborado por Kudryavtsev (2019). 
Os resultados indicam que o efeito herding não afeta os retornos de mercado no dia seguinte (não existe nenhum elemento de sobre reação), mesmo quando os retornos estão controlados. Essencialmente, isto indica que existe algum grau de correlação positivo nos retornos e que o efeito herding no dia seguinte pode ser parcialmente afetado pela própria magnitude do mercado.
Esta dissertação pode ser uma mais valia para a literatura financeira, principalmente em conteúdos relacionados com a eficiência do mercado, uma vez que os nossos resultados não demonstram qualquer anomalia detetada de sobre reação dos preços, que por sua vez levariam ao desvio dos mesmos do seu valor intrínseco e, consequentemente, a uma reversão no dia seguinte. Na prática, os nossos resultados mostram ser úteis para estratégias de mercado onde os investidores poderiam investir num mercado perfeito se a atividade no dia anterior fosse caracterizada por altos níveis de herding e retorno positivos, especialmente caracterizados por retornos estáveis.
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Literature suggests that herding is a phenomenon which can result from rational incentives or cognitive bias (Devenow & Welch, 1996). In addition, herding can be spurious or intentional. The former refers to a set of decisions which have similar underlying information (Bikhchandani & Sharma, 2001), whereas the latter is a situation where investors follow each other’s trading strategies, inferred by movements in the market, independently of their own beliefs (Hwang & Salmon, 2004). Several approaches were done to study the phenomenon, from theoretical reviewing (Avery & Zemsky, 1998; Lee, 1998; Park & Sabourian, 2006; Cipriani & Guarino, 2008) to empirically documentation, in both laboratory experiments (Cipriani & Guarino, 2005; Drehmann et al., 2005; Cipriani & Guarino, 2009) and real market situations (Lakonishok et al., 1992; Grinblatt et al., 1995; Wermers, 1999; Kudryavtsev, 2019).
One important aspect when studying the phenomenon is that herding may lead to prices deviations from their fundamental value, contradicting stock market efficiency hypothesis in financial theory (Hwang & Salmon, 2004; Brown et al., 2014). Allied to the previous fact, various studies documented that herding may lead to a price overreaction and consequently result in a price reversal (Dasgupta et al., 2011; Thaler, 2015; Hu et al., 2018; Kudryavtsev, 2019). 
The present study examines the effect of herding on stock market returns. The literature mentioned previously focuses more on individual investors and documented subsequent price reversals usually in the medium and long term, while the present study focuses more on the market-wide behaviour and looks for subsequent price reversals on the following day. The hypothesis is that if a given trading day was characterized by relatively high levels of herding this may potentially mean that this day’s market index return was, at least, partially driven by herding and may have a component of overreaction, so that on the next trading day, investors revert their position on the market.
We hypothesize that daily stock market returns (MRs) should be higher (lower) following trading days characterized by negative (positive) market returns and high levels of herd behaviour.
The analysis was performed using the empirical methodology used by the author Kudryavtsev (2019) in its study for the US market.  To the analysis of herding effect on the following day´s market returns, the focus was a sample of 331 companies of the FTSE All-share index.
This study will complement the current literature (Puckett & Yan, 2008; Kremer & Nautz, 2013; Shapira et al., 2014; Kudryavtsev, 2019) concerning the implications of herding over market-wide stock returns in the short-run, since the current literature regarding the theme is short and, as previous mentioned, our focus will also reflect short term effects, mainly on one of the major markets in Europe, the UK stock market.
Contrary to the results obtained in the US stock market and regardless of the regression model employed, herding effect on the FTSE All-share index do not influence the following day´s market returns (does not drive to an element of overreaction), even whereas the value of the market return itself is controlled for.
Essentially, these results indicate that there is some degree of positive serial correlation in market returns, and especially, that the herding effect on the next day’s stock market returns could be partially driven by the magnitude of the market returns themselves.
For this purpose, we will first present the second chapter which gathers the current literature regarding the topic and the hypothesis underlying the study. Then, the third chapter describes the methodology used and the data description is also displayed. Subsequently, in chapter four, we perform a detailed analysis of our main results. Finally, in the last chapter (chapter five) we report, comprehensively, our conclusions and thorough thoughts on the theme.
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Literature Review and Research Hypothesis
This chapter is intended to explain some of the main literature regarding evidence of herding in financial markets, mainly its drivers and implications. Herding can have major implications on market returns and therefore great effort should be applied when studying herding and the length of its influence. Thus, part of the following literature will show how the existing research addresses gaps and contributes with new knowledge, specifically on the short-term herding effect in the stock market returns, hoping that this study could contribute even further to understand what can be made, i.e., strategies, to take advantage of such phenomenon.
[bookmark: _Toc60771157]Literature Review
Regarding this field of study, we found several sources on information, and for this reason we will divide the literature into subsections that address different aspects, from the definition of herding itself, drivers or fundamentals, herding measures and its implications, primarily on financial market returns. Moreover, we will organize it into different existing sources, from different disciplines or fields that use a variety of research methods (empirical) and the foundation for the theoretical framework, in order to compare results that emerge from different approaches.
[bookmark: _Toc60771158]Herd behavior
Herding, in its most irrational state, is defined as a phenomenon where people think and behave in the same way as others, leading to different decisions from the ones they would take if they were alone (Hwang & Salmon, 2004). The pressure of being alone on decisions, an “outcast”, turns out to be a belief that so many people cannot be wrong and maybe they know something that we do not know. In financial terms, herding is a behaviour where investors tend to observe the others market movements and take simultaneously decisions, despite no coordination, instead of looking to their own information due to lack of individual judgement. According to Devenow and Welch (1996), there are two views of herding: non-rational and rational views. The non-rational view centres on investor psychology and state that agents behave like “lemmings”, following each other, foregoing rational analysis as previously mentioned. The rational view centres on externalities, optimal decision-making being distorted by information difficulties or incentive issues. For instance, the payoffs to an agent adopting an action increases in the number of other agents adopting the same action, inferring information from the actions of prior agents, ignoring their own information to act similarly. Therefore, some authors argue that herding results from rational incentives (Shleifer & Summers, 1990; Calvo & Mendoza, 2000; Chari & Kehoe, 2004), while others believe that results from a cognitive bias (Lux, 1995; Devenow & Welch, 1996). Herding can be spurious or intentional. The former refers to a set of investment choices owing with the same underlying information environment (Bikhchandani & Sharma, 2001), whereas the latter is a situation where investors follow each other’s trading decisions independently of their own private information (Hwang & Salmon, 2004).
According to Kudryavtsev (2019), herd behaviour helps to explain market-wide anomalies and inefficiencies. Investors, individually, cannot influence enough the market to lead to price movements, but if a large group behaves alike (i.e., herd) it can guide to an anomalous effect. The latter phenomenon tells that herding can lead to market price failing to reflect all relevant information or even to process the correct information, triggering movements that could shift market towards inefficiency.
[bookmark: _Toc60771159]Herd drivers
[bookmark: _Toc60771160]Theoretical Research
According to the efficient market hypothesis (Fama, 1965, 1970, 1998), in the market “given the available information, actual prices at every point in time represent very good estimates of intrinsic values”, show us that price adjusts automatically to the order flow, i.e., incorporate all relevant information, which should narrow the scope of herding behaviour. Moreover, one condition for rational traders to herd is the presence of uncertainty. Different sources or dimensions of information, such as dispersion and transaction costs (Avery & Zemsky, 1998) and quality of information (Lee, 1998) can lead to mispricing. Again, in accordance with the theory, multiple dimensions of uncertainty can distort the price mechanism. In the same line, Cipriani and Guarino (2008) emphasize that asset prices can remain different from the fundamental value, depending on the precision of private information and on the degree of heterogeneity across participants. Park and Sabourian (2006) say that people may be subject to herding if and only if there is enough noise (non-informational trade, for instance, liquidity or hedging purposes), and their information leads them to believe that extreme outcomes are likely, or even due to reputation concerns. 
[bookmark: _Toc60771161]Empirical Research
[bookmark: _Toc60771162]Laboratory Market Research
Relatively to the Empirical review, there is a dominant problem among empiricists: “herding” means making the same decision independently of the private information that traders have. The problem is that there are no data on the private information available to traders and, therefore, it is difficult to understand whether traders act in the same way because they ignore their own information and imitate or, for instance, react to the same public information (Kudryavtsev, 2019).
In the laboratory environment is possible to observe private information that subjects have when making their decisions, and therefore turning possible to test herding. Given this, some authors (Cipriani & Guarino, 2005; Drehmann et al., 2005; Cipriani & Guarino, 2009) tested for herd behaviour in controlled environments, i.e. laboratory financial markets, and documented behaviours consistent with herd drivers, reviewed by theory. Cipriani and Guarino (2005) says that herd is also in line with financial theory. However, they observe a phenomenon not accounted for, where subjects decide not to use their private information and choose not to trade. In other cases, they ignore their private information to trade against the market (contrarianism). Moreover, Cipriani and Guarino (2009) compare two treatments: one in which the price adjusts to the order flow in such a way that herding is not possible, and one in which the presence of event uncertainty makes herding possible. Conclusions were equally drawn comparing to their previous study, except for the fact that in their second treatment, the proportion of herding decisions increases, but not as much as the financial theory suggests.
Drehmann et al. (2005) present results of a large-scale Internet experiment, where they did not find evidence for herding  in their experiment, according to what theory says. However, subjects do not always follow their private information  and, again, engage in contrarianism. The interpretation is that subjects have doubts about the others´rationality and consequently do not trust their decisions and engage in contrarian behavior. Neverthelesss, herd behavior driven by informational externalities, does not seem to descredit herding in financial markets supported on information-based explanation, as, for example, reputation concerns and payoff externalities.
[bookmark: _Toc60771163]Real Market Research: Institutional and Individual Herding
In terms of Institutional herding evidence, more specifically on US mutual funds and other similar investors, Lakonishok et al. (1992) present higher evidence on herding for smaller stocks comparing to large stocks, which constitute most institutional trading. They conclude that there is no solid evidence in institutional investors destabilize prices of individual stocks. Instead, appears that institutions follow a range of strategies and that their trades offset each other without having a large impact on prices, but this does not rule out the fact that money managers follow each other in market-timing strategies, or herding is possible in individual stocks when measured at shorter intervals such as daily or weekly, and contrary to the observed, their trading to have relatively large effects on stock prices. In the same line, Grinblatt et al. (1995) found evidence that US mutual funds have a tendency to buy stocks based on their past returns, and that they tend to buy and sell the same stocks at the same time (i.e., herd). However, there was a significant degree of cross-sectional dispersion across funds (i.e. lack of consensus) in their tendency to buy past winners. Finally, on US mutual funds, Wermers (1999) found higher level of herding in small stocks and in trading by growth oriented mutual funds. They also found that stocks bought by herds have, on average, future returns that are higher than stocks sold by herds, especially pronounced among small stocks. 
Galariotis et al. (2015) test for market consensus for US and UK leading stocks, indicating that US investors tend to herd during days where macro data are released. In US, investors herd due to both fundamental and non-fundamental information during different crises, whereas in the UK herding is due to fundamentals.
Outside the US, several studies were performed, for instance, on UK where herding is found among managers of equity mutual funds using Lakonishok et al. (1992) herding measure. Herding increases in the number of managers trading a particular stock over a period and is larger for the smallest and the largest stocks, with the same conclusions as in the US reviews. In contrast, UK mutual fund managers are found to undertake contrarian trading, indicating higher herding in stocks where fewer managers trade. This is evidence that the group is separate from the rest of the market in its trading behaviour and stands out as an important empirical input into understanding the equilibrium in markets whre traders are heterogeneous (Wylie, 2005). Hudson et al. (2020) also find in the UK, evidence of fund managers´herding behaviour, which suggests they are likely to herd on market portfolio, size and value factors, where investor sentiment may also account as one of the sources.
In Portugal, Lobao and Serra (2007) tested for herding in Portuguese mutual funds, employing again the LSV herding measure by Lakonishok et al. (1992). Authors find strong evidence of herding behaviour, being the effect stronger in mature markets. Moreover, herding effect seems to affect purchases and sales of stocks. Additionally, it seems to be a stronger tendency to herd among medium-cap funds rather than very large or very small funds, and among funds, where herding decreases when the stock market is doing well or is more volatile. Other studies regarding evidence of herding behaviour on Institutional investors were performed in Germany, where authors (Wermers, 1999; Frey et al., 2014) find evidence on herding mutual funds ‘markets, while Kremer and Nautz (2013) find evidence of herding in a daily basis for institutional investors; in France (Arouri et al., 2010) also find evidence of herding in mutual funds ‘markets and, in Poland, evidence on pension fund investors (Voronkova & Bohl, 2005).
For individual investors, less studies are found. Again, in Germany  (Dorn et al., 2008) find that individual traders appear to be mainly coordinated by speculative motives, moving together into stock. A German broker’s clients place similar speculative trades and therefore tend to be on the same side of the market. Venezia et al. (2011) found, in Israel, a herding propensity among both amateur and professional investors and conclude that the tendency to herd is lower in professionals, which may be attributable to superior financial training. The authors also found that herding depends on the firm’s risk and size, and the professionals are less prone to these variables as the previous author concludes. Given the facts, most of the results are consistent with the theory that herding is positively and significantly correlated with stock market returns’ volatility. Regarding the US (Barber et al., 2009), individual investors are not likely to be driven by factors proposed to explain institutional herding, as psychologically motivated trading behaviour may account for much of the correlation in individual investor and thus, this noise traders do have the potential to affect asset prices because their noise is regular. In China Feng and Seasholes (2005), individual’s behaviour was followed from the start of his investing life/career. The results are robust to alternative explanations such as feedback trading, calendar effects, and frequency of observation. 
Akinsomi et al. (2018) observed investors and traders (market wide) in UK-listed Real Estate Investment Trusts (REITs) and found substantial evidence of herding behaviour within the low volatility regime. Kudryavtsev (2019) analysed the US market wide herd behaviour. The author was able to find evidence of herd behaviour and subsequent effects on the following day´s market returns.
[bookmark: _Toc60771164]Herding fundamentals
When searching for distinctive patterns and characteristics among herd behavior, Chen et al. (2003) find that domestic investors are more informed about individual stocks than foreign investors and, therefore, herding behavior is most likely to occur among foreign investors when information is not widely available. Moreover, during periods of extreme price movements, herding is more pronounced in foreign participants due to lack of fundamental and private information (i.e., inefficient information). In the same line, Tan et al. (2008) find evidence in the Chinese stock market of herding by domestic individual and foreign institutional investors, where it occurs in both rising and falling market conditions. The authors also documented that herd is more pronounced under conditions of rising markets, high trading volume, and high volatility. Zhou and Lai (2009) find that herding in Hong Kong stock exchange tends to be more pervasive with small stocks and in economic downturns, and that investors are more likely to herd when selling rather than buying stocks.
Chiang and Zheng (2010) used daily data of 18 countries and find evidence of herding in advanced stock markets (except the US) and in Asian markets (developing markets). Herding is present in both up and down markets, although herding is more profound in Asian markets during rising markets. Evidence suggests that crisis may triggers herding activity in country of origin and then produces a contagious effect. Likewise, Merli and Roger (2013)  by studying French individual investors, find that herding is much more pronounced for individual investors than for institutional ones. Additionally, the authors show that sophisticated investors are less prone to herding but, when faced with negative performance, investors tend to herd in the next period. 
For Chong et al. (2016) herd behavior in the Chinese stock market is found in both the up and down markets. It is also shown that features such as analyst recommendation, short-term investor horizon, and risk are the principal drivers of herding.  Gleason et al. (2003) searched for herding behavior on European futures markets. Using Christie and Huang (1995) herding model, they are able to identify herding behavior and that herding is not present in futures markets, where investors act on their beliefs, rather than on consensus, eliminating the need for individuals to depend on perceived consensus. With the same outcome, Gleason et al. (2004) examine whether traders herd using the sector of Exchange Traded Funds (ETFs) on the American Stock Exchange, concluding that investors do not herd during periods of extreme market movements using ETFs.
[bookmark: _Toc60771165]Measuring Herding
Several empirical methodologies have been employed for measuring herd behaviour. Lakonishok et al. (1992) presented evidence on the herding of US institutional money managers developing a measure that analyses the buying pressure on a given asset for specific sub-groups (e.g., pension funds, mutual funds, individual investors). In other words, by assessing the degree of correlation across money managers in buying and selling a given stock is possible to identify herd behaviour. Each market purchase is balanced by a sale, so that the number of buyers is equal to the number of sellers. Nonetheless, for a given sub-group of investors, a disproportionate number of money managers can buy (sell), indicating that the investors composing the sub-group display herd behaviour, ending up on the same side of the market in each asset for a given period.
Wermers (1995) by analysing a portfolio of holdings of mutual funds, proposes a portfolio-change measure, where herd behaviour is quantified by the extent to which portfolio weights committed to the various stocks by different money managers move in the same direction.
Christie and Huang (1995) tested for herd behaviour in the US equity market using the cross-sectional standard deviation of returns (i.e., returns´ dispersion) called CSSDs. When individual returns herd around the market consensus, dispersions are predicted to be relatively low. In contrast, rational asset pricing models predict an increase in dispersion because individual returns are repelled away from the market return when stocks differ in their sensitivity to market movements. By quantifying the degree to which asset returns tend to rise and fall in accordance with portfolio return, this measure captures the key attribute of herd behaviour. Therefore, dispersions are predicted to be low when herd behaviour is present. In other words, during large market movements, a reduction of CSSD is indicative of the existence of herd behaviour.
Chang et al. (2000) examined the investment behaviour of market participants within different international markets (i.e., US, Hong Kong, Japan, South Korea, and Taiwan), using a variant of the methodology used by Christie and Huang (1995). When return dispersion is measured by the cross-sectional absolute deviation of returns (CSAD), if market participants are more likely to herd during periods of large price movements, there would be a less than proportional increase (or even decrease) in the measure applied. This measure is less subject to the influence of outliers than CSSD is the implemented measure. The implication from a rational asset pricing model assumes that there is a linear and positive relation between CSAD and market return, which decreases (increases) with the respective market movement, supporting the existence of herd behaviour.
Hwang and Salmon (2004) suggest that herding may be detected through examining cross-sectional dispersion of the factor sensitivity, i.e., the beta. Authors like Kudryavtsev (2019) used both measures cross sectional absolute deviation of returns (CSAD) and cross-sectional standard deviation of returns (CSSDs) to test for herd behaviour effects.
[bookmark: _Toc60771166]Herding Effects
Hwang and Salmon (2004) establish an approach to detecting and measuring herding from common movements in asset returns induced by movements in fundamentals, analysing herding in the US and South Korean stock. The evidence shows significant movements and persistence independently from given market conditions, in both bull and bear markets. Herding leads to mispricing as rational decision are biased by views of expected returns and risks. Therefore, assets will be biased away from their equilibrium values, and their dispersion is smaller than it would be in equilibrium.  In the context of the Efficient Market Hypothesis, herd behaviour pushes asset prices away from the equilibrium proposed by traditional financial theory, leading to prices that no longer reflect the true value of companies, and thus reflecting market inefficiency.
Similarly, Dasgupta et al. (2011) shows that career-concerned money managers trade with dealers endowed with market power and exhibit a tendency to imitate past trades. This tendency is exploited by dealers and thus affects prices. In equilibrium, institutional herding positively predicts short-term returns but negatively predicts long-term returns. Assets persistently bought (sold) by money managers trade at prices that are too high (low), thereby generating return reversals in the long term. Additionally, when there are enough institutional traders, the equilibrium generates a positive correlation between institutional herding and short-term returns.
For Brown et al. (2014) positive revisions result in a herd of mutual funds buying a stock, whereas negative revisions result in a herd of funds selling, reacting more strongly to analyst downgrades than upgrades, leading to price pressure on stocks. Again, managers with greater career concerns tend to follow analyst revisions more strongly, whereas mutual funds react strongly, causing sometimes return reversals, mainly by fund managers with high career concerns. This supports the supposition that analyst induced herding is driven partially by noninformation related incentives.
In line with the previous authors, Thaler (2015) argues that herding may seriously drive stock prices away from their fundamental values, or in upward direction or in downwards, leading to price overreaction and subsequent price reversals, invalidating efficient market hypothesis that market can’t be beaten and prices are “right.”.
Also, Hu et al. (2018) concluded that returns of the contrarian strategy in China’s stock market are significant, where most loser stocks with a high degree of mutual fund herding outperform loser stocks with a low degree of mutual fund herding, announcing that the profitability depends on the degree of mutual fund herding. For that reason, investors should buy loser stocks with a high degree of herding and sell winner stocks with a low degree of herding, and consequently that payoff of contrarian strategies is positively related to the herding effect.
At last, Kudryavtsev (2019) showed that herding may lead to stock price overreaction and result in subsequent price reversals, suggesting that daily stock market returns should be higher (lower) following trading days characterized by negative (positive) market returns and high levels of herd behaviour. The herding effect on the next day’s stock market returns appeared to be more clear-cut following days when the sign of the market return corresponds to the direction of the longer-term stock market proneness and large stock market movements.
[bookmark: _Toc60771167]Research Hypothesis
The main objective of our research is to demonstrate that short-term herding influences stock market index returns. In other words, evaluate if a specific day of the market wide activity characterized by significant levels of herding, would lead the index price to be partially driven by herding effect and consequently to a price overreaction. Therefore, on the next trading day, the tendency of investors might be to offset the previous overreaction with reversals, leading to an opposite market activity from the previous day. 
In short, the research will concentrate on the market-wide herd behaviour (i.e., on stock prices predominantly moving in the same direction) and identifying immediate reversals or other effects that might arise in the stock market index.
The literature studied previously also find that herding may lead to an overreaction and to price reversals (Dasgupta et al., 2011; Brown et al., 2014; Thaler, 2015; Hu et al., 2018; Kudryavtsev, 2019).
In light with the previous arguments, our main hypothesis is to define the design of the testing framework that it will be set according to Kudryavtsev (2019) proposes in its study, for the empirical evidence of short-term herding effect in market-wide prices, following trading day´s market returns.
The research hypothesis to be tested is as follows:
· H1. Daily stock market returns should be higher (lower) following trading days characterized by negative (positive) market returns and high levels of herd behaviour.
This means that if the null hypothesis is rejected or the test shows to be statistically significant, high levels of herding lead to price deviations from their fundamentals and consequently price overreaction, which is detect on the next trading day and therefore leads to immediate reversals. A rejection of H1 confirms otherwise and therefore, high levels of herding has no impact on the phenomenon, which could be oppositely explained by the magnitude of the market returns themselves.

[bookmark: _Ref56781992][bookmark: _Ref57758854][bookmark: _Ref57759059][bookmark: _Ref57759073][bookmark: _Toc60771168]Methodology and Data
[bookmark: _Toc60771169]Methodology
The aim of this study is to test if herding has effect on the next day’s market returns, even when we control for the value of the market return itself. As naturally, a set of variables will be established, where the returns´ behaviour on a determined trading day can be observed as a function of the causes, i.e., herding on the previous day. 
For that purpose, an empirical quantitative methodology (an empirical market research) will be used to test the main hypothesis, according to structure set by Kudryavtsev (2019), when studying the phenomenon on the S&P 500 index returns, representative of the US market. In our research we will focus on the UK market, using a sample of 331 companies from the FTSE All-share index, from a 20-year period of 2000 to 2019. Oppositely to most of the studies, which centres on the consequences in the mid-term and long-term, this study will concentrate on short-term, since the analysis will reflect the results on the following trading day returns. The daily market shares obtained from our sample will also be used to calculate, i.e., quantify, the level of herding.
Given the facts, the process will be two-fold, conforming to:
1. Test if the herding effect on the next day´s stock market return is significant, using cross sectional methods to capture herd behaviour, since a smaller cross-sectional dispersion of returns indicates coextending movement with the cross-sectional mean return, impelling towards some type of market consensus.
2. Test if the herding effect on the next day’s stock market returns remains significant if the value of the market return itself is controlled for, following a time-series regression.
[bookmark: _Toc60771170]Variables
[bookmark: _Toc60771171]Herding Measures
When individuals herd around the market consensus, market returns dispersions are predicted to be relatively low, since their behaviour (both selling or buying) follows the tendency of the market, and not any other reasons such as their fundamental or private information.  Therefore, in the presence of herding, the returns´ cross-sectional dispersion factor should be low.
In the view of the fact, two alternative measures will be presented:
1) CSSD of stock returns: Introduced by (Christie & Huang, 1995), this measure tests for herd behaviour in the US equity market. CSSD is a measure which evaluates the average immediacy of individual stock returns to the market returns for each given day t,
	
	
	(3.1)


where  is stock i’s return on day t;  is the cross-sectional average return of all constituent´s stocks on day t, in which is attributed equally weighted for each t day; and  represents the number of stocks in the total sample. According to this measure, in the presence of herd behaviour, stock´s returns would not deviate too far from the average return. Therefore, low values of CSSD should be an indication of generalized market consensus i.e., a sign of herding.
2) CSAD of stock returns: Introduced by (Chang et al., 2000), this measure tests for herd behaviour within different international markets. In the same way as our previous measure, for each given day t, CSAD is calculated as follows:
	
	
	(3.2)


Mathematically speaking, the only difference regarding this measure, is that the stocks is returns on day t to the cross-sectional average return on stock i´s returns on day t is set between modules, instead of powering to the square and then divide the total formula to by the square root.
Consequently, CSAD is less subject to the influence of outliers, i.e., of daily stock returns significantly deviating from the cross-sectional average. Moreover, low values of CSAD may be a sign of herding as also indicated by CSSD measure.
[bookmark: _Toc60771172]Time-series regression: OLS and VAR models
As previous mentioned, we will perform a time-series regression. The basic concept is that we will forecast the time series of interest i.e., the dependent variable, with a linear relationship with other time series, the independent variables as previously displayed. For that purpose, we have chosen two different time-series models: The Ordinary Least Squares estimation and the Vector Autoregression estimation.
[bookmark: _Toc60771173]Ordinary Least Squares regression (OLS) 
The multifactor linear regression denominated by Ordinary Least Squares model is the method which minimizes the sum of the square differences between the observed and predicted values. Is considered a strategy to draw a ‘straight line’ which is as close as possible to the data points, since the outputs of the regression (coefficients) are unbiased estimators of the real values. OLS regression assumes that all residuals are drawn from a population that has a constant variance, i.e. homoscedasticity. In datasets that have a large range between the largest and smallest observed values, it often occurs a systematic change in the spread of the residuals over the period, which is denominated by heteroscedasticity. To satisfy the assumption that all residuals have constant variance (homoscedasticity) the white heteroscedasticity-consistent standard errors are employed in the regression. This former test is typically used in the context of robustness against heteroskedasticity.
[bookmark: _Toc60771174]Vector Autoregression model (VAR)
A flexible alternative to the traditional structural system of equations is the Vector autoregressive model (VAR). The model fits a multivariate time-series regression of the dependent variables on lags of itself and on lags of all the other dependent variables. The VAR model is flexible and simple to use for the analysis of multivariate time series. It often provides superior forecasts to those from univariate time series models (Zivot & Wang, 2006). The structure is that each variable is a linear function of past lags of itself and past lags of the other variables, in our case one-day lag. Furthermore, estimates are also efficient in that all equations have identical regressors which minimizes the variation in each one, decreasing the probability of autocorrelation and collinearity due to stronger and consistent estimates.
[bookmark: _Toc60771175]Sample
[bookmark: _Toc60771176]Data
As previously mentioned, the purpose of this study is to replicate the research made by Kudryavtsev (2019), but instead of performing in the US market, our focus turn to one of the most relevant European market, the UK stock market, which is considered to be the second largest stock market exchange in terms of market capitalization (Department, 2020),  represented  by the London Stock Exchange (LSE). Therefore, we retrieved from the Thomson Reuters Datastream the historical daily returns from 331 constituents which were listed in January 2000 at the FTSE All-Share index. The index choice was made based on the facts that FTSE All-Share Index is the broadest price performance measure for the London equity market and is the index that represents approximately 98% of the market capitalization of listed shares in the United Kingdom, considered to be the representation of UK market. From a total of 609 constituents listed, we only consider 331, since companies that are discarded have, at least 7 days with missing values, from the sample period ranging from 2000 to 2019.
[bookmark: _Toc60771177]Descriptive Statistics
As we can notice on Table 1, over the sampling period of 20 years, CSSD (CSAD) measures range from 0.005334 (0.000585) to 6.406656 (4.873080) with mean values 1.692511 (1.094903) and standard deviation of 0.630807 (0.409553), respectively, where we can notice lower deviations from the mean in the CSAD measure, since is less affected by extreme outcomes i.e., outliers. Positive skewness for both measures indicates that both measures are heavy tailed on the right side of the distribution (i.e., longer, and fatter), which indicates that the mean and median will be greater than the model. Kurtosis for CSSD (11.54181) is lower than for CSAD (13.78891). The previous phenomenon is explained by the number of values around the high peak which makes standard deviation lower but causing the returns on the outside to overshoot the mormal curve distribution, leading to fat tails and to a respective higher kurtosis. Quite obviously, the two measures are highly positively correlated (0.926781). Finally, is important to reference that the number of observations (5067) corresponds to a total of 20 years, less 4 years from the original study performed by Kudryavtsev (2019).
[bookmark: _Ref56266127][bookmark: _Ref56266118][bookmark: _Toc59479759]Table 1. Descriptive Statistics of Herding Measures.
	
	
	

	
	
	

	
	CSSD
	CSAD

	
	
	

	
	
	

	 Mean
	 1.692511
	 1.094903

	 Median
	 1.526473
	 0.985379

	 Maximum
	 6.406656
	 4.873080

	 Minimum
	 0.005334
	 0.000585

	 Std. Dev.
	 0.630807
	 0.409553

	 Skewness
	 2.360435
	 2.608643

	 Kurtosis
	 11.54818
	 13.78892

	 Observations
	 5067
	 5067

	 Correlation 
	0.926781
	




[bookmark: _Ref59121907][bookmark: _Ref59122240][bookmark: _Toc60771178]Empirical results and discussion
[bookmark: _Toc60771179]Herding effect on the next day’s stock market returns: Total sample
Our main objective is to analyze the effect of investor herding on the next day’s market returns. In line with  Kudryavtsev (2019), we first distinguish between days characterized by high and low levels of market-wide herd behavior. Therefore, we divide the total sample of daily returns by each of the herding measures (CSSD and CSAD) approximately in three equal sub-periods, specifically, days with low, medium, and high cross-sectional deviations of stock returns, corresponding to the days with high, medium, and low levels of herding, respectively. Then, we divide the FTSE All-share market returns into days where the previous trading day was positive (MR(-1) > 0) and negative (MR(-1) < 0), also characterized by low, medium and high cross-sectional deviations (CCSD and CSAD).
Furthermore, it is important to test if there are significant differences in the average Market Returns (MRs) between days followed by low and high herding measures “High – Low”, and subsequently, analyze their statistical significance. For that purpose, a t-test was performed. One of the t-test assumptions is that both sub-samples being compared have equal variances. It was possible to identify differences in the means´ standard deviation  for both average MRs followed by days with both high and low levels of cross-sectional standard deviation, as presented in Table 2, where the standard deviation for the average MR as a functions of low  previous day market-wide herding corresponds to more than the double of the standard deviation of average marker returns as a functions of a high previous day market-wide herding. For that reason, both standard deviations can be assumed as unequal.
[bookmark: _Ref57728309][bookmark: _Ref57728293]Given the facts, a Satterthwaite’s correction will be performed with the t-test. The theorem developed by Satterthwaite (1946) is used to test the difference between sub-sample means with unequal variances, which will estimate an “effective degrees of freedom” for a probability distribution.
[bookmark: _Toc59479760]Table 2. Standard Deviation of Average market returns as a function of previous day´s market-wide herding measures
	CSSD(-1)
	  MR
	CSAD(-1)
	 MR 

	Low
	0.013
	Low
	0.012

	High
	0.028
	High
	0.029

	High/Low
	2.150
	High/Low
	2.388


Details provided, we can see on Table 3 that Panel A shows, for example, if the previous day was characterized by positive market returns (MR(-1)>0) and low levels of cross-sectional standard deviation represented by CSSD(CSAD), the following day´s average MR will be represented by a positive value of 0.1121%(0.1009%). Everything else, if the previous day CSSD (CSAD) was medium and high, the following day´ average market return will be 0.1031% (0.1267%) and 0.1486% (0.1375%), respectively. For panel B, where the previous day´s market returns were negative, the pattern for following day´s average market return will be as in panel A, where the signal (negative) does now change, for both CSSD (CSAD) herding levels. Following the previous example, the absolute difference between states of high and low CSSD(CSAD), or states of high and low level of herding, respectively, were not statistically significant. On the other hand, for Panel B, the absolute difference between states of high and low CSSD(CSAD) were statistically significant, were, for instance, in CSAD the value of 2.3478 for a level of 5%.
[bookmark: _Ref57731960][bookmark: _Toc59479761]Table 3. Average market returns as a function of previous day’s market-wide herding measures
	Herding
	CSSD(-1)
	Average Return (%)
	CSAD(-1)
	Average Return (%)

	
	Panel A: Average MRs following MR(-1) > 0
	
	

	
	Aggregated
	0.121
	Aggregated
	0.121

	High level
	Low
	0.112
	Low
	0.101

	Medium Level
	Medium
	0.103
	Medium
	0.127

	Low level
	High
	0.149
	High
	0.138

	“Low-High”
	"High-Low"
	0.037
	"High-Low"
	0.037

	
	(t-statistic)
	(0.987)
	(t-statistic)
	(0.939)

	
	
Panel B: Average MRs following MR(-1) < 0
	
	

	
	Aggregated
	-0.065
	Aggregated
	-0.065

	High level
	Low
	-0.021
	Low
	-0.023

	Medium Level
	Medium
	-0.064
	Medium
	-0.019

	Low level
	High
	-0.107
	High
	-0.143

	“Low-High”
	"High-Low"
	-0.086*
	"High-Low"
	-0.120**

	
	(t-statistic)
	(1.679)
	(t-statistic)
	(2.348)


Note: The asterisks denote two-tailed p-values: *p < 0:1; **p < 0:05
The results reject our main hypothesis and the existence of herding effect on the next day’s stock market returns, indicating that:
· Following the days when the market index rises, average MRs are significantly higher, independently of the level of cross-sectional deviation measure (either CSSD or CSAD). In other words, days of positive MRs tend to be followed by positive MRs, i.e., by price drifts for all levels of herding are (low, medium, and high), indicating no sign of price reversal (i.e., herding effect) on the next trading market day under such conditions.
· Following the days when the market index falls, average MRs are significant, independently of the level of cross-sectional deviation measure (either CSSD or CSAD). In other words, days of negative MRs tend to be followed by negative MRs, i.e., by price drifts, for all levels of herding (low, medium, and high), indicating no sign of price reversal (i.e., herding effect) on the next trading market day under such conditions.
·  MR differences between “High-Low” have equal sign for its respective Panel. This evidence indicates that, despite no MR reversal on the following day, average market returns for low cross-sectional deviation measures (either CSSD or CSAD) have lower absolute values than for high levels, which indicates that, on average, the former value is closer to zero than the latter.
· Absolute MR differences between “High-Low” are slightly higher following days of negative MRs, even with CSAD being employed as a herding measure.
[bookmark: _Toc60771180]Herding effect on the next day’s stock market returns: Sub sample analysis
In this section, we divide my total sample into four groups. Our main objective is to set side by side two groups each time, comparing opposite market state conditions and find distinctive characteristics that could reasonably identify and explain the magnitude of the herding effect on the next day’s stock market returns.
First, we divide the FTSE All-share sampling into two sub-periods characterized by general upward and downward market tendencies. Therefore, we analyze two opposite conditions when the market is in bull state or bear state. We define bull market as a situation when the current closing value of FTSE All-Share is higher than its simple moving average, as indicated in the original study by Kudryavtsev (2019), calculated over the previous 200 weeks, and bear market when the current closing price is below the simple moving average over the previous 200 weeks. The formula used is represented by:
	
	
	(4.1)
	


where,  is the average value for the week t and  is the number of periods, in this case 200 weeks. Table 4 and Table 5 use the same format as the one employed in Table 3 and report the same measures, for bull and bear markets, respectively.
[bookmark: _Ref57843006][bookmark: _Toc59479762]Table 4. Average market returns as a function of previous day’s market-wide herding measures during Bull Market
	Herding
	CSSD(-1)
	Average Return (%)
	CSAD(-1)
	Average Return (%)

	
	Panel A: Average MRs following MR(-1) > 0
	
	

	
	Aggregated
	0.124
	Aggregated
	0.124

	High level
	Low
	0.116
	Low
	0.105

	Medium level
	Medium
	0.103
	Medium
	0.120

	Low level
	High
	0.154
	High
	0.148

	
	"High-Low"
	0.038
	"High-Low"
	0.043

	
	(t-statistic)
	0.999
	(t-statistic)
	1.072

	
	
Panel B: Average MRs following MR(-1) < 0
	
	

	
	Aggregated
	0.166
	Aggregated
	0.166

	High level
	Low
	-0.196
	Low
	-0.256

	Medium level
	Medium
	0.065
	Medium
	0.145

	Low level
	High
	0.263
	High
	0.289

	
	"High-Low"
	0.460
	"High-Low"
	0.545

	
	(t-statistic)
	1.136
	(t-statistic)
	1.362


[bookmark: _Ref57759604][bookmark: _Ref57843008][bookmark: _Toc59479763]Table 5. Average market returns as a function of previous day’s market-wide herding measures during Bear Market
	Herding
	CSSD(-1)
	Average Return (%)
	CSAD(-1)
	Average Return (%)

	
	Panel A: Average MRs following MR(-1) > 0
	
	

	
	Aggregated
	0.083
	Aggregated
	0.083

	High level
	Low
	0.091
	Low
	0.080

	Medium Level
	Medium
	0.102
	Medium
	0.224

	Low level
	High
	0.004
	High
	-0.348

	
	"High-Low"
	-0.087
	"High-Low"
	-0.428

	
	(t-statistic)
	(0.495)
	(t-statistic)
	(1.617)

	
	
Panel B: Average MRs following MR(-1) < 0
	
	

	
	Aggregated
	-0.070
	Aggregated
	-0.070

	High level
	Low
	-0.020
	Low
	-0.020

	Medium Level
	Medium
	-0.066
	Medium
	-0.021

	Low level
	High
	-0.122
	High
	-0.160

	
	"High-Low"
	-0.102**
	"High-Low"
	-0.140***

	
	(t-statistic)
	 (2.019)
	(t-statistic)
	(2.743)


Note: The asterisks denote two-tailed p-values: **p < 0:05; ***p < 0:01
For Bull Market conditions, if the previous trading day was characterized by positive returns, there is no evidence of herding effect on next day´s stock market returns.  If the previous day was characterized by negative returns and by medium levels of herding, the next trading day is characterized by a market reversal, but even when there´s little or no evidence of herding on the previous trading day, it also leads to a market reversal. This set of elements, specifically continuously negative market returns, could indicate that investors are intentionally engaging in contrarianism, contradicting the general upward market tendency, since the previous day´s negative returns characterized by high levels of herding (consensus) is the only set followed by a drift in its following day´s market returns. Furthermore, the absolute average MR are slightly higher following days of negative MRs and high levels of herding, compared to days with positive MRs and in the same the herding conditions, contradicting the signal of the general market tendency (Bull).
In the case of Bear Market conditions, if the previous trading day was characterized by negative returns, there is no sign of reversal on the following day and, in addition, absolute average MRs are superior for high than for low levels of herding prior to the current day, and its values closer to zero, as previously observed for normal market conditions. In the same line as in Bull market conditions, the absolute average MR are slightly higher following days of positive MRs and high levels of herding compared to days of negative MRs and in the same herding conditions, contradicting the signal of the general market tendency (Bear). Finally, if the previous trading day was characterized by positive returns and high levels of CSAD (low herding), we can observe a reversal on the next trading day returns, but difference “high-low” is not statistically significant. This could indicate us, that, in the presence of high levels of dispersion, investors tend to reverse in their expectations on the next trading day.
[bookmark: _Ref57759548][bookmark: _Ref57799395]The results indicate that there is no evidence that during bull and bear market periods, the herding effect on the next day’s stock market returns is stronger following the days when the market index rises (falls). In other words, stock price drifts following the days characterized by high levels of herding are expected to be more pronounced if the sign of the daily market return is contrary to the direction of the longer-term stock market tendency.
Secondly, we divide the sample into two sub-periods distinguished between “volatile” and “stable” trading days. Volatile days are defined as days with absolute market return higher than 0.4%, while stable days with absolute market return less than 0.4%. The value is chosen as the value which allows dividing the sample into two closely equal parts, with 2,562 volatile and 2,505 stable days.
Given the facts, we now compare in Table 6 and Table 7 as an image of Table 4 and Table 5 market conditions, which could reasonably explain the magnitude of the herding effect on the next day’s stock market return and, therefore, besides classifying the previous trading market returns as positive (MR(-1)>0) and negative (MR(-1)<0), it also classifies as volatile (Table 6) or stable (Table 7) days.
[bookmark: _Ref57842913][bookmark: _Toc59479764]Table 6. Average market returns as a function of previous day’s market-wide herding measures during volatile trading days
	Herding
	CSSD(-1)
	Average Return (%)
	CSAD(-1)
	Average Return (%)

	
	Panel A: Average MRs following MR(-1) > 0
	
	

	
	Aggregated
	0.154
	Aggregated
	0.154

	High level
	Low
	0.104
	Low
	0.100

	Medium level
	Medium
	0.135
	Medium
	0.132

	Low Level
	High
	0.195
	High
	0.190

	
	"High-Low"
	0.091*
	"High-Low"
	0.090*

	
	(t-statistic)
	(1.867)
	(t-statistic)
	(1.852)

	
	
Panel B: Average MRs following MR(-1) < 0
	
	

	
	Aggegated
	-0.128
	Aggregated
	-0.128

	High level
	Low
	-0.111
	Low
	-0.118

	Medium level
	Medium
	-0.083
	Medium
	-0.028

	Low level
	High
	-0.167
	High
	-0.190

	
	"High-Low"
	-0.055
	"High-Low"
	-0.072

	
	(t-statistic)
	(0.745)
	(t-statistic)
	(0.955)


[bookmark: _Ref57842916]Note: The asterisks denote two-tailed p-values: *p < 0:1
During volatile trading conditions, if the day is characterized by high levels of herding, on the next trading day there is no sign of price reversals, and therefore price drifts away for the previous day´s signal market. In both panels, the absolute average MRs are superior for high than for low levels of herding (prior to the current day) and its values closer to zero, as previous mentioned for normal market conditions.
[bookmark: _Ref59121081][bookmark: _Toc59479765]Table 7. Average market returns as a function of previous day’s market-wide herding measures during stable trading days
	Herding
	CSSD(-1)
	Average Return (%)
	CSAD(-1)
	Average Return (%)

	
	Panel A: Average MRs following MR(-1) > 0
	
	

	
	Aggregated
	0.088
	Aggregated
	0.088

	High level
	Low
	0.116
	Low
	0.101

	Medium level
	Medium
	0.072
	Medium
	0.122

	Low level
	High
	0.048
	High
	-0.054

	
	"High-Low"
	-0.068
	"High-Low"
	-0.156*

	
	(t-statistic")
	(1.164)
	(t-statistic")
	(1.911)

	
	
Panel B: Average MRs following MR(-1) < 0
	
	

	
	Aggregated
	0.001
	Aggregated
	0.001

	High level
	Low
	0.026
	Low
	0.003

	Medium level
	Medium
	-0.046
	Medium
	-0.010

	Low level
	High
	0.025
	High
	0.016

	
	"High-Low"
	-0.001
	"High-Low"
	0.013

	
	(t-statistic)
	(0.013)
	(t-statistic)
	(0.134)


Note: The asterisks denote two-tailed p-values: *p < 0.1;
On the other hand, during stable trading conditions, if the day was characterized by high levels of herding and negative returns (MR(-1)<0), on the next trading day there is sign of price reversals, but even for when we analyze returns following days characterized by low levels of herding we can observe  the same stock price reversal. Moreover, difference “high-Low” does not reveal to be statistically significant. If the previous day was characterized by positive returns (MR(-)>0) and high levels of herding, in the following day there is no sign of price reversals and, again, price drifts away on the following day. Ceteris paribus, the absolute average MRs are higher for stable trading days than for volatile trading days, and therefore, growth at lower rates.
The results do not reveal that the herding effect on the next day’s stock market returns is significantly stronger following volatile trading days since no reversal was recorded under such conditions. Contrarily, stock price reversals following the days characterized by high and low levels of herding and negative returns are expected to be more pronounced if these days are also characterized by relatively low stock market movements. This finding contradicts with the previous literature (Christie & Huang, 1995; Chang et al., 2000; Kudryavtsev, 2019), which suggests that herding may cause investors to suppress their own judgement during periods of large market movements and base their investment decisions on market wide consensus. Summarily, high levels of herding during periods of large market movements do not result in subsequent reversals in the following day´s market index returns.
[bookmark: _Toc60771181]Regression model
In line with the previous information, it is important to test if the herding effect on the next day’s stock market returns remains significant if the value of the market return itself is controlled for. The unique situation in which we could observe a reverse driven by the herding effect on the previous day’s stock market returns is when the day is also characterized by low stock price movements (see Table 7). Therefore, under stable trading conditions (absolute market return under 0.4%), we will set a time-series regression first developed by Kudryavtsev (2019) as:
	
	


	   
	(4.2)


Where the dependent variable  is the day-t return of the FTSE-All share market index, and the independent variables are: , which is a dummy variable, taking the value 1 if on the previous day the market return is positive and the cross-sectional deviation measure (either CSSD or CSAD) is high (low herding), and 0 otherwise;  is the dummy variable, taking the value 1 if on the previous day the market return is positive and the cross-sectional deviation measure is low (high herding), and 0 otherwise; is a dummy variable, taking the value 1 if on day t-1 the market return is negative and the cross-sectional deviation measure is high (low herding), and 0 otherwise; and finally, is a dummy variable, taking the value 1 if on the previous day the market return is negative and the cross-sectional deviation measure is low (high herding), and 0 otherwise.
The objective is to prove that, even when controlling for stock market returns, the impact of the remaining variables are significant and the following day stock MRs are in opposite direction if the previous day had negative MRs, so the following day should have positive returns, if the same previous day was characterized by high levels of herding (account for ),  otherwise it would be expected the opposite behaviour, with negative market returns leading on the following day to high market drifts. We expect that all variables ‘coefficients to be positive, as we can see on Table 7.
[bookmark: _Toc60771182]Validation of the statistical models: OLS and VAR models
It is important to verify the validity of the models employed. Therefore, some tests were performed.
[bookmark: _Toc60771183]Ordinary Least Squares regression (OLS) 
One important assumption if this model is that all independent variables are uncorrelated with the error term. To test for autocorrelation in the disturbance, i.e., error terms dependency over time, the Durbin-Watson statistic will be set. It is fundamental to understand that the sample used it is under stable market conditions, and therefore the previous trading day´s absolute market return is lower than 0.4%. Given this, is probable that the following day´s absolute market return, can be, on average, positively higher than its previous day, since its returns are not constraint and, hence, the degree of similarity between and its lagged version can be high positively correlated. For that reason, the Durbin-Watson test and similar tests regarding autocorrelation signaling will be performed under normal market conditions for unbiased interpretations and since it is considered the basis of the data analysis. With that, the test shows small to moderate positive autocorrelation (1.5690 and 1.5693 for CSSD and CSAD measures employed, respectively). Likewise, we perform a Breusch-Godfrey (BG) test for higher-order serial correlation in the disturbance, as we can see on Annex1(for CSSD) and Annex 2 (for CSAD). Since we cannot reject the null hypothesis that there is no series degree of autocorrelation in the residuals, this test gives no clue of model misspecification.
At last, multicollinearity in regression analysis occurs when two or more explanatory variables are highly correlated to each other, such that they do not provide unique or independent information in the regression model. If the degree of correlation is high enough between variables, it can cause problems when fitting and interpreting the model. The variance inflation factor (VIF) command is used to check for multicollinearity. We can see that the VIF values for both weight and length if greater than 5, indicates that multicollinearity is likely a problem in the regression model. Since the mean VIF values were 1.51 and 1.47 for CSSD (Annex 3) and CSAD (Annex 4) measures, respectively, closer to the non-collinearity threshold values of 1, the results do not show signs of multicollinearity.
Thus, the model shows to be reasonably fit to the data.
[bookmark: _Toc60771184]Vector Autoregression model (VAR)
To test if the model was fit to the data, we perform a Lagrange Multiplier test (LM) for autocorrelation in the disturbances, besides executing the Durbin-Watson test. Regarding the latter one, the test was performed under the same conditions used in the OLS test, which shown (1.455622 and 1.456944 for CSSD and CSAD measures, respectively), and the residuals autocorrelation was, again, small to moderately positive. The LM test was executed in the VAR model, which was first discussed its application by Johansen (1995). Due to higher degree of accuracy and fitness, the LM test rejects the null hypothesis, that there is no autocorrelation in the residuals, as we can see on Annex 5 and Annex 6 for CSSD and CSAD as measures, respectively. Contrary to the BG test applied to the OLS estimates, the LM test identified some degree of autocorrelation. It is important to remember that this limitation does not invalidate possible relations between the dependent variable  and the remain independent variables.
Therefore, we conclude that our main assumptions regarding the model do not jeopardize our model fitness to the data. Having in though our constraints, it  is also important to maintain the same assumptions as the ones considered by Kudryavtsev (2019).
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In this section, we will briefly approach the results of herding effect (i.e., variables that show high level of herding) under normal market conditions, on the following day´s market returns when the market is itself controlled for, in Table 8 for OLS estimation and Table 9 for VAR estimation, as presented below.
When the CSSD is implemented as the cross-sectional measure in the OLS estimation, the coefficient is significantly positive, suggesting that days of positive MRs tend to be followed by positive MRs, i.e., by price drifts, if the market-wide levels of herding are high. On the other hand, When the CSAD is implemented as the cross-sectional measure, the coefficient is significantly negative, suggesting that days of negative MRs tend to be followed by negative MRs, i.e., by price drifts, if the market-wide levels of herding are high.
For the Vector Autoregression estimation, only when the CSAD measure is implemented, the coefficient is significantly negative, i.e., when high levels of herding shows signals of effects on the following day´s market return. In other words, days of negative MRs tend to be followed by negative MRs, i.e., by price drifts, if the market-wide levels of herding are high.
[bookmark: _Ref59126203][bookmark: _Toc59479766]Table 8.  OLS regression analysis of the herding effect on market returns: Dependent variable is 
	 
	Coefficient estimates (%) (t-statistics)

	Explanatory variables
	Cross-sectional deviation measure (CSSD)
	Cross-sectional deviation measure (CSAD)

	Intercept
	0.026(1.46)
	0.059***(3.63)

	
	0.095***(2.79)
	0.087**(2.36)

	
	0.042(0.95)
	-0.005(0.10)

	
	0.054**(2.19)
	0.017(0.74)

	
	-0.040(0.76)
	-0.109*(1.88)

	
	-0.015(0.46)
	-0.060**(2.06)

	R-squared
	0.015
	0.016

	Adjusted R-squared
	0.014
	0.015

	Durbin–Watson statistic
	1.569
	1.569


Note: The asterisks denote two-tailed p-values: *p<0.1; **p < 0.05; ***p < 0.01
[bookmark: _Ref59126205][bookmark: _Toc59479767]Table 9. Vector autoregression analysis of the herding effect on market returns: Dependent variable is 
	 
	Coefficient estimates (%) (t-statistics)

	Explanatory variables
	Cross-sectional deviation measure (CSSD)
	Cross-sectional deviation measure (CSAD)

	Intercept
	0.036*(1.60)
	0.072***(3.29)

	
	0.069***(3.339)
	0.059***(2.73)

	
	0.086**(1.64)
	0.036(0.84)

	
	0.049(1.31)
	0.010(0.26)

	
	-0.072(1.64)
	-0,143***(3.16)

	
	-0.025(0.61)
	 -0.083**(1.99)

	R-squared
	0.015
	0.016

	Adjusted R-squared
	0.014
	0.015

	Durbin–Watson statistic
	1.456
	1.457


Note: The asterisks denote two-tailed p-values: *p<0.1; **p < 0.05; ***p < 0.01
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In this section, we present the results for both regression models under the specified market conditions. Table 10 and Table 11 contains the regressions´ coefficients for both CSSD and CSAD employed as cross-sectional deviation measures. Table 10 uses the OLS model in its estimates while Table 11 uses the VAR model in its estimates. Comparing both tables, we can identify that coefficients do not diverge considerably in their results. Indeed, despite majority of variables do not reveal to be significant, their correlation is small to moderate. Moreover, the p-value of both regressions (for CSSD and CSAD measures) in both tables is significant (p>0.05).
Looking to the regression coefficients of Table 10, specifically for CSSD measure estimates, we can notice that our regression coefficient of importance (in the previous section we were able to identify a reversal on the following day´s trading market returns), is not significant positive and, therefore, does not have an effect over the next trading day returns., when the value of market return itself is controlled for.
On the other hand,  exerts a positive influence on the  for a significance level of 5%, suggesting that days of positive (negative) market returns tend to be followed by positive (negative) market returns, i.e., drifts, under stable market conditions.  Once again, part of this result could be logically explained, since  would be conditioned by low absolute values, which could induce, on average, to higher market returns on the following day. Despite that, we can detect a positive direct relation between the dependent variable and the independent variable in cause.
Moreover, reveals to be significant for a 5% level, suggesting that, under stable market conditions, days of positive market returns tend to be followed by positive market returns, i.e., by drifts, if the market-wide levels of herding are high and even when the value of the market itself is controlled for. 
Looking to the coefficient’s estimations where the cross-sectional measure CSAD is employed, we can see again that  exerts a positive influence on the  for a significance level of 5%. 
Contrary to what is seen above, reveals to be significant for a 5% level, indicating that, under stable market conditions, days of negative market returns tend to be followed by positive market returns, i.e., reversals, if the market-wide levels of herding are low, contrary to what should be predicted (see Appendix I).
These results demonstrate that there is some degree of serial correlation in market returns, and especially, that the herding effect on the next day’s stock market returns could be partially driven by the magnitude of the market returns themselves.
[bookmark: _Ref58346755][bookmark: _Toc59479768]Table 10. OLS regression analysis of the herding effect on market returns, under stable conditions: Dependent variable is 
	 
	Coefficient estimates (%) (t-statistics)

	Explanatory variables
	Cross-sectional deviation measure (CSSD)
	Cross-sectional deviation measure (CSAD)

	Intercept
	0.013(0.57)
	0,058***(2.58)

	
	0.195**(2.21))
	0.213**(2.55)

	
	-0.003(0.04)
	-0.156*(1.84)

	
	0.066**(2.07)
	0.004(0.11)

	
	0.051(0.64)
	0.002(0.02)

	
	0.045(1.17)
	-0.021(0.59)

	R-squared
	0.006
	0.007

	Adjusted R-squared
	0.004
	0.005

	Durbin–Watson statistic
	1.569
	1.569


Note: The asterisks denote two-tailed p-values: *p<0.1; **p < 0.05; ***p < 0.01
Looking to the regression coefficients of Table 11, for both measures of cross-sectional deviation, we can see that  is the only variable that shows significance for a 5% level. Hence, both estimations indicate that herding has no effect on the following day´s market returns. Additionally,  exerts a positive influence on the , suggesting again that days of positive (negative) market returns tend to be followed by positive (negative) market returns, i.e., drifts, under stable market conditions.  
One interesting fact, despite no significance, is that the remaining variables´ estimations for CSSD as measure, shows opposite signs to the estimates regarding CSAD as implemented measure. For the latter, positive trading days can be negatively impacted by their former days, if characterized by positive returns and high levels of herding, while for the former, positive trading days can be positively impacted by their previous days, if were characterize by negative returns and high levels of herding.
[bookmark: _Ref58346758]The results are not consistent with those reported in the previous section, and clearly do not support our study’s hypothesis, indicating that, independently of the model employed, and cross-sectional dispersion measure, herding effect on the FTSE All-share index do not influence the following day´s market returns when the value of the market return itself is controlled for.
[bookmark: _Ref59457650][bookmark: _Toc59479769]Table 11.  Vector autoregression analysis of the herding effect on market returns, under stable conditions: Dependent variable is 
	 
	Coefficient estimates (%) (t-statistics)

	Explanatory variables
	Cross-sectional deviation measure (CSSD)
	Cross-sectional deviation measure (CSAD)

	Intercept
	0.021**(0.78)
	0,065**(2.47)

	
	0.202**(2.07)
	0.214**(2.22)

	
	0.073(1.32)
	-0.051(0.79)

	
	0.048(1.10)
	-0.006(0.15)

	
	0.052(0.88)
	-0.015(0.23)

	
	0.025(0.78)
	 -0.035(0.75)

	R-squared
	0.007
	0.006

	Adjusted R-squared
	0.004
	0.003

	Durbin–Watson statistic
	1.452
	1.452


Note: The asterisks denote two-tailed p-values: *p<0.1; **p < 0.05; ***p < 0.01


[bookmark: _Toc60771187]Conclusions
In this study, our main objective was to evaluate if a specific day of the market wide activity were characterized by significant levels of herding, what would be the effects over the price. If the herding effect over the price mechanism was, for instance, an element of overreaction, the consequence, on the next trading day, was for investors to offset their previous overreaction with reversals, leading to an opposite market activity from the previous trading day.
In that event, our goal was to analyse the UK market, specifically, the FTSE All-share stock market index. Therefore, our sample was composed by 331 companies from the FTSE All-share index, from a 20-year period of 2000 to 2019, retrieved from Datastream, based on an empirical methodology set by the author Kudryavtsev (2019).
The results demonstrate that following the days when the market index rises (decreases), average MRs are significantly higher (lower), independently of the level of cross-sectional deviation measure (either CSSD or CSAD). In other words, days of positive (negative) MRs tend to be followed by positive (negative) MRs, i.e., by price drifts for all levels of herding are (low, medium, and high), indicating no sign of price reversal (i.e., herding effect) on the next trading market day under such conditions.
That being so, independently if the value of the market return itself is controlled for and regardless of the regression model employed, herding effect on the FTSE All-share index do not influence the following day´s market returns (does not drive to an element of overreaction).
The only fact which might be accounted for is that, when we applied the OLS estimation under stable market conditions, days of positive MRs tend to be followed by positive MRs, i.e., by price drifts and high levels of herding (when CSSD is the employed measure), even when the market is controlled for, indicating no sign of price reversal (i.e., herding effect) on the next trading market. 
Summarily, high levels of herding do not result in subsequent reversals in the following days market index returns, even when testing for different market conditions such as for bull and bear state, and for stable and volatile trading days.
Essentially, these results demonstrate that there is some degree of positive serial correlation in market returns, and especially, that the herding effect on the next day’s stock market returns could be partially driven by the magnitude of the market returns themselves.
Our findings are important to investors since enable them to improve their knowledge of how market behaves, sharpen their strategies. For instance, if the previous day is characterized by high levels of herding and positive market returns, investors should invest, especially on days ‘characterized by stable returns.
Furthermore, this dissertation could be useful for financial literature, mostly in the debate over stock market efficiency, search for future trading strategies and identification of market differences. Also, extend this research for other European indexes´ markets, involving different market scenarios would be of great added value. Could the differences demonstrated over this research in the UK stock market, comparing to the study performed by Kudryavtsev (2019) in the US stock market reveals us insights that investors in the US are much more prone to imitate others than to interpret their own information when they are short in time because they are less sophisticated?
It is important to recognize some limitations in this study, first by the number of companies with data available for the representative sample period, which jeopardize the access to all FTSE ALL-share constituents.  Also, our  challenge  of rigorously represent the study and structure of the empirical methodology performed by our main author (Kudryavtsev, 2019). Parallel to this, we needed to add our personal point of view of the problem, treatment, and analysis of the respective data, which became encouraging stimulus. Interpretation of regression variables´ coefficients were also demanding since results turn out to be dissident from our main source.
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[bookmark: _Toc60771192]Annex 1 – Breusch-Godfrey test to OLS regression for autocorrelation with CSSD as measure
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[bookmark: _Toc60771193]Annex 2 - Breusch-Godfrey test to OLS regression for autocorrelation with CSAD as measure
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[bookmark: _Toc60771194]Annex 3 – Variance inflation factor test for multicollinearity with CSSD as measure
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[bookmark: _Toc60771195]Annex 4 - Variance inflation factor test for multicollinearity with CSAD as measure
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[bookmark: _Toc60771196]Annex 5 – Lagrange-multiplier test for autocorrelation with CSSD as measure
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[bookmark: _Toc60771197]Annex 6 - Lagrange-multiplier test for autocorrelation with CSAD as measure
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