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1 Introduction

We document a largely overlooked phenomenon that sell-side equity research analysts in-
creasingly issue earnings forecasts for multiple firms on the same day, a behavior we refer to
as “forecast clustering.” As shown in Figure 1, the share of one-year-ahead EPS forecasts is-
sued on days when the same analyst also issues forecasts for at least one other firm rises from
39.5% in 2002 to 57% in 2023. This trend matters because existing evidence suggests that
clustering is associated with lower forecast quality: Hirshleifer et al. (2019) show that, due
to decision fatigue, an analyst’s accuracy declines and reliance on heuristics increases with
the number of same-day forecasts, and Drake et al. (2020) find that even the first forecast
on a clustered day is less accurate, less bold, and less informative.

Analysts also appear to recognize these costs. Jiao (2023) shows that analysts mitigate
within-day quality deterioration by prioritizing forecasts for reputation- and career-critical
firms earlier in the day. The rise of clustering therefore poses a puzzle: why do analysts
increasingly cluster their earnings forecasts, knowing the potential quality costs?! We study
this question because understanding the drivers of clustering, and how analysts manage its
costs, is important for assessing the implications of clustered forecasting for firms’ informa-

tion environments.

Tt is unlikely that clustering is purely unavoidable due to sheer output volume. An ordinary analyst
issues one major new report and 12 company-specific notes per month (Groysberg and Healy, 2020), and in
our I/B/E/S sample the average analyst issues only 38 one-year-ahead EPS forecasts per year.



Figure 1: Trends in Forecast Clustering and Analyst Workload (2002-2023)

This figure plots annual time trends in forecast clustering and analyst workload from 2002 to 2023.
The red solid line with circular markers (left y-axis) shows the fraction of clustered one-year-ahead
EPS forecasts each year. The black dashed line with triangular markers (right y-axis) shows the
average number of one-year-ahead EPS forecasts issued per analyst.
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We address the puzzle in three steps. First, we examine whether the rise in clustering
is related to changes in analyst workload after controlling for persistent analyst work habits
and brokerage practices. Second, we test whether analysts respond strategically to cognitive
constraints by clustering less career-relevant firms’ forecasts and by avoiding clustering when
forecasts are likely to be more informative. Third, we examine whether firms that are more
exposed to clustered forecasting have poorer market-based information outcomes.

To motivate the workload channel, we begin by describing long-run trends in analysts’
forecasting activity. Figure 1 shows that the average number of one-year-ahead EPS forecasts

issued per analyst increases by 64%, from 25 in 2002 to 41 in 2023, closely tracking the



increase in forecast clustering (time-series correlation = 0.90). The rise in forecasting activity
reflects both broader coverage and more frequent updating. The average number of firms
covered increases from 7.2 to 9.7, and the number of one-year-ahead forecasts per covered
firm increases from 3.5 to 4.2. Workload growth is also reflected in greater timeliness: the
share of forecasts issued within one day of an earnings announcement rises from 40% to
48.6%.>

Motivated by these macro-level patterns, we next examine clustering at the analyst-
quarter level. We distinguish between the extensive margin, whether an analyst clusters any
forecasts, and the intensive margin, the maximum number of forecasts the analyst issues
on a single day. Analysts who cover more firms and issue more forecasts per firm are more
likely to cluster. This relation remains when we include analyst fixed effects, consistent
with within-analyst increases in workload predicting greater clustering. At the same time,
baseline clustering propensities vary substantially across analysts and brokerages, suggesting
an important role for persistent work habits and brokerage practices.

At the forecast level, we identify three workload-driven channels that reduce inter-day
scheduling flexibility and increase clustering. First, as analysts cover more firms, they
are more likely to face concurrent earnings announcements within their coverage portfo-
lios (Driskill et al., 2020). Because forecast timeliness around earnings announcements has
increased over time, analysts are more likely to respond promptly to multiple same-day
announcers, mechanically bunching forecast issuance. Consistent with this mechanism, fore-
casts for firms whose most recent earnings announcement coincides with an earnings an-
nouncement at another firm covered by the same analyst are 21.4 percentage points more
likely to be clustered, and this single indicator explains 11.0% of the variation in clustering.
Second, larger coverage portfolios increase the frequency of attention shocks arising from

major news at other covered firms. We show that such distractions increase the probability

2Report counts are an imperfect proxy for workload because technology can improve efficiency. At the
same time, analysts’ client-service and compliance responsibilities have expanded, suggesting that overall
workload has likely increased.



that an analyst clusters the focal-firm forecast, whereas focal-firm information shocks attract
attention and reduce clustering. Third, clustering increasingly reflects the growth of indus-
try/thematic reports that combine updates across multiple firms (Drake et al., 2020). We
classify a forecast as part of an industry/thematic report if it is time-stamped at the exact
same second as another forecast by the same analyst for a firm in the same Fama—French 48
industry. The share of such forecasts rises from 8.9% in 2002 to 17.7% in 2023 and accounts
for 16.8% of clustered forecasts on average, underscoring their growing prevalence.

We then assess whether analysts strategically allocate effort by clustering forecasts for
less important firms. After controlling for workload-related and scheduling-pressure factors,
analysts are 0.60% to 1.38% less likely to cluster forecasts for firms that are more career-
relevant. We measure career relevance using the firm’s relative ranking within the analyst’s
portfolio based on size, trading volume, and institutional ownership. Analysts are also less
likely to cluster forecasts that are likely to convey more information, proxied by whether
the forecast is accompanied by a recommendation revision. Forecasts accompanied by a
recommendation revision are 2.92% less likely to be clustered, and the effect is concentrated
among upgrades. This asymmetry suggests that additional incentives, such as managing
relationships with company management by timing positive versus negative news, may also
shape clustering decisions.

Finally, we examine whether clustering is associated with a broader weakening of covered
firms’ information environments. Using firm-year variation in exposure to clustering, mea-
sured as the fraction of clustered forecasts, we document that higher clustering is associated
with poorer market-based information outcomes. Firms in the top quartile of clustering have
bid-ask spreads about 3% higher and Amihud illiquidity about 18% higher relative to the
sample means, consistent with greater information asymmetry and lower market liquidity.
This relation is strongest among firms with relatively low institutional ownership, consistent
with clustering being more consequential when the investor base is more retail and relies

more on publicly disseminated analyst research, rather than on private channels such as



direct access to analysts and management.

Our paper contributes to several strands of literature. First, we contribute to research on
the determinants of analyst forecasting behavior. Sell-side equity analysts are key informa-
tion intermediaries (Birru et al., 2022, 2024; Keane and Runkle, 1998; Kothari et al., 2016;
Loh and Stulz, 2018), and a large literature studies the forces shaping their forecasts.> We
provide novel evidence on the increasingly common practice of forecast clustering, a behav-
ior shown to impair forecast accuracy through cognitive constraints (Hirshleifer et al., 2019;
Jiao, 2023). We identify the primary drivers of clustering, examine how analysts respond
strategically to its costs, and assess its implications for the information environments of
covered firms.

Second, we contribute to the literature on analysts’ strategic effort allocation. Analysts
are sophisticated professionals who prioritize across portfolio firms based on career incentives.
Hong and Kubik (2003) and Harford et al. (2019) show that analysts issue more accurate
forecasts for career-important firms, and Chiu et al. (2021) find greater effort for firms with
high abnormal institutional distributions. We extend this line of research by showing that
analysts manage time and attention constraints by clustering forecasts disproportionately
for less important firms.

Third, we contribute to the literature on firms’ information environments by linking ana-
lysts’ forecast-production frictions to firm-level market liquidity and information asymmetry.
Our evidence suggests that clustering is concentrated in settings with higher baseline infor-
mation frictions (e.g., smaller and less liquid firms and firms with low institutional ownership)
and that its association with liquidity is most pronounced when the investor base is more
retail-oriented and therefore more dependent on public analyst outputs. More broadly, the
findings imply that analyst capacity constraints can propagate into market-level outcomes
and may widen disparities in information quality across firms and investor types.

Lastly, our finding that concurrent earnings announcements within an analyst’s coverage

3Early work emphasizes errors and biases stemming from conflicts of interest and psychology; see Kothari
et al. (2016) and Ramnath et al. (2008) for reviews.



portfolio are a primary driver of clustering connects to the literature on the causes and effects
of concurrent announcements. Such concurrence has become increasingly common and has
been linked to investor underreaction (Hirshleifer et al., 2009) and less timely earnings fore-
casts (Driskill et al., 2020). We show that even when analysts respond promptly, concurrent
announcements mechanically induce clustered forecasting, which in turn reduces the qual-
ity of each forecast. This result identifies an additional channel through which concurrent
earnings announcements can reduce market informativeness and suggests scope for strategic
timing by firms seeking to release bad news alongside others’ announcements (deHaan et al.,
2015).

The remainder of the paper is organized as follows. Section 2 describes the data and
empirical methodology. Section 3 examines the relation between analyst workload and fore-
cast clustering. Section 4 studies three channels through which workload increases clustering
through mechanical scheduling congestion. Section 5 investigates whether analysts strate-
gically adjust clustering in response to cognitive constraints. Section 6 assesses whether
forecast clustering is associated with a deterioration in firms’ information environments.
Section 7 provides additional evidence on heterogeneity in clustering across analysts and

brokerages and reports robustness tests. Section 8 concludes.

2 Data and Methodology

2.1 Data Sources

We obtain analysts’ earnings per share (EPS) forecasts from the Institutional Brokers’ Es-
timate System (I/B/E/S) for 2002-2023. We start in 2002 because it is the first year in
which the I/B/E/S forecast announcement date is verified (Hoechle et al., 2015). Following
prior work (e.g., Gleason and Lee, 2003; Hirshleifer et al., 2019; Jiao, 2023), we focus on
one-year-ahead earnings forecasts, which are the most commonly issued forecasts and are

central to analysts’ routine earnings updates.



We merge [/B/E/S with firm fundamentals from Compustat and stock returns and trad-

ing volume from CRSP. We obtain firm-level news from RavenPack News Analytics.

2.2 Key Variables Construction

Our main forecast-level measure of clustering is an indicator variable, MultiForecast; ;,
equal to one if analyst i issues earnings forecasts for more than one firm on calendar day
t (including the forecast for firm j), and zero otherwise. To examine both mechanical
scheduling-related and strategic drivers of forecast clustering, we construct the following

explanatory variables.

Concurrent earnings announcements. To capture concurrent earnings announcements
within an analyst’s coverage portfolio, we define MultiEA; ;; as an indicator equal to one
if, on the most recent earnings announcement day of firm j on or before day t, at least one

other firm covered by analyst ¢ also announces earnings, and zero otherwise.

Distraction from other portfolio firms’ information shocks. To measure distraction
arising from news about other firms in the analyst’s portfolio, we adapt Kempf et al. (2017)
and construct three alternative measures based on (i) fundamental news coverage, (ii) ab-
normal trading volume, and (iii) extreme stock returns for portfolio firms other than the
focal firm on day t. Specifically, distraction affecting analyst ¢ when forecasting firm j on
day t is

Distraction; j = Zwiyk,t X 1S4, (1)
k#j

where w; .+ is the weight assigned to portfolio firm k£ # j. In the main analysis we use
equal weights; results are robust to weighting by market capitalization. I.Sj; denotes an
“information shock” for firm k on day ¢, measured in three ways. The first measure is
Newsy,, the number of RavenPack fundamental news items about firm &k on day ¢. Inspired

by Ben-Rephael et al. (2023), we additionally use two market-reaction indicators: AbnV oy,



equals one if firm £ is in the top decile of the CRSP cross-section by abnormal trading volume
on day t, where abnormal volume is split-adjusted daily volume divided by the split-adjusted
average volume over the prior 63 trading days; and AbsRet;; equals one if firm k is in the

top decile of the CRSP cross-section by absolute daily return on day t.

Strategic clustering: importance of the firm. To test whether analysts strategically
cluster forecasts for less important firms, we construct portfolio-relative proxies for firm
importance. Following Harford et al. (2019) and Jiao (2023), we measure firm importance
for analyst ¢ at time t using three characteristics: market capitalization, trading volume,
and institutional ownership. For each characteristic, we create an indicator equal to one if
firm j is in the top quartile within analyst i’s portfolio (e.g., TopSize; j, = 1 if firm j is
in the top quartile by market capitalization measured at the prior quarter-end). We also
form two composite indicators: ImpFirmAny; ;; = 1 if firm j is top quartile on at least one

dimension, and ImpFirmAll; ;, = 1 if firm j is top quartile on all three dimensions.

Strategic clustering: importance of the information. To test whether analysts
strategically avoid clustering when issuing more important information, we exploit simulta-
neous recommendation changes. Recommendation revisions are among the most informative
analyst actions (Bradley et al., 2017; Loh and Stulz, 2011). We define RecomRevision; ;¢ = 1
if, on day t when analyst ¢ issues an EPS forecast for firm j, the analyst also revises her rec-
ommendation for firm j, and zero otherwise. To examine potential asymmetries, we further

partition RecomRevision; j, into upgrades (UpGrade; ;;) and downgrades (DownGrade; ;).

Controls. Following prior literature (e.g., Hirshleifer et al., 2019; Jiao, 2023), we control for
other determinants of analysts’ forecasting behavior. Our controls include analyst coverage
breadth (number of firms covered), brokerage size, the analyst’s firm-specific experience,
the analyst’s overall experience, forecast age, forecast frequency, and the number of analysts

covering the firm. Unless otherwise noted, we scale each control relative to the range of values



among analysts covering the same stock.* Table Al reports detailed variable definitions.

Summary statistics. Table 1 reports summary statistics for the main sample. In our
data, 51.4% of forecasts are clustered, underscoring the prevalence of clustering. Forecasts
for firms with concurrent earnings announcements are also common (52.7% of observations).
On days when analysts issue forecasts, the focal firm is mentioned in an average of five Raven-
Pack fundamental news items. The focal firm is in the top decile of the CRSP cross-section
by abnormal trading volume (absolute daily return) with probability 32.8% (23.2%), con-
sistent with analysts issuing forecasts when information arrives and/or when their research
affects trading activity. Based on our firm-importance measures, 36.4% of forecasts pertain
to an “important” firm under ImpFirmAny, while 13.2% satisfy ImpFirmAll, indicating
substantial overlap across the three proxies. Recommendation revisions coincide with 4.0%
of forecasts, with downgrades slightly more frequent than upgrades. On average, firms in

our sample are covered by about 19 analysts.

2.3 Methodology

To examine the determinants of forecast clustering, we estimate the following baseline fixed-

effects model:

MultiForecast; j, = 1 Characteristics; j; + 35X, ¢ + 0jy + 0ig + 0t + €41, (2)

where MultiForecast; ;. is the forecast-level clustering indicator defined above. C'haracteristics; ;4
includes time-varying analyst, firm, and forecast characteristics related to workload and
strategic behavior that may affect clustering. X, ;; denotes the set of control variables de-
scribed in Section 2.2.

We include three sets of high-dimensional fixed effects: firm x year fixed effects (;,),

analyst x year-quarter fixed effects (9;,), and calendar-date fixed effects (d;). Firm x year

4All results remain qualitatively unchanged if we use the unscaled controls.



fixed effects absorb any time-varying firm-level determinants of clustering that are constant
within a firm-year (e.g., firm-year disclosure policies). Analyst x year-quarter fixed effects
absorb analyst-specific time variation that is common across all firms covered by analyst @
within quarter ¢ (e.g., time-varying work practices and brokerage constraints). Calendar-
date fixed effects absorb all shocks common to all forecasts issued on date t (e.g., day-of-week
effects and market-wide news). Because some economically relevant workload variation may
operate primarily at the firm-year or analyst-quarter level, these fixed effects can partial
out channels of interest; we therefore interpret estimates from the saturated specification as
potentially conservative.

Because nonlinear binary-response models with many fixed effects can suffer from the
incidental-parameters problem, our primary specification is a linear probability model. In
robustness tests (untabulated), we re-estimate the main analyses using probit models with
a more parsimonious fixed-effects structure and obtain qualitatively similar marginal effects

and unchanged statistical inferences.

3 Workload and Forecast Clustering

This section examines the relation between analysts’ forecast-production workload and fore-
cast clustering. We first present time-series evidence on long-run trends in workload proxies
and clustering. We then conduct analyst-quarter analyses that exploit within-analyst varia-

tion and distinguish between extensive and intensive margins of clustering.

3.1 Workload Time Trend and the Rise of Forecast Clustering

Figure 1 shows that forecast clustering and analysts’ workload move closely together over
the past two decades. Forecast clustering is defined as the fraction of one-year-ahead EPS
forecasts issued on a day when the same analyst issues at least one additional forecast for

another firm, relative to the total number of one-year-ahead EPS forecasts issued in a year.
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Workload is proxied by the average annual number of one-year-ahead EPS forecasts issued
per analyst. Over this period, the clustered share rises from 39.5% to 57.0%, while the
number of forecasts per analyst-year increases from 25 to 41; the time-series correlation
between the two series is 0.90.

Forecast output reflects both coverage breadth and forecasting intensity. Figure 2(a)
shows that the average number of firms covered per analyst increases from 7.2 to 9.7. Fig-
ure 2(b) shows that the average number of one-year-ahead EPS forecasts per covered firm
rises from 3.5 to 4.2, consistent with more frequent forecast updating around quarterly earn-
ings announcements. A third dimension is timeliness. Conditional on the effort required per
forecast, tighter turnaround requirements increase effective workload by compressing pro-
duction schedules. Figure 2(c) shows that the fraction of forecasts issued within one day
of the firm’s earnings announcement increases from 40.0% to 48.6%, consistent with greater
time pressure.

To assess whether the co-movement between clustering and workload holds at a finer
frequency, we reconstruct the series at the year-quarter level and regress ClusterFraction on
workload proxies. Table 2 reports the results. Column 1 shows a strong positive associa-
tion between clustering and the average number of one-year-ahead EPS forecasts issued per
analyst (ReportNumTotal). Because both clustering and workload trend upward over time,
Column 2 adds a linear year-quarter time trend ( YrQtr). The coefficient on ReportNumTotal
declines but remains positive and highly significant, indicating that clustering is higher in
quarters when analysts issue more forecasts even after controlling for smooth time trends.
Columns 3-4 decompose ReportNumTotal into coverage breadth (FirmsFollowed) and fore-
casting intensity (ReportNumAve). Without time controls (Column 3), both components
are positively related to clustering. With the year-quarter trend (Column 4), the association
is concentrated in forecasting intensity: the coefficient on ReportNumAwve remains positive
and statistically significant, whereas the coefficient on FirmsFollowed becomes economically

small and statistically insignificant. This pattern is consistent with average portfolio size
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evolving largely as a smooth upward trend over time. Overall, the evidence is consistent

with rising clustering being associated with higher workload.

3.2 Analyst-Quarter Analysis

Aggregate trends in workload and clustering could also reflect changes in analyst composi-
tion (e.g., entry and exit of analysts with systematically different coverage and forecasting
practices). To address this concern and to quantify heterogeneity in clustering behavior, we
conduct an analyst-quarter analysis and distinguish between extensive and intensive margins.

We construct two measures of analyst-quarter clustering. For the extensive margin,
AnyCluster is an indicator equal to one if an analyst issues more than one forecast on any
day in the quarter, and zero otherwise. For the intensive margin, MaxClusterNum is the
log of the maximum number of forecasts the analyst issues on a clustering day within the
quarter.

Table 3 reports the analyst-quarter results. Columns 1-3 present OLS estimates for Any-
Cluster, and Columns 46 present analogous specifications for MaxClusterNum. Columns 1
and 4 include no fixed effects, Columns 2 and 5 add analyst fixed effects, and Columns 3 and 6
further add year-quarter fixed effects. In line with the time-series evidence, analysts who
cover more firms (FirmsFollowed) and who issue more forecasts per firm (ReportNumAve)
are both more likely to cluster and, conditional on clustering, to cluster more heavily on a
given day. These relations remain strong when we include analyst fixed effects (Columns 2
and 5) and persist when we additionally include year-quarter fixed effects (Columns 3 and 6),
indicating that within-analyst increases in coverage breadth and forecasting intensity are as-
sociated with greater clustering and that the relation is not driven solely by compositional
shifts or common time shocks.

Other analyst characteristics are also related to clustering. The number of Fama-French
48 industries an analyst covers (IndustryCovered) is positively associated with clustering at

both margins, suggesting that broader industry scope is associated with greater bunching
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of forecast activity. Employment at a top-10 brokerage firm by size (BigBroker) is asso-
ciated with a lower likelihood of clustering at the extensive margin (Columns 1-3). This
pattern suggests that analysts at large brokerage firms may face stricter forecast quality
requirements that discourage clustering. In contrast, at the intensive margin, BigBroker is
not significantly related to the number of forecasts clustered in a day once analyst fixed
effects are included (Columns 5-6). Finally, general experience ( GeneralExperience) is posi-
tively related to clustering in the specifications with analyst fixed effects (Columns 3 and 6),

consistent with clustering increasing as analysts accumulate experience within their careers.

4 Workload-Driven Scheduling Constraints and Cluster-
ing

The previous section documents a strong association between analysts’ forecast clustering
and proxies for forecast-production workload. However, clustering is not mechanically in-
evitable: even in 2023, the average analyst issues only 41 one-year-ahead EPS forecasts
per year. This section examines why heavier workload is nevertheless associated with more
clustering. We focus on mechanisms through which higher workload compresses inter-day
scheduling flexibility and increases the likelihood that analysts issue multiple forecasts on
the same day in response to the timing of information events: (i) a higher incidence of con-
current earnings announcements among firms in an analyst’s coverage portfolio, (ii) more
frequent attention shocks arising from major news at other covered firms, and (iii) a greater

prevalence of multi-firm industry/thematic updates that combine forecasts across firms.

4.1 Concurrent Earnings Announcements

We begin with concurrent earnings announcements. Earnings announcements are a primary
trigger for analysts’ forecast revisions, and as portfolio sizes grow, analysts are more likely to

face days on which multiple covered firms announce earnings. Consistent with this intuition,
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the average share of forecasts issued for a firm whose latest earnings announcement coincides
with at least one other firm in the analyst’s portfolio increases from 46.9% in 2002 to 59.1%
in 2023. Over the same period, overall timeliness has improved (Figure 2(c)), suggesting
that analysts increasingly update forecasts quickly around announcements.

A natural implication is a tighter timeliness—accuracy trade-off. Prior work argues that
producing timelier forecasts can come at the expense of incorporating additional information
(Cooper et al., 2001). In our setting, when multiple covered firms announce on the same
day, analysts may prioritize timeliness and issue same-day updates for multiple announcers,
increasing clustering. To test this hypothesis, we estimate the regression model described
in Section 2.3 using MultiFA as the key explanatory variable. Table 4 reports the results:
Column 1 presents an OLS specification, while Column 2 includes firm X year, analyst x
year-quarter, and date fixed effects.

Across both specifications, MultiEA is strongly positively associated with clustering. In
Column 2, the coefficient implies that forecasts for firms with concurrent announcements are
21.4 percentage points more likely to be clustered, which corresponds to a 41.6% increase
relative to the unconditional clustering rate of 51.4%. In unreported analysis, using only
MultiEA to predict clustering yields an R? of 11.0%. These results indicate that concurrent
earnings announcements within an analyst’s portfolio are an important source of clustering
consistent with scheduling constraints around information events. Prior research links con-
current earnings announcements to investor inattention and underreaction (Hirshleifer et al.,
2009) and to delays in forecast issuance (Driskill et al., 2020). Our findings highlight an ad-
ditional implication: even when analysts respond promptly, concurrency is associated with
more forecast clustering, potentially affecting the information environment through the ana-
lyst channel. This also suggests scope for strategic disclosure timing by firms (e.g., releasing

unfavorable news alongside other firms’ announcements) (deHaan et al., 2015).
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4.2 Distraction from Other Portfolio Firms

Next, we examine a second workload-related driver of clustering: distractions created by
news at other firms in the analyst’s coverage portfolio. As an analyst covers more firms,
the likelihood that at least one other covered firm experiences major news on a given day
naturally increases. If analysts have limited attention and processing capacity, heightened
attention demands elsewhere in the portfolio can crowd out time for the focal firm and com-
press inter-day scheduling flexibility, making the analyst more likely to cluster the forecast
for the focal-firm.

Using the same regression framework as above, we replace MultiEA with the distraction
measures described in Section 2.2. We also include the focal firm’s own information shock
measure, 15, to capture the focal firm’s contemporaneous salience. The scheduling-constraint
mechanism implies a positive coefficient on Distraction: greater news pressure from other
portfolio firms should increase the probability that the analyst’s forecast for the focal firm
is clustered. By contrast, holding other demands constant, a larger focal-firm information
shock should attract attention to the focal firm and reduce clustering, implying a negative
coefficient on IS.

Columns 3-8 of Table 4 present the results. Columns 3—4 use the fundamental news-based
distraction measure, Columns 5-6 use abnormal trading volume, and Columns 7-8 use ab-
solute stock returns. Across measures and specifications, Distraction is positively related to
clustering, while the focal firm’s IS is negatively related to clustering. In the specifications
with high-dimensional fixed effects, a one-standard-deviation increase in Distraction is asso-
ciated with an 8.5% (absolute returns) to 13.4% (fundamental news) higher probability of
clustering, while a one-standard-deviation increase in the focal firm’s IS is associated with

a 3.7% (absolute returns) to 6.6% (abnormal volume) lower probability of clustering.’®

°The results remain qualitatively similar when using distraction measures (i) from day ¢ — 1, allowing
analysts time to adjust inter-day allocation, or (ii) constructed based on all firms covered by analyst ¢ that
are not forecasted on day t.
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4.3 Industry and Thematic Updates

A third channel is the growing use of multi-firm industry or thematic updates. As analysts
cover more firms and face common shocks (e.g., technological change, macroeconomic con-
ditions, or policy events), they may update forecasts for multiple firms in close succession
within industry-wide or thematic research outputs (Drake et al., 2020). Operationally, we
classify forecasts as part of an industry/thematic update if they are issued at the exact
same second as another forecast by the same analyst for a firm in the same Fama—French
48 industry. This timestamp-based rule is designed to capture tightly clustered multi-firm
updates, though it may also reflect mechanical batching in forecast submission systems.
Using this classification, the proportion of forecasts linked to industry/thematic updates
increases from 8.9% in 2002 to 17.7% in 2023, highlighting their growing prevalence. Over the
full sample period, industry/thematic updates account for 16.8% of all clustered forecasts.
In sum, we document three channels through which rising workload is associated with
more forecast clustering via tighter scheduling constraints around information events. Con-
current earnings announcements substantially increase clustering, consistent with analysts
responding to multiple same-day triggers under time pressure. News shocks at other portfolio
firms increase clustering, while focal-firm shocks reduce it, consistent with limited attention
and reallocation across covered firms. Finally, the increasing prevalence of multi-firm indus-
try /thematic updates mechanically contributes to clustering by combining forecast revisions
across firms. Together, these patterns explain a meaningful share of clustering variation even
in the presence of high-dimensional fixed effects, suggesting that an important component of

clustering reflects predictable responses to information-event timing under heavier workload.

5 Strategic Forecast Clustering

The preceding section documents that forecast clustering is strongly related to workload and

the timing of information events that compress analysts’ inter-day scheduling flexibility (e.g.,
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concurrent earnings announcements, portfolio-level news shocks, and industry /thematic up-
dates). At the same time, analysts retain discretion over how they allocate attention across
the forecasts they issue within a given set of constraints. If clustering is associated with lower
forecast quality, analysts may respond by prioritizing effort—and avoiding clustering—for
forecasts that are more important for their careers or more salient to investors, while allowing
lower-priority updates to be issued on already busy days.

We study two settings in which prioritization is most likely to appear: forecasts associated
with important firms and forecasts associated with important information. First, we test
whether analysts are less likely to cluster forecasts for firms that are particularly important
within the analyst’s portfolio, proxied by market capitalization, trading volume, and insti-
tutional ownership. Second, we test whether forecasts that coincide with recommendation
revisions are less likely to be clustered. In all specifications, we control for the workload- and
event-timing channels documented earlier, including concurrent earnings announcements,

portfolio-level distractions, and whether the forecast is part of an industry/thematic report.

5.1 Important Firms

We first examine whether analysts avoid clustering forecasts for firms that are more impor-
tant to their career. Prior research finds that analysts devote greater effort to high-priority
portfolio firms (Harford et al., 2019; Jiao, 2023). As described in Section 2.2, we follow es-
tablished literature and use three proxies to indicate whether one firm is important within an
analyst’s portfolio: firm size, trading volume, and institutional ownership. These attributes
are closely related to commission generation, which can affect analysts’ reputation and mo-
bility (Groysberg et al., 2011). We also construct summary indicators capturing whether a
firm meets any (or all) of the three criteria. Table 5 reports the results.

Across proxies, the coefficients on the “important firm” indicators are negative and statis-
tically significant, implying that forecasts for high-priority firms are less likely to be clustered,

conditional on workload-related controls and fixed effects. The estimated magnitudes are

17



modest: forecasts for important firms are approximately 0.60% (Top Vol) to 1.38% (TopSize)
less likely to be clustered. While small relative to the effects of workload and event timing
documented earlier, the pattern is consistent with analysts allocating attention strategically

by reducing clustering for forecasts tied to higher-priority firms.

5.2 Important Information

We next examine whether analysts avoid clustering when issuing forecasts that are likely
to be more information-relevant. As described in Section 2.2, forecasts accompanied by
recommendation revisions plausibly reflect higher-salience analyst actions and may receive
greater scrutiny. We therefore test whether RecomRevision and its components, UpGrade
and DownGrade, are associated with a lower likelihood of clustering. Table 6 presents the
results.

Columns 1-2 show that forecasts accompanied by a recommendation revision are less
likely to be clustered. In Column 1, the estimated effect is a 3.45 percentage point reduction
in clustering probability (6.71% relative to the unconditional mean). The magnitude attenu-
ates but remains highly significant once fixed effects are included (Column 2). Columns 3-4
separate upgrades and downgrades. The reduction in clustering is concentrated in upgrades:
in Column 4, an upgrade is associated with a 5.18% lower clustering probability, whereas a
downgrade is associated with a smaller 0.97% reduction.

This upgrade-downgrade asymmetry is consistent with several mechanisms. One possibil-
ity is strategic visibility management: analysts may prefer to issue upgrades on stand-alone
days to attract investor attention, while clustering downgrades when attention is lower, con-
sistent with evidence on the timing of negative recommendations (Rees et al., 2017). We
view the asymmetry as suggestive evidence of prioritization and attention allocation rather

than definitive evidence of intent.
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6 Clustering and Firms’ Information Environments

Prior research finds that forecast clustering is associated with lower forecast quality. Given
the rising prevalence of clustering documented in this paper, a natural question is whether
firms that are more exposed to clustered forecasts also exhibit weaker market information
environments. In this section, we test whether firm-year exposure to clustering is associated

with higher information asymmetry, as proxied by bid—ask spreads and stock illiquidity.

6.1 Measuring Firm-Year Exposure to Clustering

We conduct the analysis at the firm-year level. To measure a firm’s exposure to forecast

clustering, we define:

#{clustered forecasts for firm j in year t}

(3)

ClusterFrac;; =
ustersTacs #{all forecasts for firm j in year ¢}

where the numerator counts clustered forecasts issued by all analysts for firm j during
year t, and the denominator counts the total number of forecasts for the firm in the same
year.

Based on ClusterFrac;;, we construct two indicator variables that capture high clus-
tering exposure. The first is a relative measure, TopClustering, which equals 1 if a firm’s
Cluster Frac;; falls within the top quartile of the cross-sectional distribution in year ¢. The
second is an absolute measure, HighClustering, which equals 1 if Cluster Frac;; > 0.6. We
use the 0.6 threshold to identify firm-years with especially high clustering intensity in ab-
solute terms; as of 2023, approximately 57% of all forecasts are clustered. A value of 1 on

either indicator identifies firm-years that are frequently subject to clustered forecasts.
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6.2 Information-Environment Outcomes

Following Harford et al. (2019), we measure a firm’s information environment using two
standard proxies for information asymmetry and trading frictions: the stock bid—ask spread
and the Amihud illiquidity measure (Amihud, 2002). Specifically, the daily bid-ask spread

is computed as
askj,d — bidjd
(aSkj@ + bld]7d)/2 ’

Spread; q = 100 x

(4)

using daily closing bid and ask quotes from CRSP. The daily Amihud illiquidity measure is

computed as
‘ Ret j,d|

PR 000,000 5
DollarVol,g = " (5)

Illiqjd =

where DollarVol; 4 is dollar trading volume. We aggregate both measures to the firm-year

level by taking the average across trading days within each year.

6.3 Controls and Empirical Specification

To isolate the association between clustering exposure and the information environment, we
control for a comprehensive set of firm characteristics known to affect spreads and illiquidity.
In particular, we control for firm size, trading volume, and institutional ownership, as well
as their quadratic terms, to mitigate the concern that the clustering indicators merely proxy
for these firm attributes. We further control for the logarithm of the number of analysts
covering the firm, book-to-market ratio, leverage, the logarithm of stock price, past annual
stock return, return on assets, stock return volatility, as well as firm and year fixed effects.
The inclusion of firm and year fixed effects implies that the coefficients are identified from
within-firm changes over time in clustering exposure, relative to the contemporaneous cross-

sectional distribution. Table A2 reports summary statistics for variables used in this section.
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6.4 Empirical Results

Table 7 presents the results. Panel A reports baseline estimates using the two clustering
measures: Columns 1-2 use TopClustering, while Columns 3-4 use HighClustering. The
coefficients on TopClustering and HighClustering are positive and statistically significant
for Amihud illiquidity, and TopClustering is also significantly positive for bid—ask spreads.
Economically, the estimates in Panel A imply that firms in the top quartile of clustered-
forecast exposure experience an increase in bid—ask spreads of 1.32 basis points (about 3.1%
relative to the unconditional mean spread of 42 basis points) and an 18.2% increase in
the Amihud illiquidity measure. Using the absolute definition, firms with at least 60% of
forecasts clustered exhibit a 1.5% increase in bid—ask spreads and a 14.9% increase in Amihud

illiquidity.

6.5 Heterogeneity by Institutional Ownership

Panel B examines whether the association between clustering and the information environ-
ment varies with institutional ownership. The extent to which clustering matters for market
outcomes may depend on the composition of the investor base. To the extent that retail
investors rely more on publicly disseminated written research, while institutional investors
can partially substitute toward private information channels (e.g., direct interactions with
analysts (Groysberg and Healy, 2020)), the association between clustering and information
frictions may be stronger for firms with lower institutional ownership.

To evaluate this possibility, we interact the clustering measures with HighInsHolding, an
indicator equal to one if the firm’s institutional ownership percentage is above the sample
median. The interaction terms are negative and statistically significant across both liquidity
proxies and for both clustering definitions, indicating that the positive association between
clustering and information frictions is concentrated among firms with relatively low insti-

tutional ownership. For example, in Column 1, the coefficient on TopClustering is 2.59
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bps, whereas the implied effect for firms with above-median institutional ownership is only
2.59 —2.07 = 0.52 bps. Similar patterns obtain in Columns 2-4, where the interaction terms
largely offset the baseline clustering coefficients for above-median institutional ownership.
Overall, higher exposure to forecast clustering is associated with wider bid—ask spreads
and higher illiquidity, and this association is materially stronger among firms with below-
median institutional ownership. Combined with our earlier evidence that clustering is more
prevalent among smaller and less actively traded firms and among firms with lower insti-
tutional ownership, settings typically characterized by greater information frictions, these
results suggest that the increase in forecast clustering is linked to economically meaningful

heterogeneity in market-level information asymmetry across firms and across investor types.

7 Additional Analysis

This section provides additional analyses of forecast clustering behavior. We (i) quantify
the extent to which clustering varies persistently across analysts and brokerage firms versus
over time, and (ii) assess robustness of our main inferences using refined proxies for firm
importance and an alternative sample restriction motivated by analysts’ within-day attention

constraints.

7.1 Persistent Heterogeneity and Institutional Effects

Our main specifications include high-dimensional fixed effects. While these controls mitigate
confounding, they make it harder to see how much clustering reflects persistent differences
across analysts and brokerage firms versus common time variation. Panel A of Table 8 there-
fore reports a fixed-effects variance decomposition for the two quarterly clustering measures
used in Table 3, AnyCluster and MaxClusterNum. Specifically, we report the goodness-of-
fit from regressions that include only analyst fixed effects, brokerage firm fixed effects, and

year-quarter fixed effects.
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Analyst fixed effects explain the largest share of the variation in quarterly clustering
behavior, with R? values of 50.3% for AnyCluster and 49.9% for MaxClusterNum. This
pattern indicates that clustering propensity is highly persistent at the individual level and
is consistent with stable differences in work practices or time-allocation choices across ana-
lysts. Brokerage firm fixed effects also explain a nontrivial share of the variation (18.2% for
AnyCluster and 12.4% for MazClusterNum), suggesting that clustering correlates with in-
stitutional environments that differ across employers, such as internal processes, supervisory
norms, or report-production practices. In contrast, year-quarter fixed effects explain a rela-
tively small share of the variation (0.6% and 2.6%), implying that, at the quarterly frequency,
common time shocks account for less variation than persistent analyst- and brokerage-level
differences. When all three sets of fixed effects are included jointly, the R? values increase
only modestly (52.5% and 53.1%), consistent with analyst fixed effects absorbing a substan-
tial portion of the cross-brokerage differences in clustering.

To visualize this heterogeneity, Figure 3 plots the distribution of clustering propensities
across analysts and across brokerage firms. The x-axis reports the fraction of quarters in
which an analyst (or brokerage firm) exhibits any clustering, and the y-axis reports the corre-
sponding density. Both distributions are bimodal, with substantial mass near the lower and
upper extremes. For example, 33.0% of analysts and 24.2% of brokerage firms never cluster
in any quarter during the sample period, while 10.8% of analysts and 5.6% of brokerage firms
exhibit clustering in every quarter. This polarization highlights that clustering behavior is
not uniform and is instead concentrated among subsets of analysts and institutions.

Panel B of Table 8 provides additional descriptive evidence by listing the top 10 largest
brokerage firms with high and low clustering behavior respectively, ranked by firm size. We
classify brokerage firms as high-clustering if more than 80% of analyst-quarters involve clus-
tering and as low-clustering if fewer than 20% involve clustering. Several large institutions
(e.g., Bank of America and Barclays) fall into the high-clustering group, whereas others (e.g.,

Natixis and Stifel) fall into the low-clustering group. While these comparisons are descrip-
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tive, they reinforce the broader point that clustering is strongly correlated with persistent

analyst- and brokerage-level characteristics.

7.2 Robustness Tests

Our results remain robust across several robustness exercises. First, we refine the firm-
importance proxies used in Section 5.1. To more directly capture aspects of firm importance
that may be tied to commission-generating trading activity, we construct proxies based on (i)
institutional (non-retail) trading volume and (ii) active institutional ownership. Institutional
trading volume is measured at the firm-quarter level using TAQ data. Following Barber
et al. (2024), we estimate retail trading volume and define institutional trading volume as
total volume minus the retail component. We then construct Top Vollns and Top VollnsMu,
indicators equal to one if institutional trading volume in shares or dollars, respectively, falls
in the top quartile of the analyst’s portfolio at the end of the prior quarter. To proxy
for active institutional ownership, we focus on transient institutions as classified by Bushee
(2001) and construct two analogous indicators, TopTra and TopTraMuv, based on percentage
ownership and market-value ownership by transient institutions, respectively.

Using these refined measures, we re-estimate the regression from Table 5. Table 9 reports
that the coefficients on all four alternative importance indicators are negative and statistically
significant. The estimates are consistent with our main conclusion that analysts are less
likely to cluster forecasts for higher-priority firms, measured using proxies that emphasize
institutional trading activity and active institutional ownership.

Second, given that our study is most pertinent to analysts’ cognitive constraints, we
narrow our sample to forecasts that are at least partially performed and released within
the same day, which are directly subject to analysts’ limited attention and decision fatigue
(Hirshleifer et al., 2019; Jiao, 2023). Specifically, we follow Jiao (2023) and restrict the sample
to forecasts issued between 9:00 a.m. and 11:00 p.m., which excludes overnight releases and

reduces the influence of multi-day production cycles. Table 10 reports the results for this
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restricted sample. Panel A presents estimates for the workload- and event-timing drivers of
clustering, and Panel B presents estimates for the strategic-prioritization tests. The findings
remain qualitatively similar to our main results, although statistical significance is weaker in

some specifications, likely because this step filters out about half of the original observations.

8 Conclusion

This study provides a comprehensive analysis of forecast clustering among sell-side equity
analysts, a practice that has risen markedly over the past two decades despite evidence that
clustering is associated with lower forecast quality. We show that this rise tracks a sustained
increase in analyst workload that compresses the time and attention available per covered
firm and makes analysts’ schedules more prone to congestion. As coverage responsibilities
expand, the flow of information events within analysts’ portfolios becomes denser and more
difficult to sequence, including a higher incidence of overlapping earnings announcements,
more frequent competing firm-specific news that can divert attention, and greater reliance on
industry-level reports that combine updates across firms. Together, these workload-driven
changes in the timing and intensity of portfolio news reduce analysts’ ability to stagger
forecast revisions and increase the likelihood that updates are issued in clusters.

We next examine how analysts respond to these tighter scheduling constraints. Clustering
is less prevalent when the output is likely to be more visible and professionally consequential.
Forecasts for firms that are more important to analysts’ careers, proxied by firm size, trading
volume, and institutional ownership, are less likely to be clustered. Likewise, forecasts re-
leased alongside recommendation revisions, especially upgrades, exhibit substantially lower
clustering. These patterns are consistent with analysts rationing scarce attention by pri-
oritizing forecasts with higher reputational stakes, thereby partially shielding high-salience
outputs from the adverse correlates of clustering.

We then consider whether clustering is related to firms’ broader market information
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environments. Firms that are more frequently subject to clustered forecasts have wider bid—
ask spreads and higher Amihud illiquidity, consistent with greater information frictions and
weaker liquidity. The association is strongest among firms with below-median institutional
ownership, a setting in which public analyst research may play a comparatively larger role in
information production and dissemination. Combined with the fact that clustering is more
prevalent among smaller and less actively traded firms, these results suggest that the growth
of clustering is linked to economically meaningful cross-sectional heterogeneity in market-
level information asymmetry, with the potential to reinforce existing disparities in market
attention and information quality.

Taken together, our evidence highlights forecast clustering as an endogenous response
to capacity constraints in the information-intermediation process. As analysts’ portfolios
become more event-intensive, clustering may help analysts cope with peak-period scheduling
congestion, but it also coincides with lower forecast quality and poorer market liquidity for
more exposed firms. More broadly, our findings imply that frictions internal to information
intermediaries, such as limited time and attention, can shape both the timing of information
releases and the distribution of information quality across firms. Future work could evaluate
whether organizational practices, new technologies, or institutional and regulatory changes
that reduce peak-period congestion or improve analysts’ ability to sequence tasks translate

into less clustering and a more even provision of high-quality information in capital markets.

26



References

Amihud, Y. (2002). Iliquidity and stock returns: Cross-section and time-series effects.
Journal of Financial Markets, 5(1):31-56.

Barber, B. M., Huang, X., Jorion, P.; Odean, T., and Schwarz, C. (2024). A (sub)penny
for your thoughts: Tracking retail investor activity in TAQ. The Journal of Finance,
79(4):2403-2427.

Ben-Rephael, A., Carlin, B., Da, Z., and Israelsen, R. (2023). All in a day’s work: What do

we learn from analysts’ Bloomberg usage? Working Paper.

Birru, J., Gokkaya, S., Liu, X., and Stulz, R. (2022). Are analyst short-term trade ideas

valuable? The Journal of Finance, 77(3):1829-1875.

Birru, J., Gokkaya, S., Liu, X., and Stulz, R. (2024). Are analyst “top picks” informative?

The Review of Financial Studies, 37(5):1538-1583.

Bradley, D., Gokkaya, S., and Liu, X. (2017). Before an analyst becomes an analyst: Does

industry experience matter? The Journal of Finance, 72(2):751-792.

Bushee, B. J. (2001). Do institutional investors prefer near-term earnings over long-run

value? Contemporary Accounting Research, 18(2):207-246.

Chiu, P. C., Lourie, B., Nekrasov, A., and Teoh, S. H. (2021). Cater to thy client: Analyst

responsiveness to institutional investor attention. Management Science, 67(12):7455-7471.

Cooper, R. A., Day, T. E., and Lewis, C. M. (2001). Following the leader: A study of

individual analysts’ earnings forecasts. Journal of Financial Economics, 61(3):383-416.

deHaan, E., Shevlin, T., and Thornock, J. (2015). Market (in)attention and the strategic
scheduling and timing of earnings announcements. Journal of Accounting and Economics,

60(1):36-55.

27



Drake, M., Joos, P., Pacelli, J., and Twedt, B. (2020). Analyst forecast bundling. Manage-
ment Science, 66(9):4024-4046.

Driskill, M., Kirk, M. P., and Tucker, J. W. (2020). Concurrent earnings announcements

and analysts’ information production. The Accounting Review, 95(1):165-189.

Gleason, C. A. and Lee, C. M. C. (2003). Analyst forecast revisions and market price

discovery. The Accounting Review, 78(1):193-225.

Groysberg, B. and Healy, P. M. (2020). Wall Street research: Past, present, and future.

Stanford University Press.

Groysberg, B., Healy, P. M., and Maber, D. A. (2011). What drives sell-side analyst compen-

sation at high-status investment banks? Journal of Accounting Research, 49(4):969-1000.

Harford, J., Jiang, F., Wang, R., and Xie, F. (2019). Analyst career concerns, effort alloca-
tion, and firms’ information environment. The Review of Financial Studies, 32(6):2179—

2224.

Hirshleifer, D., Levi, Y., Lourie, B., and Teoh, S. H. (2019). Decision fatigue and heuristic

analyst forecasts. Journal of Financial Economics, 133(1):83-98.

Hirshleifer, D., Lim, S. S., and Teoh, S. H. (2009). Driven to distraction: Extraneous events

and underreaction to earnings news. The Journal of Finance, 64(5):2289-2325.

Hoechle, D., Schaub, N., and Schmid, M. M. (2015). Time stamp errors and the stock price

reaction to analyst recommendation and forecast revisions. Working Paper.

Hong, H. and Kubik, J. D. (2003). Analyzing the analysts: Career concerns and biased

earnings forecasts. The Journal of Finance, 58(1):313-351.

Jiao, Y. (2023). Managing decision fatigue: Evidence from analysts’ earnings forecasts.

Journal of Accounting and Economics, 77(1):101615.

28



Keane, M. P. and Runkle, D. E. (1998). Are financial analysts’ forecasts of corporate profits

rational? Journal of Political Economy, 106(4):768-805.

Kempf, E., Manconi, A., and Spalt, O. (2017). Distracted shareholders and corporate actions.

The Review of Financial Studies, 30(5):1660-1695.

Kothari, S., So, E., and Verdi, R. (2016). Analysts’ forecasts and asset pricing: A survey.
Annual Review of Financial Economics, 8(1):197-219.

Loh, R. K. and Stulz, R. M. (2011). When are analyst recommendation changes influential?
The Review of Financial Studies, 24(2):593-627.

Loh, R. K. and Stulz, R. M. (2018). Is sell-side research more valuable in bad times? The
Journal of Finance, 73(3):959-1013.

Ramnath, S.; Rock, S., and Shane, P. (2008). The financial analyst forecasting literature:

A taxonomy with suggestions for further research. International Journal of Forecasting,

24(1):34-75.

Rees, L., Sharp, N. Y., and Wong, P. A. (2017). Working on the weekend: Do analysts
strategically time the release of their recommendation revisions? Journal of Corporate

Finance, 45:104-121.

29



Figure 2: Annual Trends in Analyst Coverage, Forecasting Intensity, and Timeliness
This figure reports annual trends in three dimensions of analyst workload from 2002 to 2023. Panel
(a) plots the average number of firms covered per analyst. Panel (b) shows the average number
of one-year-ahead EPS forecasts (FC) issued per firm per analyst. Panel (c) reports the share of
forecasts that are timely, defined as those issued on the day of or the day after the most recent
earnings announcement of the forecasted firm.
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Figure 3: Distribution of Forecast Clustering Across Analysts and Brokerages

This figure displays the cross-sectional distribution of clustering propensities for individual analysts
and brokerage firms. The x-axis reports the fraction of quarters in which an analyst (Panel (a)) or a
brokerage firm (Panel (b)) exhibits any clustering behavior, and the y-axis reports the corresponding
density.
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Table 1: Summary Statistics
This table presents the summary statistics for the variables at the forecast level in the main sample,
based on I/B/E/S data from 2002 to 2023. See Table A1 for detailed variable definitions.

Name Mean  Median p05 p95  Std. Dev.
MultiForecast 0.514 1.000  0.000 1.000 0.500
MultiEA 0.527 1.000  0.000 1.000 0.499
IS News 5.348 0.000  0.000  36.000 12.490
Distraction News 0.852 0.250  0.000 3.875 1.538
IS AbnVol 0.328 0.000  0.000 1.000 0.469
Distraction AbnVol 0.079 0.059  0.000 0.250 0.094
IS AbsRet 0.232 0.000  0.000 1.000 0.422
Distraction AbsRet 0.082 0.053  0.000 0.294 0.112
IndustryReport 0.168 0.000  0.000 1.000 0.374
TopSize 0.249 0.000  0.000 1.000 0.432
TopVol 0.241 0.000  0.000 1.000 0.428
ToplO 0.247 0.000  0.000 1.000 0.431
ImpFirmAny 0.364 0.000  0.000 1.000 0.481
ImpFirmAll 0.132 0.000  0.000 1.000 0.338
RecomRevision 0.040 0.000  0.000 0.000 0.195
UpGrade 0.018 0.000  0.000 0.000 0.133
DownGrade 0.022 0.000  0.000 0.000 0.146
FirmExperience 0.396 0.294  0.000 1.000 0.350
GeneralExperience 0.436 0.348  0.000 1.000 0.343
BrokerSize 0.331 0.234  0.000 1.000 0.315
ForecastFrequency 0.587 0.600  0.000 1.000 0.299
FirmsFollowed 0.429 0.389  0.000 1.000 0.301
Forecast Age 0.546 0.533  0.036 1.000 0.302

Numest 18.548 17.000  4.000  39.000 10.796
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Table 2: Forecast Clustering and Analyst Workload: Aggregate Quarterly Trends

This table relates forecast clustering to analyst workload using aggregate year-quarter trends from
2002 to 2023. The dependent variable is the fraction of one-year-ahead EPS forecasts issued on
clustered days in year-quarter t (ClusterFraction). Columns 1-2 regress ClusterFraction on the
average number of one-year-ahead EPS forecasts issued per analyst in year-quarter ¢ (ReportNum-
Total). Columns 3-4 replace ReportNumTotal with its two components: the average number of
firms followed (FirmsFollowed) and the average number of forecasts per covered firm (ReportNu-
mAve). Columns 2 and 4 include a year-quarter time trend to control for common time variation.

Dependent Variable: ClusterFraction
Model: (1) (2) (3) (4)

ReportNumTotal 0.0411**  0.0189"**
(0.0030)  (0.0034)

FirmsFollowed 0.0411*** —0.0048
(0.0028) (0.0078)
ReportNumAve 0.1554*** 0.1683***
(0.0524) (0.0438)
YrQtr 0.0058*** 0.0099***
(0.0007) (0.0016)
Constant 0.0085 —11.4055*** —0.2278"* —19.6911***
(0.0363) (1.3427) (0.0899) (3.1567)
R? 0.6869 0.8308 0.7174 0.8055
Adjusted R? 0.6833 0.8268 0.7107 0.7985
Observations 88 88 88 88

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table 3: Quarterly Forecast Clustering and Analyst Characteristics

This table reports analyst-quarter regressions relating forecast clustering to analyst workload and
other analyst characteristics. The dependent variables are AnyCluster, an indicator equal to one if
the analyst issues forecasts for more than one firm on at least one day during the quarter (Columns
1-3), and MazClusterNum, the logarithm of the maximum number of forecasts the analyst issues
on a single day during the quarter (Columns 4-6). The main workload measures are FirmsFollowed
and ReportNumAwve. Columns 2 and 5 include analyst fixed effects, and columns 3 and 6 additionally
include year-quarter fixed effects. Standard errors are two-way clustered by analyst and year-quarter
and reported in parentheses.

Dependent Variables: AnyCluster MaxClusterNum

Model: (1) (2) (3) (4) (5) (6)

FirmsFollowed 0.0274*** 0.0175%** 0.0177**  0.0309™**  0.0241*** 0.0246***
(0.0005) (0.0005) (0.0005) (0.0009)  (0.0007)  (0.0007)

ReportNumAve 0.2928*** 0.2402*** 0.2392***  0.8051***  0.5968***  0.5881***
(0.0068) (0.0050) (0.0048) (0.0204)  (0.0201)  (0.0177)

IndustryCovered 0.0374*** 0.0596*** 0.0588***  —0.0043  0.0214** 0.0197***
(0.0017) (0.0017) (0.0016) (0.0037)  (0.0023)  (0.0023)

BigBroker —0.0190***  —0.0200*** —0.0192*** 0.0285***  —0.0044  —0.0040

(0.0046)  (0.0060)  (0.0060)  (0.0093)  (0.0098)  (0.0098)
GeneralExperience 0.0010***  —0.0022***  0.0158**  —0.0010* 0.0063***  0.0215**
(0.0003) (0.0006) (0.0064) (0.0005)  (0.0010)  (0.0092)

Constant 0.1235*** 0.3994***

(0.0069) (0.0133)
Fized-effects
Analyst No Yes Yes No Yes Yes
YrQtr No No Yes No No Yes
R? 0.4090 0.5931 0.5954 0.3244 0.6011 0.6067
Adjusted R? 0.4090 0.5642 0.5665 0.3244 0.5724 0.5780
Observations 232,311 232,311 232,311 141,643 141,643 141,643

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table 4: Workload-Related (Mechanical) Drivers of Forecast Clustering

This table examines how workload-related scheduling congestion is associated with analysts’ propen-
sity to issue clustered forecasts. The dependent variable, MultiForecast; ;, equals 1 if analyst i’s
forecast for firm j on day t is clustered and 0 otherwise. The main variables of interest capture
workload-related forces that can mechanically increase clustering, including concurrent earnings
announcements within the analyst’s coverage portfolio and competing information events affecting
other covered firms. In Columns 1-2, the workload measure includes MultiEA; 4, an indicator
equal to 1 if, on the most recent earnings announcement day of firm j on or before day ¢, at least
one other firm covered by analyst ¢ also announces earnings. Columns 3-8 study distraction effects
using three portfolio-wide proxies: the number of fundamental news events, abnormal trading vol-
ume, and absolute stock returns. We additionally include the focal firm’s information shock, 1.5,
to assess whether the focal firm’s “attractiveness” affects clustering. All specifications include a stan-
dard set of controls X; ;; (number of companies covered, brokerage size, firm-specific experience,
forecast age, forecast frequency, and the number of covering analysts; see Table A1 for definitions),
as well as firm X year, analyst x year-quarter, and date fixed effects. For brevity, only coefficients
of interest are reported. Standard errors are two-way clustered by analyst and date and reported
in parentheses.
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Dependent Variable: MultiForecast
Model: (1) (2) (3) (4) (5) (6) (7) (8)
MultiEA 0.3132**  0.2140***
(0.0029)  (0.0030)
Distraction News 0.0516™** 0.0446***
(0.0013) (0.0010)
IS News —0.0028"**  —0.0020***
(0.0001) (0.0001)
Distraction _AbnVol 0.6794*** 0.6802***
(0.0150) (0.0107)
IS_AbnVol —0.1451"**  —0.0720***
(0.0036) (0.0015)

Distraction AbsRet 0.4426*** 0.3883***

(0.0122) (0.0092)
IS _AbsRet —0.0969***  —0.0454***

(0.0028) (0.0012)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Fized-effects
Firm-Year No Yes No Yes No Yes No Yes
Analyst-YrQtr No Yes No Yes No Yes No Yes
ForecastDay No Yes No Yes No Yes No Yes
R? 0.1214 0.3668 0.0537 0.3523 0.0567 0.3530 0.0408 0.3448
Adjusted R? 0.1214 0.2935 0.0537 0.2772 0.0566 0.2780 0.0408 0.2689
Observations 2,281,675 2,261,392 2,281,674 2,261,392 2,281,674 2,261,392 2,281,674 2,261,392

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1



Table 5: Strategic Inter-day Job Allocation: Important Firms

This table examines whether analysts are less likely to issue clustered forecasts for firms that are
more important within their coverage portfolios. The dependent variable, MultiForecast; j;, equals
1 if analyst ¢’s forecast for firm j on day t is clustered and 0 otherwise. The variable of interest,
ImportantFirm; j, is measured using five alternative indicators of whether firm j is important
within analyst ¢’s portfolio on day t. Specifically, TopSize, TopVol, and ToplO equal 1 if firm j
is in the top quartile of the analyst’s portfolio by market capitalization, trading volume, and in-
stitutional ownership, respectively, as of the most recent quarter-end. The composite indicators
ImpFirmAny and ImpFirmAll equal 1 if any or all of these three criteria are satisfied, respectively.
All specifications include the control variables X; ;; described in Table 4 and firm X year, analyst
x year-quarter, and date fixed effects. We also control for the mechanical, workload-related fac-
tors identified earlier, including concurrent earnings announcements within the analyst’s portfolio,
potential distraction from news affecting other covered firms, and whether the forecast is part of
an industry-wide report. For brevity, only coeflicients of interest are reported. Standard errors are
two-way clustered by analyst and date and reported in parentheses.

Dependent Variable: MultiForecast
Model: (1) (2) (3) (4) (5)
TopSize —0.0071***
(0.0011)
TopVol —0.0031***
(0.0010)
ToplO —0.0071%*
(0.0011)
ImpFirmAny —0.0059***
(0.0010)

ImpFirmAll —0.0051***

(0.0013)
Controls Yes Yes Yes Yes Yes
Fized-effects
Firm-Year Yes Yes Yes Yes Yes
Analyst-YrQtr Yes Yes Yes Yes Yes
ForecastDay Yes Yes Yes Yes Yes
R? 0.4848 0.4848 0.4848 0.4848 0.4848
Adjusted R? 0.4199 0.4199 0.4199 0.4199 0.4199
Observations 2,281,674 2,281,674 2,281,674 2,281,674 2,281,674

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table 6: Strategic Inter-day Job Allocation: Important Forecasts

This table examines whether analysts are less likely to issue clustered forecasts when a forecast is
accompanied by a recommendation revision, which proxies for the importance of the information
content. The dependent variable, MultiForecast;;;, equals 1 if analyst i’s forecast for firm j on
day t is clustered and 0 otherwise. The main explanatory variable, RecomRevsion; j:, equals 1 if
the forecast is issued together with a recommendation revision. To assess potential asymmetries,
Columns 3-4 replace RecomRevsion; j; with two separate indicators, UpGrade and DownGrade,
which equal 1 for upward and downward recommendation revisions, respectively. All specifications
include the control variables X; ;; described in Table 4 and firm X year, analyst x year-quarter,
and date fixed effects. We also control for the mechanical, workload-related factors identified earlier,
including concurrent earnings announcements within the analyst’s portfolio, potential distraction
from news affecting other covered firms, and whether the forecast is part of an industry-wide report.
For brevity, only coefficients of interest are reported. Standard errors are two-way clustered by
analyst and date and reported in parentheses.

Dependent Variable: MultiForecast

Model: (1) (2) (3) (4)

RecomRevision —0.0345***  —0.0150***

(0.0027) (0.0017)

UpGrade —0.0468***  —0.0266"**
(0.0032) (0.0024)

DownGrade —0.0241***  —0.0050**
(0.0031) (0.0022)

Controls Yes Yes Yes Yes

Fized-effects

Firm-Year No Yes No Yes

Analyst-YrQtr No Yes No Yes

ForecastDay No Yes No Yes

R? 0.3279 0.4848 0.3279 0.4848

Adjusted R? 0.3279 0.4200 0.3279 0.4200

Observations 2,281,674 2,281,674 2,281,674 2,281,674

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table 7: Forecast Clustering and the Firm’s Information Environment

This table examines the relation between forecast clustering and the information environment of
firm j in year t. The dependent variable, InformationEnvj;, is measured alternatively using (i) the
bid—ask spread (BidAskSpread) and (ii) Amihud illiquidity (AmihudIlliquidity). For the explanatory
variable, we use two alternative measures to capture whether the firm experiences frequent forecast
clustering during year ¢t. Columns 1-2 use TopClustering, an indicator equal to 1 if the firm is in
the top quartile of clustered-forecast frequency in that year. Columns 3-4 use HighClustering, an
indicator equal to 1 if 60% or more of the forecasts issued for the firm during the year are clustered.
Panel A reports the baseline specifications. Panel B includes the interaction of the clustering mea-
sures with HighlnsHolding, an indicator equal to 1 if the firm’s institutional ownership percentage
is above the sample median, to examine heterogeneity by institutional ownership. All specifications
include a standard set of firm-year controls X;;: firm size, trading volume, institutional holdings
(and their quadratic terms), the number of covering analysts, book-to-market ratio, leverage, log
stock price, past stock return, return on assets, and stock return volatility (see Table A1 for defini-
tions). Firm and year fixed effects are included. Standard errors are clustered at the firm level and
reported in parentheses.
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Panel A: Clustering and Information Environment

Dependent Variables:

BidAskSpread AmihudIlliquidity

BidAskSpread AmihudIlliquidity

Model: (1) (2) (3) (4)
TopClustering 0.0132%* 0.0142%*
(0.0045) (0.0039)
HighClustering 0.0064 0.0116™**
(0.0047) (0.0040)
log(Numest) —0.0440* —0.0161* —0.0445* —0.0164***
(0.0062) (0.0049) (0.0062) (0.0049)
log(MarketCap) —0.9511"* —0.5106™** —0.9512%** —0.5103***
(0.0507) (0.0483) (0.0507) (0.0483)
log(MarketCap)? 0.0327*** 0.0181** 0.0327*** 0.0180***
(0.0017) (0.0017) (0.0017) (0.0017)
log(TradingVolume) —0.8161*** —0.5292*** —0.8158"** —0.5285***
(0.0535) (0.0511) (0.0535) (0.0511)
log(TradingVolume)? 0.0176*** 0.0117+ 0.0176** 0.0117
(0.0012) (0.0012) (0.0012) (0.0012)
InsHolding 0.0149 0.0241 0.0154 0.0247
(0.0452) (0.0390) (0.0453) (0.0390)
InsHolding? 0.0491 0.0466 0.0490 0.0463
(0.0344) (0.0294) (0.0345) (0.0294)
BM 0.0172* 0.0097 0.0173* 0.0096
(0.0092) (0.0078) (0.0092) (0.0078)
Leverage 0.0298 0.0158 0.0297 0.0156
(0.0186) (0.0144) (0.0186) (0.0144)
log(Price) —0.0400*** —0.0045 —0.0402*** —0.0046
(0.0091) (0.0065) (0.0091) (0.0065)
PastRet —0.0387*** —0.0210*** —0.0388*** —0.0211**
(0.0038) (0.0034) (0.0038) (0.0034)
ROA —0.0624* —0.0330 —0.0623* —0.0331
(0.0280) (0.0244) (0.0280) (0.0244)
Volatility 4.4601** 2.3207* 4.4478* 2.3137*
(0.3366) (0.2769) (0.3365) (0.2767)
Fixed-effects
Firm Yes Yes Yes Yes
Year Yes Yes Yes Yes
R? 0.8125 0.6103 0.8124 0.6102
Adjusted R? 0.7883 0.5601 0.7883 0.5600
Observations 40,098 40,100 40,098 40,100

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Panel B: Clustering and Information Environment by Institutional Onwership

Dependent Variables: BidAskSpread Amihudllliquidity BidAskSpread AmihudIlliquidity
Model: (1) (2) (3) (4)
Variables
TopClustering 0.0259*** 0.0307***
(0.0097) (0.0089)
TopClustering x HighlnsHolding -0.0207* -0.0270***
(0.0098) (0.0086)
HighClustering 0.0307** 0.0319***
(0.0106) (0.0094)
HighClustering x HighInsHolding -0.0379*** -0.0318***
(0.0105) (0.0090)
Controls Yes Yes Yes Yes
Fized-effects
Firm Yes Yes Yes Yes
Year Yes Yes Yes Yes
Fit statistics
R? 0.8015 0.5732 0.8016 0.5732
Adjusted R? 0.7785 0.5236 0.7785 0.5236
Observations 39,648 39,650 39,648 39,650

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

41



Table 8: Clustering, Working Habits, and Brokerage Culture

This table investigates whether forecast clustering reflects persistent individual working patterns
and institutional practices. Panel A reports the variation in analysts’ quarterly clustering behavior
explained by time (year-quarter), analyst, and brokerage firm fixed effects. Two measures are used:
(1) AnyCluster, a binary indicator equal to 1 if the analyst issues clustered forecasts on at least one
day in the quarter (extensive margin), and (2) MaxzCluster Num, the logarithm of the maximum
number of forecasts issued on a single clustered day within the quarter (intensive margin). Panel B
lists the ten largest brokerage firms with high and low clustering intensities, based on the fraction of
analyst-quarters exhibiting clustering. Firms are classified as high clustering if this fraction exceeds
0.8 and low clustering if it falls below 0.2.

Panel A: Quarterly clustering explained by fized effects

Time (T)  Analyst (A)  Broker (B) A+B T+A+B
Any Cluster
R? 0.006 0.503 0.182 0.516 0.525
Observations 232,311 232,311 232,311 232,311 232,311
Max Cluster Number
R? 0.026 0.499 0.124 0.513 0.531
Observations 141,643 141,643 141,643 141,643 141,643

Panel B: Top 10 largest brokers with high and low forecast clustering

ESTIMID Company Name Clustering Fraction
High Clustering

STIFEL Stifel, Nicolaus & Company, Incorporated 0.849
MONTSEC Banc of America Securities LLC 0.849
FRCLAYSC Barclays Bank PLC 0.822
WHEAT Wells Fargo Securities, LLC 0.839
EDWARDS A. G. Edwards & Sons, Inc. 0.803
BLAIR William Blair & Company L.L.C. 0.807
FAHN Oppenheimer & Co. Inc. 0.872
PIPER Piper Sandler & Co. 0.899
STERNE Sterne Agee & Leach Inc. 0.800
BACHE Prudential Equity Group 0.875
Low Clustering

JBEF Kepler Capital Markets 0.060
CDC Natixis S.A. 0.007
CICC China International Capital Corporation Limited 0.182
ODDO ODDO BHF Corporate & Markets 0.038
ALPHAV Fairesearch GmbH & Co KG 0.030
MAINFRST Stifel Europe 0.089
CARNEGIE Carnegie Investment Bank AB 0.141
DANBORS Danske Bank A/S 0.092
SANINVLC Santander Investment Securities Inc. 0.170
JMDUTTON Dutton Associates 0.091
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Table 9: Robustness: Alternative Measures of Firm Importance

This table examines whether analysts are less likely to cluster forecasts for important firms, using
alternative proxies for importance. The dependent variable, MultiForecast;;;, equals 1 if ana-
lyst ¢’s forecast for firm j on day t is clustered and 0 otherwise. The main explanatory variable,
ImportantFirm; j, is measured using four alternative proxies for firm importance based on institu-
tional trading activity and ownership. Two trading-based indicators, Top Vollns and Top VollnsMwv,
equal 1 if firm j is in the top quartile of analyst i’s portfolio based on the number of shares or
the dollar value of shares traded by institutional investors, respectively. Two ownership-based indi-
cators, TopTra and TopTraMv, equal 1 if firm j is in the top quartile based on the percentage or
dollar value of shares held by transient institutional investors, following the classification in Bushee
(2001). All specifications include the control variables X; j+ described in Table 4 and firm X year,
analyst x year-quarter, and date fixed effects. For brevity, only coefficients of interest are reported.
Standard errors are two-way clustered by analyst and date and reported in parentheses.

Dependent Variable: MultiForecast
Model: (1) (2) (3) (4)
TopVollns —0.0030***
(0.0010)
TopVollnsMv —0.0052***
(0.0011)

TopTra —0.0023**

(0.0011)
TopTraMv —0.0063***

(0.0011)

Controls Yes Yes Yes Yes
Fized-effects
Firm-Year Yes Yes Yes Yes
Analyst-YrQtr Yes Yes Yes Yes
ForecastDay Yes Yes Yes Yes
R? 0.4848 0.4848 0.4848 0.4848
Adjusted R? 0.4199 0.4199 0.4199 0.4199
Observations 2,281,674 2,281,674 2,281,674 2,281,674

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table 10: Robustness: Forecast Clustering within Analyst Working Hours

This table replicates the main regression results from Table 4 through Table 6, restricting the
sample to forecasts issued between 9:00 a.m. and 11:00 p.m., which corresponds to analysts’ working
hours according to Jiao (2023). Panel A reports results for workload-related, mechanical clustering
channels examined in Table 4, including concurrent earnings announcements and distraction from
news affecting other firms in the analyst’s portfolio. Panel B presents results for strategic clustering
based on firm or information importance, replicating specifications from Tables 5 and 6, respectively.

Panel A: Workload-related clustering

Dependent Variable: MultiForecast
Model: (1) (2) (3) (4)
MultiEA 0.1853***
(0.0032)
Distraction News 0.0561***
(0.0013)
IS News —0.0022***
(0.0001)
Distraction AbnVol 0.5644***
(0.0121)
IS _AbnVol —0.0711%*
(0.0017)
Distraction AbsRet 0.3092***
(0.0103)
IS AbsRet —0.0471*
(0.0015)
Controls Yes Yes Yes Yes
Fized-effects
Firm-Year Yes Yes Yes Yes
Analyst-YrQtr Yes Yes Yes Yes
ForecastDay Yes Yes Yes Yes
R? 0.4654 0.4613 0.4552 0.4498
Adjusted R? 0.3463 0.3412 0.3338 0.3272
Observations 1,013,328 1,013,328 1,013,328 1,013,328

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Panel B: Strategic clustering

Dependent Variable: MultiForecast
Model: (1) (2) (3) (4) (5) (6) (7)
TopSize —0.0059***
(0.0016)
TopVol —0.0025
(0.0015)
ToplO —0.0054***
(0.0016)
ImpFirmAny —0.0057*
(0.0015)
ImpFirmAll —0.0029*
(0.0015)
RecomRevision —0.0167***
(0.0028)

UpGrade —0.0282***

(0.0039)
DownGrade —0.0071*

(0.0038)
Controls Yes Yes Yes Yes Yes Yes Yes
Fized-effects
Firm-Year Yes Yes Yes Yes Yes Yes Yes
Analyst-YrQtr Yes Yes Yes Yes Yes Yes Yes
ForecastDay Yes Yes Yes Yes Yes Yes Yes
R? 0.5679 0.5679 0.5679 0.5679 0.5679 0.5680 0.5680
Adjusted R? 0.4536 0.4536 0.4536 0.4536 0.4536 0.4536 0.4537
Observations 1,047,436 1,047,436 1,047,436 1,047,436 1,047,436 1,047,436 1,047,436

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1



Appendix A

Additional Tables

Table Al: Variable Definition

Variable Definition
Variables of Interests
MultiForecast A dummy variable equal to 1 if the forecast is issued on a day when the
analyst releases more than one forecast and 0 otherwise.
MultiEA A dummy variable equal to 1 if at least one other firm in the analyst’s

Distraction News

IS News

Distraction _AbnVol

IS AbnVol

Distraction AbsRet

IS AbsRet

TopSize

TopVol

ToplO

ImpFirmAny

portfolio announces earnings on the same day and 0 otherwise.

A weighted measure of IS News for all firms in analyst i’s portfolio
excluding firm j on day t.

The number of fundamental news for firm j recorded in RavenPack on
day t. Fundamental news are news with a relevance score of 100 and
an event similarity day equal to or larger than 100 from the following
news types: news-flash, hot-news-flash, full article, and press release,
excluding the following six news groups related to analysts’ analysis
or technical analysis: credit-ratings, analyst-ratings, price-targets,
stock-picks, stock-prices, technical-analysis.

A weighted measure of IS _AbnV ol for all firms in analyst ¢’s portfolio
excluding firm 5 on day t.

A dummy variable equal to 1 if stock j is in the top decile of abnormal
trading volume of CRSP’s cross-sectional ranking on day ¢ and 0
otherwise.

A weighted measure of IS AbsRet for all firms in analyst i’s portfolio
excluding firm 7 on day t.

A dummy variable equal to 1 if stock j is in the top decile of absolute
return of CRSP’s cross-sectional ranking on day ¢ and 0 otherwise.

A dummy variable equal to 1 if firm j is in the top quartile of analyst
i’s portfolio in terms of market capitalization at the last quarter-end
and 0 otherwise.

A dummy variable equal to 1 if firm j is in the top quartile of analyst
i’s portfolio in terms of trading volume (in thousand shares) in the
previous quarter and 0 otherwise.

A dummy variable equal to 1 if firm j is in the top quartile of analyst
i’s portfolio in terms of institutional ownership at the last
quarter-end and 0 otherwise. Institutional ownership is calculated as
the percentage of equity of firm j held by all institutions, multiplied
by the market capitalization at the last quarter-end.

A dummy variable equal to 1 if TopSize, TopVol, or ToplO is equal to 1.

Continued on next page
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Table A1 — Continued from previous page

Variable

Definition

ImpFirmAll

TopVollns

TopVollnsMv

TopTra

TopTraMv

RecomRevision

UpGrade

DownGrade

A dummy variable equal to 1 if TopSize, TopVol, and ToplO are equal
to 1.

A dummy variable equal to 1 if firm j is in the top quartile of analyst
1’s portfolio in terms of institutional trading volume in the previous
quarter and 0 otherwise. Institutional trading volume is calculated
as the total trading volume minus retail trading volume, where retail
trading volume is estimated using TAQ data following Barber et al.
(2024).

A dummy variable equal to 1 if firm j is in the top quartile of analyst
’s portfolio in terms of the market value of institutional trading
volume in the previous quarter and 0 otherwise. Market value of
institutional trading volume is computed as institutional trading
volume, measured in shares, multiplied by the firm’s stock price at
the last quarter-end.

A dummy variable equal to 1 if firm j is in the top quartile of analyst
i’s portfolio in terms of transient institutional ownership at the last
quarter-end and 0 otherwise. Transient institutional ownership is the
percentage of shares owned by transient institutional investors,
according to Bushee (2001)’s classification.

A dummy variable equal to 1 if firm j is in the top quartile of analyst
i’s portfolio in terms of the market value of transient institutional
ownership at the last quarter-end and 0 otherwise. Market value of
transient institutional ownership is the percentage of shares owned
by transient institutional investors, according to Bushee (2001)’s
classification, multiplied by the market value of the firm at the last
quarter-end.

A dummy variable equal to 1 if the forecast is accompanied by a
recommendation issued on the same day by the same analyst for the
same firm and the recommendation is an upgrade or downgrade
compared to the previous one, and 0 otherwise.

A dummy variable equal to 1 if the forecast is accompanied by a
recommendation issued on the same day by the same analyst for the
same firm and the recommendation is an upgrade compared to the
previous one, and 0 otherwise.

A dummy variable equal to 1 if the forecast is accompanied by a
recommendation issued on the same day by the same analyst for the
same firm and the recommendation is a downgrade compared to the
previous one, and 0 otherwise.

Control Variables

Continued on next page
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Table A1 — Continued from previous page

Variable

Definition

FirmExperience

GeneralExperience

BrokerSize

ForecastFrequency

FirmsFollowed

ForecastAge

Numest

BidAskSpread

Amihudllliquidity

TopClustering

HighClustering

The number of years in analyst ¢’s forecast history for firm j minus the
minimum number of years of forecast history for firm j for analysts
who follow firm j in year ¢, and this difference is then scaled by the
range of forecast history for firm 5 for analysts who follow firm j in
year t.

The number of years in analyst ¢’s forecast history minus the minimum
number of years of forecast history for analysts who follow firm j in
year t, and this difference is then scaled by the range of forecast
history for analysts who follow firm j in year ¢.

The number of analysts employed by the brokerage house that employs
analyst 7 following firm j in year ¢ minus the minimum number of
analysts employed by brokerage houses for analysts who follow firm j
in year ¢, and this difference is then scaled by the range of brokerage
house sizes for analysts who follow firm j in year ¢.

The number of forecasts issued by analyst ¢ who follow firm j in year ¢
minus the minimum number of forecasts issued by analysts who
follow firm j in year ¢, and this difference is then scaled by the range
of numbers of forecasts issued by analysts who follow firm j in year ¢.

The number of firms followed by analyst ¢ following firm j in year ¢
minus the minimum number of firms followed by analysts who follow
firm j in year ¢, and this difference is then scaled by the range of
numbers of firms followed by analysts who follow firm j in year ¢.

The number of days from analyst ¢’s forecast date in year t to the date
of the earnings announcement minus the minimum number of days
from the forecast date to the date of the earnings announcement
among analysts who follow firm j in year ¢, and this difference is
then scaled by the range of days from the forecast date to the date of
the earnings announcement for analysts who follow firm j in year ¢.

The number of analysts who cover firm j at time .

Information Environments Variables

The average bid-ask spread over the year, calculated as 100 x %,
using daily closing bid and ask prices from CRSP.

The average ratio of the absolute stock return to the dollar trading
volume, scaled by 10°, using daily stock returns and trading volumes
over the year from CRSP.

A dummy variable equal to 1 if a firm falls within the top quartile of
the fraction of clustered forecasts across all firms in year t.

A dummy variable equal to 1 if at least 60% of forecasts are clustered in
year t.

Continued on next page
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Table A1 — Continued from previous page

Variable Definition

HighInsHolding A dummy variable equal to 1 if firm j’s institutional ownership
percentage is above the sample median.

TradingVolume The annual trading volume for a firm j in year ¢ — 1.

InsHolding The percentage of a firm’s equity held by all institutions at the end of
year t — 1.

BM Book value of equity in the fiscal year prior to the earnings forecast,
divided by the current market value of equity.

Leverage Long-term debt plus debt in current liabilities, divided total assets in
the fiscal year prior to the earnings forecast.

PastRet Cumulative buy-and hold returns in year ¢ — 1.

ROA Return on assets, calculated as net income before extraordinary items
and discontinued operations, divided by total assets in year ¢t — 1.

Volatility Daily stock return volatility for firm j in year t.
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Table A2: Summary Statistics for Variables in the Information Environment Analysis
This table presents the summary statistics for the variables in the information environment analysis
from 2002 to 2023. See Table Al for detailed variable definitions.

Name Mean Median p05 p95 SD

BidAskSpread 0.420 0.159 0.022 1.917  0.608
Amihudllliquidity 0.078 0.003 0.000 0.498 0.230
Synchronicity —1.435 —1.241 —4.241 0.611 1.400
TopClustering 0.250 0.000 0.000 1.000 0.433
HighClustering 0.244 0.000 0.000 1.000 0.429
HighInsHolding 0.500 0.500 0.000 1.000 0.500
Numest 9.708 7.000 2.000 27.000  7.995
log(MarketCap) 13.671 13.611 10.536  17.063  1.892
log(TradingVolume)  21.201 21.272 17.361  24.739  2.169
InsHolding 0.613 0.695 0.025 1.020 0.317
BM 0.552 0.444 0.090 1.444 0.415
Leverage 0.228 0.192 0.000 0.655 0.213
log(Price) 2.809 2.956 0.425 4.688 1.235
Past ret 0.115 0.065 —0.670 1.151 0.522
ROA 0.074 0.113 —0.378 0.294 0.188
Volatility 0.031 0.027 0.013 0.065 0.015
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