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In this article we are concerned with the effect of
the number of investment analysts following a firm
on the speed of adjustment of the firm's stock price
to new information that has common effects across

firms. It is found that returns on portfolios of firms
that are followed by many analysts tend to lead
those of firms that are followed by fewer analysts,
even when the firms are of approximately the same
size. Many analyst firms also tend to respond more
rapidly to market returns than do few analyst firms,
adjusting for firm size. This relation, however, is
nonlinear, and the marginal effect of the number
o f  ana l y s t s  on  the  speed  o f  p r i ce  ad jus tmen t
increases with the number of analysts.

In a recent paper Lo and MacKinlay (1990) report that
current returns on a portfolio of small stocks are cor-
related with lagged returns on a portfolio of large
stocks, but not vice versa. While such a finding could
be the result of infrequent trading in small stocks,
the authors demonstrate that unrealistically high non-
trading frequencies would be required to account for
their empirical results. This evidence, therefore, seems
attributable to the fact that some stocks react faster
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than others to new information that has value implications across
stocks, and which we therefore term common information.

This paper examines the relation between the speed of price adjust-
ment to common information and the number of investment analysts
following a firm. Recent theory suggests that the number of analysts
may have an effect on the speed of adjustment to new information.
For instance, Holden and Subrahmanyam (1992) and Foster and Vis-
wanathan (1993), in important extensions to the classic model of
Kyle (1985), have shown that as the number of informed investors
increases, the share price will reflect new information more rapidly;
this would suggest an association between the number of analysts
and the speed of adjustment, if the number of analysts can be regarded
as a proxy for the number of informed investors.

In looking for the effects of the number of investment analysts on
the speed of adjustment we hold firm size constant. We do this because
we already know from the results of Lo and MacKinlay (1990) that
size is related to the speed of adjustment; since there is a positive
association between size and the number of analysts following a firm
[Bhushan (1989)], finding that the number of analysts is positively
associated with the speed of adjustment would not allow us to dis-
tinguish the number of analysts hypothesis from a pure size effect.
Lo and MacKinlay offer no explanation for why size may be an impor-
tant determinant of the speed of adjustment; one possibility is that
size is positively associated with the number of individuals who are
interested in a firm and therefore know about it [Merton (1987)],
either because they already own the stock or because they gain infor-
mation about the firm in the normal course of their business. A second
possibility is that firm size proxies for trading volume and the latter
may be related to the speed of price adjustment because of its effect
on the informativeness of the stock price [see Admati and Pfleiderer
(1988)]. By including the logarithm of firm size as well as the loga-
rithm of share turnover in some of our tests we are able to determine
whether there is an effect associated with size that is independent of
trading volume and the number of analysts following the stock.

Broadly, our tests are of three kinds. First, we employ Granger
causality regressions to determine whether, holding firm size con-
stant, the returns on portfolios of many analyst firms (Granger) cause
the returns on portfolios of few analyst firms and whether there is
reverse causality.1 We develop restrictions on the parameters of the
Granger causality regressions that allow us to test the speed of adjust-
ment hypothesis-that the many analyst firms react faster to common
1 One variable is said to Granger-cause another if its lagged values are useful in predicting future
values of the other. See Granger (1969) and Sims (1972).
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information than do the few analyst firms. We find reliable support
for this hypothesis.

The second test examines the pattern of price response of zero net
investment, or “arbitrage,” portfolios that are long in many analyst
firms and short in few analyst firms of similar sizes to returns on the
value-weighted index (VWI) and the equal-weighted index (EWI).2

The returns on these market indices may be viewed as proxies for
common information. We find that the returns on these arbitrage
portfolios are negatively related to lagged returns on the EWI, which
is consistent with slower price adjustment for the few analyst firms.
Similar results are obtained for the two larger firm size quartiles when
a VWI is used, but the results are more mixed for the smaller firm
quartiles.

Finally, we examine whether the individual security betas with
respect to the lagged returns on the VWI and the EWI are systemat-
ically related to firm size, share turnover, and number of analysts
following the firm. Our results indicate that firm size, share turnover,
and number of analysts are all highly significant in explaining lagged
beta. The relation between the number of analysts and the speed of
adjustment, however, appears to be nonlinear; a small number of
analysts has little effect on the speed of adjustment.

The rest of the paper is organized as follows: Section 1 presents a
simple model of lagged price adjustment and develops restrictions
that form the basis for our tests. Section 2 presents the data, and
Section 3 presents the Granger causality tests. Section 4 examines the
timeliness of stock price reaction to the market, and Section 5 con-
cludes.

1. A Simple Model of Lagged Price Adjustment

In order to lay the groundwork for our empirical analysis we consider
in this section a simple model in which the returns on two portfolios
respond to common information variables at different rates. Let RM,t

and RF,t denote the returns on portfolios M and F on day t, where M
and F refer to the portfolios of firms followed by Many and Few
analysts respectively, and suppose that these returns can be written
as lagged functions of the current and lagged values of K common
factors, zk,t, whose values are independently and identically distrib-
uted:
2 Both VWI and EWI are constructed with all firms in the New York and American Stock Exchanges
and the NASDAQ.
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where are the idiosyncratic shocks to the return processes
In the analysis in this section we assume that

In this model βM,k and β F,k determine the response of the portfolio
returns to the contemporaneous common factors; aM and aF are lag
response ratios, which provide a measure of the timeliness of stock
price reactions. The lag response ratios are assumed to be the same
for all factors. Without loss of generality, we assume that and,
in keeping with our hypothesis that portfolio M responds more rapidly
to new information, that aF > aM. Then the difference between the
cross-serial covariances of R F,t and R M,t-1 , and of R M,t and R F,t-1 i s
( a F – a M ) ( ), which is positive whenever the factor sen-
sitivities of the two portfolios are of the same sign for each factor. In
other words, the covariance between the current return on the more
rapidly responding portfolio M and the lagged return on the less
rapidly responding portfolio F is always less than the covariance
between the current return on F and lagged return on M provided
that the factor sensitivities are of the same sign. Under this assump-
tion, the relative speeds of response can be assessed by examining
the cross-serial covariances. In contrast, the autocovariances of the
returns of portfolios M and F, aM, are not
restricted by the assumption that portfolio M responds more quickly
than portfolio F to new information. For example, if the return of
portfolio F responds only to the lagged common factors,3 then its
serial covariance will be zero while the serial covariance of M will
be positive for aM > 0. On the other hand, if aM = 0 and aF > 0, then
portfolio F will have a larger serial covariance than M. Therefore, we
follow Lo and MacKinlay (1990) and focus on cross-serial covariances
or correlations in our speed of adjustment tests rather than on auto-
covariances.

In order to derive a simple test for differences in the speed of
adjustment, we perform Granger causality regressions that allow us
to determine whether the returns on portfolio M are more useful in
predicting the returns on portfolio F than vice versa. To understand
the relation of the speed of adjustment to the Granger causality regres-
sions, consider the following simplified version of the Granger cau-
sality regressions, in which each portfolio’s return is regressed on its
lagged value and the lagged value of the other portfolio return:
3 In other words, zk,t does not appear in Equation (2)
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The relation between the coefficients of the Granger causality
regressions (3) and (4) and the speed of adjustment coefficients and
factor sensitivities of Equations (1) and (2) are described in the
following proposition, which is proved in the Appendix.

Proposition 1. If the lag response ratio of portfolio F exceeds that of
portfolio M (i.e., if aF > aM), then

(a) gM > hF.
(b) If, in addition, the total factor sensitivities of M and F are

equal–that is,

It should be noted that the cross-equation restriction in part (a) of
the proposition obtains whenever the speed of adjustments differ in
the hypothesized manner. The own equation restrictions in part (b)
of the proposition, however, require somewhat stronger assumptions.
Intuitively, the assumption in part (b) requires that the portfolios M
and F be alike in all respects except the lag response ratio.

As discussed earlier, we control for the effect of size-related dif-
ferences in the speed of adjustment by implementing the Granger
causality tests with portfolios comprising firms of similar sizes. In
order to control for the effect of other exogenous variables in our
further tests of the speed of adjustment hypothesis, we employ a single
measure of the speed of adjustment. To understand the nature of this
measure, consider the Dimson-type regressions

where is a linear combination of the common factors.
The coefficients of regression (5) are related to the factor sensitiv-

ities and lag response coefficients in expressions (1) and (2) by

Although b j,1 seems to be an obvious measure of lagged response
to common information since it measures the lagged response to
index I, it depends on b j,0 as well as the lag response ratio a j. There-

need not imply aM > aM However, if bM,0 > bF,0, then
bM,1 < bF,1 does imply that aM < aF. For later reference we state this as
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Result 1. A necessary condition for bM,1 < bF,1 when bM,0 > bF,0 is that
aM <  aF.

It follows from this result that when R M,t – R F,t is regressed on
current and lagged values of I, a positive coefficient on I, and a negative
coefficient on It-1 will imply that the speed of response of portfolio
F is less than that of portfolio M.

In the empirical analysis we report below, we run the Granger
causality tests and Dimson regressions with multiple lags to allow for
a more general setting in which information lags may exceed one
period. We present tests of the restrictions corresponding to those
developed in this section on the sum of the lagged response coeffi-
cients in these regressions.

2. Data

Daily stock returns and trading volume data for all firms were obtained
from the CRSP NYAM-NASDAQ tapes from January 1977 to December
1988. The number of investment analysts following each firm was
taken from the I/B/E/S tapes.4 Our sample contains stocks in the
I/B/E/S universe that were also in the CRSP database for five years5

The number of analysts following a particular firm in a given year was
defined as the number of analysts making an annual earnings forecast
in December of the previous year.6

At the beginning of each year, firms were initially assigned to quar-
tiles based on their market values of equity on the preceding Decem-
ber 31. Within each size quartile the firms were further divided into
four size-ranked subgroups. Within each of these groups, four sub-
groups were formed based on the number of analysts following the
firms, yielding 16 subgroups based on size and number of analysts
ranks within each size quartile. Four portfolios were then formed
from the 16 subgroups within each size quartile as follows: The sub-
groups with the fewest number of analysts in each of the four size
classifications were combined to form the Few analysts portfolio. The
Many analysts portfolio was formed by combining the subgroups
having the most analysts within each size classification. Two inter-
mediate analysts portfolios were formed in a similar fashion, yielding
a total of four analyst-ranked portfolios within each size quartile. This
procedure, designed to minimize the association between size and
4 We are grateful to Lynch, Jones, and Ryan for giving us access to the I/B/E/S tapes.
5 We use the same sample as Brennan and Hughes (1991).
6 If a firm was included in the I/B/E/S database but was not followed by any analyst in a given year,

then the number of analysts was taken as zero. We also repeated our tests excluding the zero.
analysts groups and found results similar to those reported here.
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Statistics of daily returns of size-analyst portfolios over 1977-1988. Size 1 refers to the smallest size
portfolio. and Size 4 refers to the largest size portfolio. Similarly Analyst 1 refers to the fewest
number of analysts. and Analyst 4 refers to the greatest number of analysts. The number of daily
returns for all portfolios from 1977 to 1988 is 3033. n refers to the average number of firms in each
portfolioover 1977-1988. VRk refers to the k-day variance ratio, where VRk=[var(R t , t - k )/kvar(R t , t - 1 )];
and R t,t-k and R t,t-1 are continuously compounded k -day and 1-day returns.
number of analysts within each size quartile, yielded 16 portfolios
ranked first on size and then on number of analysts.7 There were on
average about 118 firms in each portfolio.

Table 1 reports the portfolio characteristics. There is some tendency
within each size group for the mean return to decrease as the number
of analysts increases, and the portfolio of small firms with the fewest
analysts has by far the highest mean return.8 Table 2 reports the
median and average size of the firms in each portfolio and the median
and average number of analysts following each firm in the portfolio.
The median sizes of the firms in the different number of analyst
portfolios within each size quartile are virtually the same. This indi-
cates that we have been quite successful in reducing the association
between size and number of analysts.
7 We also considered forming a four-analysts group within each size quartile without the intraquartile
size sorting. This simpler procedure, however, did not adequately control for size across the different
analysts portfolios within a given size quartile.

8 This is consistent with the findings of Arbel, Carrell, and Strebel (1983). However, Fama-Macbeth
(1973) style regressions in which the mean returns on the 16 portfolios were regressed on estimated
betas and number of analysts yielded no significance for the number of analysts.
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Statistics of size (in billions of dollars) and number of analysts making yearly forecasts in December
for size-analyst portfolios obtained over 1977-1988. Size 1 refers to the smallest size portfolio, and
Size 4 refers to the largest size portfolio. Similarly Analyst 1 refers to the fewest number of analysts,
and Analyst 4 refers to the greatest number of analysts. Statistics of portfolio size and number of
analysts are obtained as follows: first the cross-sectional statistics (median and mean) of size and
number of analysts are computed for each portfolio, each year; then the yearly cross-sectional
statistics of each portfolio are averaged over time and reported above.
3. Granger Causality Tests

Table 1 reports the variance ratios for our 16 portfolios. If slow adjust-
ment to new information manifests itself in positive autocorrelation,
then we should expect to find that the few analyst, more slowly adjust-
ing, portfolios have higher variance ratios. All of the variance ratios
exceed unity which is consistent with the findings of Lo and Mac-
Kinlay (1988) and others of positive autocorrelation in portfolio returns
at short horizons. There is a strong tendency for the small firm port-
folios to have higher variance ratios than the large firm portfolios;
however, only within the large size group is there much evidence
that the portfolios with fewer analysts have higher variance ratios than
those with more analysts. However, as we argued in Section 1, auto-
covariances, and therefore serial correlations, are unlikely to yield
reliable inferences about the relative speeds of adjustment. Therefore,
we turn to tests based on cross-serial correlations.9
9 For comparison with Lo and MacKinlay (1990) we also computed cross-correlation matrices for
lags up to five days (these results are not reported here in order to conserve space but are available
from the authors on request). We found that, within size quartiles, returns on portfolios with fewer
analysts had greater correlation with lagged returns of portfolio with many analysts than for the
reverse case. As explained in Section 1. this is consistent with the many analyst firms adjusting to
new common information more rapidly.
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In column (2), Few (Many) indicates that the LHS variable is the return on the fewest (greatest)
analysts portfolio within each size quartile. In columns (3) and (4), Few and Many refer to the
sum of the slope coefficients of the lagged fewest analysts portfolio returns and most analysts
portfolio returns respectively. F1 is the F-statistic corresponding to the null that the sum of regression
coefficients of “Few” is equal to that of “Many.” F2 is the F-statistic corresponding to the cross
equation restriction This restriction implies that the impact of “Few” on “Many”
(as measured by the sum of lagged regression coefficients) is equal to that of “Many” on “Few.”
R2 refers to the adjusted coefficient of determination. l means significant at 1 percent level; † means
significant at 5 percent level; ‡ means significant at 10 percent level.
In order to proceed more formally, and to reduce the number of
statistical tests, we restricted our attention to the two portfolios within
each size quartile that had the smallest and the largest number of
analysts. These portfolios are referred to as Few (F) and Many (M)
respectively. For each of the four pairs of portfolios, the following
Granger causality regressions, which are generalizations of regres-
sions (3) and (4), were run using daily returns:10

These regressions were fitted with 5 and 10 lags-with K = 5 and K
10 If some stocks did not trade on a given day, then those stocks were dropped on that day and the
portfolio return was computed as the average return of the other stocks in the portfolio.
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= 10. If portfolio M adjusts to new information faster than portfolio
F, then we expect from Proposition 1 a that the sums of the coefficients
on lagged values of RM in (7) will exceed the sum of the coefficients
on lagged values of RF in (6).

Table 3 presents the sums of the coefficients on the lagged values
of RM and RF. Consider the estimates of the five-lag regression first.
For the first three size quartiles the values of RM reliably predict the
returns on both portfolios M and F, while the sums of the coefficients
on lagged values of RF are typically not different from zero. For the
largest size quartile there is no evidence that either set of lagged
returns helps in predicting returns on portfolio F; however, the returns
on the portfolio M are predicted by their own lagged returns but not
by the lagged returns on portfolio F.

The sums of the coefficients are consistent with the restriction
corresponding to Proposition la; that is, for each
of the four pairs of regressions. The F-statistic (F2 in Table 3) indicates
rejection of the hypothesis that at the 5 percent
and 1 percent levels for size quartiles 2 and 3 respectively. The F-sta-
tistic under the hypothesis that this restriction holds jointly for all
the four size quartiles is 7.08, which indicates rejection at the 1
percent level. Turning to the restriction implied by Proposition lb,
we find that the sum of the coefficients on the lagged values of RM

exceeds the sum of the coefficients on the lagged values of RF in seven
out of eight regressions and the differences in the sums are statistically
significant in four regressions. The F-statistic under the hypothesis
that sums of these coefficients in the eight regressions are jointly
e q u a l – –is 4.29, which is
significant at the 1 percent level.

Finally, we note that in three out of four cases the returns on
portfolio F are more predictable than the returns on portfolio M, as
measured by the R2; this is as we should expect if the prices of firms
with few analysts react more slowly to new common information than
those of firms with many analysts.

The results of the 10-lag regressions are similar to that for the 5-lag
regressions. Moreover, the sums of the coefficients for the 10-lag
regressions are close to the corresponding sums for the 5-lag regres-
sions, indicating that there is little stock price reaction to information
at lags longer than five days.

So far we have found that the lagged returns on portfolio M are
more important than those of portfolio F in predicting returns on
both portfolios, which is consistent with portfolio F adjusting more
slowly to new information. In the following section we consider the
role of the number of analysts in determining the speed of adjustment
to new information contained in an index of market returns.
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4. Timeliness of Reaction to Stock Market Returns

We first examine the speed of adjustment of portfolio values to market
returns for the various size-analysts portfolios using the following
regression:

where R,,, is the market portfolio return on day t. An estimate of the
total sensitivity of portfolio j’s return to the market is given by the
sum of the slope coefficients,

The market return may be viewed as a linear combination of the
contemporaneous common factors zk,t. Define LAGj ≡ b j,k, the
sum of the coefficients on lagged market returns, and L E A Dj ≡

LAGj is a measure of the lagged price adjustment to common
information. Similarly, LEAD, is a measure of the degree to which the
returns on portfolio j anticipate or lead the returns on the market
portfolio.

In order to determine the effect of the number of analysts on the
rate at which security prices adjust to marketwide information, we
estimated Equation (8) for each of the 16 size-analyst portfolios, using
the VWI and the EWI. Figures 1a and 1b plot the cumulative fraction
of the stock price reaction to market information realized by day d

for each portfolio using VWI as the market proxy.
For instance, the value at d = 0 denotes the fraction of the information
in the index returns incorporated in the prices on the date that the
index returns are observed. For VWI returns, the graph is flat for d <
0 in all size quartiles, reflecting the fact that portfolio returns do not
predict VWI returns. The large increase in the plots for d = 0 cor-
responds to the contemporaneous response coefficient. Most signif-
icant for our purposes is the increase in the level of the plots for d
= 1, which corresponds to LAG,. As one would expect, LAG, is heavily
influenced by firm size. Figures 2a and 2b plot the normalized cumu-
lative slope coefficients using EWI as the market proxy. The results
are qualitatively similar, although the large firms seem to forecast the
EWI returns. Indeed, for the largest size quartile the sum of the slope
coefficients on lagged EWI returns is negative for all analyst groups.
To see that this result is to be expected when large firms adjust to
new information more rapidly than the equal-weighted index, sup-
pose that the returns on the EWI, RE,t, and the returns on a large firm
portfolio L, RL,t, are functions of the current and laggedvalues of market
index, 1,:
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Figure 1
Normalized Cumulative Sums of the elements of the Dimson Beta Estimator using Value
Weighted (VW) Market Index
The figures plot where bj,k are the coefficients from the regression
Then it is easy to show that in a regression of RL,t on current and
lagged values of R,,, the coefficient on RE,t-1 is

which will be negative when
–that is, when portfolio L responds more rapidly than

portfolio E. Moreover, the coefficient decreases as the ratio a 1/ a2

increases–that is, the more timely are the returns on portfolio L.
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Figure 1 Continued
A formal test for the difference between the speed of response to
common information of portfolios M and F was constructed as follows.
For each size quartile the return on a zero net investment arbitrage
portfolio denoted by O, which is long in portfolio M and short in
portfolio F, was regressed against leads and lags of the return on the
market portfolio:
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Figure 2
Normalized Cumulative Sums of the Dimson Beta Estimator using Equal-
Weighted (EW) Market Index
The figures plot where are the coefficients from the regression
Since bO,k = bM,k – bF,k, the lag coefficients in regression (11) provide
evidence on the relative speed of adjustment. Table 4 reports the
results of these regressions for the four size quartiles using the VWI
as the market proxy.

There is little evidence that current returns on the arbitrage port-
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Figure 2 Continued
folios are associated with future returns on the value-weighted market
portfolio. The value of bO,0 is significantly positive for all size quartiles,
indicating that M is more sensitive than F o contemporaneous market
returns. Then Result 1 implies that if the sum of the coefficients on
lagged returns is less than zero then the speed of
adjustment of portfolio F is less than that of portfolio M. However, a
positive sum of lagged return coefficients does not necessarily imply
that the reverse is true, since bO,0 > 0 (see Result 1).
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This table provides the results from regressing the difference between the returns on most analysts
and fewest analysts portfolios within each size quartile, on CRSP (NYAM-NASDAQ) value-weighted
market returns. Here bO,k refers to the sum of lagged betas, bO,k refers to the sum of leading
betas, and bO,0 refers to the contemporaneous beta. * means significant at 1 percent level; † means
significant at 5 percent level; * means significant at 10 percent level.
The sum of the lag coefficients is reliably negative for the two largest
size quartiles for both 5 and 10 lags. For the smallest quartile, the
lag sum in the 10-lag regression is negative but not significant. For
the second size quartile the lag sum is positive in both cases and
significant in the five lag regressions (as noted, this is not inconsistent
with a slower speed of adjustment for portfolio F since bO,0 > 0). The
analysis was repeated using the EWI and the results are reported in
Table 5. Now the lag sum is negative in all cases and significant except
in one, despite the fact that bO,0 is positive (except for the largest size
quartile, where the lag sum is significantly negative in any case).
These results are generally consistent with portfolio M, showing a
faster speed of adjustment to common information.

4.1 Lagged betas of individual securities
The results documented so far, based on our size-number of analysts-
ranked portfolios, are consistent with the hypothesis that the prices
of firms followed by fewer analysts adjust more slowly to common
information for a given firm size. It is possible, however, that we have
not controlled for the effect of other firm specific variables such as
the volume of transactions. Controlling for firm-specific variables that
may be related to the speed of price adjustment is particularly impor-
tant in interpreting our evidence, given the analysis in Brennan (1990).
Brennan (1990) suggests that the number of analysts following a
particular stock may be determined by its speed of price adjustment
to new information.11 In this case the speed of adjustment is exoge-
11 When the number of analysts is endogenously determined by the speed of adjustment as in Brennan
(1990), the nature of the relation between ‘these two variables is ambiguous. On the one hand,
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This table provides the results from regressing the difference between the returns on most analysts
and fewest analysts portfolios within each size quartile on CRSP (NYAM-NASDAQ) equal-weighted
market returns. Here refers to the sum of lagged betas, refers to the sum of leading
betas, and bO,0 refers to the contemporaneous beta. * means significant at 1 percent level; † means
significant at 5 percent level; ‡ means significant at 10 percent level.
nously determined, and it is not affected by the number of analysts.
By controlling for firm-specific factors such as size and turnover, we
attempt to control for exogenous factors that affect the speed of price
adjustment, If we find any relation between the speed of price adjust-
ment and the number of analysts keeping these exogenous factors
constant, then the results will provide stronger support for the speed
of adjustment hypothesis than otherwise.

For each year from 1977 to 1988, regression (8) was estimated for
individual securities in our sample that traded on the NYSE, AMEX,
or NASDAQ, in order to estimate LAGj,t. The following cross-sectional
regressions were then run every year from 1977 to 1988:

and

where the subscripts j and t refer to firm j and year t respectively. Ln
SZ is the natural logarithm of the market value of equity (in billions
of dollars) at the end of the previous year and Ln TO is the logarithm
of the average daily share turnover, where daily share turnover is
when stocks respond slowly to new information, there is more scope for discovering mispricing;
on the other hand, the reward for discovering mispricing is received sooner for more rapid price
adjustments. These countervailing effects give rise to two possible equilibria: one in which many
analysts collect information for stocks that respond rapidly to information, and the other in which
many analysts collect information for stocks that respond slowly to information.
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defined as the ratio of the number of shares traded per day to the
number of shares outstanding at the end of the day. Since the product
of firm size and share turnover is (approximately) equal to the value
of shares traded, this formulation is roughly equivalent to one in
which the logarithms of size and trading volume (instead of turnover)
are included. The dummy variable is assigned a value
of 1 if firm j trades on NYSE or AMEX (NASDAQ) in year t, and 0
otherwise. Since NASDAQ is a dealership market, unlike NYSE and
AMEX where orders are frequently crossed between investors, the
trading volume on this market is not directly comparable to that on
the other two markets. For this reason different turnover variables are
used for stocks traded on NASDAQ and NYSE/AMEX.12 ANALYST is
the number of analysts following the firm at the end of the previous
year. Thus, if the number of analysts following a firm increases its
speed of adjustment to economywide information, we should expect
the coefficient of ANALYST in Equation (12) to be negative.

The results of the annual regressions for five lags and leads are
reported in Table 6.13 The means and t-statistics of the coefficients
from the annual regressions are reported at the foot of the table. The
estimated coefficient of ANALYST in regression (12) is negative in
every year but one,14 consistent with the speed of adjustment hypoth-
esis. The t-statistic on the mean coefficient of ANALYST is highly
significant.

The slope coefficients on Ln SZ and Ln TO are both negative and
reliably different from zero. Interestingly, for NYSE/AMEX stocks the
coefficients of Ln SZ and Ln TO are insignificantly different from each
other. This implies that if we had used the log of dollar volume as
the independent variable in the place of Ln SZ and Ln TO, 15 there
would be little change in the explanatory power of the regression.
This result suggests that firm size affects the informativeness of the
stock prices only through its effect on trading volume, as discussed
by Admati and Pfleiderer (1988), and does not exert an independent
influence. On the other hand, for NASDAQ firms the slope coefficient
on Ln TO is significantly positive. A possible explanation for this result
is that low-turnover firms on NASDAQ have systematically lower sen-
sitivities to the VWI returns.

When the dependent variable is LEADj, the coefficients of both
turnover variables are positive and statistically significant, suggesting
12 The NASDAQ stocks enter the sample only from 1983 for the tests here since their trading volume
is not available on the CRSP prior to 1983.

13 The results for 10 leads and lags were similar and hence not reported.
14 For the 10-lag regressions, it is negative in 10 out of 12 years.
15 Note that Ln SZ + Ln TO equals the log of dollar volume.
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Table 6
Cross-sectional regressions of lead and lag betas (value-weighted market index) on firm size, turnover, and number of analysts for individual securities

Crosssectional regressions of the sums of five lead and five lag betas on log size (Ln SZ), log turnover for NYAM firms (Ln TO (NYAM)), log turnover for NASDAQ
firms (Ln TO (NASD)), dummy variable for NASDAQ firms (DUMMY (NASD)) and number of analysts (ANALYST). The betas are obtained by regressing daily returns
of each firm on lead and lag daily returns of CRSP (NYAM-NASDAQ) value-weighted index, each year. The summed betas are then regressed on Ln SZ, Ln TO (NYAM),
Ln TO (NASD), and ANALYST The sample period is 1977-1988 for NYAM firms and 1983-1988 for NASDAQ firms. n refers to the number of firms in cross-sectional
regressions. The numbers in parentheses are t-statistics.





Summary results from the cross-sectional regressions of the sums of five lag betas on log size (Ln
S Z), log turnover Ln TO, and number of analysts (ANALYST) by exchange. The betas are obtained
from time-series regressions of daily returns of each firm on lead and lag daily returns of CRSP
(NYAM-NASDAQ) value-weighted and equal-weighted indices respectively, each year. The sample
period is 1977-1988 for NYAM firms and 1983-1988 for NASDAQ firms. The number of firms in the
cross-sectional regressions varies from 1062 to 1143 in NYSE, 191 to 2% in AMEX, and 468 to 1054
in NASDAQ. The numbers in parentheses are t-statistics.
that heavily traded firms tend to lead the value-weighted market index.
On the other hand, the number of analysts variable is insignificant.

Table 7 reports the estimates of regressions (12) and (13) using
security betas estimated with respect to the EWI. The results are
qualitatively similar to that using the VWI, except that the slope
coefficient of the NASDAQ turnover variable is now significantly neg-
ative .

4.2 Exchange groups
The effect of the number of analysts on the speed of adjustment may
differ across markets because of the differences in the market struc-
tures, and disclosure and listing requirements. This subsection exam-
ines the relation between number of analysts and speed of adjustment
separately in each of the three markets using regression (12).

Table 8 presents the means of the annual regression estimates for
the three markets using lagged betas estimated with respect to the
VWI and the EWI. The slope coefficients on ANALYST are significant
for the NYSE and NASDAQ. Interestingly, the slope coefficient on
ANALYST is larger in magnitude for NASDAQ than for NYSE or AMEX
using both EWI and VWI lagged betas, which raises the possibility
that investors may rely more on information provided by analysts for
NASDAQ stocks than for exchange-listed stocks.

The ANALYST coefficient, however, is not significant for AMEX
stocks. One possible explanation for this is that the variation in the
number of analysts is small for AMEX stocks, which in turn will reduce
the precision with which the slope coefficient on ANALYST is esti-
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mated. 16 In fact, the standard error of this slope coefficient is much
larger for AMEX than for NYSE or NASDAQ.

The average number of analysts following AMEX firms is 2.16, which
is smaller than the average number of analysts following NYSE and
NASDAQ stocks (8.77 and 4.11 respectively). The evidence that the
ANALYST coefficient is not significant for AMEX suggests the possi-
bility that the effect of number of analysts on speed of response is
nonlinear. We consider this possibility in the following section.

4.3 Nonlinear effect of number of analysts
Holden and Subrahmanyam argue that even a few analysts have a
dramatic effect on the speed of adjustment, which suggests that there
will be a convex relation between the number of analysts and the
speed of adjustment. On the other hand, the AMEX evidence dis-
cussed suggests that a small number of analysts following a firm may
not affect the speed of stock price response to information signifi-
cantly.

To explore the possibility of a nonlinear effect of the number of
analysts on the speed of adjustment, we fitted the regression

where Dj,k,t is a dummy variable that equals 1 if the number of analysts
following the firm falls into group k, and 0 otherwise.17 The mean of
the annual coefficients from these regressions are reported in Table 9.

The results reveal a distinct nonlinear relation between the number
of analysts and the speed of adjustment. The coefficient of the analyst
dummy declines after the first analyst group (zero analysts) when
lagged VWI betas are used to compute LAG,, but is then virtually flat
or marginally increasing for the next five groups (up to 11 analysts)
and then declines sharply. A similar nonlinear pattern emerges when
LAG j is computed using lagged EWI betas as well.18

This result suggests that the speed of adjustment is a nonlinear
function of the number of analysts; few analysts have little effect, but
once a threshold is reached an increase in the number of analysts
16 The cross-sectional standard deviation of the number of analysts for the AMEX is 3.47, compared
with that of 8.01 for the NYSE and 4.20 for NASDAQ.

17 The groups, which were chosen to ensure a roughly equal number of firms in each, correspond to
0, 1, 2, 3-4, 5-7, 8-11, 12-15, and greater than 15 analysts.

18 The coefficients on the analyst dummies are displaced downward in the regression with LAG,
computed with the lagged EWI betas relative to that with lagged VWI betas. The reason is that the
lagged EWI betas are on average smaller than the lagged VWI betas, since the EWI responds more
slowly to common information than the VWI.
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Summary results from the cross-sectional regressions of the sums of five lag betas on log size (Ln
SZ), log turnover for NYAM firms (Ln TO (NYAM)), log turnover for NASDAQ firms (Ln TO (NASD)),
dummy variable for NASDAQ firms (DUMMY (NASDAQ)) and dummy variables for various analyst
groups for all firms in CRSP. The dummy variables assume a value of 1 if the number of analysts
for a firm belong to the corresponding group and 0 otherwise. There are eight groups based on
the following grouping: 0, 1, 2, 3–4, 5–7, 8–11, 12–15, >15. The variables ANALYST 1 to ANALYST
8 refer to the eight dummy variables corresponding to the eight groups. The betas are obtained
from time-series regressions of daily returns of each firm on lead and lag daily returns of CRSP
(NYAM-NASDAQ) value-weighted and equal-weighted indices respectively, each year. ANALYSTS
refers to the mean number of analysts in the eight groups over 1977-1988. The sample period is
1977-1988 for NYAM firms and 1983-1988 for NASDAQ firms. The number of firms in these re-
gressions vary between 1200 and 2300.
does increase the speed of adjustment. This is in contrast to the
Holden and Subrahmanyam (1992) theory, in which even a few ana-
lysts have a dramatic effect on the speed of adjustment.

5. Conclusion

We have examined the empirical relation between the number of
analysts following a firm and its speed of adjustment to new infor-
mation that has common effects across firms. We found little effect of
the number of analysts on the serial correlation of portfolio returns.
However, Granger causality regressions revealed that the returns on
many analyst firm portfolios tend to anticipate those on few analyst
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firm portfolios. Moreover, many analyst firm portfolios respond more
rapidly to new information contained in returns on the value-weighted
and the equal-weighted market indices. Examination of individual
security returns shows a distinct nonlinear relation between the speed
of adjustment and the number of analysts.

Appendix

As a preliminary to the proof of Proposition 1, note that the probability
limits of the slope coefficients of the Granger causality regression (3)
and (4) are given by

Proof of Proposition la. Since the denominators in (A1) and (A4) are
the same and positive, we need to compare only the numerators.
Denote the numerator of each expression with the superscript n;
hence, denotes the numerator of hF from (A1). From (1) and (A1),

Using similar steps we get

Since aF > aM, the first term in (A6) is greater than the first term
in (A5), and the second term in (A6) is positive while that in (A5)
is negative. It follows that gM > hF In fact, from (A5), it can be seen
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that if the variance of the idiosyncratic component of return (σ 2 ) is
sufficiently small, then hF would be negative.

Proof of Proposition 1b. If for all k and
a F > a M, then and Some algebraic manip-
ulations of the numerators of (A2) and (A1) yields

Now, since each of the three terms in this expression is
positive. The proof that gM > gF is similar.
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