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Momentum, market states and investor behavior

Abstract: This paper shows that the momentum effect appears in the wake of both up-market and down-market states in the Spanish stock market, although in the first of these cases it is followed by return reversal.  This evidence, which contradicts the predictions of Cooper et al (2004), provides the rationale for including disposition-prone agents among the possible explanatory factors behind the momentum effect in a behavioral theory context. 
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1.- Introduction.

Since Jegadeesh and Titman (1993) first drew attention to the momentum effect in the US market, this has continued to be one of the most hotly debated anomalies in the asset-pricing literature. This is due in part to the practically unanimous evidence of momentum, both in the US market
 and others (see Rouwenhorst 1998 for various European markets; Chui, Titman and Wei 2000 or Hameed and Kusnadi 2002 for some Asian Basin markets; Hon and Tonks 2003 for the UK; or Glaser and Weber 2003 for the German market). 

According to the market efficiency hypothesis, once abnormal returns come to light, the subsequent surge of investors trying to exploit them will ultimately lead to their reversal. As stated above, this does not appear to be the case, however. Thus, the debate has now turned to the source of these abnormal returns
 and to the question of whether possible sources are consistent with the efficiency hypothesis. 

There exist two basic alternative lines of reasoning. One stems from the rational approaches, which suggest that the momentum effect may basically due to some risk factor that has been omitted in the classic asset-pricing models. This might account for the lack of intervention by arbitrageurs. In this respect, Conrad and Kaul (1998) conclude that momentum returns are the result not of autocorrelation in stock returns but of cross-sectional variation, stemming basically from different levels of exposure to risk factors among the stocks. Other authors, such as Ang, Chen and Xing (2002) or Harvey and Siddique (2000), place the emphasis on the fact that asymmetric risk factors, such as downside risk or co-skewness, may be behind some of the abnormal returns on momentum strategies. There are also authors, like Chordia and Shivakumar (2002) or Avramov and Chordia (2005), who claim that momentum is due to exposure to macroeconomic risk factors, and is therefore more strongly apparent during periods of macroeconomic expansion.  There are even those that declare momentum returns to be an illusion created by the transaction costs effect (see Lesmond, Schill and Zhou, 2004).

Nevertheless, the lack of totally satisfactory empirical findings to support the rational arguments has given rise to theories that seek an explanation for the momentum effect in what they consider to be the “irrational” behavior of investors. These fit into the “behavioral finance” line of reasoning. Among them Hong and Stein (1999), propose a model with two types of investors, “news-watchers”, who under-react to information, and “momentum traders”, who, as their name suggests, base their trading strategy on momentum. Within this framework, news-watchers’ under-reaction and the slow diffusion of information through the market provide the explanation for the momentum effect. Daniel, Hirshleifer, and Subrahmanyam (1998), meanwhile, propose a model based on psychological biases, such as self-attribution or overconfidence, which generate a delayed over-reaction of the market and thus cause momentum. Barberis, Shleifer, and Vishny (1998) also posit a model in which investors’ conservatism and representativeness bias trigger the appearance of the momentum effect. 

Grinblatt and Han (2002) meanwhile suggest that momentum may be caused by the disposition effect. The latter may increase in strength if the market has imposed a short-selling constraint that makes would-be momentum traders less able to take a losing position.

Although the above behavioral models suggest plausible explanations for the momentum effect, testing their hypotheses in practice poses a major problem. Nevertheless, some of their implications have been put to the test in several studies. Jegadeesh and Titman (2001) for example, suggest that any long-term reversal in momentum returns is related to the delayed over-reaction that features in the models constructed by Barberis, Shleifer, and Vishny (1998), Daniel et al. (1998) or Hong and Stein (1999). If such returns fade without any long-term reversal, however, momentum is probably entirely due to under-reaction. If, on the other hand, the returns continue in the long term, the momentum effect is most likely to be explained by one of the rational arguments mentioned earlier.

Hong, Lim and Stein (2000) also test the findings of the Hong and  Stein (1999) model.  By showing that momentum is stronger in small stocks with less analyst coverage. Slow diffusion of information, which is obviously most relevant for these stocks, leads to under-reaction, which later gives way to delayed over-reaction, consistent with the predictions of the said model. 

Finally, Cooper Gutierrez and Hameed (2004) attempt to test the Daniel et al. (1998) model, by using market state as indirect validating evidence.
 According to these authors, if any of the investors trading on the market suffer from overconfidence and self-attribution, they are more likely to do so on the back of a stock market upturn that has yielded positive returns.  If, therefore, the momentum effect is due to these biases, it should manifest itself more strongly after stock market upturns. According to the predictions of the Daniel et al. (1988) model, moreover, the momentum effect comes as a result of delayed overreaction on the part of investors, thus a reversal in this type of returns can be expected in the long run.

In this context, this paper aims to probe deeper into the analysis of the momentum effect combining several behavioral theories, it takes into account the relationship of momentum to different market states and the implications of this on investor behavior, in line with Cooper, Gutierrez and Hameed (2004). 

The main differentiating feature of this research is that it incorporates disposition-prone investors, and the effect of institutional factors (such as trading mechanisms or short selling constraints), which may intensify the impact on asset prices. Within this framework, which generalizes that presented by Cooper, Gutierrez and Hameed (2004), in order to predict the strength of the momentum effect according to the market state, as well as exploring the state of the market, it is also necessary to examine aspects such as the level of short-selling constraints and the proportion of disposition-prone investors in the market. This enables us to explain the fact that the momentum effect is even stronger in down markets, than in up markets, which is the reverse of the Cooper et al. (2004) predictions.

To test this approach empirically, this paper focuses on a market with a high level of short selling constraints
. The empirical evidence from the Spanish stock market, moreover, also appears difficult to reconcile with explanations that attribute abnormal momentum returns to risk factors (Forner and Marhuenda, 2003). Momentum profits are found to persist even when asymmetric risk factors are taken into account (Muga and Santamaría, 2005). Nevertheless, the search for explanations based on behavioral models has also proved less than satisfactory. Indeed, Forner and Marhuenda (2004), who make use of the book-to-market ratio, size and analyst coverage, find some evidence to support the models of Hong and Stein (1999) and Daniel et al (1998), though without entirely conclusive results. Muga and Santamaría (2006) also find greater momentum for small stocks, in line with the predictions of the Hong and Stein (1999) model, though the turnover performance is not fully consistent with the said model. 

The rest of the paper is structured in seven sections.  The second section presents the relationship between momentum and market state using behavioral models and formulates the hypotheses to be tested. Section three describes the data and  explains the basics of the chosen methodology. The fourth summarizes the results of the tests for momentum in the Spanish stock market, and analyze the momentum / market state relationship. Section five analyzes the explanatory capacity of benchmark models for different market states and presents indirect evidence of the explanatory power of the disposition effect in down-markets. Section six examines the long-run performance of the various strategies for different market states in order to seek evidence to validate the hypothesis to explain the momentum effect. Finally, section seven presents the conclusions.

2.- Momentum and market states through the behavioral models

The idea of relating momentum to economic cycle variables is not new in the literature (see, for example, Chordia and Swivakumar, 2002 or Avramov and Chordia, 2005). Thus far, however, the focus has been on variables that might to some extent approximate changes in risk factors from one period to another. The main contribution of Cooper et al. (2004) in this respect is to study this relationship through the behavioral models. 

These authors test models in which delayed over-reaction is followed by reversal, such as, the Daniel et al (1998) and Hong and Stein (1999)
 models, by extending the predictions for different market states.  Thus, the Daniel et al. (1998) model is consistent with greater momentum in up-markets, due to the fact that a higher general level of overconfidence will produce stronger over-reaction leading to higher short-term momentum. In the Hong and Stein (1999) model, however, it is the effect of a change in the risk aversion of momentum traders that strengthens the momentum effect during up-markets. In particular, the decline in risk aversion that comes with wealth increases leads to stronger delayed overreaction and, thus, to greater momentum. According to Cooper et al. (2004), therefore, market state
 is a crucial variable in explaining momentum strategy profits, which will be higher during up-markets than during down-markets. Furthermore, according to overreaction theories, there will be long-term reversal in this price trend.

The arguments of Cooper et al (2004) can therefore be tested against the following null hypothesis:

H1: Momentum strategy profits will be higher during up-markets.

This hypothesis is in fact an oversimplified summary of the proposal of Cooper et al (2004). The latter’s argument is somewhat more refined in that they find an explanation for this behavior in a non-linear relationship between momentum profits and lagged market states, with a peak near the median level of market performance which is then followed by a slow decline. Though H1 does not fully capture their proposal, its rejection would nevertheless invalidate their arguments.

Among the behavioral models, there is one that deviates widely in its point of departure by not assuming investor biases; this is the proposal of Grinblatt and Han (2002 and 2005
). These authors show that a disposition effect among investors, manifested in a tendency to hold losing stocks for much longer than winning stocks, will, in the presence of an imperfectly elastic demand function, generate an under-reaction of prices to public information. This will result in a spread between the market price and its fundamental. Such circumstances, in conjunction with the heterogeneity of investors, will generate momentum in stock returns.

Grinblatt and Han (2002 and 2005) provide no information as to whether the disposition effect may vary as the market state changes. Some proposals can, nevertheless, be made in this respect. For example, while it is hard to find reasons to explain an increase in the disposition effect among investors
 in an up-market scenario, it is easier to assert that the potential impact of such agents on asset-pricing may be greater during down-markets. The reasons for this are that their portfolios are more likely to contain losing stocks
 that they will hold on to and they will even generate demand in order to reduce the mental account of their losses. (see Odean 1998)

Furthermore, if a connection is allowed between risk aversion and loss aversion (which need not be direct), it would be possible to explain why the latter could be higher in down-markets due to the so-called house-money effect (Thaler and Johnson, 1990). This means that investors will be less risk-averse after successive gains and more risk-averse after sustaining successive losses.

The inclusion of disposition-prone investors can considerably alter the arguments of Cooper, Gutierrez and Hameed (2004) since it prevents us from assuming that the momentum effect will be inevitably stronger during up-markets.  In particular, while it is reasonable to assume that biases such as self-attribution and overconfidence
 may weigh more heavily after a market upturn, it would appear more reasonable to assume that prices in down-markets will be affected more by the presence of disposition-prone investors (aggravated by short-sales constraints). Nevertheless, the end result is difficult to predict in either market state, since it will depend on the ultimate effect of noise traders on demand. Note that disposition-prone investors behave in the opposite manner to momentum traders. We should also add that the impact of both investor biases and the disposition effect on price formation may differ with market-type and trading mechanisms. Indeed, in an experimental analysis, Oehler et al (2002) present evidence of the varying impact of the disposition effect in Call Markets, Continuous Trading Markets, and Dealer Markets  (it is stronger in the first and weaker in the last). Finally, the potential impact of the strictness of short-selling constraints should also be considered.

Thus, though momentum profits may depend on market states, the outcome will vary with the investor mix at any point of time, and also with the trading mechanisms and the strictness of short selling constraints. This feature prevents us from formulating an alternative hypothesis, since it would be impossible to test, being consistent with neither the confirmation nor the rejection of the null hypothesis postulated in Cooper et al (2004). 

Nevertheless, it is possible to test hypotheses that will allow us to confirm, at least indirectly, the presence of disposition traders. This can be done by testing models with references consistent with the disposition effect. In line with George and Hwang (2004), these models are based on the anchoring and adjustment bias described by Kahneman, Slovic and Tversky (1982). Common to all these models is the idea that investors have a reference point against which they assess the potential impact of news. In the Grinblatt and Han (2005) model, where there is a disposition-prone investor segment, the reference price  is the purchase price. In the case of the 52-week high strategy, however, this is itself the reference price
. This leads to the following hypothesis:

H2: In the presence of disposition traders, the 52-week high portfolio will be a similar or better predictor of future returns than the past-return portfolio. 

As already stated, moreover, it seems reasonable to assume that it is in down-markets that prices are most heavily influenced by the presence of disposition traders. Thus, the following hypothesis can be derived:

H3: In down-markets the 52-week high portfolio will be a better predictor of future returns than momentum portfolios based on past returns.

The confirmation of these two hypotheses, H3 in particular, which is more specific, would provide empirical support for the presence of disposition investors in the market. Assuming this to be the case, the following additional hypotheses are possible:

H4: In an up-market, momentum due to delayed overreaction should revert in the long term.
The argument to support this null hypothesis is the same as that used by Cooper et al (2004), the validity of which would hold in the described scenario. Note that up-market momentum is due to the fact that the traders generating the over-reaction can affect prices to the point of causing short-term momentum. Therefore, as indicated by the various over-reaction models, long-term reversal should follow.

H5: In down-markets, momentum due to the disposition effect, will not end in long-term reversal.

The argument to support this hypothesis is grounded on the fact that any momentum in down-markets is basically due to the influence of disposition investors. According to the Grinblatt and Han (2002 and 2005) model, momentum that occurs as a result of under-reaction leading to a disposition effect will not revert in the long term.

3.- Data and Methodology

3.1.- Data

This analysis uses adjusted daily returns on stock listed in the Spanish stock market between January 1971 and May 2004. The Madrid Stock Exchange General Index. Data from 1981 on are drawn mainly from Intertell Database with some complementary data from the closing prices of the Stock Market Association, which are adjusted for capital gains, stock splits and dividends, based on Madrid stock exchange data. Returns prior to that date are drawn from information published in the weekly bulletins of the Confederación Española de Cajas de Ahorros (C.E.C.A.). (Spanish Savings Bank Federation). This yields a total sample of 194 firms listed on the Spanish stock market at some time during the sample period, with a minimum of 40 at the start of the sample period and a maximum of 145 in November 1998. 
The daily returns of these stocks were estimated in order to test the predictive power of  benchmark models, particularly the 52-week-high strategy.

Market profitability is approximated by the monthly return of the Madrid Stock Exchange Index, to adjust the momentum strategies for the classic risk factors, CAPM and the Fama French three-factor model. The bank-loan interest rate was taken as the risk-free return up to 1982, after which we used the monthly interest rate on one-year bills of exchange in the secondary market. The SMB and HML factors were constructed following Fama and French (1993). Then required capitalization and book value data for the stocks listed in the continuous market in Spain from the late 1990s onwards.
 

3.2.- Methodology

Following the previous literature, this paper adopts a methodology similar to that used by Jegadeesh and Titman (1993) in their seminal paper on the momentum effect. These authors base their approach on the analysis of a set of momentum strategies, using the following procedure. At a particular point in the sample period, the stocks are ranked by cumulative returns over the previous J months (formation period)
, and classified by deciles. The securities in the top-performing decile are assigned to the winner portfolio and those in the bottom decile to the loser portfolio. The “momentum strategy” consists of taking a long position on the winner portfolio and going short on the losers. These portfolios are held for a horizon of K months following their formation (the holding period).  Thus, different momentum strategies can be applied using different combinations of formation periods and holding periods.

Another formation period begins the next month,  new winner and loser portfolios are constructed and new momentum strategies are implemented. Since the strategies implemented in the previous period will be held for the K months following their formation, these new momentum strategies will cumulate the position already  held, such that the momentum portfolio return for a given calendar month will be made up of returns on the K “momentum strategies” that remain open at that point of time. Using this procedure, it is possible to obtain a series of monthly returns based on the returns of the momentum portfolios. By measuring the profitability of these portfolios, it is possible to avoid problems arising from autocorrelation in momentum strategy returns. It is therefore sufficient to use a conventional t statistic.


Jegadeesh and Titman (1993) skip a period between the portfolio formation and holding periods to avoid potential microstructure biases, or contamination of the results by very short-run return reversals (the opposite of the momentum effect) documented in studies such as Jegadeesh (1990) and Lehmann (1990). 

An alternative and perhaps more intuitive way of calculating momentum returns, is to measure the returns on the winner portfolio and subtract the returns on the loser portfolio (momentum strategy), implemented over a given period of time. This is done irrespective of whatever strategies might be implemented in subsequent periods of time, using the events study approach. The drawback of such an approach when studying strategies of this type is the high correlation between returns on the different strategies. This means that the t statistic needs to be adjusted to check the significance of the different strategies.


As explained earlier, the definition of winners and losers as proposed by Jegadeesh and Titman (1993) is based on deciles. This process proves immensely challenging when working in the Spanish Stock Market given the limited number of continuously market traded stocks and the need for a degree of portfolio diversification.  Therefore, our portfolios are based on quintiles. In other words, the winner portfolio is compiled from the top-ranked stock quintile during the formation period and the loser portfolio from the lowest-ranked stock quintile over the same period. This is consistent with the approach taken by Forner and Marhuenda (2003).


Finally, note that, to avoid overestimating the potential momentum effect and possibly falling prey to survivorship bias, non-survivors are replaced by an equal-weighted index of the entire stock sample during that period.

4.- The momentum effect and its relationship with the market.

4.1.- The momentum effect in the Spanish stock market.

The results for the January 1973 to May 2004 estimation period are consistent with the previous evidence with respect to the presence of the momentum effect in the Spanish stock market.
 

The calendar time returns for the different momentum strategies involving the winner and loser portfolio are presented in Table 1. The momentum returns range between a monthly 0.95% for J=3 and K=3 to a monthly 1.72% for J = 12 and K = 3. It should be noted that the all 16 strategies are statistically significant at the 5% level. Returns on the winner portfolios range between a monthly 0.89% for J = 3 and K = 3, to a monthly 1.39% for J = 9 and K = 3.  All formation and holding period combinations are statistically significant. Finally, returns on the loser portfolios, while contributing to the momentum by generating negative returns, are insignificant in all cases.
Event time estimation is an alternative method of calculating momentum returns. Table 2 shows the results obtained by this method to be consistent with those estimated in calendar time. The momentum returns range between a monthly 0.92 % for J = 3 and K = 3, to a monthly 1.78% for J = 12 and K = 3. All 16 strategies were shown to be statistically significant using the Newey and West (1987) t statistic, and a bootstrapped and skew adjusted t statistic
 as proposed by Lyon, Barber and Tsai (1999). Furthermore, as was the case with the calendar time estimations, both winner and loser portfolios contribute to momentum, although only the returns on  winner portfolios turn out to be statistically significant.

As mentioned earlier, it is common practice to skip a period between portfolio formation and the holding period to avoid potential microstructure biases, or contamination of the results by short-term return reversals (Lehmann 1990). In their seminal paper Jegadeesh and Titman (1993) recommend skipping a period of 7 days. Later contributions, however, have generalized the practice of skipping an average of 1 month between portfolio formation and the holding period.
  This choice is probably too long for the effects it is intended to capture, which are basically microstructure biases that may lead to short-term reversal.

To analyze the impact of skipping a month, we present momentum returns for the first month following portfolio formation. The results (see Table 3) show that mean momentum profits during the first month of the holding period range between a monthly 0.75% for K = 3 to a monthly 1.79% for K = 12, all significant. Profits to the winner portfolio positive significantly for all the formation periods and mainly negative, though insignificant to the loser portfolio. 

Since there is no evidence of short-run reversal during the 1-month period following portfolio formation, henceforth we opt not to skip a period between portfolio formation and the holding period.

4.2. State of the market and the momentum .

Having demonstrated the presence of a momentum effect in the Spanish stock market over the period January 1973 to May 2004, the next stage is to test for a relationship between the momentum effect and market states following Cooper, Gutierrez and Hameed (2004). They estimate mean profits to the different momentum strategies in event time, using a 6-month formation period, and skip a month between portfolio formation and the holding period to avoid potential microstructure biases.  They identify the state of the market as “up” if profits over the 36 months
 prior to the portfolio holding period are positive, and “down” if profits on the market are non-negative.  They also calculate profits to this strategy for three separate holding periods, t+1 to t+6, t+1 to t+12, and t+13 to t+60. They do this by constructing a time series of raw returns corresponding to each month of the holding period, that is, 60 time-series of returns corresponding to month 1, month 2,… and  so on to month 60.  Monthly returns to the strategies are regressed on the relevant factors and a constant, to obtain the traditional CAPM or Fama  French, (1993) risk-adjusted returns,. These give the estimated factor loadings for each series of monthly holding-periods. The risk-adjusted returns based on these estimates are given by: 
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 is the estimated loading of factor s over the time series of raw returns in the holding-period month k. As the proxy factor for the CAPM in the regression, we use the excess return of the Madrid Stock Exchange General Index over the proxy for the risk-free asset. The remaining factors, SMBt and HMLt which capture size and book-to-market effects are defined according to the guidelines provided by Fama-French.

The CAPM or Fama French-adjusted raw returns or the returns estimated using the risk adjusted model are cumulated to form the event-time returns to the momentum strategy.
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Finally, the following regression:
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allows us to test various hypothesis.  Specifically, we test whether there are zero mean returns on the strategies in any market state or whether mean returns to momentum strategies are invariant between up-markets and down-markets. 

In our case, market size constraints dictate using past return portfolios based on quintiles rather than deciles.  Nevertheless, formation periods of 3, 6, 9 and 12 months are analyzed, and the proxy for the market state is the cumulative profit of the Madrid Stock Exchange General Index over the 36 months prior to formation.
 The raw, CAPM-adjusted and Fama French three-factor risk-adjusted return series, measured in calendar time, are all used to test robustness. 

The results for the event time raw returns (see Table 4) indicate the presence of the momentum effect during the estimation period, following both up-markets and down-markets for all the strategies considered. 

More specifically, the results of the Wald test on the hypothesis of equal returns on momentum strategies across “up” and “down” markets reject the null hypothesis H1 based on the argument of Cooper et al. (2004). Indeed, no significant differences are observed over shorter holding periods, and the finding for longer holding periods is actually the reverse of that predicted in the null hypothesis: profits on momentum strategies during down-markets are higher than in up-markets. This phenomenon is driven by the fact that, following up-markets, the profitability of momentum strategies declines gradually over increasingly longer holding periods and increases over increasingly longer formation periods. 

This trend profile for short to medium term momentum strategies appears to be consistent with the theory that over-reaction taking place during up-markets (attributed, in the Daniel et al (1998) model, for example, to self-attribution and over-confidence bias) will be followed by long-term reversal. By contrast, the results in down-markets are consistent with a stronger disposition effect among investors, which is not followed by reversal. To confirm this result, however, it will be necessary to look more closely at the long-run profit trend. 

The results displayed in the Table above are estimated using raw returns. Momentum strategies may, however, be exposed to some type of risk factor that would explain the above findings. Table 5 presents the results corresponding to CAPM risk-adjusted returns measured in event time.
 As suggested by prior evidence, this produces no major changes.
 In specific terms, a momentum effect can be observed after adjusting for risk, following both “up” and “down” market states. The only differences across market states are observed for long-run formation and holding periods, the momentum trend is stronger following “down” market states. 

Finally, Table 6 presents the results for the Fama French three-factor model in event time. Though they are not fully comparable with the preceding results, since data on the size (SMB) and book-to-market (HML) factors are available only from 1982 onwards. Nonetheless they continue to reveal a significant and positive momentum effect for all strategies, following both “up” and “down” market states. Furthermore, the same time trend is maintained; thus, as the formation period lengthens, momentum profit increases following “down” market states and decreases as the holding period lengthens following “up” market states. This means higher returns on strategies based on longer holding periods following “down” market states than following “up” market states. The difference is significant according to the Wald test only for the J = 12, K = 12 strategy, however. This slight change in the results is probably due to the omission of 1970s data, which were dominated by a “down” market state.

Nevertheless, despite this slight difference in results when using the three-factor model and reducing the sample period by 12 years, the main conclusion holds. In other words, hypothesis H1, formulated by Cooper et al. (2004) predicting higher momentum following “up” market states, is rejected. This suggests considering the disposition effect among agents as a possible explanation for the results for “down” market states, since they cannot be explained by the delayed over-reaction models used by Cooper et al. (2004). In the next section we check for the presence of the disposition effect among agents by testing the explanatory capacity of the models with anchors against past return momentum portfolios.

5.- Reference models and market states 

The reference models are based on the assumption that the adoption of reference prices  on the part of investors may generate return continuation and thereby momentum. Possibly one of the most intuitive and readily available anchors for investors is the 52-week-high (George and Hwang, 2004).
  When good news has pushed the price of an asset towards a maximum, then investors operating under this kind of bias become convinced that it cannot go any higher and so they sell, giving rise to  under-reaction to news. If, on the other hand, the news prevails, positive returns will be seen in later periods until the price reaches equilibrium. Symmetrically, when the price is well below the reference point, investors are at first reluctant to sell at prices they consider to be lower than the news suggests, thus provoking an under-reaction. As when the price is close to the reference point, however, the news eventually prevails, with the result that the equilibrium price is finally reached and a momentum effect is generated.

George and Hwang (2004) claim that the momentum effect is an under-reaction induced by some kind of “anchoring” bias, in line with the Grinblatt and Han (2002) theory on the disposition effect. In order to test their hypothesis, the former establish the 52-week-high as an “anchor” or reference for investors, while Grinblatt and Han (2002) use the purchase price as their reference point. Given that our down-market results appear to be consistent with the presence of a disposition effect, it might be interesting to test the models with anchors for different market states, as an indirect way of testing this assumption. 
Following the procedures discussed in section two, we need to test hypotheses H2 and H3. We will first test the goodness of fit of these models to explain the momentum effect in our domestic market. We will also present the results by segments according to market state.

This type of strategy is constructed along the same lines as shown in the calendar time methodology, except that in this case the stocks are sorted at portfolio formation, following George and Hwang (2004), according to the following measure: 
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 , where Pi,t is the price of asset i at the end of period t, while Maxi,t, the reference, is the maximum price of asset i over the year ending at the end of month t. Thus, at the end of each period the stocks will be sorted by quintiles, and a long position will be taken on the quintile whose price is nearest the reference, when measured by the ratio  described above,  and  a short position on the quintile furthest away from it. The strategy will be tested for holding periods of 3, 6, 9 and 12 months.

Table 7 presents the results of the momentum profits to the four reference strategies that were tested, and those of the “winner” and “loser” portfolios. They provide evidence of positive and significant returns to all the strategies considered, and are consistent with those obtained by George and Hwang (2004) for the US market. In our case, these results exhibit a pattern similar to what might be observed for momentum portfolios based on past returns. That is, positive and significant profits on the stocks in the winner portfolio and negative but insignificant returns on the losers.

It is interesting to check whether these results depend on the market state. Table 8 displays the returns to these strategies following “up” and “down” market states, together with the coefficients of difference yielded by the Wald test.  According to the above results, the mean returns to the strategies for the four test periods differ across “up” market and “down” market states. More specifically, in three out of the four cases, they are significantly higher following “down” market states. These results support the idea that the under-reaction phenomenon, captured by the reference strategies, is stronger following “down” market states.

Having presented these results, we now test hypotheses H2 and H3. For this we use a variation of the approximation proposed by George and Hwang (2004) based on Fama-McBeth (1973) cross-section equations. The dependent variable is the profit on asset i in month t, where the independent variables are dummies that show whether the stock continues to be included in either the momentum or the 52- week-high portfolio. We also controlled for stock return effects in the month prior to portfolio formation. Formally:
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where Ri,t is the profit of asset i in month t, JGi,t-j is a dummy variable that takes a value of one if the past return of asset i during the preceding six months (t-j-6, t-j) is in the top quintile and zero otherwise. JPi,t-j is a dummy variable that takes a value of one if the past return on asset i over the preceding six months is in the bottom quintile and zero otherwise. The dummy variables 52Gi,t-j and 52Pi,t-j are defined in the same way, the stocks being sorted in this case by the 52-week-high criterion described above.

If the strategies are based on calendar time, a strategy with a holding period of six months is formed from a cumulation of six strategies, formed one in each of the six months prior to the test period. Thus, for each month it will be necessary to estimate 6 differentiated equations corresponding to each of the formations that make up the strategy. Thus the coefficients for each month of the test period are given by 
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  where each individual coefficient is obtained from independent equations for every j = 1,..., 6.

The time series mean of the estimated sums for raw returns is shown in Table 9. The factor loadings on the dummy variables show whether the inclusion of a stock at a given moment in either the winner, loser, momentum or 52-week portfolio in any way predicts the future return on that asset. The factor loadings on the past return and 52-week-high portfolios are significant in both cases. The results of the mean difference test between the coefficients associated with the momentum strategies and those of the 52-week-high strategies in the winner (t = 0.45) and loser (t = 0.72) portfolios are insignificant. We can therefore confirm the null hypothesis H2 which predicts a similar or higher explanatory capacity for the 52-week-high portfolios with respect to the past return portfolios.

Nevertheless, potentially the most revealing hypothesis is H3, which states that the loser 52-week-high portfolio has a higher capacity to predict future returns on the asset in question than the past return portfolio. To test this hypothesis, we make use of the various coefficient estimates of the Fama McBeth time series regressions, for up-market and down-market states. The results, presented in Table 9, clearly reveal that the dummy variable associated with the 52-week-high loser portfolio is significant during down-markets, which is not the case for the past return loser portfolio. The mean values differ significantly. This confirms the null hypothesis H3, which, together with the confirmation of H2, provides solid empirical evidence of the presence of disposition investors. 

The results presented in Table 9 also show that there are no significant differences across market states in the coefficients of the dummies for the winners in either strategy or for the losers in the past return strategy. There is a significant difference, however in the dummy variable associated with stocks in the 52-week-high portfolio. It is clearly significant in down-markets, though not in up-markets. At this point it is worth noting that, over the estimation period, momentum strategy returns to the loser portfolio were positive following up-markets for all the strategies analyzed (ranging between a 0.297 % monthly mean for J= 9, K= 6 and a 0.538% monthly mean for J= 12, K= 12), while these portfolios registered negative returns following down-markets (ranging between a –1.04% monthly mean for J= 3, K=3 and a –1.79% monthly mean for J= 12, K= 3). 

This pattern allows us to link the observed behavior with the disposition effect, which is more relevant when investors are faced with the possibility of selling securities at a loss. Furthermore, the only dummy variable showing significant differences across up- and down-markets is that associated with the loser portfolio in the 52-week-high strategy. In combination, these two findings reinforce the theory that momentum returns following down-markets may be due to the behavior of disposition investors. Moreover, this impact is heavily concentrated in loser securities, which under-react to news as a result of the disposition effect. It may be aggravated by the short-selling constraints affecting these assets, which tend on the whole to be small stocks.
 

6.- The long-run evolution of momentum strategies.

The long-run evolution of the various momentum strategies may be another of the key factors to be considered when testing whether returns to these strategies are consistent with the theory expounded in this article. Specifically, if, as stated in hypothesis H4, we expect momentum following up-markets to be mainly due to delayed over-reaction
, we should observe return reversal over the long-run horizon, in line with the findings of Jegadeesh and Titman (2001) or Lee and Swaminathan (2000). If, on the other hand, the disposition effect, as stated in hypothesis H5, is stronger following down-markets as a result of the short-selling constraints that exist in the Spanish stock market, this will lead to under-reaction, which will not generate long-term reversal.

This theory, appears to be supported by the time trend of the various momentum strategies described in the section above, where it is possible to observe a weakening of returns to long-term strategies and momentum without long-term reversal following down-markets. To take this analysis further, however, we need to observe long-run returns to the various momentum strategies and test them against the hypotheses formulated above. Tables 4, 5, and 6 report the monthly mean cumulative returns to the momentum strategies for the holding periods t+13 to t+60 and t+25 to t+60, sorted by market state, using raw returns, the CAPM, and the Fama-French three-factor model, respectively. 

The results using this procedure show that, following up-markets, there is a reversal in momentum returns for all the formation periods considered and for holding period t+13 to t+60.
 This is consistent with hypothesis H4, which states that the positive returns to momentum strategies following up-markets are mainly due to delayed over-reaction. 

 However, according to hypothesis H5, the long run return performance following down-markets is very different. More specifically, a continuation of momentum returns is observed throughout the holding period t+13 to t+60. This continuation is significant, moreover, according to the estimated t statistics, both for raw and CAPM-adjusted returns, though it is insignificant for Fama-French-adjusted returns. The results vary for cumulative returns in the holding period t+25 to t+60, where the continuation of momentum returns is no significant, both before and after risk-adjustment. The continuation of positive returns described above is therefore generated mainly by cumulative returns over the second year of the holding period. Thus we are able to conclude that the results support hypothesis H5  that the holding period returns following down-markets, continue for approximately two years. After this they gradually fade without showing any actual reversal.

Figure 1 offers a clearer representation of the long-run pattern of cumulative raw returns to momentum strategies, after up-market and down-market states alike, and also of the CAPM-adjusted and three-factor Fama-French-adjusted returns.

The above tests show hypotheses H4 and H5 to be consistent with our behavioral approach.  That is, in addition to possible investor bias giving rise to over-reaction (which may be the reason for the long-term reversal of high momentum during up-markets), there is also a set of disposition-prone investors who generate under-reaction that is not followed by long-run reversal. Unless such behavior take into account, it is impossible to explain the presence of significant downside momentum, which is even greater than upside momentum in the Spanish stock market. The inclusion of both types of investor may account for the findings made at Cooper et al. (2004). In fact, different proportions of these two investor styles, the mean price level across market states, market mechanisms and the level of short-selling constraints may explain several different anomalies in asset-pricing theory, and thereby the observed patterns of price performance dynamics. 
7.- Conclusions.
The focus of this paper is explaining the momentum effect by examining differences in momentum returns across different market states. It is argued that, in a behavioral context, disposition investors must be taken into account to explain the evolutionary pattern of this phenomenon. The introduction of this factor drastically changes the predictions of Cooper, Gutierrez and Hameed (2004) regarding the profitability of momentum strategies across market states. Specifically, though it can be argued that upside momentum will probably give rise to delayed over-reaction and therefore to long-term reversal, there is no basis for the assertion that upside momentum will be any greater than downside momentum. Thus, the presence of disposition-prone investors provides the ideal scenario for the generation of marked downside momentum. The upshot of all this is that market state cannot be used as a predictor of the magnitude of the momentum effect, since the latter is the result of the interplay of several factors. In addition to the mix of trading styles among investors, the main ones include the actual trading mechanisms and the level of short selling constraints. 

The results obtained are on the whole consistent with the hypotheses developed. In the first place, evidence of a momentum effect was found in the sample period. Next, while significant momentum was found following both up-market and down-market states, the fact that downside momentum was found to be even stronger for long holding period strategies cannot be explained within the framework of the models used in the arguments of Cooper et al (2004). 

Indirect evidence emerges to support the presence of disposition investors, since reference portfolios and past return portfolios are equally able to explain asset returns. Moreover, for down-markets the 52-week-high loser portfolio has significantly greater predictive capacity than the past return loser portfolio, suggesting the presence of disposition-prone investors taking a losing position in this strategy. Finally, the time evolution of momentum strategy returns exhibits long-term upside reversal, but not on the downside. This finding is consistent with the hypothesis of over-reaction due to various investor behavioral biases in up markets and under-reaction induced by the disposition effect in down markets, respectively.

In sum, in the context of a behavioral model, it is necessary to take into account different investor types when attempting to explain the momentum effect. These factors are found to interact and vary in intensity across different market states. It is also apparent that the omission of any one of them may limit the explanatory capacity of the method used to explain momentum and asset pricing in the market. This complexity, in conjunction with the major role played by market trading mechanisms and their regulation highlight the need for further research to disentangle the key determinants of the momentum effect.
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TABLE 1: Calendar time momentum returns 1973 – 2004

This table reports the calendar time monthly returns to the 16 Winner, Loser, and momentum strategies for the period January 1973 to May 2004 in the Spanish stock market. J is the formation period and K is the holding period. * denotes returns that are significant at the 5% level according to the t statistic .

	
	K
	3
	
	6
	
	9
	
	12
	

	J
	Winners 
	0.898
	*
	0.990
	*
	0.986
	*
	0.998
	*

	3
	Losers
	-0.052
	
	-0.080
	
	-0.057
	
	-0.047
	

	
	Momentum
	0.950
	*
	1.070
	*
	1.043
	*
	1.045
	*

	
	Winners 
	1.191
	*
	1.146
	*
	1.126
	*
	1.059
	*

	6
	Losers
	-0.191
	
	-0.182
	
	-0.184
	
	-0.103
	

	
	Momentum
	1.383
	*
	1.329
	*
	1.310
	*
	1.162
	*

	
	Winners 
	1.389
	*
	1.360
	*
	1.234
	*
	1.118
	*

	9
	Losers
	-0.213
	
	-0.328
	
	-0.240
	
	-0.142
	

	
	Momentum
	1.603
	*
	1.689
	*
	1.474
	*
	1.261
	*

	
	Winners 
	1.330
	*
	1.244
	*
	1.110
	*
	0.975
	*

	12
	Losers
	-0.396
	
	-0.341
	
	-0.206
	
	-0.116
	

	
	Momentum
	1.726
	*
	1.586
	*
	1.317
	*
	1.091
	*


TABLE 2: Event time momentum returns 1973 -  2004 

This table reports the event time monthly returns to the 16 Winner, Loser, and momentum strategies, for the period January 1973 to May 2004 in the Spanish stock market. J is the formation period and K is the holding period. * denotes returns that are significant at the 5% level according to the t statistic adjusted by the Newey West(NW) procedure or the bootstrap method proposed by Lyon, Barber and Tsai (1999) (B).

	
	K
	3
	NW
	B
	6
	NW
	B
	9
	NW
	B
	12
	NW
	B

	J
	Winners 
	0.922
	*
	
	0.966
	*
	#
	0.946
	*
	#
	0.936
	*
	*

	3
	Losers
	-0.063
	
	
	-0.114
	
	
	-0.112
	
	
	-0.138
	
	

	
	Momentum
	0.986
	*
	*
	1.080
	*
	*
	1.059
	*
	*
	1.074
	*
	*

	
	Winners 
	1.230
	*
	*
	1.135
	*
	*
	1.099
	*
	*
	1.004
	*
	*

	6
	Losers
	-0.163
	
	
	-0.194
	
	
	-0.236
	
	
	-0.184
	
	

	
	Momentum
	1.393
	*
	*
	1.329
	*
	*
	1.335
	*
	*
	1.188
	*
	*

	
	Winners 
	1.403
	*
	*
	1.334
	*
	*
	1.183
	*
	*
	1.046
	
	*

	9
	Losers
	-0.210
	
	
	-0.369
	
	
	-0.308
	
	
	-0.219
	
	

	
	Momentum
	1.614
	*
	*
	1.703
	*
	*
	1.492
	*
	*
	1.266
	*
	*

	
	Winners 
	1.365
	*
	*
	1.225
	*
	*
	1.074
	*
	*
	0.924
	*
	*

	12
	Losers
	-0.420
	
	
	-0.379
	
	
	-0.263
	
	
	-0.182
	
	

	
	Momentum
	1.786
	*
	*
	1.605
	*
	*
	1.337
	*
	*
	1.106
	*
	*


TABLE 3: First month momentum returns 1973 – 2004

This table reports the monthly returns to winner, loser and momentum strategies for the first month of the holding period, from January 1973 to May 2004 in the Spanish stock market. J is the formation period and K is the holding period. * denotes returns that are significant at the 5% level according to the t statistic adjusted by the Newey West(NW) procedure.

	
	J
	3
	
	6
	
	9
	
	12
	

	K
	Winners 
	0.952
	*
	1.206
	*
	1.352
	*
	1.424
	*

	1
	Losers
	0.206
	
	-0.146
	
	-0.024
	
	-0.372
	

	
	Momentum
	0.746
	*
	1.352
	*
	1.376
	*
	1.796
	*


TABLE 4: The momentum effect across market states. Event time raw returns 

This table reports the mean monthly returns to the different momentum strategies based on different combinations of formation and holding periods, and the long run mean monthly returns, measured in event time, sorted by market state (up-market, down-market). . Assuming an up-market state for positive returns over the last 36 months and a down-market otherwise. It also includes the Wald test for difference in the coefficients associated with up-market and down-market states. * and #  denote returns and coefficients significant at the 5% and 10 %  levels according to the t statistic adjusted by the Newey West (NW) procedure or the bootstrap method proposed by Lyon, Barber and Tsai (1999) (B).

 .

.

	STRATEGIES
	UP-MARKET
	NW
	B
	DOWN-MARKET
	NW
	B
	WALD TEST
	

	MOM33
	1.103
	*
	*
	0.765
	#
	
	0.39
	

	MOM36
	1.014
	*
	*
	1.209
	*
	*
	0.23
	

	MOM39
	0.890
	*
	*
	1.394
	*
	*
	1.89
	

	MOM312
	0.835
	*
	*
	1.559
	*
	*
	5.03
	*

	T+13, T+60
	-0.267
	*
	#
	0.330
	*
	*
	13.91
	*

	T+24, T+60
	-0.283
	*
	*
	0.211
	#
	
	8.61
	*

	MOM63
	1.428
	*
	*
	1.327
	*
	#
	0.03
	

	MOM66
	1.223
	*
	*
	1.532
	*
	*
	0.37
	

	MOM69
	1.101
	*
	*
	1.800
	*
	*
	2.55
	#

	MOM612
	0.899
	*
	*
	1.775
	*
	*
	5.56
	*

	T+13, T+60
	-0.325
	*
	*
	0.320
	*
	*
	13.15
	*

	T+24, T+60
	-0.314
	*
	*
	0.189
	
	
	6.55
	*

	MOM93
	1.436
	*
	*
	1.951
	*
	*
	0.63
	

	MOM96
	1.413
	*
	*
	2.263
	*
	*
	2.23
	

	MOM99
	1.115
	*
	*
	2.238
	*
	*
	5.27
	*

	MOM912
	0.876
	*
	*
	2.054
	*
	*
	8.21
	*

	T+13, T+60
	-0.352
	*
	*
	0.357
	*
	*
	34.44
	*

	T+24, T+60
	-0.315
	*
	#
	0.133
	
	
	3.66
	#

	MOM123
	1.414
	*
	*
	2.487
	*
	*
	2.67
	#

	MOM126
	1.180
	*
	*
	2.423
	*
	*
	4.47
	*

	MOM129
	0.873
	*
	*
	2.546
	*
	*
	7.32
	*

	MOM1212
	0.609
	*
	*
	2.112
	*
	*
	11.15
	*

	T+13. T+60
	-0.399
	*
	*
	0.332
	*
	*
	14.71
	*

	T+24. T+60
	-0.353
	#
	#
	0.076
	
	
	3.37
	#


TABLE 5: Momentum effect by market states. CAPM-adjusted returns in event time.

This table reports the mean monthly returns to the different momentum strategies based on different combinations of formation and holding periods, and the CAPM-adjusted long-run mean monthly returns, in event time, sorted by up-market and down-market states. Assuming an up-market state for positive returns over the last 36 months and a down-market otherwise. It also includes the Wald test for difference in the coefficients associated with up-market and down-market states. * and #  denote returns and coefficients significant at the 5% and 10 %  levels according to the t statistic adjusted by the Newey West.(NW) procedure or the bootstrap method proposed by Lyon, Barber and Tsai (1999) (B).

 .

.
	STRATEGIES
	UP-MARKET
	NW
	B
	DOWN-MARKET
	NW
	B
	WALD TEST
	

	MOM33
	1.121
	*
	*
	0.695
	#
	
	0.63
	

	MOM36
	1.024
	*
	*
	1.166
	*
	*
	0.12
	

	MOM39
	0.899
	*
	*
	1.348
	*
	*
	1.52
	

	MOM312
	0.848
	*
	*
	1.494
	*
	*
	4.23
	*

	T+13, T+60
	-0.261
	*
	#
	0.313
	*
	*
	13.24
	*

	T+24, T+60
	-0.279
	*
	*
	0.204
	#
	
	8.62
	*

	MOM63
	1.452
	*
	*
	1.240
	*
	*
	0.15
	

	MOM66
	1.236
	*
	*
	1.482
	*
	*
	0.24
	

	MOM69
	1.115
	*
	*
	1.731
	*
	*
	2.08
	

	MOM612
	0.916
	*
	*
	1.691
	*
	*
	4.71
	*

	T+13, T+60
	-0.319
	*
	*
	0.304
	*
	#
	12.87
	*

	T+24, T+60
	-0.312
	*
	#
	0.187
	
	
	6.64
	*

	MOM93
	1.457
	*
	*
	1.872
	*
	*
	0.43
	

	MOM96
	1.433
	*
	*
	2.177
	*
	*
	1.85
	

	MOM99
	1.135
	*
	*
	2.144
	*
	*
	4.66
	*

	MOM912
	0.896
	*
	*
	1.952
	*
	*
	7.34
	*

	T+13, T+60
	-0.347
	*
	*
	0.338
	*
	*
	12.57
	*

	T+24, T+60
	-0.317
	#
	#
	0.137
	
	
	3.93
	*

	MOM123
	1.446
	*
	*
	2.366
	*
	*
	2.15
	

	MOM126
	1.206
	*
	*
	2.318
	*
	*
	3.95
	*

	MOM129
	0.895
	*
	*
	2.154
	*
	*
	6.72
	*

	MOM1212
	0.631
	*
	*
	2.007
	*
	*
	10.27
	*

	T+13, T+60
	-0.391
	*
	*
	0.303
	*
	*
	13.63
	*

	T+24, T+60
	-0.352
	#
	*
	0.138
	
	
	3.45
	*


TABLE 6: Momentum effect by market states. Fama French- adjusted returns in event time.

This table reports the mean monthly returns to the momentum strategies based on different combinations of formation and holding periods, and the Fama French three factor-adjusted mean monthly long-run returns in event time and sorted by up-market and down-market states. Assuming an up-market state for positive returns over the last 36 months and a down-market otherwise. It also includes the Wald test for difference in the coefficients associated with up-market and down-market states. * and #  denote returns and coefficients significant at the 5% and 10 %  levels according to the t statistic adjusted by the Newey West.(NW) procedure or the bootstrap method proposed by Lyon, Barber and Tsai (1999) (B).

.
	STRATEGIES
	UP-MARKET 
	NW
	B
	DOWN-MARKET
	NW
	B
	WALD TEST
	

	MOM33
	1.215
	*
	*
	1.404
	*
	#
	0.07
	

	MOM36
	1.151
	*
	*
	1.124
	*
	*
	0.01
	

	MOM39
	1.012
	*
	*
	1.399
	*
	*
	0.45
	

	MOM312
	0.958
	*
	*
	1.365
	*
	*
	0.39
	

	T+13, T+60
	-0.305
	*
	*
	0.017
	
	
	3.98
	*

	T+24, T+60
	-0.307
	*
	*
	-0.066
	
	
	1.46
	

	MOM63
	1.655
	*
	*
	1.174
	*
	#
	0.47
	

	MOM66
	1.406
	*
	*
	1.366
	*
	*
	0.01
	

	MOM69
	1.263
	*
	*
	1.561
	*
	*
	0.23
	

	MOM612
	1.058
	*
	*
	1.363
	*
	*
	0.33
	

	T+13, T+60
	-0.288
	*
	*
	0.113
	*
	
	5.93
	*

	T+24, T+60
	-0.237
	#
	
	0.055
	
	
	1.93
	

	MOM93
	1.663
	*
	*
	1.704
	*
	*
	0.01
	

	MOM96
	1.529
	*
	*
	1.869
	*
	*
	0.20
	

	MOM99
	1.241
	*
	*
	1.863
	*
	*
	0.84
	

	MOM912
	1.007
	*
	*
	1.621
	*
	*
	1.17
	

	T+13, T+60
	-0.338
	*
	*
	0.135
	
	
	9.48
	*

	T+24, T+60
	-0.279
	#
	
	0.083
	
	
	0.96
	

	MOM123
	1.554
	*
	*
	2.353
	*
	*
	0.67
	

	MOM126
	1.285
	*
	*
	2.171
	*
	*
	1.16
	

	MOM129
	0.973
	*
	*
	1.962
	*
	*
	1.96
	

	MOM1212
	0.731
	*
	*
	1.849
	*
	*
	3.15
	#

	T+13, T+60
	-0.433
	*
	*
	0.095
	
	
	9.71
	*

	T+24, T+60
	-0.388
	*
	*
	-0.091
	
	
	1.99
	


TABLE 7: 52-week-high benchmark strategies.

This table reports the calendar-time monthly returns to the 4 winner and loser 52-week-high benchmark strategies, for the period January 1973 to May 2004 in the Spanish stock market. Portfolio construction is based on nearness to the past 52 week high and  K is the holding period. * denotes returns significant at the 5% level according to the t statistic.

	
	K
	3
	
	6
	
	9
	
	12
	

	
	Winners 
	1.301
	*
	1.258
	*
	1.229
	*
	1.204
	*

	52W
	Losers
	-0.311
	
	-0.298
	
	-0.252
	
	-0.195
	

	
	Momentum
	1.612
	*
	1.556
	*
	1.481
	*
	1.399
	*


TABLE 8: 52-week-high strategies by market state. Calendar time raw returns.

This table reports the mean monthly returns to the different 52-week-high strategies for the different holding periods estimated in calendar time and sorted by up-market and down-market states. Assuming an up-market state for positive returns over the last 36 months and a down-market otherwise. It also includes the Wald test for difference in the coefficients associated with up-market and down-market states. * and #  denote returns and coefficients significant at the 5% and 10 %  levels according to the t statistic adjusted by the Newey West.procedure.

.
	STRATEGIES
	UP-MARKET 
	
	DOWN-MARKET
	
	WALD TEST
	

	52W3
	1.246
	*
	2.291
	*
	2.38
	

	52W6
	1.137
	*
	2.334
	*
	3.06
	#

	52W9
	1.023
	*
	2.331
	*
	3.73
	*

	52W12
	0.901
	*
	2.326
	*
	4.56
	*


TABLE 9: Momentum strategies versus 52-week-high strategies

This table reports the mean values of the series of coefficients of the Fama McBeth equations 
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captured by the following expression. The estimation period is from January 1973 to May 2004. It also includes the coefficients sorted by market states and the associated t statistic and a mean difference statistic between the two market states considered. * and #  denote returns and coefficients significant at the 5% and 10 %  levels according to the t statistic adjusted by the Newey West.(NW) procedure or thee bootstrap method proposed by Lyon, Barber and Tsai (1999) (B).

.
	
	b0j
	
	b1j
	
	b2j
	
	b3j
	
	b4j
	
	b5j
	

	Whole period
	0.730
	
	0.274
	
	0.416
	
	-0.488
	
	0.326
	
	-0.670
	

	
	(2.31)
	*
	(0.23)
	
	(2.64)
	*
	(-2.43)
	*
	(2.75)
	*
	(-2.71)
	*

	
	
	
	
	
	
	
	
	
	
	
	
	

	Up-market states
	1.209
	
	0.206
	
	0.338
	
	-0.463
	
	0.341
	
	-0.297
	

	
	(2.93)
	*
	(0.14)
	
	(1.59)
	
	(-1.94)
	#
	(2.49)
	*
	(-1.05)
	

	Down-market states 
	-0.158
	
	0.399
	
	0.559
	
	-0.534
	
	0.299
	
	-1.362
	

	
	(-0.33)
	
	(0.20)
	
	(2.46)
	*
	(-1.46)
	
	(1.32)
	
	(-2.94)
	*

	T statistic
	2.07
	*
	0.08
	
	0.67
	
	0.17
	
	0.16
	
	2.06
	*


	FIGURE 1
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� EMBED Equation.3  ���














� Jegadeesh and Titman (2001) obtain that, far from fading during the nineties, momentum strategy returns actually strengthen.





� Note that Fama and French (1998) themselves admit that this is the only anomaly documented to date that can not be explained by their three-factor model.


� Further details on the impact of short-selling constraints on the momentum effect can be found in Ali and Trombley (2003).








� Although they focus particularly on the Daniel et al (1998) model, the references of these authors in fact fit any of the various delayed overreaction models. 


� Short selling is possible mainly with stocks listed in the IBEX35, the 35 blue chips of the Spanish stock market, which do not usually form part of the loser portfolio, since this, as the empirical evidence demonstrates, is formed with small stocks.


�Cooper et al (2004) decline to test the Barberis et al. (1998) model, which, while fairly consistent with these findings, is seriously lacking when it comes to establishing a relationship with market state.


� These authors show that multi-factor macroeconomic models are unable to explain this skew in the momentum effect. 


� In 2000, Grinblatt and Han published two papers which were subsequently revised. Grinblatt and Han (2002) “The disposition effect and Momentum” and Grinblatt and Han (2005) “Prospect Theory, mental accounting, and momentum”. Both cite the disposition effect, in itself, as a possible source of momentum.


� Unless the proportion of disposition investors were proved to be higher in up-markets.


� Note that, if both the winner and loser portfolios yield negative returns this effect is not clear. Nevertheless, if only loser portfolio yields negative return, the impact of disposition effect will be important.


� Cooper, Gutierrez and Hameed (2004) mention self-attribution and overconfidence biases, but these are also compatible with the biases presented in the models described by Barberis et al (1998) or Hong and Stein (1999), given that all of them feature delayed over-reaction followed by long-term reversal.








� Though both models are consistent with the anchoring and adjustment bias, the most direct way to test for the presence of disposition investors would be to construct strategies using the capital gain variable such as in Grinblatt and Han (2005). Unfortunately, it is first necessary to calculate the Vt variable, which is the turnover in month t, which involves a significant loss of data since the reference price or anchor is a weighted average of prices over the past 60 months. Since we only have turnover data from 1990 onwards, the database would be very limited. The use of the 52-week high, however, enables us to work with entire sample period.





� For a January 1982 to December 1990 sample period the data on the SMB and HML factors of the Fama French model were supplied kindly by Belén Nieto from the University of Alicante.


� In their study, both the formation period, J, and the holding period, K, take values of: 3,6,9 and 12, thus giving rise to a total of 16 momentum strategies.


� Forner and Marhenda (2003) find returns to the different momentum strategies ranging between 0.5 % and 1.3% per month for an estimation period from January 1965 and December 2000.


� Henceforth, the Newey and West t statistic and the bootstrap procedure proposed by Lyon, Barber and Tsai (1999) are presented in all the event-time analyses.


� See Glaser and Weber  (2003) for the German market or Forner and Marhuenda (2003) for the Spanish market


� Cooper, Gutierrez and Hameed (2004) claim that more dramatic changes in the state of the market can be captured when longer time horizons are used to approximate market state, while a greater number of observations of changes in the state of the market is possible with shorter horizons. Their proposal is to alternate 12-month and 24-month horizons to fully capture changes in this variable.


� Following Cooper et al (2004), we have also used 24 and 12 months prior to formation. The conclusions are very similar.


� The calendar-time results, which are again practically identical to the event-time results presented here, both for CAPM and Fama French three-factor risk-adjustment, are omitted for the sake of brevity, but available from the authors upon request.


� The lack of change in the results before and after risk-adjustment is consistent with the results reported in Jegadeesh and Titman (2001) and Forner and Marhuenda (2003), where neither the CAPM nor the three-factor model is found able to explain momentum returns, either in the US or Spanish market, respectively.


� To test for the disposition effect, it would be more appropriate to use a measure of non-realized capital gains, instead of a reference price. However, the 52-week-high has been shown to act as an anchor price in the US market that does not lead to long-run reversal, and fits the model constructed by Grinblatt and Han (2002) in which the anchor price is the purchase price. George and Hwang (2004) also show that this reference dominates that of Grinblatt and Han (2002).


� Forner and Marhuenda (2003) and Muga and Santamaría (2004) show that the securities in the loser portfolio in momentum strategies in the Spanish stock market are relatively small in size and therefore subject to higher short-selling constraints. 


� Daniel et al (1998) argues this over-reaction is induced by self-attribution and overconfidence bias.


� The results basically coincide with those for the t+25 to t+60 holding period, except for some of the Fama-French-adjusted strategy returns, where reversal is non-significant at standard levels.
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