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Abstract 
 
We study the relation between order imbalance and past returns and firm characteristics and test 
a number of hypothesis including the disposition effect, momentum and contrarian trading, tax-
loss selling and flight-to-quality hypothesis. These hypotheses make predictions about investors’ 
buy or sell decisions, but previous studies that test these hypotheses use turnover data that 
combine both buyer and seller-initiated trades. We find that investors behave as contrarians over 
short horizons and as momentum traders over longer horizons. We find strong support for 
seasonal tax induced trading but little evidence of flight-to-quality.  
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Trading volume and turnover of listed stocks in the U.S. has grown dramatically over the years. 

For example, the average monthly trading volume of NYSE stocks has increased from 5.5 billion 

shares in January 1993 to 76 billion shares in December 2009 and the value-weighted monthly 

turnover has increased from about 5% in January 1993 to 18% in December 2009.1 Are buyers or 

sellers more likely to initiate these trade? How do past returns and stock characteristics affect 

likelihood of buyers or sellers initiating trades?  

 A number of theories in the literature put forth factors that motivate investors to either 

buy or sell stocks, but we lack systematic empirical evidence on when buyers are likely to 

initiate trades and when sellers are likely to do so. The goal of this paper is to fill this gap. Our 

objective is to understand aggregate investor trading patterns. In contrast to a few existing 

studies (which we discuss later) we address the larger issue of whether the actions of individual 

investors as predicted by various hypotheses are pervasive enough to impact aggregate trading 

behavior.  

 Several studies in the literature examine factors that determine turnover of individual 

stocks and aggregate turnover. The empirical tests in these papers are motivated by the 

disposition effect, the tax-induced trading hypothesis, momentum trading hypothesis, and the 

expected relation between trading and volatility. However, as we discuss in greater detail below, 

these hypotheses make predictions about when buyers or sellers would initiate trades, rather than 

about turnover per se. Without knowing whether a buyer or seller initiated the trade, it is hard to 

interpret any relation between trading volume/turnover and past returns as being consistent with 

any particular theory. In fact, several theories may appear to make the same predictions about the 

relation between past returns and turnover, but they make opposite predictions about whether 

increased turnover would come from seller- or buyer-initiated trades. Therefore, we can get 

clearer insights into the motivations for trade when we examine the imbalance between seller- 

and buyer-initiated trades. Since we examine the relation between past returns and order 

imbalances, we find a rich pattern of relations that cannot be explained by any single hypothesis. 

In contrast, if turnover were used in place of order imbalances, the pattern of relations would be 

consistent with many individual hypotheses.  

                                                 
1 See also Chordia, Roll, Subrahmanyam (2011). 
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 Briefly, the hypotheses that provide predictions about seller- and buyer-initiated trades 

that are the basis of our tests are the following: 

1. Disposition effect: Sellers are more likely to initiate trades for past winners (stocks with 

positive past returns) than for past losers (stocks with negative past returns). 

2. Tax-induced trading: Sellers are more likely to initiate trades for losers than for winners. 

3. Seasonal tax-induced trading: Sellers are more likely initiate trades for losers than for 

winners in December but more likely to initiate trades for winners in January. 

4. Momentum trading: Buyers are more likely to initiate trades for winners and sellers are 

more likely to initiate trades for losers. 

5. Contrarian trading: Buyers are more likely to initiate trades for losers and sellers are more 

likely to initiate trades for winners. 

6. Flight-to-quality: Sellers are more likely to initiate trades when market risk increases and 

buyers are more likely to initiate trades when market risk decreases. 

  We find the following evidence. In time-series tests, we find that order imbalances are 

negatively related to one-month lagged returns, but unrelated to returns at longer lags. This 

negative relation of order imbalance with one-month lagged returns is consistent with either a 

contrarian trading strategy or with the disposition effect. In any case, this result does suggest that 

investors do not look back at returns over longer horizons when they make their decisions to buy 

or sell stocks. We do not find any support for the flight-to-quality hypothesis. 

 In cross-sectional tests, we find that order imbalances are negatively related to returns 

over the past three months but positively related to returns at longer horizons. These results 

indicate that the relation between order imbalances and past returns cannot be fully captured by 

any single hypothesis. The evidence that order imbalances are negatively related to shorter 

horizon returns supports both the contrarian trading behavior and the disposition effect which 

both make the same predictions. However, the negative relation between order imbalances and 

past returns applies to a much shorter time period than investors’ typical holding periods, which 

suggests that the aggregate effect may be more likely to be driven by short horizon contrarian 

traders.  

 In order to distinguish between the contrarian trading strategy and the disposition effect 

we examine order imbalances at higher frequencies as well. At the weekly and the daily 

frequencies, we see a quick decline in the negative relation between order imbalances and past 
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returns suggesting that individual investors do behave as contrarians. The positive relation 

between order imbalances and longer horizon returns suggest that investors follow a momentum 

strategy with respect returns at these horizons.  

 We find strong support for the seasonal tax-trading hypothesis. In December, investors 

are more likely to sell losers in order to realize capital losses, but less likely to sell winners. In 

contrast, investors are more likely to sell winners in January, which enables them to defer 

realization of capital gains to the following year. 

 The rest of the paper is organized as follows. The next section discusses the hypotheses 

we test here and briefly reviews the literature. Section II presents the data; and Section III 

discusses the results. Section IV concludes. 

 

I. Hypothesis development and related literature 

 This section develops the hypotheses that we test in this paper. It also reviews related 

literature and puts this paper in perspective. 

 Shefrin and Statman (1985) introduce the concept of disposition effect that posits that 

investors are quick to sell their winners but reluctant to sell their losers. Shefrin and Statman 

develop this concept based on prospect theory proposed by Kahneman and Tversky (1979) and 

based on the ideas of mental accounting in Thaler (1985). The prospect theory posits that 

individuals’ utility function is concave for gains and convex for losses and Shefrin and Statman 

argue that investors with such utility functions will tend to hold on to their losers. They also 

argue that when investors follow Thaler’s mental accounting approach, their utility would be 

affected only when they close a position and realize gains or losses and not when they hold an 

open position. Such mental accounting also leads to the disposition effect. Therefore, the 

disposition effect predicts that sellers are more likely to initiate trades for winners than for losers. 

Constatinides’ (1984) tax-motivated trading model makes the opposite prediction. 

Constatinides shows that if there were no trading costs or limits on capital loss deductions, 

investors should optimally sell all stocks that experience capital losses immediately, and that 

they should not sell their winners. If investors follow this policy, they are more likely to initiate 

trades for losers than for winners, which is the opposite of the prediction under the disposition 

effect. 
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However, when investors are faced with trading costs and limits on capital loss 

deductions, they may not follow such a strategy throughout the year but any tax-induced trading 

would be concentrated around the turn of the year (for example, see Lakonishok and Smidt 

(1986) and Poterba and Weisbenner (2001)). Under this seasonal tax-loss selling hypothesis, 

investors are more likely to sell past losers than winners in December to realize capital losses, 

and are more likely to defer realization of capital gains and sell winners in January. 

The hypotheses discussed so far focus on the motives of sellers. When do buyers initiate 

trades? Several models predict that uniformed investors would rationally follow trend chasing or 

momentum strategies when they trade. For example, in Wang (1993), Brennan and Cao (1997), 

and Hong and Stein (1999), uninformed investors extract the informed investors’ signals from 

price changes and trade in the same direction as past returns. Therefore, under the momentum 

trading hypothesis, we expect more buyer-initiated trades for past winners and more seller-

initiated trades for past losers. 

In addition to the cross-sectional implications of the theories we discuss above, some of 

the theories also have implications for buyer- and seller-initiated trade at the aggregate level. For 

example, since there are likely to be more winners than losers following up markets than down 

markets, the disposition effect predicts that there would be more aggregate seller initiated trades 

following up markets. The model of Orosel (1998), however, makes the opposite prediction. 

Orosel assumes that investors face a fixed cost to participate in the stock market and shows that 

market participation increases following high market returns and decreases following low market 

returns. Therefore, this model predicts a positive relation between buyer-initiated trades and past 

returns. 

We also test the popular idea that when the risk or market volatility increases, there is 

“flight to quality.” The flight to quality hypothesis posits that when markets get riskier, investors 

reduce their stock holdings, and flee to safer assets such as Treasury Bonds.2 This hypothesis 

implies that sellers initiate trades when market risk increases, and hence we expect a negative 

correlation between various measure of market risk and the order imbalance between buy and 

sell trades. 
                                                 
2 Caballero and Krishnamurthy (2008) develop a model of flight to quality based on liquidity shortages and 
Knightian uncertainty. They show that an increase in Knightian uncertainty or a decrease in aggregate liquidity can 
generate flight to quality. Beber, Brandt and Kavajecz (2009) show that in the Euro-area government bond market, 
credit quality is an important determinant of bond valuation but during periods of market stress, investors chase 
liquidity, not credit quality. 
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A number of papers empirically test the above discussed hypotheses using turnover data. 

For example, Lakonishok and Smidt (1986) examine the relation between trading volume and 

past returns in January and other months to investigate the tax-motivated trading hypothesis. 

Statman, Thorley, and Vorkink (2006) examine the relation between trading volume and past 

returns to test the disposition effect. 

However, since these theories make predictions about whether buyers or sellers initiate 

trades, it is hard to test them with turnover data that do not identify who initiates trades. For 

example, Lakonishok and Smidt (1986) report that “there is a relatively high turnover for losers 

in December and for winners in January” and conclude that “the turnover in December and 

January is evidence of tax-motivated trading.” Implicitly, they assume that sellers initiate trades, 

and hence associate the increased trading volume in December with tax-loss sellers, and the 

increased trading volume for winners in January with sellers who postpone their sales of winners 

to the following year to defer paying capital gains taxes. But, the well-documented evidence that 

past losers outperform past winners in January provides a plausible alternative explanation for 

the findings of Lakonishok and Smidt.3 It is possible that the increased turnover for losers in 

December is due to strategic purchases by sophisticated investors who seek to exploit this 

January effect rather than due to tax-loss selling. Similarly, it is also possible that the increased 

turnover for past winners in January is due to strategic buyers deferring their purchases of these 

stocks to January because winners bought in December underperform the market. It is hard to 

differentiate between the tax-loss selling hypothesis and the January effect hypothesis based on 

analysis of the pattern of turnovers in December and January. 

These two hypotheses, however, make opposite predictions for order imbalances. 

Seasonal tax loss selling hypothesis predicts that seller initiated trades will be bigger for losers in 

December while the January effect hypothesis predicts that buyer initiated trades would be 

bigger for losers in December, and they also make such prediction for winners in January. Since 

we use order imbalances in our analysis, we are able to differentiate between these two 

hypotheses. 

Similarly, Statman, Thorley, and Vorkink (2006) also assume that sellers initiate trades 

when they test the implications of the disposition effect. For instance, they find that turnover is 

                                                 
3 See DeBondt and Thaler (1985) and Jegadeesh and Titman (1993), among others for evidence that past losers 
outperform past winners in January. 
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positively related to past returns and conclude that this evidence supports the disposition effect. 

Their interpretation assumes that the high turnover for winners are due to the abundance of 

sellers who initiate trades since they are quick to sell their winners and the low trading volume 

for losers is due to the absence of such eager sellers. 

When we do not know whether buyers or sellers initiated the trade, however, it is hard to 

interpret evidence of any relation between trading volume and past return, or any other factor, 

within the context of any particular theory. For example, the evidence of positive correlation 

between trading volume and past returns that Statman, Thorley, and Vorkink (2006) present 

could well be interpreted as evidence of momentum trading rather than evidence of the 

disposition effect if one were to assume that buyers initiate trades for past winners, rather than 

sellers. The positive correlation they find could imply that buyers are eager to purchase past 

winners, and such buyers are absent for past losers. Therefore, to fully understand the motives 

behind trading, it is important to investigate who initiates trades in various situations. 

Odean (1998) examines whether the disposition effect influences trading decisions of 

individuals using data that contain their purchase and sale prices. He finds that individuals are 

more likely to sell their winners than their losers, and his findings provide support for the 

disposition effect among individual investors. Odean is able to directly identify whether trades 

are buys or sells in his data, but his database contains only trade data for individual investors and 

not for institutional investors.  

Also, an important question that remains is whether the actions of individual investors are 

pervasive enough to impact overall trading behaviors. For instance, even if each individual 

investor makes trading decisions based on his or her personal capital gains or losses, aggregate 

trades in the market may not be related to past returns because different investors have different 

bases for their stocks. Moreover, Odean focuses on decisions to sell stocks already in the 

portfolio, but he does not address whether past returns affect investor’s decision to buy particular 

stocks. In this paper, we focus on the aggregate investor behavior regardless of whether they 

already have a position in the stock or whether they open new positions. 

Our paper, thus, tests the various theories of investor behavior by directly examining 

buying and selling decisions as opposed to trading volumes. We also examine whether the 

actions of individual investors are pervasive enough to impact aggregate trading patterns. 
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II. Data 

Our sample comprises common stocks listed on the NYSE in the January 1993 through 

December 2008 period. We construct our sample using the CRSP, Compustat, and Trade and 

Quote (TAQ) data sets. In a given month, we include all stocks that satisfy the following criteria: 

(i) The return in the current month and over at least the past twelve months are available from 

CRSP, (ii) sufficient data are available to calculate market capitalization at the end of the 

previous month, (iii) book value data are available from Compustat as of the previous calendar 

year end,4 (iv) intra-day transactions data have to be available on TAQ the previous month. We 

include only common stocks with codes 10 or 11 on CRSP. The last criterion filters out ADRs, 

units, Americus Trust components, closed-end funds, preferred stocks and REITs. There are on 

average 1,521 stocks per month that satisfy all the above criteria. 

The TAQ dataset reports intraday quotes and prices and quantity of each trade. We use 

the filtering rules in Chordia, Roll and Subrahmanyam (2001) to eliminate obvious data 

recording errors in the TAQ dataset. We then use the Lee and Ready (1991) algorithm to classify 

transactions as either a buy or a sell. Briefly, we implement the Lee and Ready algorithm as 

follows: if a trade is executed at a price above (below) the quote midpoint, we classify it as a buy 

(sell); if a trade occurs exactly at the quote mid-point, we sign it using the previous transaction 

price according to the tick test (i.e., a buy if the sign of the last nonzero price change is positive 

and vice versa). We apply the tick test up to the past five price changes. If the past five price 

changes are zero then we designate the trade as unsigned and we do not use it in the computation 

of order imbalances. As Lee and Ready note, the timestamps on quotes are not always correctly 

synchronized with those for trades and hence they recommend that the quotes be matched to 

trades with a five-second delay. We follow this five-second delay rule until 1998. Since such 

recording errors are not observed in the more recent data (see, for example, Madhavan et al. 

(2002) as well as Chordia, Roll and Subrahmanayam (2005)) we do not impose any delays after 

1998. 

                                                 
4 Book values are calculated as in Fama and French (1992). We define book-to-market ratio at the end of a month as 
the ratio of the most recently available book value to the market capitalization at the end of the same month. We 
assume that book values are publicly available six months after fiscal year-end. Stocks with negative book values 
are not included in the sample in the year in which their book values are negative. 
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Our main focus in on the determinants of order imbalances (OIB). We compute the 

following two measures of OIBs for each month based on number of trades and the number of 

shares traded: 

 

Number of buy trades Number of sell tradesOIBNUM ,
Total number of trades

Number of shares bought Number of shares soldOIBSH .
Total number of shares traded

!=

!=
 (1) 

It is important to remember that every transaction involves a buyer and a seller. Our order 

imbalances based on the Lee and Ready (1991) algorithm identify the initiators of trade based on 

market orders as opposed to limit orders. In other words, we measure order imbalances from the 

perspective of impatient or aggressive traders rather than patient or passive traders. 

Apart from the standard problems that lead to misclassification of buy and sell trades,5 it 

could also be the case that some impatient or aggressive traders submit limit orders only to profit 

from the bid-ask spread. Our measure of OIBs will not pick up these trades. This is, however, not 

an issue for us as our goal is to study how trade initiators behave in response to market 

conditions. Moreover, measurement errors would adversely affect the power of our tests and it is 

likely that the results of our tests are stronger than what we find. 

OIBNUM assigns the same weight to a trade regardless of trade size and hence a small 

trade will get the same weight as a large trade using this measure. Since individuals typically 

trade smaller quantities relative to institutions, this measure is weighted more towards small 

investors than OIBSH. OIBSH weights order imbalances by trade sizes, and hence it gives large 

institutional trades more weight than small retail trades. 

Table 1 presents the summary statistics for our sample. All summary statistics in this 

table are time-series averages of the corresponding statistics in the cross-section each month. The 

mean (median) OIBNUM is 2.8% (3.7%) and the mean (median) OIBSH is 3.4% (4.8%). 

Therefore, on average, there are more buyer initiated trades than seller initiated trades. The 

market capitalization is positively skewed (sample skewness is 8.8) with mean (median) values 

of $5.20 ($1.05) billion. The mean (median) book-to-market value is 0.72 (0.52). Table 1 also 

reports individual stock return volatility, which is the monthly standard deviation. Specifically, 

                                                 
5 Lee and Radhakrishna (2000), Finucane (2000), and Odders-White (2000) find that the Lee and Ready algorithm is 
about 85% accurate for NYSE stocks. Ellis, Michaely, and O’Hara (2000) find that this algorithm is prone to error 
for Nasdaq stocks, but our sample includes only NYSE stocks. 
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for each stock we compute the standard deviation of daily percentage returns each month and 

multiply it by the square root of the number of trading days during that month. The mean 

(median) monthly volatility is 11.4% (9.7%). 

In order to ascertain whether there are differences in these statistics across different kinds 

of stocks, we also calculate them for certain subsamples of stocks. Each month, we divide the 

sample of stocks into small and big stocks based on whether their market capitalization is smaller 

or larger than the median market capitalization at the beginning of that month. We follow a 

similar procedure to classify stocks into growth and value stocks based on their book-to-market 

ratios. Panels B through E of Table 1 present the descriptive statistics for these stocks. We note 

that the order imbalance is higher for big stocks than that for small stocks, and for growth stocks 

than that for value stocks. Both OIBNUM and OIBSH show these differences. 

Figure 1 presents value-weighted average OIBs over time. Both, OIBNUM and OIBSH 

are in general positive except for a few months in the early part of the sample period when the 

OIBNUM is sometimes negative, and in the period starting in the latter half of 2007 when both 

measures of OIB turn negative. Negative OIBs starting in late 2007 indicates that investors 

initiated significant selling of shares prior to the bear market of 2008. Figure 1 also indicates that 

that OIBNUM is smaller than OIBSH almost over the entire sample period. This finding 

suggests that institutions are more likely to initiate buys than small investors.  

Figure 2 presents order imbalances for various quintiles partitioned based on market 

capitalization of the stocks in the sample. In this figure, Small, Mid and Large represents the 

quintiles of smallest, middle and largest firms in the sample, Order imbalances are generally 

smaller for small stocks than for medium stocks, which are in turn lower than those for large 

stocks. In fact, the order imbalances are generally negative for small stocks over much of the 

sample period. Since institutional holdings are positively related to firm size, these results also 

indicate that institutions are more likely to initiate buys than small investors. 

 

III. Results 

We examine both the time-series and the cross-sectional determinants of order 

imbalances. In both our time-series and cross-sectional tests we have to make some choices. 

Although the hypotheses that form the basis of our tests predict that trading decisions would be 

related to past returns, they do not specify the horizons over which returns would affect trading.  
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There is no theory to guide us as to the correct number of lagged returns to be used. For instance, 

is it the returns over the past three months or past six months that are likely to drive the 

disposition effect or tax-motivated trading? The theories suggest that investors would take into 

account the prices at which they bought the stocks when they decide to trade, but different 

investors buy stocks at different points in time. In practice, both individuals and institutions have 

widely varying investment horizons.6 Therefore, our empirical tests consider past 12 monthly 

returns to let the data tell us about the impact of returns at various horizons on investors’ trading 

decisions.7 

 

III.A. Time-series determinants of order imbalances 

We first examine the determinants of order imbalances in the time-series. Specifically, 

we form value-weighted, size sorted quintile portfolios8 and regress order imbalances on past 

twelve months of returns, the past month’s portfolio volatility and past OIB as per the following 

time-series regression: 

 
12 3

, , , , 1 , , ,
1 1

,i t i i j i t j i i t i j i t j i t
j j

OIB a b R cVol d OIB e! ! !
= =

= + + + +! !  (2) 

where Ri,t is the return on portfolio i in month t, and Voli,t-1 is the standard deviation of the 

portfolio return computed using daily returns in month t-1. We use both OIBNUM and OIBSH 

as measures of order imbalances in separate regressions. We include the lags of OIB because of 

the high persistence exhibited by this variable. The results we report use three lags of OIB, but 

we find in unreported tests that additional lags of OIB do not change any of our inferences. 

 Table 2 presents the coefficient estimates and the corresponding t-statistics, which we 

compute using Newey-West standard errors with three lags. Panels A and B report the results for 

order imbalances measured in number of trades and measured in terms of number of shares 

traded, respectively. The adjusted-R2s of the regressions are fairly high, which is not surprising 

given the significant coefficients on the lags of OIB. 

                                                 
6 For example, Coval, Hirshleifer, and Shumway (2002) find that the holding period of clients of a discount 
brokerage had a mean holding period 378 days and a standard deviation of 321 days. Institutions include flash 
traders and algorithmic traders who trade at very high frequencies as well as pension funds, who have longer 
horizons. 
7 We also examine the impact of up to prior 36 monthly returns, but the main effects can be discerned with 12 lags. 
8 We use portfolios because we want to test how OIBs respond in the aggregate to market conditions. In our cross-
sectional tests we will use individual stocks to test the different hypotheses. 
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 First, focusing on the results for the portfolio of all stocks, we find that the one-month 

lagged return coefficient is significantly negative when we use OIBNUM as the independent 

variable and the one- and two-month lagged return coefficients are significantly negative with 

OIBSH as the independent variable. Given the monthly volatility of returns of around 4.4%, the 

coefficient estimates imply a decline in OIBNUM of 0.35% and OIBSH of 0.71% following a 

one standard deviation positive return in the previous month. The coefficient estimates on higher 

lags are generally insignificant.9 

 Coefficient on lags greater than one for OIBNUM and lags greater than two for OIBSH 

are also, in general, insignificant for all size quintile portfolios. Except for the smallest quintile, 

the coefficient on one-month lagged return for other size quintile portfolios is significantly 

negative for OIBNUM regressions with magnitude similar to that for the portfolio of all stocks. 

One- and two-month lagged return coefficients in OIBSH regressions are generally significant 

only for portfolios of bigger stocks. Thus, for the portfolio of smallest stocks, lagged returns are 

not significantly related to future order imbalances while the results of portfolio of bigger stocks 

are similar to those for the portfolio of all stocks. 

 These results show that investors are more likely to initiate sell trades following an up 

market and less likely to do so following down markets. This result does not support the model 

of Orosel (1998), which predicts increase stock market participation following market price 

increases and which, therefore, implies a positive coefficient on lagged returns. This negative 

relation between OIB and one-month lagged returns could result from a contrarian trading 

strategy, i.e., selling winners and buying losers. The negative coefficients are also consistent with 

the disposition effect. However, the fact that there is no strong relation between returns at longer 

lags and order imbalances is somewhat puzzling since holding periods, particularly for individual 

investors, is longer than two months. Perhaps, investors’ mental accounts that drive the 

disposition effect in Shefrin and Statman (1985) may be more strongly influenced by the recent 

performance of the stocks they hold rather than by the price at which they bought the stocks. In 

any event, returns over longer horizons do not affect trading decisions at the aggregate level. It is 

also puzzling that there is no evidence of disposition effect for small stocks, given that retail 

investors hold a larger proportion of the smaller stocks.  

                                                 
9 We do find that the coefficient estimate on the fifth lag is significantly positive for both OIBNUM and OIBSH. 
However, it is perhaps not too surprising that we find one significantly positive coefficient when we consider 
multiple lags. 
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 Griffin, Nardari, and Stulz (2007) find that in the U.S. total turnover is also not related to 

prior returns during the 1993 to 2003 sample period although they find a positive relation 

between turnover and past return in less developed markets.10 They note that this positive 

relation is consistent with many theories including models that posit behavioral biases and 

participation costs, and they conclude that “As a result, we find support for many of them.” Since 

we examine order imbalances, we get different predictions from these hypotheses and we find 

that the time-series relation between trading and past returns is not due to participation costs but 

they are more likely to be due to either the disposition effect or contrarian trading.  

 We do not find any relation between order imbalances and volatility, which indicates that 

seller initiated trades are as likely in periods of high volatility as they are in periods of low 

volatility. Therefore, our results do not provide any support for the flight-to-quality hypothesis. 

Connoly, Stivers, and Sun (2005) suggest that their finding of a positive relation between 

contemporaneous changes in VIX and bond returns suggest that investors may flee from equity 

to bonds when volatility increases. However, we do not find any direct relation between order 

imbalances and risk even when we use VIX as a proxy for market risk in equation (2). 

 Interestingly, Figure 1 indicates that order imbalance turned sharply negative in 2007 and 

stayed negative for the rest of the sample period, although it was consistently positive prior to 

that period. This was the period when uncertainty about the market increased and when the 

market dropped sharply amid increasing volatility. This sharp change in order imbalances during 

this period may be an isolated episode that is not representative of the general market behavior or 

we may find evidence of flight to quality using other measures of market risk.  

 To further investigate the relation between market risk and aggregate order imbalances, 

in untabulated tests, we used several other variables as well as proxies for market risk. 

Specifically, we used the Pástor and Stambaugh (2003) illiquidity factor, the TED spread, and 

dummy variables for the LTCM crisis, the Russian banking crisis and 2008 as proxies for market 

risk. None of these variables are significantly related to order imbalances. Therefore, our 

evidence does not support the hypothesis that, in the time-series, aggregate investor trading 

behavior responds to risk or liquidity shocks. 

                                                 
10 Statman, Thorley, and Vorkink (2006) find a positive relation between market turnover and prior returns, but their 
sample period is from 1962 to 2003. Our sample period is more recent and it includes the 1993 to 2003 period in 
Griffin, Nardari, and Stulz (2007). 
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 Overall, we find that aggregate market order imbalances are negatively related to past 

one- and two-month lagged returns, but they are not related to returns at longer horizons or to 

volatility. These results do not support the idea that investors are more likely to participate in the 

market following an up market than a down market as predicted by Orosel (1998) or for the 

flight to quality hypothesis. However, these results provide some support for a contrarian trading 

strategy and possibly for the disposition effect at the aggregate level. 

 

III.B. Cross-sectional determinants of order imbalances  

 We now examine the cross-sectional determinants of order imbalances. Specifically, we 

fit the following cross-sectional regression to examine the cross-sectional relation between order 

imbalances (OIBNUM and OIBSH) and past returns, lagged volatility, and lags of order 

imbalances: 

( ) ( )
12 3

, , , , 1 , 1 , 1 , , ,
1 1

ln ln  ,i t t t j i t j t i t t i t t i t t j i t j i t
j j

OIB a b R c Size d BM eVol f OIB u! ! ! ! !
= =

= + + + + + +! !  (3) 

where Voli,t-1 is the standard deviation of stock i returns, which we compute using daily returns in 

month t–1, ln(Sizei,t-1) is the logarithm of market capitalization of equity at the end of month t–1, 

and ln(BMi,t-1) is the logarithm of book-to-market ratio at the end of month t–1. We include lags 

of size and book-to-market because of the cross-sectional differences in order imbalances 

between different kinds of stocks, as evidenced in the descriptive statistics in Table 1. Table 3 

reports the time-series averages of the monthly slope coefficients and the t-statistics computed 

using Newey-West standard errors with three lags. The results are quite similar with both 

OIBNUM and OIBSH. The time-series average of the cross-sectional adjusted-R2 is quite high 

again because of the persistence of OIB. At the same time, the explanatory power of the 

regression is higher for OIBNUM than it is for OIBSH. 

 The slope coefficients on firm size are significantly positive and those on book-to-market 

ratio are significantly negative for both OIBNUM and OIBSH. This result implies that investors 

initiate more buy trades for large firms than for small firms, and initiate more buys for growth 

stocks than value stocks. The absolute value of the coefficient on firm size is higher for OIBSH 

than that for OIBNUM, while that on book-to-market is higher for OIBNUM than that for 
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OIBSH. Since OIBSH is weighted relatively more towards large investors, these results indicate 

that large investors initiate more buy trades for large firms than for small firms, and that small 

investors initiate more buys for growth stocks than value stocks. 

 The slope coefficients on the first three lagged-returns are significantly negative and all 

the other coefficients on returns at longer lags are positive and significant pointing to either the 

disposition effect or contrarian trading at short horizons and momentum trading at longer 

horizons. The negative slope coefficients decline in magnitude and significance with increasing 

lags. For example, with OIBNUM as the dependent variable, the slope coefficients at the first 

three lags decline from !12.17 to !1.46. Given average monthly stock return volatility of 12.8%, 

a one standard deviation positive return over the last quarter leads to a decline of 3.85% in 

OIBNUM and 2.53% in OIBSH. Similarly, a one standard deviation positive return over months 

t–4 to t–12 leads to an increase of 4.30% in OIBNUM and 3.17% in OIBSH. These numbers are 

economically significant and comparable to order imbalances averages reported in Table 1. 

 Given the advent of high frequency trading in recent years, one concern is that it has 

become more difficult to sign trades and errors in the signing of trades could be driving our 

results. We find that our results (available upon request) are, if anything, stronger in the pre-

decimalization period 1993-2000 suggesting that errors in the signing of trades due to high 

frequency trading is not driving our results. 

 
Flight-to-quality 
 Volatility is significantly negatively related to OIBNUM, but not significantly related to 

OIBSH in Table 3. For example, the slope coefficients (t-statistics) on volatility are !3.97 

(!4.23) and 0.60 (0.68) when we use OIBNUM and OIBSH as dependent variables. These 

results indicate that there are more seller-initiated trades for high volatility stocks than for low 

volatility stocks among small investors. Institutional investors, who are more heavily represented 

in OIBSH, seem to be indifferent to volatility in their trading decisions. 

 The slope coefficient on volatility in the cross-sectional regression, however, does not 

directly address the flight-to-quality out of equity market hypothesis because it only examines 

investors’ preference for high volatility versus low volatility stock at any given point in time. 
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However, we can examine whether investors exhibit a stronger preference for low volatility 

stocks when the overall stock market risk increases. To examine this hypothesis, we examine the 

slope coefficients during high risk and low risk sub-periods. Specifically, we examine the slope 

coefficient on volatility in two sub-periods, one when market volatility in the previous month 

was above the full-sample median and the other when the market volatility in the previous month 

was below the full-sample median. In unreported results, we found the slope coefficients to be 

similar in these two sub-periods (!3.31 in periods of high market volatility and !4.68 in periods 

of low market volatility, with a statistically insignificant difference of 1.37 for the OIBNUM 

regressions). These conclusions are not sensitive to the classification of months into high and 

low volatility as we find similar results based on Pástor and Stambaugh (2003) liquidity-based 

classification. 

 To summarize, the cross-sectional tests, similar to the time-series tests, also do not offer 

any support for within-stock market flight to quality hypothesis, i.e., the hypothesis that investors 

flee to safer stocks when market risk increases. However, the negative coefficient on last 

month’s volatility is consistent with the hypothesis that stocks with higher dispersion of opinion 

(i.e., higher volatility) amongst investors in the presence of short sale constraints leads to 

overpricing and subsequent selling in these stocks.  

 

Tax-loss selling 

 The negative slope coefficients on short-term lagged returns are inconsistent with the tax-

loss selling hypothesis since this hypothesis predicts that investors are more likely to sell losers 

than winners. However, it is possible that investors’ tax-motivated selling of past losers is 

concentrated in December and that they defer selling their winners until January. Lakonishok and 

Smidt (1986) find that turnover for losers increases in December and that for winners it increases 

in January and provide support for the seasonal tax-loss selling hypothesis. As we noted earlier, 

the evidence in Lakonishok and Smidt is also consistent with trading by sophisticated investors 

who are familiar with anomalous January return for past winners and losers. In order to profit 

from the January effect, these investors may trade in the opposite direction " initiating buy 

trades for past losers in December and deferring buy trades for past winner to January. 

 To directly test these competing hypotheses, we fit equation (3) separately in the months 

of December and January and also compare the slope coefficients on lagged returns for these 
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months with those in the other months. Table 3 reports the coefficients only for December and 

January. We find that all slope coefficients on lagged returns for OIB in the month of December 

are greater than the corresponding slope coefficients on lagged returns for both OIBNUM and 

OIBSH in all months in Table 3. For example, with OIBNUM as the dependent variable, the 

slope coefficients on one-month lagged return are !12.17 and !5.99, respectively, for all months 

and for December. The corresponding 12-month lagged return coefficients are 1.44 and 2.96. 

The one-month lagged return coefficients with OIBSH as dependent variable are !4.66 and 

!1.16 in all months and in December. 

 We also find that the most of the lagged-return coefficients in January are smaller than 

the corresponding ones in all months. For example, the one-month lagged return coefficient in all 

months is !12.17 compared with that of !17.59 in January when we use OIBNUM, and the 

corresponding coefficients are !4.66 and !9.22 with OIBSH. 

 To examine whether the coefficient estimates are statistically different in December and 

January compared to those in other months we fit the following regression: 

 ( ) ( ), 0, , , ,t j j Dec j t Jan j tb b b I Dec b I Jan= + +  (4) 

where bt,j is the estimated slope coefficient on lagged return at lag j in month t and I(Dec) and 

I(Jan) are the dummy variables for December and January, respectively. The slope coefficients 

bDec,j and bJan,j are the differences between the slope coefficients in December and January from 

the averages in other months. We use this regression to conduct our statistical tests allowing for 

the possibility that the slope coefficient estimates in December and January are correlated with 

the corresponding estimates in other months. To allow for the correlation, we compute the 

Newey-West standards errors with three lags. 

 Table 4 reports the coefficients of equation (4) and the corresponding t-statistics. The 

results indicate that for OIBNUM, the coefficient bDec,j is positive for all lagged returns, and 

seven of 12 coefficients are statistically significant. With OIBSH, bDec,j is positive for all lagged 

return coefficient, although only four of the coefficients are statistically significant. We can 

reject the hypothesis that bDec,j for all lagged return coefficients are jointly equal to zero using the 

Bonferroni test. The positive coefficients indicate investors are more likely to sell losers,11 and 

                                                 
11 The positive coefficients are also consistent with investors more likely to buy winners as well. To ensure that the 
positive coefficients are indeed consistent with a higher likelihood of selling losers, we estimate regression equation 
(3) with number of shares sold as a fraction of shares outstanding as the dependent variable (instead of OIB). The 
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less likely to sell winners in December than in other months. The magnitude of the coefficients is 

economically significant. For instance, a one-standard deviation negative return over the last 

eleven months leads to additional decline (increase in sales) of 15.4% in OIBNUM and 9.0% in 

OIBSH for the month of December versus other months. Therefore, our results provide support 

for the seasonal tax-loss selling hypothesis in December. 

 When we consider January, all lagged-return coefficients on January dummy are negative 

with OIBNUM, and half of them are statistically significant. With OIBSH, we find that five of 

the 12 coefficients are significantly negative. With the Bonferroni tests we can reject the 

hypothesis that bJan,j for lagged returns are jointly equal to zero for both OIBSH and OIBNUM. 

Again, the coefficients are economically significant. One-standard deviation positive return over 

the last calendar year leads to additional decline (increase in sales) of 15.4% in OIBNUM and 

9.3% in OIBSH for the month of January versus other months. These results indicate that 

investors tend to sell more past winners12 in January than in other months to defer the realization 

of capital gains to the following calendar year. 

 Overall, our cross-sectional tests show a rich pattern of relations between investors 

trading decisions and past returns that cannot be explained by any single hypothesis. The relation 

between short-horizon returns and order imbalances provide support for both the disposition 

effect and for contrarian trading. Since these two hypotheses make similar predictions, it is not 

possible to differentiate between them solely based on the sign of the slope coefficients. 

However, as we discussed in the context of the time-series analysis, the fact that the negative 

coefficients are found only at shorter lags is somewhat puzzling since investors’ holding periods 

are significantly longer. Support for the disposition effect requires that investors’ mental 

accounts, that drive the disposition effect in Shefrin and Statman (1985), may be more strongly 

influenced by the recent performance of the stocks they hold rather than by the price at which 

they bought the stocks.  

 The results are perhaps more consistent with investors following short-horizon contrarian 

trading strategies. The evidence in Jegadeesh (1990) indicates that at short horizons stocks 

                                                                                                                                                             
negative coefficient estimates for the December dummy from the corresponding regression (4) is indeed consistent 
with an increase in selling of losers in December as compared to other months. 
12 The results for January are also consistent with more buying of losers as compared to other months. So, once 
again, we directly examine selling by estimating regression (3) with number of shares sold as a fraction of shares 
outstanding as the dependent variable. The coefficient estimate for the dummy variable for January from regression 
(4) is positive and is consistent with increased selling of winners in January as compared to the other months. 
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exhibit return reversals, and hence investors may be seeking to exploit this empirical regularity. 

Jegadeesh also documents a return continuation at longer horizon and we find a positive relation 

between order imbalances and longer-lagged returns. Our evidence provides support for the 

momentum trading hypothesis with respect to returns over the past five to12 months. We also 

find that investors are more likely to sell losers in December and winners in January, which 

provides strong support for the seasonal tax-loss selling hypothesis. 

 

III.C. Order imbalance and high frequency returns 

 We find a strong relation between order imbalances and one-month lagged returns in the 

last subsection. This section examines the relation between order imbalances and returns at a 

higher frequency. First, we change monthly regression to include the returns of the last four 

weeks as follows: 

( ) ( )
4 12

, ,1, , , , , 1 , 1 , 1
1 2

3

, , ,
1

ln ln

,

i t t t j i j t j i t j t i t t i t t i t
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+ +
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!
 (5) 

where Rwj is the return in week j of the last month.13 Equation (6) thus breaks-up Rt-1 of the 

previous regressions into four parts corresponding to the four weeks of the lagged month. Panel 

A of Table 5 shows the results of these regressions. We again see that the coefficients on four 

lagged weekly returns decline (in absolute terms) with horizon for OIBNUM. The difference 

between the coefficient on the first lagged week (!14.22) and the coefficient on fourth lagged 

week (!10.36) is statistically significant. In contrast, the coefficients on lagged weekly returns 

increase with horizon, although not monotonically, for OIBSH regressions. 

 Our next test examines the relation between order imbalances and lagged returns at daily 

frequency using the following: 

( ) ( )
21 21

, , , , 1 , 1 , 1 , , ,
1 1

ln ln ,i t t t j i t j t i t t i t t i t t j i t j i t
j j

OIB a b R c Size d BM eVol f OIB u! ! ! ! !
= =

= + + + + + +! !  (6) 

where all variables are measured daily (daily volatility is defined to be daily absolute return). 

The decline in the coefficients on daily returns for OIBNUM regressions is quite striking, 

                                                 
13 We classify the last five trading days of the month as the fourth week, the previous five trading days as the third 
week, and the further previous five days as the second week. The remaining days in the month are classified as the 
first week, which can, therefore, consist of less or more than five days. 
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although no pattern is evident for OIBSH regressions (in fact the coefficient on last day return is 

positive and significant). 

 To summarize, the high-frequency results show that order imbalances are negatively 

related to past daily and weekly returns. For OIBNUM, the relation is stronger for nearer-term 

returns than that for returns that are further away even for the short horizon within the month. 

However, for OIBSH the relation does not decay as fast and we do not find any monotonic 

pattern across weeks or days within the past month. The sharp decline in the coefficients for the 

OIBNUM regression casts further doubt on the disposition effect but is more supportive of 

contrarian trading by individual investors.  

 

III.D. Evidence within subsamples 

 This subsection examines order imbalances separately for different subsamples. First we 

examine order imbalances separately for small and large firms. Each month, we classify a stock 

as a small stock if the market capitalization of equity at the end of the previous month is below 

sample median, and a big stock otherwise. These results are reported in Table 6 and are largely 

similar to the results for the full sample reported in Table 3. For instance, the OIBNUM 

regression coefficient on last-month return is !12.16 for small firms and !12.22 for large firms 

(cf. !12.17 for all firms). There is no significant difference between any coefficients between 

small and large firms. The adjusted-R2 is higher for the large firm regressions perhaps because of 

higher persistence of their order imbalances. 

  Next, we divide the sample into high and low volatility periods based on realized 

aggregate market volatility in that month. We aggregate the Fama-Macbeth coefficients from 

equations (2) and (3) separately for these two sub-periods and analyze differences between them. 

In unreported results (available upon request), we do not find much difference in the coefficients 

on lagged returns after the first month. The OIBNUM coefficient on the first month lagged return 

is, however, less negative (albeit, statistically insignificantly so) in high volatility months than 

that in low volatility months. This suggests that contrarian trading by retail investors (buying 

stocks whose prices have recently declined) is less pronounced in more volatile time periods. We 

also sort the sample into high and low liquidity months based on aggregate Amihud (2002) 

liquidity measure and find that OIBNUM regression coefficients on the first two lags of returns 

are significantly more negative in periods of high illiquidity than those in periods of low 
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illiquidity. This suggests that contrarian trading by retail investors is more pronounced when 

markets are illiquid. 

 

IV. Conclusions 

 We examine the relation between order imbalances and past returns and tests a number of 

hypotheses proposed in the literature. The hypotheses we test make predictions about investors’ 

buy or sell decisions, but previous studies that test these hypotheses use turnover data that 

combine both buyer and seller-initiated trades. In many instances, we would not be able to 

differentiate among various hypotheses using turnover data, while we are able to do so using 

order imbalances. For instance, the disposition effect, which is based on prospect theory, 

hypothesizes that investors are quick to sell their winners but they hold on to their losers. This 

effect, thus, predicts that sellers are more likely to initiate trades for winners than for losers. 

Momentum trading, on the other hand predicts that buyers initiate trading for winners and sellers 

initiate trades for losers. In the presence of short selling constraint, both the disposition effect 

and momentum trading hypothesis making similar predictions for turnover, but they make 

opposite predictions for order imbalances. By studying order imbalances, we provide sharper 

tests of the various hypotheses. 

 We find that order imbalances are negatively related to short-horizon returns, consistent 

with the disposition effect. However, disposition effect and contrarian trading have the same 

observational implications for the relation between order imbalance and past returns. While it is 

impossible to completely disentangle these two motives of trading in absence of more detailed 

data, our results are more supportive of contrarian trading than of disposition effect. Our results 

are strongly consistent with seasonal tax loss selling hypothesis. We also find evidence of 

momentum trading over medium term horizons but no support for the flight-to-quality 

hypothesis. 

 We reemphasize the importance of looking at order imbalances in order to study motives 

of trading. Theoretical models of trading typically identify whether buyers or sellers would 

initiate trades under various circumstances. Therefore, empirical tests of these models must take 

into account the initiators of the trade. Empirical tests using turnover data do not identify the 

initiators and they could lead to misleading inferences. Our paper takes the first step in more 
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directly testing the theoretical models by explicitly considering whether buyers or sellers 

initiated the trades.  
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Figure 1: Order imbalance over time 
This figure shows the value-weighted average (using market capitalization as weights) of order imbalance 
over time. OIBNUM is the number of buys less number of sells in a month as a fraction of the total trades 
in that month. OIBSH is the number of shares bought less number of shares sold in a month as a fraction 
of the total shares traded that month. The sample includes all NYSE stocks over the period 1993 to 2008. 
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Figure 2: Order imbalance over time for different market capitalization stocks 
This figure shows the value-weighted average (using market capitalization as weights) of order imbalance 
over time. OIBNUM (Panel A) is the number of buys less number of sells in a month as a fraction of the 
total trades in that month. OIBSH (Panel B) is the number of shares bought less number of shares sold in 
a month as a fraction of the total shares traded that month. Stocks are divided into quintiles based on their 
market capitalization (using breakpoints of the stocks in the sample). The figure reports the order 
imbalance for only three size categories—small, medium, and large. The sample includes all NYSE 
stocks over the period 1993 to 2008. 
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Panel B: OIBSH 
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Table 1: Descriptive statistics 
This table presents descriptive statistics on the key variables. OIBNUM is the number of buys less 
number of sells in a month as a fraction of the total trades in that month. OIBSH is the number of shares 
bought less number of shares sold in a month as a fraction of the total shares traded that month. Both 
measures of OIB are reported in percent per month. Return is in percent per month, Mcap is market 
capitalization in billions of dollars, B/M is book-to-market, turnover is in percent per month, and 
volatility is the standard deviation of returns in percent per month calculated using daily returns within the 
month. All summary statistics are reported as the time-series averages of monthly cross-sectional 
measures. Each month, a stocks is classified as a small (big) stock if its market capitalization is lower 
(higher) than the median market capitalization that month. Each month, a stock is classified as a growth 
(value) stock if its book-to-market is lower (higher) than the median book-to-market that month. Panels B 
through E report the statistics for these subsamples of firms. The sample includes all NYSE stocks over 
the period 1993 to 2008. 
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  Mean Median StdDev Skewness Kurtosis 

Panel A: All stocks 
OIB(number) 2.824 3.737 11.265 -0.727 7.443 
OIB(shares) 3.395 4.747 14.601 -0.742 7.190 
Turnover 12.278 8.994 12.642 5.367 74.799 
Return 0.941 0.455 11.754 1.089 17.550 
Mcap 5.200 1.049 16.978 8.841 110.973 
B/M 0.715 0.515 0.796 3.380 20.426 
Volatility 11.350 9.664 7.561 4.526 55.472 

Panel B: Small stocks 
OIB(number) 1.418 2.315 13.005 -0.600 5.435 
OIB(shares) 0.329 1.504 17.294 -0.501 5.379 
Turnover 11.451 7.842 13.475 5.170 60.702 
Return 0.520 -0.136 13.683 1.082 15.017 
Mcap 0.413 0.364 0.288 0.496 2.143 
B/M 0.953 0.672 1.007 2.761 13.270 
Volatility 13.390 11.285 9.011 3.553 31.088 

Panel C: Big stocks 
OIB(number) 4.105 4.530 8.843 -0.289 6.958 
OIB(shares) 6.088 6.396 10.622 -0.235 5.961 
Turnover 13.096 9.939 11.463 4.337 42.167 
Return 1.359 0.921 9.226 0.720 9.206 
Mcap 9.984 3.206 23.030 6.484 60.132 
B/M 0.492 0.404 0.385 2.714 19.962 
Volatility 9.587 8.630 4.587 2.359 17.814 

Panel D: Growth stocks 
OIB(number) 4.714 5.177 9.346 -0.476 7.877 
OIB(shares) 5.393 6.127 11.786 -0.567 6.901 
Turnover 13.678 10.231 12.826 4.369 44.316 
Return 1.986 1.316 10.733 1.059 12.310 
Mcap 8.311 1.888 22.949 6.803 64.941 
B/M 0.300 0.308 0.128 -0.231 2.093 
Volatility 10.544 9.442 5.279 2.557 18.561 

Panel E: Value stocks 
OIB(number) 1.169 2.055 12.063 -0.638 5.860 
OIB(shares) 1.755 3.148 15.999 -0.623 6.031 
Turnover 10.985 8.043 11.344 4.673 53.591 
Return -0.124 -0.385 11.813 0.752 14.072 
Mcap 2.742 0.618 7.835 8.158 104.483 
B/M 1.130 0.833 0.937 3.141 15.302 
Volatility 11.653 9.803 7.796 3.660 32.796 
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Table 2: Time-series determinants of order imbalance 
We form value-weighted size sorted quintile portfolios and regress order imbalances (OIB) on past twelve 
months of returns, the past month’s portfolio volatility, and three lags of OIB as follows:  

12 3

, , , , 1 , , ,
1 1

.i t i i j i t j i i t i j i t j i t
j j

OIB a b R cVol d OIB e! ! !
= =

= + + + +! !  

OIBNUM is the number of buys less number of sells in a month as a fraction of the total trades in that 
month. OIBSH is the number of shares bought less number of shares sold in a month as a fraction of the 
total shares traded that month. Return is in percent per month and Vol is the standard deviation of returns 
in percent per month calculated using daily returns within the month. Numbers in parenthesis next to the 
coefficient estimate are the Newey-West corrected t-statistics using three lags. The sample includes all 
NYSE stocks over the period 1993 to 2008. 
 

  1=Small 2 3 4 5=Big All 

  Panel A: OIBNUM 

CNST 0.00 (-0.10) 0.00 (0.68) 0.00 (0.38) 0.00 (0.00) 0.00 (0.50) 0.00 (0.55) 
Return(-1) 0.00 (0.08) -0.09 (-2.04) -0.07 (-2.16) -0.06 (-2.37) -0.08 (-2.46) -0.08 (-2.72) 
Return(-2) -0.06 (-1.23) 0.00 (-0.10) 0.00 (0.05) 0.02 (0.65) 0.01 (0.32) 0.01 (0.21) 
Return(-3) -0.06 (-1.20) -0.11 (-2.77) -0.07 (-2.37) -0.01 (-0.45) 0.03 (1.00) 0.02 (0.56) 
Return(-4) -0.01 (-0.19) 0.05 (1.51) 0.02 (0.80) 0.03 (1.11) -0.02 (-0.68) -0.02 (-0.54) 
Return(-5) 0.03 (0.76) 0.05 (1.43) 0.04 (1.65) 0.04 (1.58) 0.07 (2.36) 0.07 (2.47) 
Return(-6) 0.00 (-0.01) 0.02 (0.44) 0.02 (0.57) 0.03 (1.09) 0.03 (1.14) 0.02 (0.81) 
Return(-7) -0.02 (-0.35) -0.06 (-1.55) -0.04 (-1.45) -0.03 (-1.23) -0.01 (-0.25) -0.01 (-0.38) 
Return(-8) -0.01 (-0.19) 0.03 (0.80) 0.00 (0.12) -0.02 (-0.77) -0.02 (-0.80) -0.02 (-0.88) 
Return(-9) 0.02 (0.27) 0.00 (-0.05) 0.00 (-0.12) 0.00 (0.06) 0.01 (0.39) 0.01 (0.32) 
Return(-10) 0.01 (0.26) -0.01 (-0.15) -0.01 (-0.33) 0.00 (0.15) 0.02 (0.62) 0.01 (0.42) 
Return(-11) -0.04 (-0.73) -0.02 (-0.58) -0.02 (-0.87) -0.02 (-0.61) -0.02 (-0.67) -0.02 (-0.74) 
Return(-12) 0.05 (1.03) 0.03 (0.61) 0.03 (1.14) 0.02 (0.94) 0.00 (-0.03) 0.00 (0.09) 
Volatility(-1) 0.05 (0.45) -0.01 (-0.14) 0.01 (0.14) 0.03 (0.35) 0.02 (0.35) 0.01 (0.12) 
OIB(-1) 0.54 (6.49) 0.66 (7.97) 0.61 (6.55) 0.63 (6.26) 0.61 (6.99) 0.62 (7.26) 
OIB(-2) 0.15 (1.57) 0.12 (0.97) 0.20 (1.78) 0.08 (0.69) 0.14 (1.29) 0.13 (1.16) 
OIB(-3) 0.23 (2.79) 0.17 (1.87) 0.16 (1.78) 0.25 (2.63) 0.17 (2.06) 0.18 (2.17) 
Adjusted-R2   71.96   77.71   85.75   86.98   72.40   75.58 
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  1=Small 2 3 4 5=Big All 

  Panel B: OIBSH 

CNST 0.00 (0.15) 0.00 (0.56) 0.00 (1.08) 0.00 (0.94) 0.00 (0.63) 0.01 (0.98) 
Return(-1) 0.04 (0.67) -0.03 (-0.53) -0.06 (-1.60) -0.08 (-2.42) -0.17 (-5.23) -0.16 (-4.96) 
Return(-2) -0.11 (-1.93) -0.06 (-1.58) -0.05 (-1.37) -0.04 (-1.33) -0.09 (-2.21) -0.09 (-2.26) 
Return(-3) -0.08 (-1.47) -0.07 (-1.88) -0.03 (-0.91) -0.03 (-1.17) -0.01 (-0.35) -0.01 (-0.32) 
Return(-4) -0.06 (-0.88) 0.04 (1.28) 0.00 (0.04) 0.00 (-0.08) -0.02 (-0.90) -0.02 (-0.93) 
Return(-5) 0.05 (1.17) 0.03 (1.04) 0.01 (0.45) 0.03 (1.04) 0.08 (2.39) 0.07 (2.25) 
Return(-6) -0.01 (-0.10) -0.02 (-0.48) -0.01 (-0.45) 0.00 (-0.07) 0.04 (1.51) 0.03 (1.08) 
Return(-7) 0.05 (1.10) -0.03 (-1.03) 0.00 (-0.11) 0.01 (0.48) 0.03 (1.25) 0.03 (0.96) 
Return(-8) -0.07 (-1.06) -0.01 (-0.32) -0.02 (-0.87) -0.02 (-0.83) 0.01 (0.17) 0.00 (-0.15) 
Return(-9) 0.04 (0.57) 0.04 (1.03) 0.02 (0.59) 0.02 (0.69) 0.03 (0.94) 0.02 (0.82) 
Return(-10) 0.04 (0.78) 0.00 (-0.06) -0.04 (-1.09) -0.05 (-1.67) 0.02 (0.67) 0.01 (0.27) 
Return(-11) -0.11 (-1.91) -0.05 (-1.41) -0.05 (-1.83) -0.02 (-0.66) -0.03 (-0.88) -0.03 (-1.06) 
Return(-12) 0.04 (0.65) 0.03 (0.61) 0.04 (1.31) 0.01 (0.44) -0.01 (-0.43) -0.01 (-0.28) 
Volatility(-1) 0.02 (0.19) 0.00 (0.05) -0.02 (-0.30) -0.05 (-0.56) -0.05 (-0.78) -0.07 (-1.04) 
OIB(-1) 0.51 (4.58) 0.61 (5.95) 0.63 (5.22) 0.76 (6.70) 0.58 (4.82) 0.61 (4.83) 
OIB(-2) 0.27 (2.47) 0.27 (3.05) 0.25 (2.38) 0.13 (0.91) 0.39 (2.84) 0.38 (2.65) 
OIB(-3) 0.13 (1.42) 0.07 (0.72) 0.09 (1.01) 0.09 (0.81) 0.02 (0.22) -0.01 (-0.07) 
Adjusted-R2   67.09   81.15   86.95   86.78   79.05   80.95 
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Table 3: Cross-sectional determinants of order imbalance 
We run the following cross-sectional regression each month:  

( ) ( )
12 3

, , , , 1 , 1 , 1 , , ,
1 1

ln l .ni t t t j i t j t i t t i t t i t t j i t j i t
j j

OIB a b R c Size d BM eVol f OIB u! ! ! ! !
= =

= + + + + + +! !  

The table reports the time-series averages of the coefficients (multiplied by 100) together with their Newey-West corrected t-statistics (using three 
lags) in parenthesis. OIBNUM is the number of buys less number of sells in a month as a fraction of the total trades in that month. OIBSH is the 
number of shares bought less number of shares sold in a month as a fraction of the total shares traded that month. Return is in percent per month, 
Size is market capitalization in millions of dollars, BM is book-to-market, and Vol is the standard deviation of returns in percent per month 
calculated using daily returns within the month. The sample includes all NYSE stocks over the period 1993 to 2008. 
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  OIBNUM OIBSH   OIBNUM OIBSH   OIBNUM OIBSH 

All months December January 

Constant -1.61 (-1.88) -12.92 (-8.43) -4.22 (-1.11) -14.81 (-2.92) 0.05 (0.04) -10.12 (-3.35) 
Return(-1) -12.17 (-7.40) -4.66 (-9.69) -5.99 (-1.90) -1.16 (-1.46) -17.59 (-2.36) -9.22 (-5.17) 
Return(-2) -3.67 (-7.35) -4.06 (-10.26) 0.77 (0.42) -2.50 (-1.24) -8.77 (-2.19) -4.81 (-3.59) 
Return(-3) -1.46 (-4.47) -2.67 (-6.37) 1.86 (0.94) -0.45 (-0.17) -5.98 (-3.48) -5.82 (-6.44) 
Return(-4) 1.21 (3.63) 0.43 (1.11) 3.36 (1.66) 1.72 (0.90) -2.49 (-1.22) -4.14 (-2.79) 
Return(-5) 1.88 (5.41) 1.15 (3.56) 4.02 (2.19) 2.18 (1.71) -2.36 (-2.89) -0.65 (-0.58) 
Return(-6) 1.58 (4.66) 1.55 (3.99) 6.00 (2.50) 3.65 (3.63) 0.10 (0.17) -1.02 (-1.52) 
Return(-7) 1.22 (4.51) 0.91 (2.71) 4.93 (2.96) 3.53 (2.57) -2.74 (-3.52) -2.98 (-7.14) 
Return(-8) 1.21 (4.17) 0.83 (2.50) 5.59 (2.75) 2.75 (2.18) -2.36 (-2.56) 0.11 (0.16) 
Return(-9) 0.61 (1.59) 0.99 (2.76) 2.92 (1.36) 2.87 (3.02) -0.75 (-1.31) -0.27 (-0.36) 
Return(-10) 0.83 (2.85) 0.52 (1.86) 4.85 (2.32) 3.14 (3.40) -0.89 (-1.80) -0.70 (-0.64) 
Return(-11) 1.17 (4.10) 0.35 (1.01) 1.80 (1.22) 1.76 (0.91) 0.36 (0.83) 2.48 (1.72) 
Return(-12) 1.44 (4.90) 1.49 (4.35) 2.96 (1.81) 2.62 (2.00) 0.33 (0.38) 1.60 (1.55) 
ln(Size(-1)) 0.17 (3.53) 1.00 (10.22) 0.29 (1.42) 1.08 (3.27) 0.08 (0.70) 0.86 (4.92) 
ln(BM(-1)) -0.54 (-8.95) -0.15 (-3.21) -0.75 (-3.82) -0.49 (-2.47) -0.45 (-2.07) 0.07 (0.40) 
Volatility(-1) -3.97 (-4.23) 0.60 (0.68) -18.65 (-2.62) -6.90 (-2.51) 4.81 (1.28) 3.77 (1.07) 
OIB(-1) 38.56 (31.07) 20.48 (20.66) 38.59 (10.46) 21.12 (9.41) 34.71 (14.31) 18.61 (9.91) 
OIB(-2) 13.62 (21.66) 11.93 (15.12) 15.63 (9.85) 12.16 (6.06) 13.56 (9.91) 13.37 (13.68) 
OIB(-3) 12.40 (21.66) 11.33 (18.90) 13.83 (6.79) 10.81 (6.28) 13.63 (14.88) 13.90 (11.11) 
Average adj-R2 35.60 17.49 40.56 20.34 34.61 17.26 
Average number 
of stocks   

1,402 
  

1,402   
  

1,390   1,390     1,393   1,393 
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Table 4: Tax-loss selling 
 

We run the following cross-sectional regression each month:  

 ( ) ( )
12 3

, , , , 1 , 1 , 1 , , ,
1 1

ln l .ni t t t j i t j t i t t i t t i t t j i t j i t
j j

OIB a b R c Size d BM eVol f OIB u! ! ! ! !
= =

= + + + + + +! !  

We then run a second-stage regression on the time-series of bt,j coefficients as follows: 
( ) ( ), 0, , , ,t j j Dec j t Jan j tb b b I Dec b I Jan= + +  

where the I(.) indicator variables are one if the corresponding month is December or January, and zero 
otherwise. OIBNUM is the number of buys less number of sells in a month as a fraction of the total trades 
in that month. OIBSH is the number of shares bought less number of shares sold in a month as a fraction 
of the total shares traded that month. Return is in percent per month, Size is market capitalization in 
millions of dollars, BM is book-to-market, and Vol is the standard deviation of returns in percent per 
month calculated using daily returns within the month. The table reports the dummy coefficients bDec and 
bJan together with their Newey-West corrected t-statistics (using three lags) in parenthesis. The sample 
includes all NYSE stocks over the period 1993 to 2008. 
 

  OIBNUM OIBSH 

Return(-1)*Dec 6.30 (2.90) 3.43 (2.97) 
Return(-2)*Dec 4.41 (3.26) 1.64 (1.08) 
Return(-3)*Dec 3.23 (2.55) 2.16 (1.08) 
Return(-4)*Dec 2.02 (1.62) 0.98 (0.58) 
Return(-5)*Dec 1.96 (1.64) 0.97 (0.91) 
Return(-6)*Dec 4.73 (3.21) 2.08 (1.77) 
Return(-7)*Dec 3.71 (3.03) 2.52 (1.97) 
Return(-8)*Dec 4.49 (3.58) 2.05 (1.82) 
Return(-9)*Dec 2.41 (1.89) 1.95 (2.31) 
Return(-10)*Dec 4.26 (3.34) 2.77 (2.74) 
Return(-11)*Dec 0.61 (0.68) 1.75 (1.38) 
Return(-12)*Dec 1.57 (1.48) 1.26 (0.96) 

Return(-1)*Jan -5.31 (-1.28) -4.63 (-3.03) 
Return(-2)*Jan -5.13 (-2.16) -0.67 (-0.46) 
Return(-3)*Jan -4.60 (-3.37) -3.22 (-3.31) 
Return(-4)*Jan -3.83 (-2.05) -4.87 (-2.96) 
Return(-5)*Jan -4.42 (-4.53) -1.86 (-1.58) 
Return(-6)*Jan -1.17 (-1.27) -2.59 (-2.68) 
Return(-7)*Jan -3.96 (-4.22) -3.99 (-5.25) 
Return(-8)*Jan -3.47 (-3.54) -0.59 (-0.54) 
Return(-9)*Jan -1.26 (-1.50) -1.19 (-1.41) 
Return(-10)*Jan -1.48 (-1.80) -1.07 (-1.03) 
Return(-11)*Jan -0.83 (-1.03) 2.47 (2.09) 
Return(-12)*Jan -1.06 (-1.30) 0.24 (0.25) 

 



34 

Table 5: Order imbalance and past returns at high frequency 
 
Panel A reports the results of the following cross-sectional regression each month:  

( ) ( )
4 12 3

, ,1, , , , , 1 , 1 , 1 , , ,
1 2 1

ln ln ,i t t t j i j t j i t j t i t t i t t i t t j i t j i t
j j j

OIB a b Rw b R c Size d BM eVol f OIB u! ! ! ! !
= = =

= + + + + + + +! ! !
 

where Rwj is the weekly return in week j of the month preceding the dependent variable (return in this 
month is labeled as Return(-1) in the other tables) in other tables. Panel B reports the results of the 
following cross-sectional regression each day: 

( ) ( )
21 21

, , , , 1 , 1 , 1 , , ,
1 1

ln ln ,i t t t j i t j t i t t i t t i t t j i t j i t
j j

OIB a b R c Size d BM eVol f OIB u! ! ! ! !
= =

= + + + + + +! !  

where all variables are calculated at a daily frequency. OIBNUM is the number of buys less number of 
sells in a month as a fraction of the total trades in that month. OIBSH is the number of shares bought less 
number of shares sold in a month as a fraction of the total shares traded that month. Return is in percent 
per month, Size is market capitalization in millions of dollars, BM is book-to-market, and Vol is the 
standard deviation of returns in percent per month calculated using daily returns within the month. The 
table reports the time-series averages of the coefficients together with their Newey-West corrected t-
statistics (using three, four, and 21 lags for monthly, weekly, and daily frequency, respectively) in 
parenthesis. The sample includes all NYSE stocks over the period 1993 to 2008. 
 

  OIBNUM OIBSH 

Panel A: Monthly regressions 
Cnst -1.04 (-1.19) -11.36 (-7.62) 
ReturnWeek(-1) -14.22 (-5.70) -1.68 (-2.08) 
ReturnWeek(-2) -13.55 (-7.21) -5.23 (-6.87) 
ReturnWeek(-3) -11.76 (-7.59) -6.42 (-8.75) 
ReturnWeek(-4) -10.36 (-8.02) -5.55 (-7.98) 
Return(-2) -3.16 (-6.66) -4.01 (-9.98) 
Return(-3) -1.14 (-3.51) -2.65 (-6.17) 
Return(-4) 1.16 (3.47) 0.26 (0.67) 
Return(-5) 1.76 (5.34) 0.90 (2.91) 
Return(-6) 1.53 (4.57) 1.29 (3.58) 
Return(-7) 1.24 (4.35) 0.95 (2.91) 
Return(-8) 1.10 (3.87) 0.77 (2.58) 
Return(-9) 0.63 (1.73) 0.95 (2.57) 
Return(-10) 0.67 (2.31) 0.34 (1.13) 
Return(-11) 1.11 (3.87) 0.45 (1.33) 
Return(-12) 1.35 (4.76) 1.59 (4.54) 
ln(Size(-1)) 0.13 (2.69) 0.90 (9.52) 
ln(BM(-1)) -0.51 (-8.77) -0.12 (-2.39) 
Vol(-1) -4.65 (-4.59) -0.77 (-0.85) 
OIB(-1) 40.21 (28.60) 21.06 (21.03) 
OIB(-2) 13.02 (22.39) 12.31 (17.00) 
OIB(-3) 12.29 (21.77) 11.69 (19.57) 
Average adj-R2   37.35   17.84 
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  OIBNUM OIBSH 

Panel B: Daily regressions 
Cnst -2.98 (-6.42) -10.36 (-15.77) 
ReturnDay(-1) -25.91 (-10.63) 30.19 (18.21) 
ReturnDay(-2) -31.51 (-13.69) -1.23 (-1.14) 
ReturnDay(-3) -26.70 (-14.58) -8.68 (-10.06) 
ReturnDay(-4) -22.10 (-14.46) -10.84 (-13.96) 
ReturnDay(-5) -18.40 (-14.60) -10.56 (-13.01) 
ReturnDay(-6) -15.72 (-13.35) -10.02 (-12.85) 
ReturnDay(-7) -14.75 (-13.70) -9.32 (-11.76) 
ReturnDay(-8) -12.69 (-11.16) -9.93 (-11.44) 
ReturnDay(-9) -11.82 (-12.28) -9.07 (-11.87) 
ReturnDay(-10) -11.39 (-12.01) -8.87 (-11.53) 
ReturnDay(-11) -11.30 (-13.35) -10.24 (-13.15) 
ReturnDay(-12) -10.39 (-12.73) -11.11 (-13.03) 
ReturnDay(-13) -10.02 (-12.33) -9.88 (-11.83) 
ReturnDay(-14) -8.46 (-11.20) -8.53 (-10.94) 
ReturnDay(-15) -8.48 (-12.16) -8.24 (-10.77) 
ReturnDay(-16) -7.93 (-12.35) -7.68 (-10.35) 
ReturnDay(-17) -8.02 (-12.21) -8.55 (-11.07) 
ReturnDay(-18) -7.37 (-11.35) -7.70 (-9.79) 
ReturnDay(-19) -7.67 (-11.25) -9.19 (-12.12) 
ReturnDay(-20) -6.30 (-10.97) -8.73 (-11.70) 
ReturnDay(-21) -7.38 (-12.15) -9.35 (-11.67) 
log(Mcap(-1)) 0.21 (7.81) 0.79 (19.17) 
log(B/M(-1)) -0.48 (-16.64) -0.31 (-11.30) 
Volatility(-1) 34.91 (16.45) 24.76 (14.77) 
OIB(-1) 15.91 (74.41) 9.98 (46.08) 
OIB(-2) 8.34 (88.61) 5.51 (49.21) 
OIB(-3) 6.20 (68.38) 4.16 (51.54) 
OIB(-4) 4.88 (51.18) 3.36 (44.19) 
OIB(-5) 3.95 (43.25) 2.86 (38.79) 
OIB(-6) 3.31 (37.64) 2.45 (37.03) 
OIB(-7) 2.89 (32.06) 2.16 (30.68) 
OIB(-8) 2.59 (30.91) 2.03 (30.36) 
OIB(-9) 2.46 (29.09) 1.86 (27.97) 
OIB(-10) 2.33 (28.82) 1.78 (26.43) 
OIB(-11) 2.15 (26.05) 1.70 (26.92) 
OIB(-12) 1.91 (24.07) 1.56 (24.05) 
OIB(-13) 1.84 (21.48) 1.60 (24.00) 
OIB(-14) 1.71 (22.05) 1.34 (19.93) 
OIB(-15) 1.79 (24.67) 1.60 (24.37) 
OIB(-16) 1.59 (21.15) 1.36 (21.84) 
OIB(-17) 1.56 (20.01) 1.33 (20.28) 
OIB(-18) 1.62 (20.50) 1.43 (21.71) 
OIB(-19) 1.77 (22.97) 1.45 (21.99) 
OIB(-20) 1.75 (21.64) 1.52 (22.59) 
OIB(-21) 1.81 (23.56) 1.59 (23.35) 
Average adj-R2 18.08 7.81 
Average number of 
stocks   1,358   1,358 
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Table 6: Order imbalance for small and large capitalization stocks 
 
We run the following cross-sectional regression each month separately for small and large capitalization 
stocks:  

( ) ( )
12 3

, , , , 1 , 1 , 1 , , ,
1 1

ln ln .i t t t j i t j t i t t i t t i t t j i t j i t
j j

OIB a b R c Size d BM eVol f OIB u! ! ! ! !
= =

= + + + + + +! !  

The table reports the time-series averages of the coefficients together with their Newey-West corrected t-
statistics in parenthesis. The sample includes all NYSE stocks over the period 1993 to 2008. 
 

  OIBNUM OIBSH   OIBNUM OIBSH 
Big stocks Small stocks 

Constant 2.82 (2.89) -2.14 (-1.49) -11.81 (-7.23) -27.17 (-14.52) 
Return(-1) -12.22 (-7.58) -6.20 (-8.92) -12.16 (-7.57) -4.46 (-7.56) 
Return(-2) -2.18 (-4.83) -5.03 (-9.36) -4.40 (-7.67) -3.59 (-7.13) 
Return(-3) -0.25 (-0.54) -4.21 (-8.52) -2.33 (-6.70) -1.97 (-3.55) 
Return(-4) 1.93 (4.53) 0.48 (0.97) 0.33 (0.90) -0.25 (-0.51) 
Return(-5) 2.29 (5.29) 0.45 (1.22) 1.46 (3.93) 1.28 (2.59) 
Return(-6) 1.57 (3.72) 0.57 (1.40) 1.14 (2.92) 1.54 (2.94) 
Return(-7) 1.47 (3.66) 0.30 (0.69) 0.91 (3.12) 0.89 (1.87) 
Return(-8) 1.30 (3.50) 0.41 (0.88) 0.78 (2.47) 0.56 (1.07) 
Return(-9) 0.76 (2.06) 1.35 (3.84) 0.22 (0.47) 0.22 (0.45) 
Return(-10) 1.15 (3.27) 1.13 (2.47) 0.34 (0.98) -0.31 (-0.81) 
Return(-11) 1.74 (4.52) 0.63 (1.45) 0.69 (1.79) -0.07 (-0.13) 
Return(-12) 1.37 (4.22) 1.35 (3.41) 1.02 (3.03) 0.90 (1.94) 
ln(Size(-1)) -0.12 (-2.50) 0.30 (3.38) 0.98 (7.53) 2.08 (14.43) 
ln(BM(-1)) -0.40 (-6.68) 0.07 (1.29) -0.38 (-6.22) -0.22 (-2.88) 
Vol(-1) -4.50 (-4.35) 0.84 (0.69) -2.32 (-2.29) 4.29 (3.94) 
OIB(-1) 43.87 (25.44) 24.15 (20.18) 34.63 (33.60) 17.59 (18.25) 
OIB(-2) 12.93 (18.32) 13.38 (15.93) 12.34 (17.40) 9.82 (12.05) 
OIB(-3) 13.46 (19.72) 13.82 (20.24) 10.76 (18.26) 8.79 (13.89) 
Average adj-R2 44.94 18.99 28.80 12.67 
Average number 
of stocks   

776   776     626   626 

 


