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Does Order Flow Commonality 
Extend Across Trade Sizes and 

Securities? 
J. Christopher Hughen and Cynthia G. McDonald* 

Asset pricing models such as CAPM and its multifactor extensions conclude that systemic 
factors affect asset returns. Recent studies of large stocks show that order imbalances, which 
are defined as the differences between buy and sell orders, are correlated across securities. 
Consistent with systemic trading activity providing information about market factors, Hasbrouck 
and Seppi (2001) show that the order imbalance in other stocks is an economically significant 
determinant of the intraday return on a stock even in the presence of the stock’s own order 
imbalance. Chordia, Roll, and Subrahmanyam (2002) extend this research by providing evidence 
that daily market returns are strongly affected by contemporaneous order imbalances. Harford 
and Kaul (2005) provide evidence that indexing is a primary source of correlated ordered flow. 

Studies that examine systemic trading activity generally limit or weight their analyses to the 
largest, most frequently traded stocks. Yet, there are several reasons why systemic trading 
activity may vary with firm size. First, feedback trading, which occurs when investors act on 
simplistic extrapolations of returns, may generate systemic trading that varies across firms. 
Lakonishok, Shleifer, and Vishny (1992) find that institutions engage in more herding and feedback 
trading for small stocks than large stocks. Second, noise trader models assume that sentiment 
motivates trading activity (De Long, Shleifer, Summers, and Waldmann, 1990; Lee, Shleifer, and 
Thaler, 1991). If retail investors are sentiment-motivated noise traders, then trading activity may 
vary cross-sectionally according to firm size, as retail investors participate more in the trading 
activity of small capitalization securities. Recent research supports the view that retail investors 
act differently than institutional investors (Dennis and Strickland, 2002; Cohen, Gompers, and 
Vuolteenaho, 2002; Grinblatt and Keloharju, 2000). Third, Lo, and Wang (2000) show that if asset 
prices are related to factor structures, portfolio separation implies that turnover has an approximate 
linear factor structure; they provide empirical evidence that cross-sectional variation in turnover 
is related to firm size. 

Since research shows that trading activity varies with market capitalization, we extend the 
research on order flow commonality in large stocks. In our investigation, we examine three 

We examine commonality in order imbalances across different types of securities and find 
that the extent of commonality is greater than previously documented. Order imbalances in 
portfolios of small stocks, large stocks, and closed-end funds have explanatory power for 
other portfolio returns even in the presence of own order flow. Our analysis of order flow 
composition reveals commonality in small and medium trades, but not in large trades, 
across portfolios. The activity from small-size trades is systemic, but not generally associated 
with returns on other securities. Order imbalances from larger size trades provide more 
information relevant to stock prices. 
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issues. First, our study investigates the pervasiveness of order flow commonality across 
different types of securities. In contrast to large capitalization stocks, the trading in small 
stocks and closed-end funds is dominated by retail investors. Another reason why we examine 
closed-end funds is that the fundamental values of these securities are relatively transparent. 
As the market values of closed-end fund portfolios are released regularly, investors have 
less asymmetric information about the value of these funds than shares in a regular company. 
Trading activity in closed-end funds is more likely to be driven by macroeconomic and 
sentiment factors than private information. We find positive correlations between order 
imbalances for portfolios of all three security types. Our results suggest that systemic trading 
activity is broader than documented in prior studies. Consistent with order imbalances 
providing information, portfolio returns are affected by the aggregate order imbalances within 
a portfolio as well as the order imbalances in other portfolios. 

We next examine which trade sizes (small, medium, and large) are sources of order flow 
commonality across securities. Using these size classifications, we infer whether transactions 
are initiated by retail or institutional traders.1 Order imbalances for small trades are positively 
correlated across all three samples. This finding suggests that retail investors tend to buy or 
sell closed-end funds, small capitalization stocks and large capitalization stocks 
simultaneously. Our analysis provides strong support for order flow commonality among 
medium trades. In contrast, there is little evidence of a positive correlation across security 
types for the order imbalance of large trades. We conclude that small and medium trades are 
a source of order flow commonality that extends across securities. 

Statistically significant evidence of commonality is not a sufficient indicator that such 
trading activity is economically important. Therefore, the final matter that we investigate is 
whether returns are affected by order imbalances from small, medium, and large trades in 
other securities. Because prior research on large stocks documents the relation between 
order imbalances and returns, we examine whether the influence of order flow commonality 
extends across different types of stocks. Barclay and Warner (1993) and Chakravarty (2001) 
find that medium trades have a disproportionately large impact on returns. For all three 
portfolios, we confirm their results, finding that daily returns are positively correlated with 
the portfolio’s own imbalances of medium trades. We extend their research by showing that 
returns are positively associated with the order imbalances from medium trades in other 
portfolios. As an example, a one standard deviation increase in the medium trade imbalance 
in closed-end funds is associated with an increase in the return on the small stock portfolio 
of 0.3%. The returns on the small stock portfolio are influenced by more types of trading 
activity (from other security types and across various trade sizes) than the returns on the 
closed-end funds or large stocks. Although the order imbalances from small trades exhibit 
commonality, this measure of retail trading activity does not generally provide information 
relevant to the prices of other securities. 

I. Sample Selection and Description 

To examine how different types of investors affect order flow commonality and returns, we 
analyze the trading in three portfolios: large stocks, small stocks, and closed-end funds. The 
large stock portfolio consists of the 50 stocks with the largest market capitalizations, and the 

1Although we can not identify transactions’ originators with certainty, for expositional ease we associate small 
trades with retail investors. Chakravarty (2001) and Lee and Radhakrishna (2000) provide evidence that small 
(large) trades are associated with retail (institutional) investors. 



Hughen & McDonald • Does Order Flow Commonality Extend Across Trade Sizes and Securities? 7 

small stock portfolio is comprised of the 50 largest stocks that have market capitalizations 
below the 30th percentile for stocks on the CRSP database. We draw both groups of securities 
from the NYSE. We exclude Berkshire Hathaway and firms participating in mergers during 
the sample period. All of the firms in the large stock portfolio are in the S&P 500 Index, but 
none of the securities in the small stock or closed-end fund portfolios. In forming the third 
portfolio, we start with the closed-end fund section of The Wall Street Journal for August 1, 
1997. Since our study investigates order flow commonality across stocks, the funds we 
select should invest primarily in domestic equities. The Wall Street Journal includes such 
funds in its “General Equity” and “Specialized Equity” categories. Our sample of 41 closed- 
end funds includes all of the funds in these categories except for funds that are non-diversified 
business development companies (two funds) and funds that invest primarily in foreign 
securities (three funds).2 

The sample period begins in August 1997 and ends in June 2000. We choose August 1997 
as the starting point for our analysis. This is the month after the NYSE lowered the minimum 
price variation from an eighth to a sixteenth. Changes in transactions costs influence the 
profitability of informed trading and may affect the composition of retail and institutional 
owners in a type of security. 

We obtain price, volume, and quote data for the sample period from the NYSE Trade and 
Quote (TAQ) database. We apply filters similar to those of Blume and Goldstein (1997) and Lim 
(1999) to eliminate possible errors in this dataset. We classify trades as buyer-initiated (seller- 
initiated) when the price is above (below) the previous price. We assign subsequent transactions 
at the same price to the trading direction of the first trade in the series. Table I provides 
summary statistics for the securities. The closed-end funds and small stocks have similar mean 
dollar volumes and prices, but the closed-end funds have an average market capitalization that 
is over three times larger than that of the small stocks. As expected, the mean trading volume 
and price for the large stock portfolio is much larger than that of the other portfolios. 

Consistent with the approach used by Barclay and Warner (1993) and Chakravarty (2001), 
we define small, medium, and large trades as trades of less than 500 shares, 500 to 9,999 
shares, and 10,000 or more shares, respectively. Securities in the closed-end fund and small 
stock portfolios tend to have more medium than small daily trades, but the large stock 
portfolio has more small trades than medium trades. For all three portfolios, the number of 
trades of at least 10,000 shares comprises a small percentage of average daily trades. Such 
large trades make up about 1%, 2%, and 3% of the daily trades for the closed-end fund, small 
stock, and large stock portfolios, respectively. 

II. Analysis of Order Imbalance 

We calculate order imbalance (OIB) as the difference between buyer-initiated trades and 
seller-initiated trades, and measure these trades by using the number of trades or dollar 
volume. To facilitate comparisons across portfolios, we scale the daily order imbalance for 
each firm i on day t using the firm’s time series mean (µ) and standard deviation (σ): 

    (1) 

2We also conduct our analysis using a portfolio of 22 domestic equity funds that release NAVs on a daily basis. 
Retail investors may be attracted to these funds because of their greater transparency. While the results are not 
reported for brevity, the general conclusions remain the same. 
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3The general results of this study are unchanged when the mean and standard deviation are calculated over the 
entire sample period. 

Table I. Characteristics of Securities 
 

This table provides descriptive statistics for the trading activity in the closed-end funds, small stocks, and large 
stocks for the period from August 1997 to June 2000. The closed-end fund portfolio contains 41 domestic 
equity funds listed in the “General Equity” and “Specialized Equity” categories of The Wall Street Journal. The 
large stock portfolio consists of the 50 largest NYSE stocks, and small stock portfolio contains the 50 largest 
NYSE stocks with market capitalizations below the 30th percentile for stocks in the CRSP database. We 
exclude Berkshire Hathaway and firms participating in mergers from the small and large cap samples. We 
obtain closing prices, trading volume, and average daily spreads from TAQ. We classify trades as buy or sell 
orders using the tick test. We define small, medium, and large trades as trades of less than 500 shares, 500 to 
9,999 shares, and 10,000 or more shares, respectively. We define the dollar spread as the ask quote minus the 
bid quote, and calculate the percentage spread using the bid-ask midpoint. The effective spread is twice the 
difference between the trade price and the bid-ask midpoint.  

 
 Closed-End Funds Small Stocks Large Stocks 
 Mean Std Dev Mean Std Dev Mean Std Dev 

Daily Volume ($) 715,286 193,885 798,474 222,937 199,723,722 58,237,701 
Price 21.62 1.96 18.72 3.15 66.23 4.94 
Daily Return  0.11% 1.17% -0.01% 0.85% 0.06% 1.19% 
Market Cap 916,158 70,299 279,060 39,458 77,958,092 11,343,605 
Daily Trades       
 All  47.64 55.22 37.77 6.70 1,987.74 561.48 
 Small 20.42 23.19 19.17 3.61 1,118.42 337.47 
 Medium 26.87 34.14 20.00 3.65 851.63 219.92 
 Large 0.36 1.24 0.66 0.25 61.78 22.53 
Spread ($) 0.345 0.055 0.188 0.066 0.127 0.034 
Spread (%) 1.996 0.409 1.180 0.556 0.218 0.089 
Eff. Spread ($) 0.079 0.016 0.049 0.020 0.037 0.014 
Eff. Spread (%) 0.455 0.114 0.309 0.159 0.064 0.032 

 
We calculate the mean and standard deviation using the prior 20 trading days.3 To facilitate 

the analysis of trading activity across different classes of securities, we compute imbalance 
measures on a portfolio basis. The order imbalance for each portfolio is an equally weighted 
average of the imbalances of the securities in the portfolio. 

Table II provides summary statistics for the order imbalances calculated using number of 
trades (OIBNUM) and dollar volume (OIBVOL). Over the period analyzed in this study, the 
closed-end fund portfolio has a negative mean order imbalance. This result is caused by a 
relatively large number of medium-size sell orders in these securities. In contrast, the small 
and large stock portfolios generally have positive mean imbalances. Despite the similar 
average dollar volumes and prices for the two samples, the closed-end funds have lower 
standard deviations for the measures using OIBVOL than do the small stocks. We show the 
statistics for the scaled order imbalance measures in the bottom half of Table II. 

The various order imbalance measures within each portfolio are closely related. While not 
reported for brevity, the correlations between the four order imbalance measures (OIBNUM, 
OIBVOL, scaled OIBNUM, and scaled OIBVOL) are all positive and significant at the 0.001 
level for each of the three portfolios. The scaled metrics are highly correlated with their 
unadjusted versions. The lowest correlation, which is for the raw and scaled closed-end 
fund OIBNUM, is 0.83. Since the scaled imbalance measures closely approximate the metrics 
that are not scaled, in the rest of our analysis we use the scaled measures. 

Table III provides the correlations of the scaled order imbalances across the portfolios. 
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Table II. Summary Statistics for Order Imbalance Measures 
 
This table provides time-series averages and standard deviations for the order imbalances of closed-end 
fund, small stocks, and large stocks. We calculate the daily order imbalance for a particular portfolio as 
the mean order imbalance for all the securities in that portfolio. OIBNUM is the number of buy 
transactions minus the number of sell transactions. OIBVOL is the dollar volume (price times share 
volume) of the buy orders minus the sell orders. The scaled order imbalance measure equals the order 
imbalance for a particular day minus the average order imbalance divided by the standard deviation of the 
order imbalance. We provide statistics for all the trades in a particular portfolio and for three size-based 
categories of transactions. We define small, medium, and large trades as trades of less than 500 shares, 
500 to 9,999 shares, and 10,000 or more shares, respectively. 
 

 Closed-End Funds Small Stocks Large Stocks 

 
 

Mean 
Standard 
Deviation 

 
Mean 

Standard 
Deviation 

 
Mean 

Standard 
Deviation 

OIBNUM (Order Imbalance – Number of Trades) 
All trades -0.090 4.480 0.124 2.663 121.908 97.446 
Small trades 0.256 1.853 -0.020 1.736 73.216 75.817 
Medium trades -0.376 2.832 0.147 1.406 43.555 31.407 
Large trades 0.030 0.120 -0.004 0.130 5.137 4.957 
OIBVOL (Order Imbalance – Dollar Volume) 
All trades -673 6,587 469 93,977 14,799,851 10,691,579 
Small trades 21 457 573 6,402 733,792 719,739 
Medium trades -1,273 4,990 11,009 42,640 7,345,564 4,561,364 
Large trades 579 2,592 -11,113 78,472 6,720,495 7,548,456 
Scaled OIBNUM 
All trades -0.041 1.003 -0.010 1.001 -0.009 1.070 
Small trades -0.038 1.006 -0.020 1.002 -0.010 1.097 
Medium trades -0.039 1.001 0.002 1.002 -0.011 1.003 
Large trades 0.009 0.999 -0.013 0.995 0.013 1.006 
Scaled OIBVOL 
All trades -0.014 0.993 0.000 0.983 0.008 0.997 
Small trades -0.037 1.007 -0.010 0.992 -0.019 1.084 
Medium trades -0.033 0.996 0.007 0.995 0.007 0.991 
Large trades 0.026 1.009 -0.007 0.986 0.008 1.005 

 
Because all of the statistics are positive and significant, the data is consistent with aggregate 
order flow that exhibits common effects across security types. This result suggests that 
since it extends to small stocks and closed-end funds, commonality is greater than that 
previously documented. 

The lowest correlation in the table is 0.063, and this finding represents the relation between 
the order imbalances (measured in terms of dollar volume) for small and large stocks. The 
small size of this correlation supports the idea that each of these categories of equities has 
unique characteristics. Also, the small and large portfolios have substantial differences in 
average share volume and price. 

Regardless of the measurement, the trading activity in closed-end funds has a higher 
correlation with large stocks than small stocks. This result provides insight into the 
controversial relation between small stocks and closed-end funds. Lee et al. (1991) show 
that fund discounts and small stock returns fluctuate together, and this result is driven by 
changes in the sentiment of retail investors who are the primary owners of these securities. 
However, Chen, Kan, and Miller (1993) use an analysis of monthly returns to argue that the 
relation is unique to a particular period. They conclude that closed-end fund returns are not 
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Table III. Correlations of Order Imbalance Measures Across the Portfolios 
 
This table provides correlation coefficients and the corresponding p-values, which are shown in parentheses, 
for two measures of order imbalance. We compute OIBNUM using the number of transactions, and calculate 
OIBVOL by using dollar volume. The scaled order imbalance measure equals the order imbalance for a 
particular day minus the average order imbalance divided by the standard deviation of the order imbalance. 
We calculate the correlations by using daily data for each of the portfolios. 
 

Panel A. OIBNUM 

 Closed-End Funds Small Stocks Large Stocks 
Closed-End Funds 1.000 0.209 

(0.000) 
0.351 

(0.000) 
Small Stocks  1.000 0.215 

(0.000) 
Large Stocks   1.000 

Panel B. OIBVOL 

Closed-End Funds 1.000 0.111 
(0.001) 

0.414 
(0.000) 

Small Stocks  1.000 0.063 
(0.093) 

Large Stocks   1.000 
 

 more related to small stock returns than they are to large stock returns. Our analysis of the 
daily trading activity in these asset classes is consistent with their conclusion. 

A. Cross-Sectional Analysis of Order Imbalance 

Several studies document a relation between the order imbalances and prices of large 
stocks. Chordia, Roll, and Subrahmanyam (2002) find a positive correlation between 
S&P 500 returns and market-wide order imbalances. In their analysis of the 30 stocks in 
the Dow, Hasbrouck, and Seppi (2001) show that commonality in order imbalances 
explains about two-thirds of the commonality in returns. One way that we extend the 
research in these studies is by examining the pervasiveness of commonality across 
different classes of securities. 

To determine the relative importance of trading activity in other securities, we estimate the 
relation between average daily portfolio returns and the order imbalances of each of the 
portfolios. The omitted variables that are likely to affect the portfolio returns are also likely 
to affect the portfolio order imbalances. Hence, we use seemingly unrelated regression 
analysis to estimate the determinants of the returns and order imbalances simultaneously. 
We model both return and order imbalance as a function of the prior days’ order imbalances. 
Doing so allows for the autocorrelation that arises from orders broken up across days and 
from feedback trading. 

For each of the three portfolios, Table IV provides the model estimates for the returns and 
order imbalances. All the regressions include five lags of the portfolio own imbalance (not 
reported for brevity).4 In Models 1, 3, and 5 in Panels A and B, we examine order flow 
commonality by regressing the order imbalances for a portfolio on the contemporaneous 
imbalances in the other two portfolios. 

4As in Chordia et al.’s (2002) examination of a large sample of US equities, the coefficients for order imbalance 
on prior days are positive and significant for all three samples. In general, the coefficients decrease in magnitude 
and the largest coefficients are for the most recent trading day. 
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Table IV. Cross-Sectional Analysis of Returns and Order Imbalances 

 
In this table we use seemingly unrelated regression analysis to simultaneously estimate the determinants 
of sample returns and order imbalances. P-values appear in parentheses below the coefficient estimates. 
All models include five lags of the own OIB, but for brevity we do not show these. OIBNUM (OIBVOL) 
is the order imbalance calculated using the number of trades (dollar volume). We multiply the 
coefficients by 1,000. 
 

Panel A. Order Imbalance Measured using Number of Trades (OIBNUM) 

 
 

Independent 
Variable 

(1) 
Closed-

End Fund 
OIBNUM 

(2) 
Closed-

End Fund 
Return 

(3) 
Small 
Stock 

OIBNUM 

(4) 
Small 
Stock 
Return 

(5) 
Large 

Stocks 
OIBNUM 

(6) 
Large 
Stock 
Return 

Intercept -28.72 1.387 9.15 0.11 15.74 1.04 
 (0.406) (0.000) (0.800) (0.690) (0.657) (0.003) 
       
Own OIBNUM  8.383  1.49  1.85 
  (0.000)  (0.000)  (0.000) 
OIBNUM       
 Closed-End Funds   228.31 4.70 502.35 6.84 
   (0.000) (0.000) (0.000) (0.000) 
       
 Small Stocks 209.77 -0.02   216.16 -0.42 
 (0.000) (0.956)   (0.000) (0.242) 
       
 Large Stocks 466.28 -0.13 215.39 -0.21   
 (0.000) (0.695) (0.000) (0.449)   

Panel B. Order Imbalance Measured using Dollar Volume (OIBVOL) 

 
 
Independent 
Variable 

(1) 
Closed-

End Fund 
OIBVOL 

(2) 
Closed-

End Fund 
Return 

(3) 
Small 
Stock 

OIBVOL 

(4) 
Small 
Stock 
Return 

(5) 
Large 

Stocks 
OIBVOL 

(6) 
Large 
Stock 
Return 

Intercept -21.29 1.13 -0.88 -0.03 20.48 0.78 
 (0.529) (0.001) (0.981) (0.926) (0.550) (0.010) 
       
Own OIBVOL  6.99  1.29  6.34 
  (0.000)  (0.000)  (0.000) 
OIBVOL       
 Closed-End Funds   185.10 4.49 678.92 4.49 
   (0.000) (0.000) (0.000) (0.000) 
       
 Small Stocks 160.28 1.04   -8.91 0.19 
 (0.000) (0.004)   (0.800) (0.546) 
       
 Large Stocks 666.30 1.05 -18.47 0.37   
 (0.000) (0.007) (0.654) (0.227)   
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The first model in Panel A shows that the closed-end fund order imbalance, which we 
measure by using the number of trades, has a positive, significant relation to the order 
imbalances for the small and large stocks. Furthermore, the coefficient for the scaled order 
imbalance for large stocks is twice as large as that for the small stocks. This result is consistent 
with the results in Table III that suggest the trading of closed-end funds is at least as related 
to transactions in large cap stocks as it is to transactions in small cap stocks. Consistent 
with the commonality observed in Models 1, 3, and 5 also show that the order imbalances for 
the small stock and large stocks have a positive, significant relation with the imbalances in 
the other portfolios. 

In Panel B, Models 1, 3, and 5 examine the order imbalances that we calculate using dollar 
volume (OIBVOL) to check the robustness of our results. As is shown in Panel A, all of the 
statistically significant coefficients are positive. In Panel B, two of the estimated coefficients 
for another portfolio’s order imbalance are not significant, and these represent the relation 
between the imbalances in small stocks and large stocks in Models 3 and 5. The small and 
large stocks have substantial differences in average share volume and price, and this might 
contribute to the conflicting results in Panels A and B. 

Next, we examine how the portfolio returns are influenced by their own imbalances and the 
imbalances in other security types. We present our results in Models 2, 4, and 6 of Panels A 
and B of Table IV. The returns on the closed-end funds, small stocks, and large stocks are all 
positively related to their own order imbalances. This finding is consistent with Chordia et al. 
(2002), who show the importance of contemporaneous order imbalances in determining returns 
on stocks in the S&P 500 Index. 

In addition to using a portfolio’s own order flow as an independent variable, we also include 
the imbalances from the other two portfolios as independent variables in the cross-sectional 
analysis. In five of the six models, the portfolio return has a positive and statistically significant 
relation to the order imbalance in another portfolio. Models 4 and 6 of Panels A and B show 
that the order imbalances in closed-end funds provide information relevant to the prices of 
both small and large stocks. Model 2 in Panel B shows that the return on the portfolio of 
closed-end funds is related to the order flow in small and large stocks. In a later part of our 
analysis, we parse the trading activity by trade size to gain greater insight into these results. 

The results in Table IV show that commonality in order imbalances extends farther than 
Hasbrouck and Seppi (2001) and Chordia et al. (2002) find within large stocks. For the returns 
on each of our portfolios, the trading activity in another category of securities has explanatory 
power even in the presence of the own order flow variable. Harford and Kaul (2005) argue 
that commonality is due to indexing, but our study finds that imbalances of non-index 
securities are positively related to the returns on stocks in the S&P 500 Index even in the 
presence of their own order imbalances. 

The most surprising finding in Table IV is the commonality that extends to closed-end 
funds, which are not included in any major stock index. The order imbalance of closed-end 
funds is positive and significant in every regression that uses it as an independent variable. 
Furthermore, the relative size of the estimated coefficients in the return regressions indicates 
that the trading activity in closed-end funds provides valuable information in addition to 
what is included in the portfolio’s own order flow imbalance. 

B. Order Imbalance Partitioned by Trade Size 

The analysis of order imbalances in the previous section shows the economic significance 
of commonality in the trading of closed-end funds, small stocks, and large stocks, but the 
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analysis does not address whether this systemic trading varies across segments of market 
participants. Previous research suggests this assertion may be the case. To determine the 
role of retail and institutional investors in systemic trading activity, we use trade size to 
partition transactions into size categories based on share volume. Our study assumes that 
small trades are initiated by retail investors and large trades are made by institutional 
investors. Lee and Radhakrishna (2000) recommend the use of a buffer zone of medium 
trades to reduce misclassifications of investors. Therefore, trades between 500 and 9,999 
shares are not associated with either retail or institutional investors. 

For each security, we measure daily order imbalance for trades within each category. We 
calculate a scaled measure by using separate time-series means and standard deviations for 
each category. The order imbalance for a trade-size category is an average of the scaled 
measure for each of the stocks in the portfolio. 

Table V provides the pairwise correlations of portfolio order imbalances within each trade- 
size category. Using both approaches to calculating imbalances, Panel A shows that 
imbalances of small trades are positively correlated across all three portfolios. This correlation 
suggests that there is a market-wide commonality in retail trades across securities of varying 
market capitalizations, levels of information asymmetry, and sensitivity to index related flows. 

Panel B shows that medium-size trade imbalances are also correlated across all the 
portfolios. With the exception of the correlation between the OIBNUM for small and large 
stocks, the correlations for the medium trades are at least almost twice as large as those for 
the small trades. The largest of the six across-portfolio correlations in Panel B is the correlation 
between the share imbalances from medium trades in large stocks and closed-end funds 
(coefficient = 0.46). The trading activity between large and small stocks has the smallest 
correlation (coefficient = 0.204). 

Panel C provides the results for the large trades, which are likely to be initiated by 
institutional investors. All of the correlations for the small and medium trades are positive 
and significant, but only two of the six correlations for the order imbalances from large 
trades are significant. Panel C shows that the OIBNUM for closed-end funds is positively 
correlated with the imbalances from small and large stocks. 

1. Multivariate Analysis of Trade-Size Order Imbalances within Portfolios 

Order imbalances for small trades are positively correlated across closed-end funds, small 
stocks, and large stocks; therefore, the univariate analysis of order imbalance is consistent 
with commonality in retail trading activity. The results for medium trades also strongly support 
commonality across securities. In contrast, order imbalances from large trades, which are 
representative of institutional activity, are generally not correlated across security types. 

Next, we examine the relative importance of imbalances from different size trades in 
explaining portfolio returns and order imbalances. As before, we use seemingly unrelated 
regression analysis to estimate the determinants of portfolio returns and determinants of 
portfolio order imbalance simultaneously. Again, the omitted variables that are likely to 
affect the portfolio return are also likely to affect the portfolio order imbalance. 

Panels A and C of Table VI present our estimated models of the size-based order imbalances. 
First, we examine whether order imbalances from small trades explain other imbalances within 
the same portfolio. In all six models in Panels A and C that have medium trade imbalance as 
the dependent variable, the own small trade imbalance is positive and highly significant. The 
coefficient estimate is the largest of any of the independent variables in five of the six 
models. While the data strongly support commonality in small and medium trades within 
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Table V. Correlation in Size-Based Order Imbalances 
 

This table provides correlation coefficients for the size-based order imbalances across portfolios of small 
stocks, large stocks, and closed-end funds. We define small, medium, and large trades as trades of less 
than 500 shares, 500 to 9,999 shares, and 10,000 or more shares, respectively. We calculate order 
imbalance by using the number of transactions (OIBNUM) and the dollar volume (OIBVOL). For each 
correlation shown, the approach we use to calculate the order imbalance (either OIBNUM or OIBVOL) 
for the variable in each row is the same as the approach we use to calculate the order imbalance in the 
column. The statistics in this table describe the scaled order imbalances. The scaled measure equals the 
order imbalance for a particular day minus the average order imbalance divided by the standard deviation 
of the order imbalance. P-values appear in parentheses. 
 

Panel A. Correlations of Order Imbalances from Small Trades 

 
Small Stocks 

OIBNUM 
Large Stocks 

OIBNUM 
Small Stocks 

OIBVOL 
Large Stocks 

OIBVOL 
Closed-End Funds 
 

0.085 
(0.025) 

0.176 
(0.000) 

0.131 
(0.000) 

0.156 
(0.000) 

Small Stocks 1.000 0.141 
(0.000) 

1.000 0.100 
(0.007) 

Panel B. Correlations of Order Imbalances from Medium Trades 

 Small Stocks 

OIBNUM 

Large Stocks 

OIBNUM 

Small Stocks 

OIBVOL 

Large Stocks 

OIBVOL 
Closed-End Funds 
 

0.285 
(0.000) 

0.441 
(0.000) 

0.260 
(0.000) 

0.460 
(0.000) 

Small Stocks 1.000 0.244 
(0.000) 

1.000 0.204 
(0.000) 

Panel C. Correlations of Order Imbalances from Large Trades 

 
Small Stocks 

OIBNUM 
Large Stocks 

OIBNUM 
Small Stocks 

OIBVOL 
Large Stocks 

OIBVOL 

Closed-End Funds 
 

0.063 
(0.095) 

0.141 
(0.000) 

0.003 
(0.928) 

0.050 
(0.185) 

Small Stocks 1.000 -0.013 
(0.724) 

1.000 -0.016 
(0.677) 

 
portfolios, neither small nor large traders generally trade in the same direction within a 
portfolio. The coefficients for the small trade imbalance are either insignificant or negative in 
Models 3, 6, and 9 of Panels A and C. 

Next, we consider the influence of medium-size transactions within a portfolio. The data 
shows that imbalances in medium trades provide valuable information in explaining both 
small and large trade imbalances. In all 12 models in Panels A and C that have own medium 
trade imbalance as an independent variable, the estimated coefficient is positive and highly 
significant. The strong relation between large and medium trade imbalances is consistent 
with institutional investors attempting to disguise their orders using medium-size trades 
(Chakravarty, 2001). We also see this relation in the models with the large trade imbalance as 
the dependent variable. The medium trade variable is positive and significant in these six 
models. The results for the own large trade imbalance support the conclusion that medium 
trade imbalances (but not small trade imbalances) are positively related to this variable. 

Our analysis of trade-size imbalances within portfolios is important to understanding the 
nature of commonality in retail trading and why commonality does or does not affect asset 
prices. Order flow commonality can affect stock returns by providing information about 
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priced market factors. Alternatively, it might influence asset prices when it is associated with 
irrational behavior (sentiment or noise trading) that is systematic and cannot be counteracted 
by more rational investors (De Long et al., 1990). 

The earlier parts of our analysis show that retail trading has characteristics of commonality 
across different classes of securities. Now, we examine whether other investors trade 
antagonistically with retail investors to offset the pricing effects of the commonality. An 
investor that offsets the influence of another investor is likely to do so by making a trade of 
equal dollar volume. The analysis of dollar volume in Panel C shows that the small trade 
imbalances, which are the dependent variables in Models 1, 4, and 7, are negatively related 
to own large trade imbalances in two of the three models. This result provides weak support 
for the antagonistic trading between institutional and retail investors that may limit the 
economic impact of retail investor commonality. 

By parsing the trading activity within a portfolio by trade size, we also gain greater insight 
into the models of portfolio returns in Table IV. Models 2, 4, and 6 in Table IV indicate that 
returns are more often related to across-portfolio aggregate imbalances in closed-end funds 
than they are related to such imbalances in small and large stocks. This finding is likely a 
result of the antagonistic trading that we find in small and large stocks but not in closed-end 
funds. Since none of the coefficients is negative and significant, the results for the own 
order imbalances in Models 1, 2, and 3 in Panel C of Table VI do not indicate any antagonistic 
trading in closed-end funds. In contrast, Models 4, 6, 7, and 9 in Table IV do show that the 
order imbalances from small trades offset the order imbalances from large trades to some 
extent in the market for small and large stocks. 

2. Multivariate Analysis of Trade-Size Order Imbalances across Portfolios 

Table V shows a univariate analysis that is consistent with small and medium trades being 
correlated across different types of securities. Using Table VI, we next examine whether this 
relation persists in a multivariate analysis. We look first at the case of small trade imbalances. 
The models of small trade imbalances (Models 1, 4, and 7 in Panels A and C) show that eight 
of the 12 variables that represent the imbalances from small trades in other portfolios are 
positive and significant at the 10% level of significance. The coefficient for small trades in 
large stocks is not significant in Model 1 of either Panels A or C, and the coefficient for small 
trades in closed-end funds is not significant in Model 7 of either Panels A or C. 

Although the evidence is consistent with the commonality of small trades, Models 1, 4, 
and 7 of Panel A provide far less support for across-portfolio commonality of small trades 
with medium and large trades. Each of these models has four independent variables that 
measure the order imbalance of either the medium or large trades in the portfolios that are not 
the same as the dependent variable. Ten of these 12 variables are negative or statistically 
insignificant. The coefficients for imbalances from large trades in small stocks and large 
stocks in Model 1 are both positive and significant at the 1% level. 

Panel C, which uses OIBVOL, also shows that the small trade commonality does not 
generally extend to the large trades in the other portfolios. Only two of the six variables for 
the large trade imbalances in other portfolios are positive and significant in Models 1, 4, and 
7. As in Panel A, the coefficients for large trades in both small and large stocks in Model 1 are 
the only indication of across-portfolio commonality of small and large trades. Thus, our 
analysis does not support the assertion that institutions share exposure to the factor that is 
driving the commonality among retail investors. 

In contrast to the results in Panel A, four of the six variables for the medium trade imbalance 
in Models 1, 4, and 7 of Panel C are positive and significant. Our analysis does not show a 
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consistent relation between small and medium trade imbalances across portfolios. 
Next, we examine how the order flow in other types of securities influences the imbalances 

in medium trades. Models  2, 5, and 8 in Panel A show that the variables for medium trades in 
other portfolios are all positive and highly significant. Model 8 illustrates this point: the 
order imbalance of medium trades in large stocks is related to the medium trades in closed- 
end funds (coefficient = 159.24) and the medium trades in small stocks (coefficient = 72.44). 
None of the variables for small trades in other samples indicates a positive relation to 
transactions of medium size. In contrast, Models 2, 5, and 8 show that four of the six 
independent variables for the large trades in other samples are positive and significant. 

Panel C also supports the assertion of medium trade commonality, since we find that all the 
medium trade variables for the other portfolios are positively related to the dependent variable 
in Models 2, 5, and 8. The analysis using dollar volume suggests a greater association 
between medium trades and other size trades in other samples. In the models of medium 
trades in Panel C, five of the 12 independent variables for small and large trades in the other 
samples are positive and significant. For example, the activity in all of the trade-size categories 
in large stocks provides valuable information for explaining the size of the order imbalance 
of medium trades in closed-end funds. 

The order imbalances in large trades show the least amount of commonality with large 
trades in other security types. In Models 3, 6, and 9 in Panel A, five of the six coefficients for 
the order imbalance from large trades in other portfolios are negative or insignificant. Only 
the variable for large trades in closed-end funds in Model 6 indicates commonality in large 
trades across portfolios. We find similar results in Panel C. In Models 3, 6, and 9, none of the 
coefficients for large trade imbalance in other portfolios is positive and significant. 

3. Returns and Size-Based Order Imbalance 

While the data show the value that imbalances in other portfolios provide in estimating 
portfolio order imbalances, so far we have not asked if the imbalances from various trade 
sizes in other portfolios have an equal influence on returns. Panels B and D of Table VI 
report the estimated coefficients and p-values for the models of portfolio returns. The returns 
of closed-end funds, and small and large stocks generally have a positive relation to their 
own contemporaneous size-based order imbalance (shown under “Own OIB”) and each size- 
based order imbalances for prior days (not reported). In particular, the order imbalances 
caused by medium trades within the portfolio are positively and significantly related to the 
portfolio return of all three samples in Panel B and D. It is the largest of the own order 
imbalance variables in Models 10 and 11 in Panel B and Models 10, 11, and 12 in Panel D. 
This finding is consistent with Barclay and Warner (1993) and Chakravarty (2001) who find 
that medium trades have the greatest price impact. 

Small trades generally have less influence on returns than do medium or large trades. In 
Models 11 and 12 in Panel B and Model 12 in D, the estimated coefficient for the order 
imbalance from small trades within both the small and large stock portfolios is negative. 
This is consistent with the research of Kaniel, Saar, and Titman (2004), who find that retail 
investors act as contrarians by providing liquidity to institutions requiring rapid trade 
execution. Campbell, Grossman, and Wang (1993) provide a theoretical framework 
supporting such a conclusion. In their model, risk-averse investors are given price 
concessions for providing liquidity. The authors investigate the serial correlation of stock 
returns and find support for their theory. 

The coefficients for the own order imbalance in Table VI provide greater insight into our 
earlier analysis of returns. Table IV shows that the aggregate trading activity in closed-end 
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funds is useful in estimating returns in other samples. Why does Table IV not show such a 
strong relation between small and large stock imbalances and returns on other portfolios? 
The aggregate order flow in small and large stocks may not be as valuable a signal, because 
the actions of small traders are offset by medium and large traders. As an example in support 
of this argument, Model 11 in Panel B of Table VI shows the coefficient for own small trade 
imbalance is -0.78 while the coefficient for medium trade imbalance is 2.67. Thus, the 
commonality in order flow within small and medium trades may be masked by antagonistic 
trading between clienteles. 

One of the main conclusions from the results in Panel A and C of Table VI is that order 
imbalances in small trades are related across the small stock, large stock, and closed-end 
fund samples. However, Panels B and D show that this commonality has a relatively small 
impact on returns. In Models 10, 11, and 12 in Panel B, only two of the six out-of-sample 
variables for order flow of small trades are positively and significantly related to returns. 
Panel D shows similar results when we use dollar volume to compute order imbalance. Out- 
of-portfolio trading activity by retail investors only influences the returns on small stocks. 
Panel B indicates that a one standard deviation increase in the small trade imbalance in large 
stocks and closed-end funds is associated with an increase in the return on the small stock 
portfolio of 0.18%. Panel D shows a similar result. 

Large trades, which do not exhibit commonality across samples in Panels A and C, have 
surprising predictive ability for the returns in other samples. In Panels B and D, five of the 12 
out-of-sample variables for these trades are positive and significant. Large trades in other 
security types are the most influential in Model 11 in Panel D. A one standard deviation 
increase in the large trade imbalance in closed-end funds and large stocks is associated with 
an increase in the return on the small stock portfolio of 0.17%. 

Panels A and C indicate the presence of commonality in order imbalances from medium 
trades. The analysis of portfolio returns shows that the order flow from these trades generally 
contains more information relevant to the pricing of other types of stocks than does the 
order flow from small or large transactions. In both Panels B and D, three of the six variables 
for the out-of-portfolio medium trades are significant. 

Our analysis suggests that the information content of medium trades is economically 
important. Panel B indicates that a one standard deviation increase in the medium trade 
imbalance in closed-end funds is associated with an increase in the return on the small stock 
portfolio of 0.3% and the large stock portfolio of 0.49%. The trading activity in these funds 
conveys unique information that is relevant to pricing even the most liquid stocks. Closed- 
end funds also have a higher return (0.09%) when the medium trade imbalance in small 
stocks is increased by one standard deviation. 

These results extend Barclay and Warner (1993) and Chakravarty (2001) by demonstrating 
that medium trades in other securities have explanatory power for prices. These other papers 
explain the impact of medium trades through the stealth-trading hypothesis. This theory 
states that investors with private information prefer to execute medium-size trades to avoid 
revealing their identity while at the same time they control transaction costs. However, if the 
price impact of medium trades is derived solely from private information, the data would not 
likely show that medium trades in other securities have explanatory power for returns. 

The returns on the small stock portfolio are influenced by more of the trading activity in 
other security types than the returns on the closed-end funds or large stocks. In Model 11 of 
Panel B, four of the six variables representing out-of-portfolio trading activity are positive 
and significant, and five of these six variables in Model 11 of Panel D indicate commonality. 
The order imbalances in closed-end funds are particularly influential on the small stock 
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Table VI. Cross-Sectional Analysis of Returns and Imbalances by Trade Size 
(Continued) 

 
 

Panel B.  Analysis of Portfolio Returns (OIBNUM) 
 

10 11 12 
Model Portfolio Closed-End Funds Small Stocks Large Stocks 
Intercept 1.37 0.02 0.86 
 (0.000) (0.941) (0.004) 
Own OIBNUM    
 Small Trades 2.77 -0.78 -0.67 
 (0.000) (0.006) (0.049) 
    
 Medium Trades 5.79 2.67 2.62 
 (0.000) (0.000) (0.000) 
    
 Large Trades 0.56 0.38 3.95 
 (0.108) (0.155) (0.000) 
Closed-End Funds    
 Small Trades  1.19 -0.32 
  (0.003) (0.490) 
    
 Medium Trades  2.95 4.91 
  (0.000) (0.000) 
     
 Large Trades  1.01 0.68 
  (0.000) (0.033) 
Small Stocks    
 Small Trades -0.84  -0.56 
 (0.017)  (0.082) 
    
 Medium Trades 0.89  0.25 
 (0.015)  (0.456) 
    
 Large Trades 0.30  0.05 
 (0.372)  (0.872) 
Large Stocks    
 Small Trades 0.23 0.62  
 (0.509) (0.027)  
    
 Medium Trades -0.37 -1.18  
 (0.392) (0.001)  
    
 Large Trades -0.14 0.36  
 (0.710) (0.241)  
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Table VI. Cross-Sectional Analysis of Returns and Imbalances by Trade Size 
(Continued) 

 
 

Panel D. Analysis of Portfolio Returns (OIBVOL) 

10 11 12 
Model Portfolio Closed-End Funds Small Stocks Large Stocks 
Intercept 1.33 0.04 0.85 
 (0.000) (0.877) (0.004) 
Own OIBVOL    
 Small Trades 3.36 -0.10 -0.65 
 (0.000) (0.711) (0.021) 
    
 Medium Trades 5.33 2.21 3.79 
 (0.000) (0.000) (0.000) 
    
 Large Trades 0.55 0.18 3.39 
 (0.105) (0.502) (0.000) 
Closed-End Funds    
 Small Trades  1.48 0.64 
  (0.000) (0.129) 
    
 Medium Trades  3.01 4.11 
  (0.000) (0.000) 
     
 Large Trades  0.78 0.65 
  (0.004) (0.032) 
Small Stocks    
 Small Trades -0.50  -0.36 
 (0.153)  (0.242) 
    
 Medium Trades 0.68  0.34 
 (0.056)  (0.286) 
    
 Large Trades 0.40  -0.12 
 (0.236)  (0.678) 
Large Stocks    
 Small Trades -0.04 0.45  
 (0.911) (0.075)  
    
 Medium Trades -0.57 -1.38  
 (0.165) (0.000)  
    
 Large Trades 0.48 0.89  
 (0.209) (0.004)  
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returns. A one standard deviation increase in the trade imbalances in closed-end funds is 
associated with an increase in the return on the small stock portfolio of 0.52%. 

III. Conclusions 

Hasbrouck and Seppi (2001) and Chordia, Roll, and Subrahmanyam (2002) show that order 
flow commonality in large stocks has an economically significant effect on contemporaneous 
returns. Other research finds that there is commonality in stock liquidity, and common factors 
influence the liquidity in stock and bond markets (Chordia, Roll, and Subrahmanyam, 2000; 
and Chordia, Sarkar, and Subrahmanyam, 2005). Our article extends the research in this area 
by examining commonality across different stocks types and trade sizes. We find that order 
imbalances in portfolios of small stocks, large stocks, and closed-end funds have predictive 
ability for other portfolio returns even in the presence of own order flow. By partitioning 
order imbalance by trade size, we show that imbalances from small and medium trades exhibit 
positive correlations across portfolios while order flows from large trades do not typically 
show such characteristics of commonality. 

We offer an explanation for why retail investors are a source of commonality across 
securities. Consistent with De Long et al. (1990) and Lee, Shleifer, and Thaler (1991), we find 
that retail investors may be uniquely sensitive to a factor such as sentiment that results in 
correlated order flow. Our analysis indicates that order flow commonality is strongest among 
medium trades, which have a large price impact according to prior research. However, we do 
not find evidence of commonality in institutional transactions. If institutional investors are 
more inclined than individual investors to manage portfolios by grouping assets into certain 
categories, then we will not necessarily observe commonality in their trading across 
equity classes. Froot and Teo (2004) show that stock returns are consistent with 
institutions engaging in this style investing. The liquidity of small stocks and closed- 
end funds may also constrain institutions from investing in these assets. An additional 
possibility is that these investors are less sensitive to sentiment (or some other market 
factor) than are retail investors. 

We also examine the economic significance of the trade-size order imbalances across 
portfolios. Although retail trading is systemic, the order imbalances from retail trades do not 
generally provide relevant pricing information for other securities. For individual investors 
to impact equity prices through their systematic trading, more sophisticated investors must 
face limits on reducing price deviations from fundamental value. Our analysis shows evidence 
of institutional investors trading against retail investors within the portfolios of small and 
large stocks, and such activity may prevent retail commonality from affecting returns. 

Small trades are generally not associated with returns on other securities, but order 
imbalances from larger trades provide more information relevant to other stock prices. In 
particular, our study extends the research of Barclay and Warner (1993) and Chakravarty 
(2001), who conclude that informed traders tend to execute stealth trades of medium size. 
Our research suggests that the information value of these trades extends across stock types. 
This finding is not likely to be the result of price pressure or asymmetric information, because 
the three portfolios we use in this study consist of stocks with considerably different 
characteristics. Instead, our results are consistent with larger traders following macroeconomic 
factors more closely than do other investors. New releases of such systematic information 
may quickly manifest in order imbalances in closed-end funds because these securities 
represent ownership in a diversified portfolios. In support of this argument, our study finds 
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that the order imbalances from large and medium trades in closed-end funds have explanatory 
power even for large stock returns. 

Our analysis has implications for the investor relations efforts of publicly traded 
corporations. Although the implementation of Regulation Fair Disclosure has provided 
retail investors with greater access to corporate data, it is important that this change does 
not result in a diminished relationship with buy-side investment analysts. Because the 
transactions of larger traders have greater influence on returns, investor relations 
departments should not ignore institutional investors in an effort to promote more 
egalitarian disclosure policies. 
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