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ABSTRACT: 

 

 

Real  investors  and  markets  are  too  complicated  to  be  neatly  summarized  by  a  

few  selected  biases  and  trading  frictions.  We  try  to  study  how  investor  sentiment  

affects  the  cross-section  of  stock  returns  in  the  Indian  context.  Investor  sentiment  

is  not  straightforward  to  measure  and  hence  we  attempt  to  measure  the  aggregate  

market  sentiment  by  incorporating  various  sentiment  proxies  into  a  sentiment  

index  using  the  Stock  and  Watson  index  methodology,  treating  overall  market  

sentiment  to  be  an  unobserved  variable.  Consistent  with  the  theory,  we  find  that  

stocks  of  low  capitalization,  younger,  unprofitable,  high  volatility,  non-dividend  

paying,  growth  companies,  or  stocks  of  firms  in  financial  distress,  are  likely  to  

be  disproportionately  sensitive  to  broad  waves  of  investor  sentiment.  We  also  find  

that  when  beginning-of-period  proxies  for  sentiment  are  low,  subsequent  returns  

are  relatively  high  for  small  stocks,  young  stocks,  high  volatility  stocks,  

unprofitable  stocks,  non-dividend-paying  stocks,  extreme  growth  stocks,  and  

distressed  stocks.  When  sentiment  is  high,  on  the  other  hand,  these  categories  of  

stock  earn  relatively  low  subsequent  returns. 
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	i. The impact of investor sentiment on stock markets is found to be more pronounced in countries that are culturally more prone to herd like behavior and overreaction or in countries with low institutional involvement (Zouaoui, Nouyrigat and Beer, 201...
	ii. An attempt is made to combine the various sentiment proxies prevailing in the Indian stock market and the economy into a sentiment index in the spirit of the Stock and Watson index methodology. Baker and Wurgler (2006) constructed a Sentiment Inde...
	However, this study aims to build a sentiment index using State-Space models and the Kalman filter. The aggregate market sentiment is indeed an unobserved variable. In this situation, the state-space framework, made operational by the Kalman filter, i...
	iii. Lastly, after computing the index, this study tries to determine whether investor sentiment has significant or insignificant cross-sectional effects on the stock returns in the Indian stock market. It tries to study the impact of the investor sen...
	1.2:    Chapter Plan
	Chapter 2 outlines the literature survey.
	Chapter 3 describes the various sentiment proxies to be considered for the construction of the index, how each proxy is correlated with the aggregate market sentiment and the various sources of data collection for the indirect sentiment measures and f...
	Chapter 4 gives a brief about the Stock and Watson Index methodology and explains in detail the State-Space model and the Kalman filter. It also describes the State-Space model representation for our five-variable index. Lastly, it outlines the method...
	Chapter 5 describes the final sentiment index. Next, it illustrates the empirical tests and regressions that help determine how the cross-section of subsequent stock returns varies with beginning-of-period sentiment.
	CHAPETR 2
	LITERATURE REVIEW
	A pioneering and well-known set of studies of sentiment and aggregate stock returns appeared in the 1980s. They were largely atheoretical, testing in various ways whether the stock market as a whole could be mispriced. Authors looked for: the tendency...
	In these studies, the role of sentiment was left implicit, and the statistical evidence was not usually very strong. Practically speaking, it is hard to distinguish a random walk from a long-lived bubble, especially in a short time series containing a...
	The more recent studies utilize interim advances in behavioral finance theory to provide sharper tests for the effects of sentiment. In particular, in the many behavioral models of securities markets inspired by De Long et al. (1990), investors are of...
	In recent years, the usefulness of an investor sentiment measure to predict stock market returns has been the subject of frequent inquiries. A vast number of empirical investigations with different measures of investor sentiment have been conducted. W...
	Several empirical studies have attempted to measure investor sentiment. These studies identified direct and indirect sentiment measures. Direct sentiment measures are derived from surveys directly asking individuals how they feel about current or futu...
	Numerous significant publications focus on the impact of direct sentiment measures on stock returns. Unfortunately, the results appear to be sensitive to the measure used. Solt and
	Kothari, Shanken, and Sloan (1995) did show that beta significantly explains cross-sectional variation in average returns, but that size also has incremental explanatory power. Kothari and Shanken (1998) find that, while statistically significant, the...
	Baker and Wurgler (2007) introduced the top down approach to behavioral finance and the stock market and did show that it is quite possible to measure investor sentiment. They found that waves of sentiment have discernible, important, and regular effe...
	Baker, Wurgler and Yuan (2011) constructed investor sentiment indices for six major stock markets and decompose them into one global and six local indices. Both global and local sentiment indices are contrarian predictors of the time-series of cross-s...
	Chi, Xintian and Song (2012) focused on investor sentiment and its relationships to stock returns and volatility in the Chinese stock market. By using mutual fund flows as a substitute for investor sentiment for different stocks, their study found tha...
	We try to incorporate the latter method of using indirect proxies to measure the investor sentiment.
	CHAPTER 3
	DATA COLLECTION
	3.1:    Indirect measures of overall market sentiment
	Investor sentiment ranks among the most important theoretical and empirical concepts in behavioral finance. In recent years, the usefulness of investor sentiment measures to predict stock market returns has been the subject of frequent inquiries. Inve...
	Each individual indicator could measure sentiment at a specific point in the market cycle, not necessarily during the sample period. These considerations have induced the economists to consider that perhaps the best empirical approach is to condense s...
	Trading Volume over Market Capitalization Ratio (TVM): It is the ratio of trading volume and market capitalization which in turn is divided by the standard deviation of stock market returns. It is a measure of market efficiency and indicator of liquid...
	Advances-Declines Ratio (ADR): A market-breadth indicator used in technical analysis to compare the number of stocks that closed higher with the number of stocks that closed lower than their previous day's closing prices. Breadth indicators measure th...
	Put-Call Ratio (PCR): It is a popular tool specifically designed to help individual investors gauge the overall sentiment (mood) of the market. The ratio is calculated by dividing the number of traded put options by the number of traded call options. ...
	Other widely used sentiment measures, besides the put-call ratio, are open interest and options premium.
	Lee and Song (2003) find that value stocks outperforms growth stocks when PCR is low and growth stocks outperforms marginally or performs equally well to value stocks when PCR is high.
	Number of IPOs (NIPO): The underlying demand for initial public offerings is often said to be extremely sensitive to investor sentiment. Investment bankers speak of “windows of opportunity” for an initial public offering that capriciously open and clo...
	Loughran, Ritter, and Rydqvist (1994) claim that issuers time their IPOs to coincide with periods of excessive optimism, consistent with the finding in Lee, Shleifer, and Thaler (1991) that more companies go public when investor sentiment is high.
	Mutual Fund Flows (FF): Individual retail investors actively reallocate their money across different mutual funds. In a market with costly information acquisition and trading, rational investors have an incentive to become informed if the marginal ben...
	Dollar Reserves with RBI (Forex): Foreign exchange reserves are reserves held by a central bank in foreign currencies, used to back liabilities on their issued currency as well as to influence monetary policy. High dollar reserves help the RBI to fost...
	Turnover in Index Futures (Indexfut): Turnover, or more generally liquidity, can be viewed as an investor sentiment index. If short-selling is costlier than opening and closing long positions (as it is, in practice), irrational investors are more like...
	P/E Ratio (PE): The price earnings ratio, often called the P/E ratio or price to earnings ratio, is a market prospect ratio that calculates the market value of a stock relative to its earnings by comparing the market price per share by the earnings pe...
	IPO First-Day Returns (RIPO): Initial public offerings sometimes earn such remarkable returns on their first trading day that it is difficult to find an explanation that does not involve investor enthusiasm. Average first-day returns display peaks and...
	Nifty Dividend Yield (DIV): Baker and Wurgler (2004a, b) define the dividend premium as the difference between the average market-to-book-value ratios of dividend payers and nonpayers. We, however, use the dividend yield on Nifty instead of the divide...
	In other words, as investor sentiment shifts toward dividend-paying firms, the firms trade at a premium relative to the nonpayers. Firms cater to this sentiment by adjusting dividend policies in the direction of the dividend premium prevailing in the ...
	3.2:    Data Collection
	We collected monthly data on each of the ten sentiment proxies from the year 2008 to the year 2012. Monthly data on advance-decline ratio, put-call ratio, trading volume over market capitalization ratio, Nifty dividend yield, turnover in Index futures...
	We also collected monthly data on SENSEX for the same period from the BSE website.
	The firm-level data are from the CMIE Prowess database. The sample includes BSE 500 common stock between 2008 through 2012. We collect monthly data on stock prices, market equity, book-value per share and outstanding number of shares. We match account...
	CHAPTER 4
	METHODOLOGY AND EMPIRICAL MODEL
	4.1:    The Stock and Watson Index Methodology
	Using modern econometric techniques, Stock and Watson developed a new system of composite indexes of coincident and leading economic indicators, as well as a recession index for the United States. The coincident indicators are coincident with the "ref...
	The index of coincident indicators earlier maintained by the DOC was a weighted average of four broad measures of economic activity: industrial production, real personal income less transfer payments, real manufacturing trade sales, and the number of ...
	However, the weights used by Stock and Watson are from an estimated dynamic factor model, in which the unobserved state of the economy (Ct) is the sole source of co-movements among the coincident variables. Thus the model is based on the fact that the...
	Preliminary data analysis suggested modeling the logarithms of these four series as being individually integrated but not cointegrated. Hence first difference of the logarithms of the four series has been used for subsequent analysis.
	The proposed CEI was quantitatively similar to the existing DOC coincident index. The main differences were the slightly greater trend growth and cyclical volatility of the DOC series. The correlation between the growth rates of the proposed and DOC s...
	4.2:    State-space models and the Kalman Filer
	State-space models, which typically deal with dynamic time series models that involve unobserved variables, have a wide range of potential applications in econometrics, since economic theory often involves unobservable variables for example, permanent...
	The basic tool used to deal with the standard state-space model is the Kalman filter, a recursive procedure for computing the estimator of the unobserved component or the state vector at time t, based on available information at time t. When the shock...
	State-space models are useful tools for expressing dynamic systems that involve unobserved state variables. A state-space model consists of two equations: a transition equation (sometimes called a state equation) and a measurement equation.
	Measurement Equation: An equation that describes the relation between observed variables (data) and unobserved state variables.
	Transition Equation: An equation that describes the dynamics of the state variables. The transition equation has the form of a first-order difference equation in the state vector.
	Suppose we have two stationary variables, y1t, and y2t with a common component Ct. Stock and Watson (1991) employ a general version of the above dynamic factor model to extract an experimental coincident index from four coincident economic variables.
	y1t = γ1ct + z1t,
	y2t = γ2ct + z2t,
	ct = φ1ct-1 + vt,            vt ~ i.i.d. N(0,1),
	zit = αizi,t-1 + eit,          eit ~ i.i.d.N(0,σi2),
	A state-space representation of such a model is given by:
	Measurement Equation
	Transition Equation
	where yt is an n × 1 vector of variables observed at time t; βt is a k × 1 vector of unobserved state variables; Ht is an n × k matrix that links the observed yt vector and the unobserved βt and F is a k × k. In the above example we have two stationar...
	Once a dynamic time series model is written in state-space form, the Kalman filter is readily available for inferences on the unobserved state vector βt, conditional on the parameters of the model and the appropriate information set.
	The Kalman filter is a recursive procedure for computing the optimal estimate of the unobserved-state vector βt, t = 1, 2,..., T, based on the appropriate information set, assuming that F, R, and Q are known. Here R refers to the error variance matrix...
	The basic filter refers to an estimate of βt based on information available up to time t, and smoothing to an estimate of βt based on all the available information in the sample through time T.
	We shall use the following notation:
	Ѱ denotes the information set,
	βt|t-1 = E[βt| Ѱt-1] denotes expectation (estimate) of βt conditional on information up to t-1,
	Pt|t-1 = E[(βt – βt|t-1)(βt – βt|t-1)´] is the covariance matrix of βt conditional on information up to t-1,
	βt|t = E[βt| Ѱt] denotes expectation (estimate) of βt conditional on information up to t,
	Pt|t = E[(βt – βt|t) (βt – βt|t)´] is the covariance matrix of βt conditional on information up to t,
	yt|t-1 = E[yt| Ѱt-1] = Ht βt|t-1 denotes forecast of yt given information up to time t-1,
	ηt|t-1 = yt - yt|t-1 is the prediction error,
	ft|t-1 = E[ηt|t-12] denotes the conditional variance of the prediction error,
	βt|T = E[βt| ѰT] denotes expectation (estimate) of βt conditional on information up to T (the whole sample),
	Pt|T = E[(βt – βt|T) (βt – βt|T)´] is the covariance matrix of βt conditional on information up to T (the whole sample).
	The Kalman filter (basic filter) consists of the following two steps:
	1. Prediction: At the beginning of time t, we may want to form an optimal predictor of yt, based on all the available information up to time t-1: yt|t-1. To do this, we need to calculate βt|t-1.
	2. Updating: Once yt is realized at the end of time t, the prediction error can be calculated: ηt|t-1 = yt - yt|t-1. This prediction error contains new information about βt beyond that contained in βt|t-1. Thus, after observing yt, a more accurate inf...
	To be more specific, the basic filter is described by the following six equations:
	Prediction:
	βt|t-1 = μ̄ + F βt-1|t-1,
	Pt|t-1 = F Pt-1|t-1 F̕  + Q
	ηt|t-1 = yt - yt|t-1 = yt - Ht βt|t-1,
	ft|t-1 = Ht Pt-1|t-1 H̕  + R,
	Updating:
	βt|t = βt|t-1 + Kt ηt|t-1,
	Pt|t = Pt|t-1 – Kt Ht Pt|t-1,
	Smoothing (βt|T) provides us with a more accurate inference on βt, since it uses more information than the basic filter. The following two equations can be iterated backwards for t = T - 1, T - 2,... 1, to get the smoothed estimates:
	βt|T = βt|t + Pt|t F̕  Pt+1|t-1 (βt+1|T – Fβt|t – μ̄),
	Pt|T = Pt|t + Pt|t F̕  Pt+1|t-1 (Pt+1|T – Pt+1|t) Pt+1|t-1̕  F Pt|t̕
	where and βT|T and PT|T , the initial values for the smoothing, are obtained from the last iteration of the basic filter,
	and, Kt = Pt|t-1Ht´f t|t-1-1 is the Kalman gain which determines the weight assigned to new information about βt contained in the prediction error.
	4.3:    State space model representation using the sentiment proxies
	We test each of our series of sentiment proxies for stationarity before we start with the state space model representation of our sentiment index. We run Augmented Dickey-Fuller tests for each of the series. The null hypothesis being that the series h...
	We use the first difference instead of the level for two sentiment proxies (Forex and DIV) since they were found to be non-stationary at the level and we also make sure that we standardize all the series before incorporating them in our state space mo...
	We include combinations of the ten proxies and their lags. We even define a few more proxies based on the original proxies. These are as follows:
	PCR1 takes the value of the PCR prevailing in that month if PCR is greater than one. It takes the value of zero if the ratio is lower than one.
	Similarly, PCR2 takes the value of the PCR prevailing in that month if PCR is lesser than one. It takes the value of zero if the ratio is greater than one.
	Negff takes the value of the FF prevailing in that month if the flow of fund is negative. It takes the value of zero if the flow of fund is positive in a particular month.
	Posff takes the value of the FF prevailing in that month if the flow of fund is positive. It takes the value of zero if the flow of fund is negative in a particular month.
	Fg or 3-month moving average growth of the dollar reserves is computed by taking the 3-month moving average of the month-on-month growth of the dollar reserves with the RBI.
	Negripo is equal to the first-day average return of IPOs if the average monthly return is negative. It is equal to zero if the average return on IPOs is positive for a particular month.
	Posripo is equal to the first-day average return of IPOs if the average monthly return is positive. It is equal to zero if the average return on IPOs is negative for a particular month.
	We include the lags for the above too.
	The final sentiment proxies are TVMt, TVMt-1, ADRt, ADRt-1, PCRt, PCRt-1, PCR1t, PCR1t-1, PCR2t, PCR2t-1, NIPOt, NIPOt-1, FFt, FFt-1, Negfft, Negfft-1, Posfft, Posfft-1, Forext, Forext-1, Fgt, Indexfutt, Indexfutt-1, PEt, PEt-1, RIPOt, RIPOt-1, Negrip...
	We try to construct an index using 5 variable and 6 variable combinations of the proxies mentioned above.
	4.3.1:    The State-Space Representation of a 5 variable Sentiment Index
	A state-space model consists of two equations: a transition equation (sometimes called a state equation) and a measurement equation.
	Measurement Equation: An equation that describes the relation between observed variables (our sentiment proxies) and unobserved state variable (aggregate market sentiment).
	Transition Equation: An AR(1) equation that describes the dynamics of the state variables.
	Taking any five of the above mentioned sentiment proxies,
	TVMt = γ1ct + z1t,
	ADRt = γ2ct + z2t,
	PCRt = γ3ct + z3t,
	NIPOt = γ4ct + z4t,
	FFt = γ5ct + z5t,
	ct = φ1ct-1 + vt,            vt ~ i.i.d. N(0,1),
	zit = αizi,t-1 + eit,          eit ~ i.i.d.N(0,σi2).
	The above can be represented in state-space form as under:
	Measurement Equation
	State Equation
	4.4:    Construction of portfolios based on different firm characteristics
	The firm-level data are from the CMIE Prowess database. The sample includes BSE 500 common stock between 2008 through 2012. We match accounting data for calendar year-ends in calendar year t to (monthly) returns from January t+1 through December t+1.
	4.4.1:    Construction of portfolios based on the size characteristic
	Size characteristic include market equity or the market capitalization of the stock from December of year t, measured as price times shares outstanding from CMIE Prowess. We match ME to monthly returns from January of year t+1 through December of year...
	4.4.2: Construction of portfolios based on the characteristics indicating growth opportunities
	Characteristics indicating growth opportunities, distress, or both include book-to-market equity, BE/ME. Market equity, from December of year t, is measured as price times shares outstanding from CMIE Prowess. Book equity (BE) is shareholders equity p...
	4.4.3:    Construction of the Fama-French Size-Value portfolios and factors
	The Fama-French methodology involves a cross classification of stocks on two dimensions – size, measured by market capitalization, and value, measured by the ratio of book value per share to market price per share B/M ratio.
	We follow Fama and French (2012) and use Value (V), Neutral (N) and Growth (G) to denote the groups that Fama and French (1993) originally denoted as High (H), Medium (M), and Low (L). The portfolio BV can be regarded as the intersection of B and V, w...
	SMB (Small minus Big) is the simple average of three return differences: SG – BG, SN – BN and SV – BV, each of which is a difference between two portfolios that are matched in terms of value and differ only in size. SMB is meant to mimic the risk fact...
	Similarly, the value factor HML (High minus Low) is defined as the simple average of two differences: SV – SG and BV – BG, each of which is a difference between two portfolios that are matched in terms of size and differ only in value. The HML factor ...
	Size breakpoints: We match ME to monthly returns from January of year t+1 through December of year t+1 and exclude stocks with missing ME values. Next, we arrange the stocks from the highest ME to the lowest ME and we defined big firms (B) as the top ...
	Value breakpoints: We match BE/ME to monthly returns from January of year t + 1 through December of year t + 1 and exclude stocks with missing ME or BE values. Next, we arrange the stocks from the highest B/M to the lowest B/M. High value group, V, co...
	The stocks were classified as Big (B), Medium (M) and Small (S), based on their market capitalization at December-end. At the same time, the stocks were independently classified as Value (V), Neutral (N) and Growth (G) based on their B/M ratio.
	CHAPTER 5
	EMPIRICAL ANALYSIS AND INFERENCES
	5.1:    Tests for stationarity
	We test each of our series of sentiment proxies for stationarity before we start with the state space model representation of our sentiment index. We run Augmented Dickey-Fuller tests for each of the series. The null hypothesis being that the series h...
	From the above we can conclude that Forex (Dollar reserves with RBI) and DIV (Nifty Dividend Yield) are non-stationary. Hence we test the first difference of the two series for stationarity using the ADF test and find that the first difference for bot...
	Hence for the above two proxies we use the first difference instead of the level and we also make sure that we standardize all the series before incorporating them in our state space model for the sentiment index.
	5.2:    The Sentiment Index
	After executing all possible 5-variable and 6-variable combinations, we get a parsimonious 5-variable index with high explanatory power. Here we find that all the proxies were significant with the right signs.
	5.3:    Empirical Tests
	A regression approach allows us to conduct formal significance tests, incorporate the continuous nature of the sentiment index and also allows us to understand the nature of the companies that get affected by sentiment and up to what extent.
	5.3.1:    Predictive regressions for the portfolios constructed on the basis of size
	We start by regressing the monthly returns of the 10 portfolios on two independent variables: One being our lagged sentiment index and the other being, a control variable, the market risk premium computed by taking the difference between the monthly m...
	Rit = c + dSENTIMENTt−1 + eMkt_Premium + uit                                                             (5.1)
	Rit = c + dSENTIMENTt−3 + eMkt_Premium + uit                                                             (5.2)
	Rit = c + dSENTIMENTt−6 + eMkt_Premium + uit                                                             (5.3)
	Rit = c + dSENTIMENTt−12 + eMkt_Premium + uit                                                           (5.4)
	The dependent variable Rit indicates the monthly returns on the ten portfolios based on ME (i=1, 2,…., 10) from January through December of year t and each of the monthly returns are regressed on the sentiment index that prevailed at the end of the pr...
	When we regress the dependent variable Rit (the monthly returns on the ten portfolios) on the sentiment index with a one-month lag, three-month lag and a six-month lag, the results were disappointing, insignificant or significant with incorrect signs.
	When we regress the dependent variable Rit (the monthly returns on the ten portfolios) on the sentiment index with a one-year lag, the results are interesting. The same can be stated and summarized in detail as under:
	The term in the bracket indicates the respective p-value.
	From the above table, we can conclude that the coefficients of the sentiment index (with a one year lag) for portfolio 10 and portfolio 4 are negative and significant. Portfolios 1 to 3 represent the large/big firms, portfolios 4 to 7 represent the mi...
	Consider the results reported for the SMB portfolio. The negative coefficient for the sentiment index shows that when sentiment is high, returns on small, young, and high volatility firms are relatively low over the coming year as compared to large fi...
	5.3.2:    Predictive regressions for the portfolios constructed on the basis of value
	We start by regressing the monthly returns of the 10 portfolios on two independent variables: One being our lagged sentiment index and the other being, a control variable, the market risk premium computed by taking the difference between the monthly m...
	Rit = c + dSENTIMENTt−1 + eMkt_Premium + uit                                                             (5.5)
	Rit = c + dSENTIMENTt−3 + eMkt_Premium + uit                                                             (5.6)
	Rit = c + dSENTIMENTt−6 + eMkt_Premium + uit                                                             (5.7)
	Rit = c + dSENTIMENTt−12 + eMkt_Premium + uit                                                           (5.8)
	The dependent variable Rit indicates the monthly returns on the ten portfolios based on BE/ME (i=1, 2,…., 10) from January through December of year t and each of the monthly returns are regressed on the sentiment index that prevailed at the end of the...
	When we regress the dependent variable Rit (the monthly returns on the ten portfolios) on the sentiment index with a one-month lag, three-month lag and a six-month lag, the results were disappointing, insignificant or significant with incorrect signs.
	When we regress the dependent variable Rit (the monthly returns on the ten portfolios) on the sentiment index with a one-year lag, the results are interesting. The same can be stated and summarized in detail as under:
	The term in the bracket indicates the respective p-value.
	From the above table, we can conclude that the coefficients of the sentiment index (with a one year lag) for portfolio 9 and portfolio 3 are negative and significant. Portfolios 1 to 3 represent the high value firms, portfolios 4 to 7 represent the ne...
	Consider the results reported for the HML portfolio. The insignificant and negative coefficient for the sentiment index shows that sentiment does not predict returns for simple high minus low portfolio formed on the basis of BE/ME.
	Consider the results reported for the MML portfolio. The significant and positive coefficient shows that when sentiment is high, returns on small, young, and high growth firms are relatively low over the coming year as compared to neutral growth firms...
	Therefore we find with the growth and distress or value variables do not have simple monotonic relationships with sentiment. Our results illustrate a U-shaped pattern. The firms with extreme values react more to sentiment than firms with middle values.
	5.3.3:    Predictive regressions for the Fama-French portfolios
	We start by regressing the monthly returns of the 9 portfolios on two independent variables: One being our lagged sentiment index and the other being, a control variable, the market risk premium computed by taking the difference between the monthly ma...
	Rit = c + dSENTIMENTt−1 + eMkt_Premium + uit                                                             (5.9)
	Rit = c + dSENTIMENTt−3 + eMkt_Premium + uit                                                           (5.10)
	Rit = c + dSENTIMENTt−6 + eMkt_Premium + uit                                                           (5.11)
	Rit = c + dSENTIMENTt−12 + eMkt_Premium + uit                                                         (5.12)
	The dependent variable Rit indicates the monthly returns on the ten portfolios (i=BV, BN, BG, MV, MN, MG, SV, SN and SG) from January through December of year t and each of the monthly returns are regressed on the sentiment index that prevailed at the...
	When we regress the dependent variable Rit (the monthly returns on the nine Fama-French portfolios) on the sentiment index with a one-month lag, three-month lag and a six-month lag, the results were disappointing, insignificant or significant with inc...
	When we regress the dependent variable Rit (the monthly returns on the ten portfolios) on the sentiment index with a one-year lag, the results are interesting and in sync with Baker and Wurgler’s findings (2006). The same can be stated and summarized ...
	The term in the bracket indicates the respective p-value.
	From the above table, we can conclude that the coefficient of the sentiment index (with a one year lag) for portfolio BG is negative and significant. However, when we control for the size factor and regress the SG potfolio on the sentiment index (with...
	In the above graph, the sentiment index with a year’s lag coincides well with the SENSEX.
	We also plot our sentiment index (without any lags) against the monthly returns on the SENSEX. The same has been plotted below.
	CHAPTER 6
	CONCLUSION
	In classical finance theory, investor sentiment does not play any role in the cross-section of stock prices, realized returns, or expected returns. Contrary to this view, this study tries to demonstrate that investor sentiment, broadly defined, has si...
	One main empirical finding is that the cross-section of future stock returns is conditional on beginning-of-period proxies for sentiment. When sentiment is estimated to be high, stocks that are attractive to optimists and speculators and at the same t...
	The potential payoffs of an improved understanding of investor sentiment are substantial. For example, the standard methodology for estimating fundamental market betas, an input to long-term capital budgeting and other important financial decisions, d...
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