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Weekly returns of stock portfolios exhibit substantial autocorrelation. Analytical
studies suggest that nonsynchronous trading is capable of explaining from 5% to
65% of the autocorrelation. The varying importance of nonsynchronous trading
in these studies arises primarily from differing assumptions regarding nontrading
periods of stocks. We simulate the effects of nonsynchronous trading by sampling
stock returns from a return generating process using transactions data to obtain
the precise time of each stock’s last trade. We find that simulated weekly port-
folio returns exhibit autocorrelations that are roughly 25% that of their observed
(CRSP) weekly returns.

It is well documented thatibservedshort-horizon returns of portfolios ex-

hibit positive autocorrelation. For example, Boudoukh, Richardson, and
Whitelaw (1994) report first-order autocorrelations of .23 for weekly returns
of an equally weighted index and .36 for weekly returns of a small-stock
portfolio.! The source of the autocorrelation, however, remains the subject of
much debate. Explanations include nonsynchronous trading, market-maker
inventory control, transactions costs, time-varying expected returns, and
market inefficiency. Nonsynchronous trading — the tendency for prices
recorded at the end of the day to represent the outcome of transactions that
occur at different points in time for different stocks — is perhaps the most
widely recognized source of autocorrelation in portfolio returns. To the ex-
tent that nonsynchronous trading is responsible, the autocorrelations are an
artifact of the data sampling process and have no economic meaning. There
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! These estimates are for ASE/NYSE stocks over the period 1962 to 1990 using returns computed from
closing prices. For additional evidence of autocorrelation in portfolios returns see, for example, Cowles
and Jones (1937), Fisher (1966), Perry (1985), Lo and MacKinlay (1990b), Lebaron (1992), and Mech
(1993).

2 As examples of the literature on sources of autocorrelation in portfolio returns see Atchison, Butler,
and Simonds (1987), Lo and MacKinlay (1990a), and Boudoukh, Richardson and Whitelaw (1994) for
nonsynchronous trading; Cohen etal. (1986) and Mech (1993) for market friction-induced price adjustment
delays; and Keim and Stambaugh (1986), Conrad and Kaul (1988) for time-varying expected returns.

The Review of Financial Studiésll 1999 Vol. 12, No. 3, pp. 609-630
(© 1999 The Society for Financial Studies 0893-9454/99/$1.50



The Review of Financial Studié v 12 n 31999

is, however, considerable disagreement as to the amount of autocorrelation
that can be explained by nonsynchronous trading.

Atchison, Butler, and Simonds (1987) and Lo and MacKinlay (1990a) de-
rive explicit relations concerning the magnitude of autocorrelations caused
by nonsynchronous trading. Both studies conclude that nonsynchronous
trading is capable of explaining only a small portion of the autocorrela-
tion that is observed. Boudoukh, Richardson, and Whitelaw (1994) (here-
after BRW) show that inferences from nonsynchronous trading models are
highly sensitive to assumptions regarding nontrading intervals and security
betas. They argue that prior studies seriously understate the potential effects
of nonsynchronous trading. For example, they report that portfolios with
weekly autocorrelations of .07 under the standard assumptions can have au-
tocorrelations as high as .20 when the nonsynchronous trading framework
allows for heterogeneous nontrading probabilities and heterogeneous betas.

From BRW it is clear that the precise distribution of nontrading inter-
vals is crucial to inferences drawn from nonsynchronous trading models.
What remains unclear is the level of autocorrelation that true patterns of
nonsynchronous trading are capable of explaining. For even BRW's analy-
sis requires assumptions regarding nontrading. In particular, BRW assume
that nontrading intervals are uncorrelated across stocks. They note that their
analysis will overstate the effects of nonsynchronous trading if nontrading is
positively correlated across stocks. To assuage this concern they argue that
trade (in a given stock) is likely to be largely idiosyncratic. However, they
provide no empirical evidence regarding the validity of this assumption, nor
do they explore the potential magnitude of its effect.

This study conducts an analysis of the effects of nonsynchronous trading
that is free of assumptions concerning the distributions of nontrading inter-
vals and security betas. Using transactions data to obtain the precise time
of the last trade for each stock on each day, we simulate observed returns
by sampling each stock’s return according to the time of last trade from a
return-generating process that is free of autocorrelation in the underlying
factor.

We find that portfolios of simulated daily stock returns exhibit levels
of autocorrelation that are more than 50% that of their observed (CRSP)
daily returns. For example, the first-order autocorrelation of simulated daily
returns for portfolios of randomly selected stocks, small stocks, and large
stocks are 0.13, 0.28, and 0.04, respectively. By comparison, the first-order
autocorrelation of observed (CRSP) daily returns for these portfolios are
0.25, 0.33, and 0.11, respectively. Chow tests cannot reject the hypothesis
that the autocorrelations of simulated and observed daily returns are equal
for the small stock and large stock portfolios.

We find that portfolios of simulated weekly stock returns exhibit levels of
autocorrelation that are roughly 25% that of their observed (CRSP) weekly
returns. For example, the first-order autocorrelation of simulated weekly

610



A Transactions Data Analysis of Nonsynchronous Trading

returns for portfolios of randomly selected stocks, small stocks, and large
stocks are 0.05, 0.12, and 0.02, respectively. By comparison, the first-order
autocorrelation of observed (CRSP) weekly returns for these portfolios are
0.21, 0.44, and -0.04, respectively. Chow tests cannot reject the hypothesis
that the autocorrelations of simulated and observed weekly returns are equal
for the large-stock portfolio.

In addition to using actual trade times, our simulation model allows us
to examine the effects of nonsynchronous trading under alternative specifi-
cations for the underlying return-generating process. The existing literature
on nontrading assumes that true returns are generated by a continuous i.i.d.
random normal process. We find that the effects of nonsynchronous trading
are insensitive to noncontinuous returns (price discreteness) and nonnor-
mal returns {-distributed) and, for the most part, independent of the level
of “genuine” autocorrelation in security returfs.

In summary, our results occupy middle ground in the debate concerning
the effects of nonsynchronous trading on portfolio autocorrelation. Nonsyn-
chronous trading appears to be more important than Atchison, Butler, and
Simonds (1987) and Lo and MacKinlay (1990a) suggest but less important
than BRW suggest. Researchers should consider nonsynchronous trading as
an important source of autocorrelation in observed short-horizon portfolio
returns. However, much of the autocorrelation remains to be explained.

The remainder of the article is organized as follows. Section 1 reviews
analytical models of honsynchronous trading and presents our simulation
model. In Section 2 we compare the autocorrelations of simulated and ob-
served (CRSP) portfolio returns. Section 3 considers refinements and ex-
tensions to the basic simulation model. Section 4 summarizes our findings.

. Models of Nonsynchronous Trading

1.1 Review of analytical models

Fisher (1966) is perhaps the first to recognize that nonsynchronous trading
can cause hiases in statistical inferences concerning the temporal behavior
of security returns. Scholes and Williams (1977) (hereafter SW) analyze the
effects of nonsynchronous trading on estimates of systematié fisley
assume that unobservable (true) returns are generated by a single-factor
model

Mt = &n + Bnlmt + €nt, @

wherer ; is the return on security during period, o, is the average return
of securityn that is not due to the common factd, is the sensitivity

3 We thank the referee for pointing out these refinements and extensions to our simulation model.

4 Dimson (1979) and Cohen et al. (1983) examine the effects of nonsynchronous trading and price adjust-
ment delays on estimates of systematic risk using similar models.
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of the return of security to the common factor,,; is a common factor
with zero mean that is independently and identically distributed ¢gnid
an idiosyncratic noise term that is independent.gfand temporally and
cross-sectionally independent.

The observed returns;,, of each security are given by

ot = an + Birme + €nts (2

wherer, is the observed return on securityduring periodt andr,; is

the observed return on the common factor during petiothet’s are a
uniformly spaced sequence of time points, with intervals [, t]. During

a particular interval there may be no trade, or at some randomttime

sht, 0 =< st <= 1, the last trade of the interval may occur. In the literature
the intervals{ — 1, t] are usually thought of as corresponding to a trading
day. If no trade occurs irt [~ 1, t], then there is no observed price for that
day, and no calculated return. If over two consecutive days closing prices
are available, then a rate of returf) can be calculated for the interval

[t —1—sh—1,t —Sntl.

To derive closed form relations of the effects of nonsynchronous trad-
ing on estimates of systematic risk, SW make a number of assumptions
regarding the distributions of nontrading intervalg, and security betas,

Bn. In particular, SW assume that (1) all securities trade at least once during
each return interval, (2) nontrading intervals are identically and indepen-
dently distributed both temporally and cross-sectionally, and (3) securities
have equal betag; = B> = ... Bn). With these assumptions SW demon-
strate that nonsynchronous trading causes a downward bias in estimates
of systematic risk for infrequently traded securities and an upward bias in
estimates of systematic risk for frequently traded securities.

A number of studies have used the SW framework to analyze the effects
of nonsynchronous trading on portfolio return autocorrelation. The intuition
for the autocorrelation caused by nonsynchronous trading is that informa-
tion isimpounded into observed prices of infrequently traded securities with
alag relative to that of frequently traded securities. This lag induces positive
autocorrelation in the returns of a portfolio of frequently and infrequently
traded securities. The magnitudes of the autocorrelations are greater the
greater the cross-sectional variation in trade frequencies. These autocorre-
lations, however, are an artifact of how returns are measured and have no
economic meaning.

Atchison, Butler, and Simonds (1987) demonstrate that, within the SW
framework, nonsynchronous trading is capable of explaining less than 16%
of the autocorrelation of observed daily returns for an equally weighted
portfolio. Lo and MacKinlay (1990a) generalize SW’s model to allow non-
trading to persist beyond some fixed time interval (i.e., a day). Within their
framework nonsynchronous trading is capable of explaining less than 7%
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of the autocorrelation of observed weekly returns for an equally weighted
index. In short, Atchison, Butler, and Simonds (1987) and Lo and MacKin-
lay (1990a) arrive at the same conclusion — nonsynchronous trading is
capable of explaining only a small portion of the autocorrelation found in
the observed short-horizon returns of portfolios.

BRW argue that the SW model’s assumptions of homogeneous and tem-
porally independent nontrading probabilities and homogeneous betas are
unrealistic and play an important role in Atchison, Butler, and Simonds
(1987) and Lo and MacKinlay’s (1990a) conclusions. More specifically,
BRW cite two empirical results from Keim (1989) and Foerster and Keim
(1994): (1) the conditional probability of a nontrade in one period given a
nontrade in the previous period is greater than the unconditional probability,
and (2) there is considerable heterogeneity in nontrading among ASE/NYSE
stocks even within size deciles. Using the empirical evidence on nontrad-
ing from Keim (1989) and Foerster and Keim (1993), BRW demonstrate
that the effect of nonsynchronous trading on portfolio return autocorrela-
tion is seriously understated in prior studies. For example, using Keim’s
(1989) evidence on time dependence of nontrading, BRW’s model yields
autocorrelations of 0.13 for weekly returns of a portfolio of small stocks
as compared with 0.07 implied by Lo and MacKinlay’s (1990a) model.
Similarly, using Foerster and Keims’ (1993) evidence on heterogeneity of
nontrading, BRW's model yields autocorrelations of 0.18 as compared with
0.09 implied by Lo and MacKinlays’ model.

While the analysis of BRW provides important insights into the effects
of nonsynchronous trading, it does have some potentially important limita-
tions. First, BRW rely on aggregated data for their estimates of nontrading
distributions. Specifically, the nontrading evidence of Keim (1989) and Fo-
erster and Keim (1993) are daily observations for portfolios. Thus BRW's
analysis cannot fully capture the effects of nontrading for individual stocks
within the trading day. Second, while BRW relax most of SW’s assump-
tions regarding nontrading distributions, they still require nontrading to
be uncorrelated across stocks. If nontrading is positively correlated across
stocks BRW's analysis overstates the cross-sectional variation in nontrad-
ing, and thus overstates the effects of nonsynchronous trading. To assuage
this concern BRW argue that nontrading is likely to be largely idiosyncratic
— however, this question cannot be addressed with the aggregated data of
Keim (1989) and Foerster and Keim (1993). Finally, due to the complexity
of the analytic derivations, BRW are unable to relax the time independence
and homogeneity assumptions simultaneously. As a result, one can only
speculate as to their combined impact.

1.2 A simulation model of nonsynchronous trading
This study uses a simulation model with actual trade times obtained from
transactions data to analyze the effects of nonsynchronous trading. This
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approach allows us to investigate the effects of nonsynchronous trading
without restrictive assumptions concerning the distributions of nontrading
intervals or security betas.

1.2.1 The basic model. Our simulation model is straightforward and fol-
lows the conceptualization first developed by SW and later generalized by
Lo and MacKinlay (1990a). In particular, “true” but unobservable continu-
ously compounded returnsy, for securityn are generated by a single-factor
model:

rnt:an“‘ﬂnrmt“‘fnt, nzla-"7N’ (3)

wherer ¢ is a zero mean random normal factaf, and 8, are the con-
stant mean return and beta of securityandep; is a zero mean normally
distributed noise term that is independent gf and temporally and cross-
sectionally independent. A trading day consists of 390 equally spaced time
points — the time points correspond to the 390 minutes of a New York
Stock Exchange (NYSE) trading day. The simulation model generates a
return using Equation (3) for each minute in the trading day. The sequence
{rnt} is converted to a price sequence through exponentiation of the returns:

Pnt = Pnt—1 €XP(Int). 4

Observed pricesps,, are found by sampling the process at the time of
the last trade as obtained from the transactions data. Thedlast[t — 1, t]
is taken as the closing price; that is, the price at integer valueslbthe
stock did not trade theip,, is not available and the last observpgl_,
is assigned to be the closing price. The prides,}, are transformed into
returns,{rs.}, by the rule

roe = IN(PRy/ Phiet)/ 5

An equally weighted portfolio of pseudo-security returns, denofgds
created by aggregating t§, for each integet, thatist = 1,2,...,T.

The resulting sequence of portfolio returfig; }, is the time series used to
study the effect of nonsynchronous trading on serial correlation. Because
studies of short-horizon serial correlation often work with weekly return
intervals we simulate weekly returns as well, the only difference being that
the weekly return interval has 1,950%5390) trading minutes. In the event

of a holiday a week may consist of fewer than five trading days, and thus
fewer than 1,950 trading minutes.

1.2.2 Estimation of model parameters. This section presents details
concerning the estimation of parameters necessary to conduct the simula-
tions. The data we use comes from two sources: the Center for Research in
Security Prices (CRSP) daily returns files, and the Institute for the Study
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of Security Markets (ISSM) transactions files. Our initial sample includes
all U.S. domiciled common stocks whose shares were traded on either the
American Stock Exchange (ASE) or the New York Stock Exchange (NYSE)
at any time during the period from January 1988 through December 1992.
From this universe we construct three portfolios of 400 stocks: a random
sample, the 400 smallest stocks, and the 400 largest stocks. The portfolios
are revised on an annual basis using those stocks for which sufficient data are
available for obtaining market model estimates and end-of-day trade times.
Specifically we require at least 30 monthly return observations surrounding
the simulation year for market model estimates and 252 observations of
end-of-day trade times during the simulation year. A typical year has 1,900
eligible stocks from which to construct the portfolios.

The return generating process [Equation (1)] requires estimates of the
variance of the common factos2, the mean return of the common fac-
tor, o , Security mean returnay, security betass,, and security residual
varianceSqrfn. To estimate the variance of the common factor, we first com-
pute 15-minute returns of a value weighted portfolio of all S&P 500 stocks
listed on either the ASE or the NYSE for the sample period 1988-%992.
The variance of these 15-minute returns 4 & 1075, Because estimates
of portfolio return variance obtained from observed returns are likely to be
understated due to nonsynchronous trading, we adjust our estimate using
Equation (2.24) in Lo and MacKinlay (1990a) and the average nontrading
probability for the 15-minute intervak(= 0.13). The adjusted 15-minute
return variance is.B x 1078, Finally, we convert the 15-minute return vari-
ance to a minute-to-minute return variance by dividing by 15. For purposes
of comparison, our estimate of the standard deviation of the common factor,
0.00035, lies between Harris, Sofianos, and Shapiro’s (1994) estimates of
the standard deviation of minute-to-minute returns of the S&P 500 cash
index, 0.00021, and futures contracts, 0.00045, over a similar period.

Because the effects of nonsynchronous trading on portfolio autocorre-
lation do not depend on the mean returns of either the common factor or
the individual securities [Lo and MacKinlay (1990a)] we takg= 0 and
on = 0 as our estimate of the constant mean return for the common factor
and individual securities, respectively. Estimates of security betas are ob-
tained from regressions of monthly stock returns on the contemporaneous
and lagged monthly return of the CRSP equally weighted ASE/NYSE in-
dex over a five-year period centered on the simulation year. Estimates of
security residual variances are obtained from daily market model residu-

5 Ideally we would like to estimate the variance of the common factor using minute-to-minute returns of
the ASE and NYSE indexes. Unfortunately the incidence of nonsynchronous trading for this portfolio
would render such estimates unreliable. Our choice of S&P 500 stocks and a 15-minute return interval
is an attempt to minimize the nonsynchronous trading problem while obtaining as direct an estimate as
possible for the minute-to-minute variance of the common factor.
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als during the simulation year. The daily estimates are then converted to
minute-by-minute estimates using a linear transformation based on the 390
minutes within each trading day.

Turning to the return sampling process, the precise time of the last trade
for each stock on each trading day is obtained from the trade time stamp on
the ISSM transaction file. We use these trade times to sample the “closing”
price for each stock from their sequence of virtual (simulated) prices. A
standard trading day on the NYSE is from 9400. to 3:30rM., thus there
are 61/2 hours or 390 minutes in each trading day. However, some stocks
trade “after hours,” and thus the last time stamp for these stocks may exceed
390 (3:30,.M.). Because these trades take place at prices established at the
normal close they do not effect prices. So we truncate the end-of-day trade
times at 390. On each day each stock is assigned an end-of-day trading
time of 0 to 390. When simulating weekly returns each stock is assigned an
end-of-week trading time of 0 to 1,950.

1.2.3 Model validation. Before turning to the simulation results we per-
form two checks on the model. First, we examine the autocorrelation of the
random normal index to assure that we are not introducing autocorrelation
into returns from the underlying return-generating process. The first-order
autocorrelation of daily returns for our random normal index is 0.02 and the
first-order autocorrelation of weekly returns for our random normal index
is 0.02. By comparison, the autocorrelation of daily returns of the equally
weighted NYSE/ASE index over the sample period is 0.32 and the autocor-
relation of weekly returns of the equally weighted NYSE/ASE indexis 0.24.
Although the random normal index does exhibit positive autocorrelation, it
is well within the sampling error of the correlation estimator and quite small
when compared to the levels of autocorrelation found in observed portfolio
returns.

Second, it is the cross-sectional variation (nonsynchroneity) of trade
times that causes observed portfolio returns to be autocorrelated — not
the frequency of trade itself. For example, if all stocks traded for the last
time at noon on each day, the infrequent trading would not induce any
autocorrelation in the observed returns of portfolios. To ensure that our
model produces this basic result we simulate returns with infrequent, yet
perfectly synchronous trading. Specifically we set the end-of-day trade time
of all stocks equal to the midpoint of the trading day. The autocorrelation
of simulated daily returns for the random portfolio is 0.01. Likewise, when
we set the end-of-week trade time equal to the midpoint of the trading week
the autocorrelation of simulated weekly returns for the random portfolio

8 In the event of a holiday a trading week may consist of fewer than five trading days, and thus a stock
would be assigned an end-of-week trading time of 0 t01, 950.
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is 0.00. Thus our model’s results are consistent with this basic property of
nonsynchronous trading.

. Autocorrelations of Simulated and Observed Returns

In this section the simulation model of Section 1.2 is used to examine the
effects of nonsynchronous trading on the serial correlation of portfolio re-
turns. More specifically, we compare first-order autocorrelation coefficients
of simulated and observed (CRSP) returns for portfolios of randomly se-
lected stocks, small stocks, and large stocks. The autocorrelation coefficients
of simulated and observed returns are estimated using data over the five-year
period from January 1988 through December 1992. Thus daily autocorre-
lation coefficients are estimated using 1,264 daily returns and weekly coef-
ficients are estimated using 260 weekly returns. All standard errors and test
statistics for observed (CRSP) returns have been adjusted for heteroscedas-
ticity and serial correlation using the method of Newey and West (1987).

2.1 Trade time distributions

Before discussing the simulation results it is of interest to examine the
distributions of the two critical inputs to the simulation model — trade
times and betas. Figure 1 depicts frequency plots of end-of-day trade times
for stocks in each of the three portfolios over the five-year sample period.

From Figure 1 there are notable differences in the location and dispersion
of the trade time distributions of the three portfolios. The mean end-of-day
trade time for the random stock, small stock, and large stock portfolios
are 329, 233, and 388, respectively. Thus the average random stock trades
within 1 hour of the close, the average small stock trades within 3 hours of
the close, and the average large stock trades within 3 minutes of the close
on each day. As previously mentioned, it is the cross-sectional variation
(nonsynchroneity) in trade times that causes portfolio returns to be autocor-
related. This, however, cannot be directly inferred from the cross-sectional
and times-series frequencies depicted in Figure 1. The time-series mean
of the cross-sectional standard deviations of the end-of-day trade times for
the random-stock, small-stock, and large-stock portfolios are 113, 154, and
10 minutes, respectively. Given the cross-sectional standard deviations of
end-of-day trade times we expect the returns of the small-stock portfolio
to exhibit the greatest autocorrelation and the returns of the large-stock
portfolio to exhibit little if any autocorrelation.

Figure 2 depicts frequency plots of end-of-week trade times for stocks
in each of the three portfolios. The mean end-of-week trade time for the
random-stock, small-stock, and large-stock portfolios are 1,856, 1,675, and
1,947 minutes, respectively. Thus the average random stock trades within
2 hours of the close, the average small stock trades within 4 hours of the
close, and the average large stock trades within 4 minutes of the close of each
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Figure 1
Frequency plots of end-of-day trade times

week. Note that nontrading periods as a percentage of the return interval
are smaller for the weekly return interval than for the daily return interval.
For example, the mean nontrading period for the small stock portfolio is
roughly 40% of the daily return interval and less than 15% of the weekly
return interval. This is to be expected since the nontrading period of a
stock is fixed, and thus is a declining percentage of the time interval. As a
result, we expect the weekly returns of the three portfolios to exhibit less
autocorrelation than the daily returns.

Finally, the mean of the beta estimates for the random-stock, small-
stock, and large-stock portfolioare 1.0, 1.2, and 0.9, respectively. The cross-
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Frequency plots of end-of-week trade times

sectional standard deviation of the beta estimates for the random-stock,
small-stock, and large-stock portfolios are 0.35, 0.52, and 0.26, respectively.
We will now examine whether these distributions of end-of-period trade
times and betas are capable of explaining the magnitude of autocorrelation
of observed portfolio returns in the context of our nonsynchronous trading
model.

2.2 Results
2.2.1 Autocorrelation of daily returns. We begin with the autocorrela-
tions of daily portfolio returns. Table 1 reports first-order autocorrelation
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coefficients of daily returns for each of the three portfolios. Column 1 re-
ports coefficient estimates for observed (CRSP) returns while columns 2
through 4 report coefficient estimates for simulated returns. The simulated
returns of columns 2 through 4 differ according to how the simulation model
is parameterized with respect to end-of-day trade times and security betas.
In column 2, returns are simulated using actual end-of-day trade times for
each stock on each trading day and market model estimates for each se-
curity’s beta. This model (hereafter the KP model) makes no assumptions
concerning the distributions of end-of-day trade times or security betas and
is the primary focus of our analysis. For purposes of comparison, we also
consider two alternative parameterizations. In column 3, returns are simu-
lated using end-of-day trade times that are bootstrapped from each stock’s
empirical distribution of end-of-day trade times and market model estimates
for each security’s beta. This model assumes that end-of-day trade times
are uncorrelated across stocks and is in the spirit of BRW’s (1994) model.
Finally, in column 4, returns are simulated using end-of-day trade times
drawn from a Poisson distribution with trade intensity parametezgqual
to the average trade intensity of all stocks in the portfélieurthermore,
we assign a common betg & 1) to all stocks. This model assumes ho-
mogeneous, temporally, and cross-sectionally independent nontrading and
homogeneous betas and is in the spirit of Lo and MacKinlay’s (1990a)
(hereafter LM) model. Thus our analysis allows us to compare the effects
of nonsynchronous trading under various assumptions used in the literature.

Table 1 documents a number of interesting results. First, the autocor-
relations of the KP model's daily returns are comparable to those of the
observed (CRSP) daily returns. From column 1 the first-order autocorre-
lation coefficients for observed (CRSP) daily returns are 0.25, 0.33, and
0.11 for the random-stock, small-stock, and large-stock portfolios, respec-
tively. From column 2, the first-order autocorrelation coefficients for the KP
model’s daily returns are 0.13, 0.28, and 0.04 for the random-stock, small-
stock, and large-stock portfolios, respectively. Thstatistics for Chow
tests against the null hypothesis that the autocorrelations of observed and
KP model returns are equal are 2.96, 1.26, and 1.78 for the random-stock,
small-stock, and large-stock portfolios, respectively. Thus we cannot reject
the hypothesis that nonsynchronous trading is the primary source of au-
tocorrelation of observed daily returns for the small-stock and large-stock
portfolios.

Second, the autocorrelations of the BRW model’s returns are somewhat
higher than those of the KP model. From column 3, the first-order autocorre-
lation coefficients for the BRW model’s returns are 0.16, 0.31, and 0.04 for

7 Details concerning the estimation of the Poisson trade intensity paramategd for each portfolio are
provided in the Appendix.
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Table 1
Autocorrelations of daily returns

Return series

@) (@) (©) 4

CRSP KP BRW LM
model model model

Random-stock 0.25* 0.13** 0.16% 0.05
portfolio [0.031] [0.028] [0.028] [0.028]
Small-stock 0.3%* 0.28** 0.31** 0.22+*
portfolio [0.038] [0.028] [0.028] [0.028]
Large-stock 0.11* 0.04 0.04 —-0.01
portfolio [0.032] [0.028] [0.028] [0.028]

Autocorrelations of daily returns for portfolios of random stocks, small stocks, and large
stocks are estimated using CRSP returns (1) and returns generated from three models
of nonsynchronous trading: the KP model (2), the BRW model (3), and the LM model
(4). Models 2—4 generate minute—by-minute returns for each stock using a single-i.i.d.-
factor model. The portfolio return series of models 2-4 differ by how the minute-by-
minute returns of each stock are sampled. In (2) returns are sampled according to each
stock’s end-of-day trade time as obtained from the ISSM transaction files. In (3) returns
are sampled using bootstrapped end-of-day trade times from each stock’s empirical
distribution of end-of-day trade times. In (4) returns are sampled using end- of-day
trade times drawn from a Poisson distribution with common trade intensity parameter, ,
foragiven portfolio (see Appendix). Standard errors are reported in brackets []. Standard
errors for estimates using CRSP returns are adjusted for heteroscedasticity and serial
correlation using the method of Newey and West (198ifjdicates significant at 0.10,

** indicates significant at 0.05, aritt indicates significant at 0.01 using a two-tailed
test.

the random-stock, small-stock, and large-stock portfolios, respectively. The
higher autocorrelations of the BRW model's returns are, however, consistent
with BRW'’s observation that their assumption of cross-sectional indepen-

dence in nontrading may cause their analysis to overstate the effects of
nonsynchronous trading.

BRW argue that trade is likely to be largely idiosyncratic, and thus inde-
pendent across stocks. However, it is quite plausible that investors’ reactions
to systematic information leads to systematic trade across stocks. Given the
fact that the autocorrelation caused by nonsynchronous trading also de-
pends on systematic information suggests that cross-sectional dependence
in trade may have animportantimpact on the level of autocorrelation caused
by nonsynchronous trading. To formally investigate the cross-sectional de-
pendence in trade we estimate the pairwise correlation of end-of-day trade
times for all NYSE and ASE stocks. The average of the pairwise correla-
tions is .26 p < .01). This result, combined with the fact that the KP and
BRW models differ only in the sequencing of trade times, suggests that the
lower autocorrelations of the KP model are due to this feature of the trade
time distributions.

Finally, the autocorrelations of the LM model’s returns are smaller than
those of the KP and BRW models. From column 4, the first-order autocor-
relation coefficients of the LM model’s returns are 0.05, 0.22, and -0.01
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for the random-stock, small-stock, and large-stock portfolios, respectively.
These results are consistent with BRW’s argument that the assumptions
of homogeneous and temporally independent nontrading times and ho-
mogeneous betas cause the LM model to understate the effects of non-
synchronous trading. Thiestatistics for Chow tests against the null hy-
pothesis that the autocorrelations of observed and LM model returns are
equal are 5.09, 2.89, and 3.09 for the random-stock, small-stock, and large-
stock portfolios, respectively. Thus we reject the hypothesis that nonsyn-
chronous trading is the primary source of autocorrelation in the observed
daily returns for all three portfolios under the LM model of nonsynchronous
trading.

2.2.2 Autocorrelations of weekly returns. The autocorrelations of the

KP model’s daily returns (Table 1) are consistent with the hypothesis that
nonsynchronous trading is the primary source of autocorrelation in the ob-
served (CRSP) daily returns of portfolios. However, studies examining po-
tential sources of autocorrelation in portfolio returns typically focus on
weekly returns. Weekly returns are not believed to be seriously affected by
nonsynchronous trading because periods of nontrading are smaller relative
to the return interval. Lo and MacKinlay (1990a) derive a number of results
concerning this time aggregation principle and show that portfolio autocor-
relations caused by nonsynchronous trading are monotonically decreasing
in the interval over which returns are measured. Thus it is of interest to
examine whether the KP model of nonsynchronous trading is capable of
explaining the magnitude of autocorrelations found in weekly returns of
portfolios.

Before we examine the autocorrelations of weekly returns we must first
address a methodological issue that is related to the day of the week seasonal
in daily autocorrelations. Bessembinder and Hertzel (1993) and Keim and
Stambaugh (1984) document patterns in daily autocorrelations across days
of the week. BRW note that these patterns in daily autocorrelations lead to
different estimates of weekly autocorrelations for return intervals ending on
different days of the week. For example, during the period 1984—-1990 the
estimated autocorrelation of weekly returns of a small-stock portfolio for
weeks ending on Friday is .35, while that for weeks ending on Wednesday
is .27. To avoid a potential day of the week bias in our estimates of autocor-
relations of observed (CRSP) weekly returns we use overlapping weekly
returns data. Autocorrelations computed from overlapping weekly returns
are an average of the autocorrelations for weeks ending on different days
of the weelé

8 See Richardson and Smith (1991) and Hansen and Hodrick (1980) for a detailed discussion of how to
estimate parameters from overlapping time-series data.
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A natural question is whether these patterns in autocorrelations across
days of the week are due to patterns in nonsynchronous trading. A com-
parison of the distributions of end-of-day trade times across days of the
week suggests that this is not the case. The mean end-of-day trade time for
the portfolio of small stocks is 232 on Mondays, 233 on Tuesdays, 233 on
Wednesdays, 232 on Thursdays, and 233 on Fridays. The cross-sectional
standard deviation of end-of-day trade times is 153 on Mondays, 153 on
Tuesdays, 154 on Wednesdays, 154 on Thursdays, and 154 on Fridays. Thus
the distributions of end-of-day trade times are nearly identical across days
of the week.

To further investigate the potential effect of temporal patterns in nonsyn-
chronous trading we simulate weekly returns for the small-stock portfolio
for weeks ending on different days of the week. The first-order autocorre-
lations for the KP model's returns of the small-stock portfolio for weeks
ending on Monday through Friday are .14, .13, .10, .14, and .12, respectively.
Although the autocorrelations of simulated weekly returns vary somewhat
for weeks ending on different days, the variation is within one standard error
of the estimator and is small when compared to the variation in the auto-
correlations of observed (CRSP) returns. In short, nonsynchronous trading
does not appear to be responsible for seasonal patterns in autocorrelations.
Thus for computational reasons we simulate weekly returns for weeks end-
ing on Friday as opposed to simulating weekly returns for weeks ending on
each day of the week.

Table 2 replicates the analysis of Table 1 using weekly returns. As be-
fore, column 1 reports coefficient estimates for observed (CRSP) returns
while columns 2 through 4 report coefficient estimates for simulated returns.
From Table 2 it is apparent that nonsynchronous trading plays a smaller
role in explaining the magnitudes of the autocorrelations of weekly port-
folio returns. From column 1 the first-order autocorrelation coefficients for
observed (CRSP) weekly returns are 0.21, 0.44, and -0.04 for the random-
stock, small-stock, and large-stock portfolios, respectively. From column 2
the first-order autocorrelation coefficients for the KP model's weekly returns
are 0.05, 0.12, and 0.02 for the random-stock, small-stock, and large-stock
portfolios, respectively. Thus the autocorrelations of the KP model’s weekly
returns are roughly 25% the magnitude of observed (CRSP) weekly returns.
Thet-statistics for Chow tests against the null hypothesis that the autocorre-
lations of observed and KP model returns are equal are 2.21, 4.08, and -1.57
for the random-stock, small-stock, and large-stock portfolios, respectively.
Thus we are unable to reject the hypothesis that nonsynchronous trading is
the primary source of autocorrelation of observed weekly portfolio returns
only for the large-stock portfolio.

The autocorrelations of the BRW model’s returns are, again, somewhat
higher than those of the KP model. From column 3 the first-order au-
tocorrelation coefficients for the BRW model's weekly returns are 0.07,
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Table 2
Autocorrelations of weekly returns

Return series

1) (2) (3) 4
CRSP KP BRW LM
model model model
Random-stock 0.21* 0.05 0.07 0.04
portfolio [0.054] [0.062] [0.062] [0.062]
Small-stock 0.44%* 0.12** 0.17* 0.08
portfolio [0.059] [0.062] [0.062] [0.062]
Large-stock —0.04 0.02 0.01 0.01
portfolio [0.045] [0.062] [0.062] [0.062]

Autocorrelations of weekly returns for portfolios of random stocks, small stocks, and
large stocks are estimated using CRSP returns (1) and returns generated from three
models of nonsynchronous trading: the KP model (2), the BRW model (3), and the LM
model (4). Models 2—4 generate minute-by-minute returns for each stock using a single-
i.i.d.-factor model. The portfolio return series of models 2—4 differ by how the minute-
by-minute returns of each stock are sampled. In (2) returns are sampled according to
each stock’s end-of-week trade time as obtained from the ISSM transaction files. In
(3) returns are sampled using bootstrapped end-of-week trade times from each stock’s
distribution of end-of-week trade times. In (4) returns are sampled using end-of-week
trade times drawn from a Poisson distribution with common trade intensity paraimeter,
foragiven portfolio (see Appendix). Standard errors are reported in brackets []. Standard
errors for estimates using CRSP returns are adjusted for heteroscedasticity and serial
correlation using the method of Newey and West (198ifjdicates significant at 0.10,

** indicates significant at 0.05, aritf indicates significant at 0.01 using a two- tailed
test.

0.17, and 0.01 for the random-stock, small-stock, and large-stock port-
folios, respectively. It is interesting to note that the autocorrelation of
weekly returns for the small-stock portfolio using the BRW model is nearly

identical to that reported in BRW (1994). In particular BRW obtain an

autocorrelation of 0.18 for the weekly returns of a small-stock portfo-

lio using their model and the nontrading evidence of Foerster and Keim
(1993)?

The autocorrelations of the LM model’s returns are, again, smaller than
those of the KP and BRW models. From column 4 the first-order autocor-
relation coefficients of the LM model's weekly returns are 0.04, 0.08, and
0.01 for the random-stock, small-stock, and large-stock portfolios, respec-
tively. Once again it is interesting to note that the autocorrelation of weekly
returns for the small-stock portfolio using the LM model is nearly identical,
.07, to that obtained by BRW (1994) using LM’s model with the nontrading
evidence of Foerster and Keim (1993).

° BRW's analysis focuses on small stocks, and thus no comparison can be made with the autocorrelations
of the random-stock and large-stock portfolios of the current study.
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. Refinements and Extensions

The maintained hypothesis in our analysis, as well as other studies on non-
trading, is that returns are drawings from a continuous, i.i.d., random normal
process. However, the reasonableness of this assumption can be questioned
on a number of grounds. Stocks can only trade at discrete prices. This im-
plies that returns will cluster at discrete points. Further, empirical evidence
suggests that actual stock returns are nonnormal and dependent. In this sec-
tion we consider refinements and extensions to the KP model in an attempt
to better capture the properties of actual return data.

Prices of ASE and NYSE stocks are discrete by virtue of the 1/8 mini-
mum tick convention. Price discreteness increases the variance of individual
security returns [see, e.g., Campbell, Lo, and Mackinlay (1997)] and thus
may affect the sampling distribution of the autocorrelations. To examine
the effects of price discreteness on portfolio autocorrelation we run the
simulations rounding each sampled price to the nearesf1/8.

Fama (1965) finds that daily stock returns are too leptokurtic to come
from a normal distribution. Blattberg and Gonedes (1974) argue that a
distribution provides a better description of daily stock returns than the
normal distribution. To examine the effect of departures from normality on
portfolio autocorrelation we run the simulations ustndistributed index
returns and-distributed residuals.

Finally, given the evidence in Hinich and Patterson (1985, 1989) of non-
linearities in daily as well as intraday returns and in Gibbons and Hess (1981)
of a day of the week seasonal in returns, independence in return-generating
process is not supported by the data. To examine the effects of nonsyn-
chronous trading in the presence of dependence we run the simulations
with various levels of autocorrelation in the underlying factor. Specifically
we model dependence in the underlying factor for daily returns according to

I'mt = Plmt-390 + &;, (6)

whereg is i.i.d. white noise, ang = 0.10, 0.20, 0.30. A similar scheme is
used to model dependence in the underlying factor for weekly returns, but
with a lag of 1,350 minute¥:

Table 3 reports autocorrelations of daily returns (panel A) and weekly
returns (panel B). Columns 1 and 2 report the coefficient estimates for ob-
served returns and the basic KP model returns from Tables 1 and 2 for
comparison. Columns 3 through 7 report coefficient estimates for the vari-

10 For stocks priced less than $1 we follow the NYSE'’s rules which allow the minimum tick size to be less
than 1/8 (i.e., 1/16, 1/32).

11 Because the lag of the underlying factor in Equation (6) is 390 (1,350) minutes, sampling should be
done no more frequently than every 780 (2,700) minutes in order to eliminate aliases [see Hinich and
Patterson (1989)]. However, the single positive autoregressive term on the right side will mitigate any
serious aliasing effects.
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Table 3
Autocorrelations of small-stock portfolio returns

Panel A: Daily returns

@ @ (©) 4) ®) O ™

Basic (KP)  Discrete t-Distributed Factor autocorrelation
CRSP model prices returns 0.10 0.20 0.30
Small-stock  0.38* 0.28* 0.28* 0.32 0.36 0.42 0.49
portfolio [0.038]  [0.028] [0.028] [0.028] [0.028] [0.028] [0.028]
Panel B: Weekly returns
Small-stock ~ 0.4%4* 0.12* 0.12* 0.14 0.20 0.26 0.37
portfolio [0.059] [0.062] [0.062] [0.062] [0.062] [0.062] [0.062]

Autocorrelations of small-stock portfolio returns are estimated using CRSP returns (1) and returns
generated from alternative specifications of the KP model of nonsynchronous trading: the basic model
(2), discrete prices (3), t-distributed returns (4), and varying levels of autocorrelation for the underlying
factor (5-7). The simulation model generates minute-by-minute returns for each stock using a single-
factor model. The returns are then sampled according to each stock’s end-of-period trade time as obtained
from the ISSM transaction files. * indicates significant at 0.10, ** indicates significant at 0.05, and ***
indicates significant at 0.01 using a two-tailed test.

ous refinements/extensions to the basic KP model. In particular, column 3
reports coefficient estimates for the discrete price simulations, column 4
reports coefficient estimates for thalistributed returns simulations, and
columns 5 through 7 report coefficient estimates for the autocorrelated fac-
tor simulations. Since autocorrelations are most prominent for small stocks,
we restrict our analysis to the small-stock portfolio.

We begin with the issue of price discreteness. From column 3 the autocor-
relations of the discrete price simulations are virtually identical to those of
the basic KP model (column 2). Specifically the coefficients are 0.28 for the
daily returns and 0.12 for the weekly returns. Thus the continuous returns
assumption does not appear to be critical to our conclusions. This result
does, however, make sense when one considers the fact that our rounding
of prices is cross-sectionally independent and thus inconsequential in the
context of a large portfolio.

Turning to the nonnormality issue, the autocorrelations ot tHistrib-
uted returns simulations are somewhat higher than those of the basic KP
model. From column 4 the coefficients of thaistributed returns simu-
lations are 0.32 for the daily returns and 0.14 for the weekly returns. By
comparison, the coefficients of the basic KP model are 0.28 for the daily
returns and 0.12 for the weekly returns. These differences, however, are not
significant. Thus the normality assumption does not appear to be critical to
our conclusions.

Finally, with respect to the issue of dependence in the return-generating
process, the effects of nonsynchronous trading appear to be roughly addi-
tive. That is, the autocorrelation of simulated returns in columns 5 through
7 are roughly equal to the level of autocorrelation in the underlying factor
plus the autocorrelation induced by nonsynchronous trading in the absence
of factor autocorrelation. For example, the autocorrelation of daily returns
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for the autocorrelated factor of column 5, 0.36, is approximately equal to
the autocorrelation of daily returns for the basic KP model, 0.28, plus the
autocorrelation of the underlying factor, 0.10. Similarly the autocorrelation
of weekly returns for the autocorrelated factor of column 5, 0.20, is approx-
imately equal to the autocorrelation of daily returns for the basic KP model,
0.12, plus the autocorrelation of the underlying factor, 0.10.

The results of Table 3 suggest that our inferences regarding the effects of
nonsynchronous trading on portfolio autocorrelation are robust with respect
to issues of price discreteness, nhonnormality of returns, and dependence in
the underlying factor. Admittedly the analysis of Section 3 is incomplete.
Our model of price discreteness is, perhaps, oversimpffi@ur analysis
of nonnormality considers only a single specification oftitkstribution.

The analysis of dependence in the underlying return-generating process
considers only linear dependence, that is, autocorrelation. Finally, as with
all of the existing literature on nontrading we assume independence between
the return-generating process and nonsynchronous trading itself. Thus itis
still possible that the effects of nonsynchronous trading are misstated here.
However, until further evidence is brought to bear on this issue, we must
conclude that nonsynchronous trading is responsible for most of the auto-
correlation found in observed daily returns but much of the autocorrelation
in observed weekly returns is real.

. Summary and Conclusion

Ever since Cowles and Jones (1937) first documented positive autocorrela-
tionin daily and weekly portfolio returns, researchers have sought to explain
it. Perhaps the most recognized explanation is that of Fisher (1966), who
attributes at least a portion of the autocorrelation to nonsynchronous trad-
ing. There is, however, considerable disagreement as to the magnitude of
autocorrelation nonsynchronous trading is capable of explaining. Atchison,
Butler, and Simonds (1987) and Lo and MacKinlay (1990a) argue that non-
synchronous trading is capable of explaining only a very small portion of
the autocorrelation that is observed. Boudoukh, Richardson, and Whitelaw
(1994) argue that these studies seriously understate the effects of nonsyn-
chronous trading.

This study uses a simulation model with actual trade times obtained
from transactions data to analyze the effects of nonsynchronous trading on
portfolio autocorrelation. This approach has a distinct advantage over prior
analytical studies in that it allows us to investigate the effects of nonsyn-
chronous trading without restrictive assumptions concerning the distribu-
tions of nontrading intervals and to consider alternative specifications of the

12 For a discussion of alternative models of transaction data see Campbell, Lo, and Mackinlay (1997).
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underlying return-generating process. Our results occupy middle ground in
the debate. In other words, researchers should consider nonsynchronous
trading an important source of autocorrelation in observed short-horizon
returns of portfolios, however, there appear to be other sources.

Appendix A: Estimation of the Trade Intensity Parameter (1)

In order to run the simulation under the assumption that trade times are generated by a
homogeneous Poisson process, we need an estinigtiefPoisson intensity parameter,

for each of the three portfolios. Our task is to infefrom the empirical distribution of
end-of-day and end- of-week trade times. The theory of the Poisson processes states that
the inter-arrival time of theth trade.t,, is exponentially distributed with parameter
regardless of the number of previous trades and when they occurted.ut, ..., wy

are the trade times for a stock, then the conditional probability that no trade is made for

a period ofT minutes following therf — 1)th trade is

Pty > T|wy, ..., wn_1] = exp(—AT)

[see, i.e., Snyder (1975)]. L&t” (W) denote the cumulative occurrence distribution
(COD) for ahomogeneous Poisson process with constant intensity paranfefectw)
is the probability that in the intervat t), the last occurrence (trade) of the process
occurred atw, < W < t. F{P(W) can be estimated from the histogram of end-of-
day or end-of-week trade times.F{” (W) is the estimated COD, then the conditional
probability thatt, > T can be written as

Plty > Tlwa, ..., wn_1] = exp(—AT) = 1 — F{D(W).
This result is applied in the following manner. With the randomly selected stocks the
mean end-of-day trade time is 329 minutes out of a 390-minute trade day. From the
histogram of end-of-day trade times, the probability that the last trade<w&29
minutes is 0.767. Therefore

Plty > 329w, ..., wn_1] = eXp(—A * 329 = 1 — .767 = .233

and it follows thath = 0.0239. This procedure was followed to estimatéor the

other two portfolios and for weekly return intervals. The estimateidr the daily
return interval are 0.0239, 0.0058, and 1.1600 for the random-stock, small-stock, and
large-stock portfolios, respectively. The estimatefdr the weekly return interval are
0.0175,0.0044, and 0.8260 for the random-stock, small-stock, and large-stock portfolios,
respectively.
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