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Abstract: We examine whether analysts help disseminate geographic-specific information via 

information sharing with officemates who cover firms located an area (i.e., local peers). We find 

that analysts are more likely to cover firms in areas where they have more local peers.  This 

coverage effect is stronger when social interactions with officemates are more likely and when 

officemates have more valuable local knowledge. Analysts with more local peers produce more 

accurate earnings forecasts and generate stronger stock market responses. Geographic stock price 

momentum effects are attenuated (exacerbated) in the relative presence (absence) of local peers, 

consistent with local peers sharing geographic information. 
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1. Introduction 

Firms are affected by macroeconomic, industry specific and firm specific factors (King 

(1966); Schmalensee (1985); Roll (1988)).  Recent research by Dougal et al. (2015) appeals to the 

urban economics literature on agglomeration economies and identifies local geography as an 

additional economically important factor.  Specifically, they find that the investment sensitivity of 

a firm (such as the semiconductor firm Cirrus Logic in Austin, TX) to local firms in different 

industries (non-semiconductor firms in the Austin area) is non-trivial at about half the magnitude 

of the sensitivity to firms in the same industry but different geographic areas (semiconductor firms 

located outside of the Austin area).1   

Despite the economic importance of the local geographic factor, investors appear to slowly 

impound geographic information into stock price. Parsons et al. (2016) document that stock price 

momentum based on geography generates annual returns of 5%, about half the magnitude of 

industry momentum (Moskowitz and Grinblatt (1999)).  They also show that unlike industry 

momentum, which dissipates in the presence of financial analysts, geographic momentum persists 

regardless of the number of analysts following. Parsons et al. (2016) posit that this is because 

brokerages are organized along industry lines as opposed to geographic region.  Since it is much 

more common for an analyst to cover firms in the same industry but different geographic areas 

than to cover firms in the same area but different industries, industry information is more 

efficiently priced relative to geographic information.  Parsons et al. (2016) conclude their 

examination by suggesting that analysts with more regional exposure may play a potential role in 

mitigating price inefficiencies with respect to geographic information.   

The merits of their suggestion ultimately rest with the costs for analysts to identify, 

assimilate and communicate geographic information to investors.  Whether such costs are 

sufficiently large to prohibit analyst involvement in diffusing geographic information is unclear 

and is the empirical question we investigate in this paper.  On the one hand, the nature of 

geographic information might render diffusion infeasible.  As Dougal et al. (2015) point out, the 

                                                      
1 The large literature on urban economics on agglomeration economies has documented the importance of geography 

for various aspect of local economies. The Handbooks of Regional and Urban Economics provide a good reference 

for this literature.  
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driving force behind geographically proximate firms investing together is not local common 

exogenous shocks, but rather due to spillover effects endogenously generated among nearby firms 

(Manski (1993)).  The former are arguably easier for an analyst to identify and understand because 

the shock itself receives substantial attention from information providers. For example, news 

coverage of Hurricane Katrina and its impact on firms located in the affected area would lower the 

diffusion costs to the analyst.  The latter, however, result from endogenous choices by firms 

whereby the actions of one firm impact other nearby firms, giving rise to agglomeration 

economies.  Understanding, for example, how the investment decisions at Cirrus Logic in Austin, 

TX might be impacted by actions at a local peer firm such as the Austin grocer Whole Foods is 

difficult given the variety of ways firms endogenously interact.  Dougal et al. (2015) outline a 

number of possibilities for these interactions, including but not limited to, knowledge spillovers 

(Jaffe et al. (1993)), human capital externalities (Moretti (2004)), consumption externalities 

(Glaeser et al. (2001)), and collateral values (Chaney et al. (2012)).  While it may be easy to 

attribute the performance of Austin firms to the local spillover effects in hindsight, it is arguably 

much more difficult to detect these effects ex ante. 

On the other hand, identifying and understanding specific endogenous interactions among 

local firms may not be necessary for the analyst.  Firm management is able to accommodate 

geographic information when making investment decisions, and Dougal et al. (2015) also provide 

evidence consistent with this occurring as a result of communication between upper management 

of nearby firms.  Since analysts are rewarded for maintaining relationships with, and access to, 

corporate management (Ke and Yu (2004); Brown et al. (2015)), diffusion of geographic 

information may be possible through analyst connections with management.  

Empirically testing whether analysts help diffuse geographic information requires a proxy 

for an analyst’s exposure to that information.  Continuing the previous example, a single analyst 

covering both Cirrus Logic and Whole Foods, presumably with access to both management teams, 

would be uniquely suited to diffuse Austin, TX specific geographic information relative to another 

analyst covering two firms that are geographically distant.  Unfortunately, it is rare for a single 

analyst to have such geographically overlapping coverage given the industry alignment of 

brokerages and the analysts’ incentives to be industry specialists (Parsons et al. (2016); Piotroski 

and Roulstone (2004); Brown et al. (2015)).    
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In this paper, we consider individual brokerage offices and analyst officemates as an 

alternative way for an analyst to acquire geographic information.  If two analysts in the same 

brokerage office each specialize in different industries (such as groceries and semiconductors) but 

also each individually cover one of two geographically proximate firms (Whole Foods and Cirrus 

Logic), geographic information (of Austin, TX) could be diffused if analysts share information 

and use each other as geographic information sources.  As researchers, we cannot observe private 

interactions between analysts or the specific information they share, so we rely on standard 

approaches in the literature on word-of-mouth communication of information among investors. 

This literature documents that close proximity of individuals to one another facilitates social 

interaction and information transfer, in settings ranging from individual investor stock market 

participation and trading decisions (Hong et al. (2004); Brown et al. (2008); Ivkovic and 

Weisbenner (2007)) to portfolio managers holding and trading decisions (Hong et al. (2005); Pool 

et al. (2015)).   

If analysts expect to benefit from officemates sharing geographic information such that 

diffusion costs are not sufficiently binding, we should observe analysts initiating coverage for 

firms located in a particular geographic area when more officemates provide coverage for (other) 

firms in the same area (we refer to these officemates as local peers).  To illustrate, consider an 

analyst in the San Francisco office of a brokerage initiating coverage of the semiconductor 

industry. If the analyst happens to have more officemates covering firms in the Austin area (e.g., 

Dell, Whole Foods) than those covering the Raleigh-Durham area (e.g., Quintiles, Red Hat), we 

predict that the analyst is more likely to cover Austin-based semiconductor firm Cirrus Logic than 

Raleigh-Durham-based Cree Inc.  

To examine this prediction, we compile a comprehensive, hand-collected panel dataset on 

analysts’ office locations from Nelson’s Directory of Investment Research.  For each observed 

analyst-firm initiation pair, we include other firms in the same industry that the analyst chose not 

to cover as the control group. For each target firm (including both the covered firm and the control 

firms), we proxy for the analyst’s exposure to the firm’s geographic area information by the 

number of his local peers (i.e., officemates with research activities in the same area).2  We find a 

                                                      
2 This is based on the assumption that information sharing between analysts is mostly via in-person interactions such 

as “water cooler” talk or stopping by a colleague’s office. If communication by phone or email is prevalent and allows 

an analyst to connect with analysts in other offices in different locations, this would work against our empirical 
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strong positive relation between the number of local peers and the likelihood that an analyst 

initiates coverage for firms in the peer’s coverage area, suggesting that social interactions with 

officemates can lower the cost of diffusing geographic information. 

To interpret this positive association as evidence for analysts anticipating the receipt of 

important geographic information from local peers, we need to address several complications. The 

first comes from the fact that analysts may obtain firm-specific information from alternative 

channels beyond social interactions with officemates. In our stylized example earlier, the analyst 

may initiate coverage of Cirrus Logic (in Austin, TX) over Cree (in Raleigh, NC) because Cirrus 

Logic possesses superior technological know-how or management talent. Such information can 

affect analysts’ initiation decision but is unlikely to be unobserved or sufficiently quantified and 

measured by econometricians. If firms with similar such soft, intangible factors tend to locate 

together (e.g., more start-ups concentrate in Austin than in Raleigh), we would observe a positive 

correlation between any analyst’s initiation of firms in a given location and their colleagues’ 

coverage of other firms in the same location. We address these concerns by including firm-year 

interactive fixed effects in our specifications, which provide flexible and agnostic controls for all 

firm-year-specific information commonly observed by all candidate analysts (i.e., analysts 

contemplating initiating coverage for the industry). Thus, our estimate is identified from within-

firm-year variation in the candidate analysts’ officemates’ exposure to the firm’s location in the 

coverage year.  

The second complication comes from the fact that analysts’ initiation decisions may be 

affected by analyst- or brokerage-specific factors that are correlated with their officemates’ 

geographic exposure. For example, an analyst may have prior knowledge about the Austin area 

either because he grew up there or has covered other firms near Austin. If analysts with similar 

backgrounds are more likely to work in the Dallas, Texas brokerage office than in the Charlotte, 

North Carolina brokerage office, a positive association between the coverage of Cirrus Logic 

(instead of Cree) and his officemates’ Austin exposure cannot be interpreted as the analyst 

anticipating geographic information sharing from his officemates. We control for analyst-specific 

                                                      
predictions. An alternative, coarser proxy is to use brokerage affiliation or industry coverage overlap among analysts 

to proxy for potential spillovers. In robustness check, we find that our results are driven by peer analysts working in 

the same office location, and not by colleagues who work for the same brokerage house but are located in different 

office, or by colleagues covering the same industry. 
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factors by including analysts’ prior local exposure (proxied by the geographic-exposure of the 

analyst’s existing coverage portfolio), analyst fixed effects, as well as time-varying analyst-

specific factors such as the number of firms currently covered, All Star status and the distance 

between the office and the candidate firms (Malloy (2005)).  

A more difficult complication comes from unobserved brokerage coverage policies that 

would result in assigning analysts in a given office (e.g., Dallas office) to cover firms a given area 

(e.g., Cirrus Logic in Austin). This may happen, for example, because the Dallas office is closer 

to Austin than the office in Charlotte, NC.  We control for such time-invariant brokerage-specific 

factors by including office-specific fixed effects, as well as other time-varying office-specific 

characteristics including office size, and the existing industry exposure by officemates. We also 

directly control for time-varying changes in brokerage coverage policy by including whether the 

firm is located in the area where the majority of an analyst’s officemates have research activities, 

the number of recent or contemporaneous initiations by the analyst’s officemates for the firms in 

the same area, and the number of colleagues in the same brokerage firm but located in different 

offices.  That said, it is conceivable that brokerage houses to some extent adopt an office-location 

pairing policy precisely because they want to benefit from information sharing among officemates 

covering the same areas.  If this occurs, controlling for such factors would result in a conservative 

point estimate of peer effects in our empirical specifications.    

Our main finding, that an analyst’s likelihood of initiating coverage for firms in a given 

area is positively related to the number of the analyst’s local peers, remains robust with all the 

above controls, with the coefficient estimates largely unaffected. In economic terms, given the 

median number of local peers of 2 in the sample, our point estimate suggests that having an 

additional local peer (i.e., 50% increase) will increase an analyst’s likelihood to cover that area by 

0.25%, representing about 10.9% increase over the unconditional initiation likelihood of 2.3%.   

We perform several analyses to support the interpretation that our main finding reflects 

information sharing among local peers.  A priori, local peers are more likely to influence analysts’ 

initiation choice if local peers have more valuable information and if it is easier to obtain 

information from local peers. Consistent with this prediction, we find that the positive initiation 

effect of local peers is stronger among smaller brokerage offices where social interactions with 

officemates are arguably easier and more frequent. In addition, we also find that the effect is 
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stronger among larger firms for which the geographic spillover effects are stronger and therefore 

local peers’ information is more likely to be pertinent (Dougal, et al. (2015)), for analysts with no 

previous experience in the geographic area who therefore would benefit more from local peers, 

and before Regulation FD when analysts were less constrained in their access to management as a 

source of geographic information (Heflin et al. (2003)).  

If analysts indeed benefit from information shared by local peers, we also expect that 

conditional on coverage, forecasts by analysts with more local peers would have more information 

content. This is indeed the case. We find a significantly positive relation between analyst forecast 

accuracy for a followed firm and the number of local peers. The relation obtains after controlling 

for known factors affecting forecast accuracy, including firm-year interactive fixed effects, 

analyst- and office-specific fixed effects. We also find that the stock market reactions to analysts’ 

forecast revisions and recommendation revisions are more significant for analysts with stronger 

geographic exposure by their officemates.  These results are internally consistent with the initial 

coverage choice.  If coverage decisions are made by considering expected information benefits, 

the improved accuracy and heighted market responses represent the benefit realization.  

In our final set of tests, we provide evidence consistent with the idea that at least some 

information shared from local peers is specific to the area. First, we find that analysts with more 

officemate exposure to an area are less affected by the area-time-specific error in the consensus 

forecasts for all firms in the areas. To obtain area-time-specific common errors, we regress the 

consensus forecast errors for all firm-years on area-time interactive fixed effects, after controlling 

for other factors known to affect analyst forecasts. We use the estimated area-time fixed effects as 

a proxy for the area-time-specific errors. We find that the (signed) forecast error by an analyst with 

more local peers in an area is less correlated with the optimistic common error in that area, 

suggesting that communication among local officemates aids in mitigating optimistic bias. 

Alternatively, this evidence can also be viewed as analysts with more local peers are more attuned 

to negative local shocks.  Similarly, we find that analysts with more local peers are more (less) 

likely to issue recommendations in response to negative (positive) local shocks as proxied by the 

average stock returns for local firms. These findings suggest that local peers not only improve 

analysts’ ability to assimilate and incorporate negative local shocks in earnings forecast, but also 

prompt analysts to produce new information to disseminate negative news. 
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The picture that emerges from the evidence thus far is that analysts expect and realize 

benefits from local peers, and the benefit appears to occur mostly through the negative information 

about the local geographic region that analysts glean from interactions with local peers.  Given 

this evidence, we would expect that geographic momentum in stock returns should be attenuated 

for analysts with local peers, especially following negative geographic news.  This is precisely 

what we observe. We begin by documenting the average geographic momentum effect of Parsons 

et al. (2016) in our sample, and then extend this replication by moderating geographic momentum 

with the relative presence or absence of local peers.  Geographic momentum effects are much 

smaller (larger) when the number of local peers is relatively high (low), consistent with local peers 

facilitating more efficient pricing of geographic information.  Moreover, these moderating effects 

are concentrated in the negative news portion geographic momentum, consistent with our earlier 

results that analysts are particularly important for the diffusion of bad news.  

Our findings contribute to several streams of the literature.  First, our paper is closely related 

to prior literature studying the effects of social interaction in financial markets. A number of papers 

find that social interaction is related to investors’ stock market participation decisions (Hong et al. 

(2004), Brown et al. (2008), Heimer (2014)) and portfolio holding and trading decisions (e.g., 

Hong et al. (2005), Ivkovic and Weisbenner (2007), and Pool et al. (2015)). Due to data 

restrictions, these papers do not show the performance output of these investment decisions.  Our 

paper exploits the analyst setting, where we can proxy for social interaction at the office level, and 

measure information production and the quality of that production resulting from social 

interactions. We also add to the growing literature in accounting and finance on the value of 

geography-specific information in financial markets generally.3 Our finding that local peers 

moderate geographic momentum builds on the findings of Parsons et al. (2016) to better 

understand the geographic momentum phenomenon, and provides direct evidence linking stock 

price momentum to information transmission via social interactions (Jegadeesh and Titman 

(2001)).  

We also contribute to the strand of the analyst literature showing that geography matters for 

analysts’ coverage decision and forecast accuracy (Malloy (2005); Bae et al. (2008); Jennings et 

                                                      
3 For example, Dougal et al. (2015); Addoum et al. (2016); Core et al. (2016); Matsumoto, et al. (2017), and asset 

pricing specifically (Pirinsky and Wang (2006); Feng and Seasholes (2004); Loughran and Schultz (2005); Loughran 

(2007); Hong et al. (2008); and Garcia and Norli (2012). 
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al. (2014); O'Brien and Tan (2015); Engelberg et al. (2017)).  These studies commonly take 

geographic distance between analysts and their covered firms as exogenously given and use it as 

proxy for information acquisition costs.4  These studies do not directly speak to whether analysts 

incorporate geography-specific information into their research, as geographic proximity can proxy 

for better access to both firm-specific and geography-specific information. The empirical design 

in this paper (i.e., information spillover from officemates covering different firms in the same area) 

better captures the effects of geography-specific information on analysts’ coverage decisions and 

research output, providing novel evidence on the value of geography-specific information in equity 

research. This evidence adds to the call for research on deepening the understanding of how 

analysts actually obtain and process information (Schipper (1991); Ramnath et al. (2006); Brown 

et al. (2015)).  

    The rest of the paper proceeds as follows. Section 2 develops the hypotheses and the 

related research design. Section 3 describes the sample construction procedure and provides 

summary statistics. Section 4 presents the main empirical results. Section 5 perform additional 

analyses and Section 6 concludes.   

2. Hypothesis development and research design 

2.1. Coverage initiation decision  

Prior literature documents that geographic-specific information is value-relevant (Pirinsky 

and Wang (2006), Parsons et al. (2016), Addoum et al. (2016)) and is an important factor in 

explaining firm level investment (Dougal et al. 2015).  Given the importance of geographic 

information, rational analysts should play a role in diffusing geographic information provided the 

benefits of doing so outweigh the costs.   For purposes of discussion, assume for now that benefits 

are sufficiently large such that the analyst will pursue geographic information.  The key 

consideration then becomes how analysts acquire geographic information. 

The investment analyst business is organized by industry rather than geographic region 

(Gilson et al. (2001), Boni and Womack (2006), Kadan et al. (2012), Bradley et al. (2016)) and 

                                                      
4 A larger literature showing geographic proximity facilitates soft information acquisition include papers documenting 

local bias both internationally (French and Poterba (1991), Kang and Stulz (1997), Grinblatt and Keloharju (2001)) 

and locally (Coval and Moskowitz (1999), Huberman (2001), Ivkovic and Weisbenner (2005)). A sequence of follow-

up papers find that local agents achieve superior performance than their non-local counterparts (Coval and Moskowitz 

(2001), Hau (2001), Ivkovic and Weisbenner (2005), Malloy (2005), Teo (2009), Bernile et al. (2015)). 
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analyst recognition such as Institutional Investor all-star status and sell-side analyst compensation 

is based heavily on whether the analyst is superior in a given industry, not geographic area (Brown 

et al. (2015); Stickel (1992)).  This makes it unlikely that an analyst will have sufficient exposure 

to a given geographic area since analysts are most likely to cover firms in the same industry but 

different area as opposed to the same area but different industries (Parsons et al. (2016)).    

To overcome this structural limitation of the investment business, we forward that 

information sharing among peer analysts working in the same brokerage office is a potential 

channel to expose an analyst to geographic information.  When initiating a coverage decision, a 

rational analyst should take advantage of his colleagues’ local knowledge to lower his initial search 

cost for identifying an initiation target as well as the subsequent research costs, implying a higher 

likelihood of initiating coverage for firms located in geographic areas already covered by 

colleagues.  The effect on initial search cost is intuitive: the more colleagues covering firms in the 

Austin area, the more likely they are to (1) bring Austin-based Cirrus Logic to the attention of the 

analyst specializing in the semiconductor industry and (2) have ongoing relevant information about 

the Austin area that can facilitate better understanding about Cirrus Logic’s financial future.  We 

illustrate the effect of subsequent research costs with a stylized model detailed in Internet 

Appendix A. There are two key assumptions.  The first is that close proximity of individuals to 

one another, in this case analysts in a given brokerage office, facilitates social interaction and 

information transfer.5  The second assumption is that an analyst has limited resources so that he 

cannot cover all firms in an industry while maintaining sufficiently accurate forecasts.  As such, 

when choosing the next firm to follow, the analyst will, on the margin, lean towards the firm for 

which he can get additional information from his officemates. We summarize the main prediction 

in its alternative form below: 

H1: The likelihood that an analyst initiates coverage of a firm in a geographic area is 

positively associated with his officemates’ coverage in the same geographic area.  

Despite the intuitive appeal of this hypothesis, we developed H1 by initially assuming the 

benefits of geographic information diffusion were sufficiently large so as to exceed costs.  It is 

                                                      
5 This assumption underpins word-of-mouth findings in settings ranging from individual investor stock market 

participation and trading decisions (Hong et al. (2004); Brown et al. (2008); Ivkovic and Weisbenner (2007)) to 

portfolio managers holding and trading decisions (Hong et al. (2005); Pool et al. (2015)). 
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unclear whether this assumption is violated in the analyst setting we examine.   To diffuse 

geographic information, analysts incur costs to identify, assimilate and communicate the 

implications of geographic effects.  Geographic information is often soft in nature and therefore 

difficult to quality and communicate (Petersen and Rajan (2002), Petersen (2004)). Furthermore, 

as Dougal et al. (2015) point out, the geographic factor that drives common investment among 

geographically close-by firms does not come from common exogenous shocks, but rather from 

endogenous local spillover effects (Manski (1993)).  Dougal et al. (2015) summarize the various 

channels via which the actions of nearby firms endogenously interact and affect each other to give 

rise to agglomeration economies, including but not limited to, knowledge spillovers, human capital 

mobility, consumption externalities, collateral values, infrastructure, and herding.  Understanding, 

for example, how the investment decisions at Cirrus Logic in Austin, TX might be impacted by 

actions at its local peer firms such as the Austin grocer Whole Foods is difficult given the variety 

of ways the endogenous spillover effects can take place.   

Communication is an additional cost that can make assimilation difficult.  In our setting, 

analysts obtain information from their officemates, who in turn likely obtain information from firm 

management as a geographic information source.  A long literature beginning with Bartlett (1932) 

examines the social transmission of information between humans and finds that information is 

rarely perfectly reproduced from sender to receiver (Kalish et al. (2007)).  To the extent that 

standard social transmission frictions garble information, analysts will have difficulty articulating 

the ramifications of geographic information to each other and to investors.   

It is plausible that diffusion costs are indeed binding given research has shown that analysts 

and investors have trouble impounding geographic information into price.  For example, Addoum 

et al. (2016) find that the average earnings of other firms located in states that a firm has economic 

activities in can predict the consensus-based forecast error for the firm, suggesting that analysts do 

not fully incorporate geographically distributed information into their forecasts. Parsons et al. 

(2016) document geographic momentum – a positive lead-lag stock return relation between 

neighboring firms operating in different sectors.  Given this evidence, whether the data supports 

H1 or not is ultimately an empirical matter.   

2.2. Empirical design 

We take the industry focused structure of the investment business as given and focus on 
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analysts’ initiation decision when they initiate coverages for a new industry (i.e., they do not 

previously cover any firm in the industry). We do so to highlight the role of geographic-specific 

information.6 To test H1, we perform analyst-firm-pair analysis similar to Liang et al. (2008) and 

O'Brien and Tan (2015). Specifically, when an analyst initiates coverage for a new industry, we 

define as his choice set (the target firms) all firms in the same industry. Among the target firms, 

we label all firms for which the analyst provides a forecast during the initiation year as covered, 

and all remaining firms as not covered. As a simple example, suppose Analyst i in brokerage office 

k initiates coverage for firm j(a) located in area a in the semiconductor industry in 1995, which 

consisted of a total of 20 firms at the time. Then all 20 semiconductor firms are included in our 

sample, with 19 of them coded as uncovered by analyst i and 1 of them coded as coverage initiated 

(𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑖𝑜𝑛𝑖,𝑗(𝑎),𝑘,𝑡 = 1 for firm j and 0 all other firms). We then calculate the number of i’s 

officemates who have research activities in the locations of each of the 20 target firms, 

𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡. H1 predicts a positive 𝛽1 estimate in the following regression: 

𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑖𝑜𝑛𝑖,𝑗(𝑎),𝑘,𝑡 =  𝛽0 + 𝛽1𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡 +  휀𝑖,𝑗(𝑎),𝑘,𝑡 

where the dependent variable is a dummy variable that is equal to 1 if analyst i working at office 

k initiates coverage of (i.e. issues the first forecast for) target firm j headquartered in area a during 

year t, and 0 otherwise, and 𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡 = 𝑙𝑛(1 + 𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡).7  

However, the above specification likely suffers the standard omitted correlated variable bias. 

While the nature of the bias depends on the specific omitted variables, it is reasonable to suspect 

the bias is in favor of H1. For example, prior research has shown that firm-specific characteristics, 

such as size, institutional holding, past and expected future performance play an important role in 

attracting analyst coverage (e.g., Bhushan (1989), O'Brien and Bhushan (1990), McNichols and 

O'Brien (1997), Hayes (1998)). If firms with these characteristics are more likely to locate close 

to other similar firms which are also likely covered by analyst i’s officemates, 𝛽1̂ will be biased 

upward. Similar omitted variable problems may also arise when analysts with similar 

characteristics are likely to work in the same office.  

We address the above concern by including in fixed effects for firm-year, brokerage office, 

                                                      
6 In untabulated analyses, we obtain qualitatively similar results when we include all initiation decisions, regardless 

of whether the analyst has existing coverage for other firms in the same industry. 
7 We use the logarithm to facilitate interpretation. Results (not tabulated) are qualitatively the same when we use OEA.  
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and analyst. Specifically, we estimate the following linear probability model:  

𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑖𝑜𝑛𝑖,𝑗(𝑎),𝑘,𝑡 =  𝛽1𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡 + 𝛾𝑗(𝑎),𝑡 + 𝜂𝑘 + 𝜑𝑖 + 𝑀𝑖,𝑡 + 𝑁𝑖,𝑗(𝑎)  + 𝑍𝑗(𝑎),𝑘,𝑡 + 휀𝑖,𝑗(𝑎),𝑘,𝑡    (1) 

where i, j(a), k, t index for analyst, firm(location), brokerage office and year, respectively, and 

heteroskedasticity-robust standard errors are double clustered at both the firm and analyst levels.  

𝛾𝑗(𝑎),𝑡 is a set of firm-year fixed effects, and acts as a flexible control to effectively remove 

the effect of time-varying firm specific characteristics, including those studied in the extant 

literature as well as those unobservable to researchers (including soft information that is difficult 

to quantify such as the quality of firm management, product development, etc.).  In addition, it 

also effectively absorbs any time-varying area-specific common shocks that may affect analyst i’s 

coverage decision and his colleagues’ coverage decisions simultaneously. We therefore estimate 

𝛽1 from within target firm-year variation in the area exposure by the officemates of analysts who 

initiated coverage in year t for firms in the same industry as firm j. Thus, in the example earlier, 

the 20 candidate firms associated with analyst i’s initiation of firm j in the semiconductor industry 

would contribute to the estimation of 𝛽1 only if at least another analyst has also initiated coverage 

for the semiconductor industry in the same year. 8  

It is also possible that, even absent common area-specific economic shocks, a given 

brokerage office has geographic preferences in its coverage choices.  Alternatively, different 

brokerages may have differing information collection and distribution technologies, which make 

certain geographic areas easier to cover by their analysts.  Such differences across brokerages are 

difficult to measure and control for in our empirical specifications, and could induce a positive 

correlation between 𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑖𝑜𝑛𝑖,𝑗(𝑎),𝑘,𝑡 and 𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡. To avoid broker confounds, we 

include brokerage office fixed effects, 𝜂𝑘, to absorb unobserved time-invariant office factors.  That 

said, if a brokerage office is more likely to specialize in an area because it recognizes the benefit 

of information sharing among its analysts, then controlling for brokerage office fixed effects can 

induce downward bias and result in a conservative estimate of local peer effects.  

                                                      
8 For example, consider two analysts initiating coverage in 1995 in the semiconductor industry, with Analyst A 

covering 1 of the 20 candidate firms, and Analyst B initiating coverage for 5 of the 20 firms.  In total, 6 of 40 analyst-

firm-year observations would be considered covered with twenty firm-year dummies. Including firm-year fixed effects 

restricts the analysis to firm-years that are in more than one analyst’s choice set. It is also more conservative than area-

year fixed effects, but untabulated results reveal that using area-year fixed effects generates qualitatively similar 

inferences.     
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We also include a set of time-varying brokerage office-specific variables (𝑍𝑘,𝑗(𝑎),𝑡) to 

capture resources and coverage policies.  We proxy for resources with the log of the number of 

total analysts in the office (osize).  Regarding coverage policies, because analysts mainly specialize 

by industry, we include the log of one plus the number of analysts working in the same office k 

(not including i) who also cover a firm in the same industry as firm j during year t (LNOIND).  

We also include a dummy variable (Stop) that is equal to 1 if another analyst from analyst 𝑖’s 

office stops covering firm 𝑗 during year 𝑡 to control for unexpected office level analyst turnover.  

Finally, while our inclusion of brokerage office fixed effects controls for time-invariant office-

specific geographic preferences (e.g., analysts in the San Francisco office are more likely to cover 

firms in the Bay area), it is possible that such geographic preferences change over time, for 

example, the San Francisco office may become more interested in San Diego over time. To guard 

against this possibility, we include a dummy variable, primary_OEA, to indicate the area that 

receives the most coverage from analysts in a given office in a given year. 

In a similar spirit, to remove the possibility that unmeasured time-invariant analyst specific 

characteristics confound our inferences, we also include analyst fixed effects, 𝜑𝑖. In addition, 

Equation (1) also includes a set of controls for time-varying analyst-specific characteristics (𝑀𝑖,𝑡), 

including the log of the total number of firms (lag_nfirm) followed by the analyst in the prior year, 

analyst general experience as measured by the log of the number of years of working as a sell-side 

analyst (gexp), and an indicator for analyst all-star status (allstar). Similarly, 𝑁𝑖,𝑗(𝑎) is a set of firm-

analyst-pair-specific independent variables, including the geographic distance between analyst i 

and firm j (Malloy (2005)), and whether the analyst covered any firm in the same economic area 

as firm j in the prior year (coverEA). 

As a collection, in the presence of firm-year, brokerage office, and analyst fixed effects, our 

identification relies on variation in the number of local colleagues within the same target firm-year 

and brokerage. For example, suppose Analyst 2 and Analyst 3 with identical backgrounds are both 

located in the Atlanta office of their respective brokerage employers. They both start to cover the 

semiconductor industry in 2000, such that Austin-based Cirrus Logic is in both of their choice sets. 

However, Analyst 2 has 5 colleagues covering the Austin area, while Analyst 3 only has 2. If 

Analyst 2 ends up initiating coverage of Cirrus Logic but Analyst 3 does not, then the difference 

in initiation choice can be attributed to the difference in the number of local peers – which proxies 
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for the potential transmission of geography-specific information among peer analysts.  𝛽1 > 0 

would be consistent with the existence of such effects.  

3. Sample construction and descriptive statistics 

We construct the initiation decision sample to examine the association between an analyst’s 

likelihood to initiate coverage of a firm in a geographic area and his peer’s research activities in 

that area. We start with all analyst-firm pairs that ever appeared in the IBES U.S. Detail History 

file. We use the recommendation detail file to identify the analyst’s name and brokerage firm. 

Then we follow the methodology described in Malloy (2005) to manually identify the location of 

each analyst from the annually produced Nelson’s Directory of Investment Research from 1993 to 

2005 .9  The Nelson’s Directory contains each analyst’s name, phone number, the brokerage firm 

he works in, and the city in which his office is located.10 Each volume is published in December 

of year t using data as of November of year t. Therefore, we classify each analyst’s location starting 

in November of year t-1 and lasting until October of year t according to the information in Nelson’s 

Directory of year t. We exclude analyst teams and research departments because we cannot 

uniquely identify their locations. We also exclude firms and analysts located in non-contiguous 

U.S. states and territories (Hawaii, Alaska, and Puerto Rico) and outside of the U.S.. Finally, we 

restrict the potential choice set of an analyst to those firms in the industry listed in the IBES 

database in the year of the coverage initiation by the analyst.11  

We define an analyst’s industry and the firms that fall into a given industry using a firm’s 

6-digit GICS code. Prior literature finds that GICS code is most consistent with the industry 

definition used by the analyst community (Bhojraj et al. (2003), Hrazdil et al. (2013)). We define 

a firm’s location as the location of its headquarters, which is the research design choice typical in 

geography related studies (Dougal et al. (2015); Parsons et al. (2016)). Headquarter location is 

particularly relevant in the analyst coverage decision setting because corporate headquarters is the 

                                                      
9 The Nelson's Directory of Investment Research continues until 2008, however, only the 1993-2005 volumes are 

available at our institution. 
10 The recommendation detail file only contains each analyst's last name and first name initial. We rely on the match 

in brokerage names to make sure the link is correct. If there still exists ambiguity, we exclude these observations from 

the sample. 
11 For example, if an analyst starts to cover the wholesale (technology) industry in 1998 (2000), then his choice set 

includes all firms in the wholesale (technology) industry that were followed by any analyst in IBES during 1998 

(2000). We do not examine the analyst’s choice to cover additional firms in the wholesale industry (technology 

industry) after 1998 (2000).   
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center of decision making (Giroud (2013); Dougal et al. (2015)) and information exchange 

between the firm and its suppliers, service providers, and investors (Davis and Henderson (2008)). 

We use the zip code of the corporate headquarters extracted from firms’ regulatory 10-K filings 

with the Securities and Exchange Commission to assign each firm to one of the economic areas 

(EA).12   Economic areas are defined by the U.S. Bureau of Economic Analysis (BEA) as “the 

relevant regional markets surrounding metropolitan or micropolitan statistical areas”, and are 

“mainly determined by labor commuting patterns that delineate local labor markets and that also 

serve as proxies for local markets where businesses in the areas sell their products”. 13   Examples 

of economic areas are New York-Newark-Bridgeport, Los Angeles-Long Beach-Riverside, and 

Philadelphia-Camden-Vineland.  

All firm-specific variables are obtained from CRSP/COMPUSTAT Merged Database 

(CCM) and are winsorized at the 1% level to mitigate the influence of outliers. Monthly returns, 

daily returns and trading volume are obtained from CRSP. Institutional ownership is obtained from 

CDA/Spectrum 13F Holdings. The latitude and longitude of cities are obtained from the 2010 U.S. 

Census Bureau’s Gazetteer file.14 The distance between cities is computed using the Great Circle 

Distance formula.15  

Table 1 describes the sample construction procedure. After conditioning into the IBES 

sample where we can identify the location of the analyst and obtain control variables required for 

subsequent analyses, we are left with a sample of 269,800 analyst-firm-year observations, which 

we refer to as the full sample.  This sample contains 16,749 analyst-industry-year new initiations, 

during which analysts issued 31,505 first forecasts. Thus, the average number of firms initiated 

when an analyst starts coverage for a new industry is 1.88 (=31,505/16,749).  For each analyst-

industry new initiation, we identify all firms in that same industry from IBES as the target firms  

and calculate the analyst’s officemates’ exposure to each of the target firm’s area. 16 The set of 

                                                      
12 We do not use the headquarters locations in Compustat because Compustat backfills this information with the most 

recent headquarters addresses. In our sample 28% (11%) of the headquarters cities (states) are different between the 

two data sources.  We thank Casey Dougal for generously providing the zip code - EA linking data. 
13 BEA stopped releasing local area statistics for Economic Areas after fiscal year 2013, which is beyond the time 

horizon of this study. See http://www.bea.gov/regional/docs/econlist.cfm. 
14 https://www.census.gov/geo/maps-data/data/gazetteer2010.html. If the city name is not included in the Gazetteer 

file, we manually searched for the latitude and longitude on http://www.latlong.net/. 
15 http://en.wikipedia.org/wiki/Greater-circle_distance. 
16 Alternatively, we could define target firms from the larger universe of Compustat firms.  A priori, there is no reason 

to suspect that the location of omitted firms is systematically correlated with the number of officemates providing 
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target firms forms our initiation decision sample, which contains 1,346,907 observations for 4,956 

unique analysts and 7,949 unique firms. The average number of target firms the analyst could 

choose to cover is 80.4 (=1,346,907/16,749), implying that the unconditional probability for an 

analyst to pick a given target firm when he initiates coverage for the firm’s industry is 2.3% 

(=1.88/80.4). The total number of unique firm-year is 40,995, implying an average industry 

receives 33 (=1,346,907/40,995) analyst initiations in a given year. 

Table 2 presents descriptive statistics of the initiation decision sample on various levels. 

Panel A reveals that an average firm in the sample has a market capitalization (size) of $2,866 

million, is covered by 9.5 analysts (nfollow), and has 44% institutional ownership (insthld).  

Because we include firm-year fixed effects in all specifications, we do not consider these firm 

characteristics further, but rather provide the summary statistics to facilitate the comparison of our 

sample to the extant literature.  Panel B shows an average brokerage firm has 21 analysts (bsize), 

located in 2 offices (noffice). In Panel C, the average office has 9.6 analysts (osize), but this number 

varies depending on whether the office is the main office (identified as the office with the most 

number of analysts) of the brokerage firm or not (12 versus 3.5), suggesting unbalanced geographic 

resource allocation within a brokerage firm. Panel D shows the average analyst in the full 

(initiation decision) sample has 5.6 (3.1) years of forecasting experience (gexp), and follows 10.9 

(9.6) firms (nfirm) from 2.8 (3.4) different industries (nind) located in 6.3 (5.8) different economic 

areas (nea) during a year.17 While this is consistent with analysts’ industry specialization, it 

suggests that analyst coverage is geographically diverse, capturing the notion that firms in a given 

industry are not necessarily located near one another. Consistent with Malloy (2005), 49% (44%) 

of analysts in the full (initiation decision) sample are located in New York, and 11% (5%) of them 

are all-star analysts.  

In Panel E, we provide analyst-firm-level descriptive statistics by initiation to begin 

assessing the factors important to the initiation decision.  Consistent with prior findings (Malloy 

(2005), O’Brien and Tan (2015)), we observe that analysts tend to cover firms that are 

                                                      
coverage for firms in a given area.  Moreover, using all firms in Compustat assumes that all firms are in an analyst’s 

choice set, which is arguably a strong assumption.  For example, many small firms are primarily held by founders 

with no institutional ownership and therefore are unlikely to be considered for coverage by analysts at any brokerage. 

In untabulated analyses, we obtain similar results (both qualitatively and quantitatively) when we use this alternative 

choice for target firms. 
17 Since we restrict the initiation decision sample to the coverage initiated by analysts during the first year when they 

start to cover an industry, these analysts are by design less experienced than analysts in the full sample. 
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geographically closer. The average distance between analysts and their covered firms (dist) is 

1,483 km, significantly smaller than the distance (1,846 km) between analysts and the firms that 

they do not cover. Similarly, covered firms are more likely to locate within 100km of the analyst’s 

office (local) than uncovered firms (16% vs. 7%), and more likely to be in the same state 

(same_state) as the analyst (18% vs 9%).  Regarding our H1, covered firms tend to locate in 

economic areas where the analyst has more officemates (OEA = 6.59 vs 5.20). This initial 

univariate result foreshadows the results from our multiple regression estimations next.   

4. Empirical results 

In this section, we first present our main empirical results in section 4.1. We then conduct 

two sets of tests to validate the key assumption in our interpretation, that is, analysts anticipate 

obtaining useful information from local peers when choosing the firms to initiate coverage. We 

first consider ex ante tests (results presented in 4.2), where we document that the effects of local 

peers on initiation are stronger when local peers have more valuable information and when social 

interactions with local peers are more likely. In the second group of tests (results presented in 4.3), 

we consider ex post outcomes subsequent to the initiation decision.  We show that conditional on 

coverage decisions, analysts with more local peers indeed perform better in their forecast accuracy 

and market impact, consistent with the idea that officemates exchange useful information. 

4.1. Test of H1: Main results on coverage initiation decision  

Table 3 presents the regression results for Equation (1). Columns (1) – (4) present the results 

with the year t log number of local peers (LNOEA) as the main independent variable, and we 

stepwise introduce controls and fixed effects into the specification. Column (1) is the univariate 

result, controls and firm-year fixed effects are included in column (2), office fixed effects are added 

in column (3) and finally analyst fixed effects are added in column (4).  The coefficient on LNOEA 

is positive and statistically significant in all four specifications, with similar coefficient magnitudes 

in each of the four columns.  This evidence supports H1, and suggests the inferences are not 

sensitive to alternative specifications.   

Other aspects of officemates’ activities in the brokerage also play important roles in 

initiation decisions.  The negative coefficient on LNOIND (the number of officemates covering 

the same industry) suggests that the more analysts in the office covering an industry, the less likely 
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the analyst will cover another firm in that same industry.  Given a fixed set of potential targets in 

an industry, if officemates already cover a large proportion of the industry, there are fewer 

remaining firms to pick from. However, the positive coefficient on stop implies that when an 

analyst in the brokerage stops covering a firm, it is at that point that an analyst will initiate 

coverage.  Both findings are consistent the analyst business being organized along industry lines 

(Parsons et al. (2016)).  Brokerages ensure industries are sufficiently covered by their analysts and 

at the same time avoid internal redundancy and competition among analysts inside the brokerage 

within an industry.  Lastly, the strong positive coefficient for primary_OEA suggests that an 

analyst is more likely to cover a firm located in the area with the most coverage from analysts in 

the same office.  

The negative coefficient on dist indicates that analysts are more likely to initiate coverage 

of firms that are in closer proximity, consistent with shorter distances lowering information 

acquisition costs (Malloy (2005); O’Brien and Tan (2015)).18  The positive coefficient on coverEA 

suggests that analysts familiar with a geographic region are more likely to initiate coverage for 

firms in the same area, consistent with such analyst capitalizing on an existing information 

investment.  The negative coefficient on allstar implies all-star analysts initiate on fewer firms 

when entering an industry, consistent with the analyst capitalizing on an existing established 

industry reputation.  This result does not hold up to the inclusion of analyst fixed effects given the 

stickiness of all-star status.   

The stability of the coefficient on LNOEA, which captures the effect of local peers, is 

comforting and suggests confounding effects are unlikely to explain the observed association 

between initiation and officemate coverage in a geographic area.   However, there still exists the 

potential for a brokerage selection effect.  The analyst business is competitive and brokerages can 

make strategic, idiosyncratic and time varying decisions regarding coverage.  Suppose in the year 

2000, the brokerage Merrill Lynch views Austin, Texas as a vibrant location that might attract 

many new businesses in the future. As a result, Merrill Lynch encourages a brokerage-wide 

increase in coverage for firms in Austin, Texas firms in 2000.  Such a directive could empirically 

                                                      
18 Since half of the analysts in the sample are located in New York, the distance between analysts and target firms in 

many cases are simply the distance between New York and target firms.  Our conclusions about initiation decisions 

remain qualitatively unchanged if we repeat the analysis using only the non-New York analyst subsample.  
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drive an association between initiation decisions of an analyst and office coverage of a geographic 

area.  The association would not occur because the analyst undertaking an initiation decision is 

referencing the stock of officemates who already have a presence in Austin.  Rather, analysts in 

each office are responding to the brokerage directive. Word-of-mouth analyst communication 

requires temporal precedence and we cannot rule out this competing brokerage directive 

explanation because we measure initiation decisions (initiation) and officemate geographic 

coverage (LNOEA) simultaneously in the same year.   

We perform three analyses to assess the plausibility of this alternative explanation, and 

present the results in Panel B of Table 3. Column (1) shows the result of our first analysis, where 

we replace LNOEA in Equation (1) with the LNOEA from the prior year (lag_LNOEA).  We also 

lag officemates’ industry coverage to be consistent (lag_LNOIND).  This ensures the temporal 

precedence is measured prior to broker directive.  The drawback to this measure is that the 

geographic exposure of officemates from the prior year may not necessarily reflect the geographic 

exposure of officemates the analyst can draw on in the subsequent year when making the initiation 

location choice.  The coefficient on lag_LNOEA is 0.004 (t-stat = 11), very similar to that for 

LNOEA.   

In the second analysis, we add two independent variables that measure the peers of an analyst 

working for the brokerage in different offices. Specifically, we define BEA as the number of 

analysts working for the same brokerage firm as analyst i but located in a different office, who 

also cover a firm in the same geographic area as firm j.  We do the same for industry peers in the 

brokerage (BIND). If our main result is primarily driven by broker-wide policy to increase 

coverage for a given area and not by word-of-mouth from officemates, we should expect to observe 

a similar positive correlation between LNBEA (=ln(BEA+1)) and Initiation. Indeed, the univariate 

correlation between LNBEA and Initiation is 0.002 and significant at less than 1% level 

(untabulated), supporting the brokerage house directive explanation. However, as Column (2) of 

Panel B, Table 3 shows, the association between LNBEA and Initiation disappears when we 

include LNBEA in the full specification of Equation (1): the coefficient on LNBEA is statistically 

indistinguishable from zero, whereas that for LNOEA remains positive and significant with a 
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magnitude matching Table 3 Panel A.19 In contrast, we find that the coefficient on LNBIND 

(=ln(BIND+1)) remains significant and negative, with identical magnitude as that for LNOIND (at 

-0.005 with t-stat = -6.94), consistent with the industry-focused structure of the brokerages, both 

at the office level and at the firm level. These findings suggest that when analysts initiate new 

coverage, they take into account the industry coverage of the entire firm, including both colleagues 

working in other offices and their own officemates, to avoid overlapping. However, their chosen 

firms’ locations are influenced by their own officemates’ exposure to the area, and not by the area-

exposure of their peers in other offices.  

While this evidence helps ameliorate the brokerage confound, it does not completely rule it 

out.  Suppose the directive from Merrill Lynch in 2000 for Austin, Texas takes multiple years to 

implement. In such a case, a relationship between initiation decisions in the current year and the 

officemates in the geographic area from the prior year could still exist. It is also possible that the 

directive is specifically carried out in a given office.20  Under these conditions, we may observe a 

positive association between an analyst’s initiation decision and officemate coverage of the same 

area not because of expected word-of-mouth benefits, but rather because the brokerage has 

specifically designated the analyst’s office as the place to implement the directive in that year.21  

While we cannot directly observe and measure such internal policy, we proxy for it via the number 

of new initiations for the area by an analyst’s officemates both in the current (LNOEA_init) and 

the prior year (lag_LNOEA_init), and include them as additional controls in Equation (1). The 

results, shown in Columns (3) and (4), find the coefficient for LNOEA remain significant (at 0.007 

and 0.008, respectively from Columns (3) and (4)), whereas the coefficients for LNOEA_init and 

lag_LNOEA_init are negative. These results suggest some evidence for comovement by 

officemates’ contemporaneous initiations in the same area as a result of a brokerage level policy 

                                                      
19 The inclusion of brokerage office fixed effects is the specific control variable that renders LNBEA insignificant. 

This implies that within-brokerage over time variation in broker area coverage directives are unlikely a plausible 

explanation for area coverage.  On the other hand, the coefficient LNBIND remains significantly negative. 
20 A priori, it is possible that the directive is carried out in the office with existing presence in the location. This is 

unlikely to be the main driver for our result because our baseline control includes an indicator for whether the firm is 

located in the office’s primary area. 
21 Alternatively, if such broker directives are based on information about local economic areas, an alternative 

specification is to follow Dougal et al. (2015) and add a set of local socioeconomic control variables to the initiation 

decision regressions. In untabulated analysis, we control for contemporaneous, and future local population growth, 

employment growth, and per-capita income growth, and find that the coefficient on LNOEA remains significantly 

positive with similar magnitude. 
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shift. At the same time, they also show that the effect of LNOEA is not completely driven by 

comovement, consistent with the hypothesis that word-of-mouth communication plays a role in 

analysts’ initiation location choice. 

Overall, the evidence in Table 3 suggests a statistically significant effect from analysts’ local 

peers on their initiation choices.  To assess economic significance, the coefficient of 0.005 on 

LNOEA in Panel A implies a 10% increase in the number of local peers is associated with a 0.05% 

increase in the likelihood to initiate coverage of a firm in that same area. Given the median number 

of local peers of 2 in the sample, it suggests that having an additional local peer (i.e., 50% increase) 

will increase an analyst’s likelihood to cover that area by 0.25%, representing a 10.8% increase 

relative to the unconditional initiation likelihood 2.3%.  We note our main specification includes 

primary_OEA to control for the possibility of a brokerage choice to assign an area-focused analyst 

to a specific office. If the assignment is because an office already has more analysts covering the 

area, the significant positive coefficient for primary_OEA is also consistent with the idea that the 

brokerage takes advantage of the potential information spillover among local peers. If this is the 

case, the coefficient for LNOEA provides a conservative estimate for the word-of-mouth effect. 

Indeed, we find that the estimate for LNOEA increases to 0.006, when primary_OEA is excluded.  

We also notice that the word-of-mouth magnitude is comparable with other factors influencing 

initiation decisions, such as the number of officemates covering the same industry (-0.005) and the 

number of firms in the analyst’s overall portfolio (-0.005). 

4.2. Cross-sectional variation in the initiation decision  

If the initiation effect we document is due to analysts anticipating geographic information 

benefits from local peers, we should expect the effect to be stronger when local peers have more 

valuable information and when it is relatively easy to access such information. We conduct four 

tests to examine whether factors existing at the time of the initiation decision predictably moderate 

the initiation decision.  First, Dougal et al. (2015) find that larger firms are far more impacted by 

geographic information transmission than small firms. Thus, we expect the effect of local peers on 

initiation to be stronger for large firms.  Second, officemates in our design proxy for a source of 

geographic information.  Such source is of less value if the analyst already has prior exposure to 

the geographic area.  Therefore, for analysts with prior area exposure we should observe smaller 

local peer effects.   
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Third, Dougal et al. (2015) posit that one channel for the endogenous local spillover effect 

to take place is from management of geographically proximate firms communicating with one 

another.  Since analysts are incentivized to maintain access to firm management (Ke and Yu 

(2004); Brown et al. (2014)), such access is a plausible source of an officemate’s geographic 

information.  Prior research shows that Regulation FD reduced, but did not eliminate, the 

information an analyst can receive from management (Koch et al. (2013); Soltes (2013); Green et 

al. (2014); Heflin et al (2003)).  This implies that local peers should be less informative, and 

therefore are less likely to influence an analyst’s initiation choice, in the post-FD period than in 

the pre-FD period.    

Lastly, a primary condition for word-of-mouth communication to take place is via in-

person interactions at the office level. As the office size increases, it is less likely to run into a 

colleague or develop personal relationships with colleagues, reducing the likelihood of interacting 

with the specific colleague that might possess important information decreases.22  As word-of-

mouth effects rely on personal interaction, the influence of local peers should be smaller in larger 

brokerage offices.   

To test these moderating effects, we augment equation (1) by interacting 𝐿𝑁𝑂𝐸𝐴 with 

partitioning variables as follows: 

𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑖𝑜𝑛𝑖,𝑗(𝑎),𝑘,𝑡 = 𝛽0 + 𝛽1𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡 + 𝛽2𝑆𝑜𝑟𝑡𝐷𝑢𝑚 + 𝛽3𝐿𝑁𝑂𝐸𝐴 ∗ 𝑆𝑜𝑟𝑡𝐷𝑢𝑚 

                              + 𝛾𝑗(𝑎),𝑡 + 𝜂𝑘 + 𝜑𝑖 + 𝑀𝑖,𝑡 + 𝑁𝑖,𝑗(𝑎)  + 𝑍𝑗(𝑎),𝑘,𝑡 + 𝜖𝑖,𝑗(𝑎),𝑘,𝑡                             (2) 

where SortDum is the dummy variable based on firm size (flarge), the analyst’s prior exposure to 

the area (coverEA), whether the analyst operates in the post-FD period (PostFD) and whether the 

analyst works in a large brokerage office (olarge),.  For firm size and office size, SortDum equals 

1 (0) if the underlying sorting variable is above (below) sample median. coverEA equals to 1 if at 

least one of the firms in the analyst’s prior coverage portfolio is located in the same area as the 

target firm and zero otherwise. PostFD equals 1 if the observation occurs after the year 2000 when 

Regulation FD was passed and zero otherwise. Our main interest is in 3, the coefficient on the 

                                                      
22 If analysts primarily obtain area-specific information via telephone calls to their peers from the brokerage directory, 

we would expect economic area coverage by analysts outside of the office to influence the initiation decision. 

However, we do not observe this empirically, as evidenced by the insignificant coefficient on LNBEA in Table 3, 

Panel B, Column (2).  
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interaction term, LNOEA*SortDum.  

Table 4 presents the results. Estimates in column (1) indicate that the word-of-mouth effect 

for small firms (1) is 0.002 (p<0.001), but for large firms is 2.5 times larger with an estimated 

coefficient of 0.005 for 3, and statistically significant at less than 0.1% level. This evidence is 

consistent with officemates talking more about larger firms in the area. Because our specification 

includes a firm-year fixed effect, the positive coefficient for 3 does not capture the well-known 

result that analysts tend to cover large firms. Instead, it suggests that larger firms in a given area 

are more likely to be noticed by analysts who have more officemates covering the same area.  

Column (2) shows that the word-of-mouth effect primarily operates via analysts who do not 

currently cover other firms in the same area, with the coefficient estimate for LNOEA of 0.005 (t-

stat = 12.28). In contrast, the coefficient estimate for LNOEA*coverEA is -0.005 (t-stat = -7.78), 

suggesting that for an analyst with existing exposure to an area, the likelihood of him initiating 

coverage of another firm in the same area is not significantly affected by the number of officemates 

covering the area. In Column (3) we find that in the pre-FD period, the officemate effect is 0.006 

(t-stat = 11.61), but is statistically smaller in the post-FD period by 0.003 (coefficient on 

LNOEA*postFD = -0.003, t-stat = 4.84).  This result is consistent with Regulation FD curbing to 

some degree the extent to which an officemate might extract geographic information from firm 

management in the area, in turn rendering him a less valuable source of geographic information. 

Turning to office size in Column (4) of Table 4, we find that the estimate for the local peers 

effect is 0.009 and 0.003 for small and large offices, respectively. This difference of 0.006 is 

statistically significant (t-stat = 10.58).  This implies that the conditions for in-person interactions 

are more likely present in smaller brokerage offices. 

4.3. Effects of local peers on forecast accuracy and market impact 

While the findings in Table 3 and 4 support the idea that information communicated from 

local peers about a geographic area increases analysts’ likelihood of initiating coverage for firms 

in that area, they do not directly speak to whether the information that prompted initial coverage 

is indeed useful for analysts’ subsequent earnings forecasts. If analysts make initiation decisions 

in anticipation of geographic information benefits, ex post we should observe higher quality 

analyst output, which we operationalize empirically using earnings forecast errors and capital 
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market responses to analyst forecast revisions.  It is unclear whether higher quality analyst output 

will necessarily occur, however.  An important question posed by Hong et al. (2005) and left 

unanswered in prior literature on word-of-mouth effects is whether economic agents are passing 

along “irrationally exuberant” sentiment to their nearby colleagues.  By passing on local 

exuberance (e.g., the housing bubble in Vegas before the financial crisis), officemates make an 

analyst more aware of the existence of a target firm in that city. Officemates may also provide 

information about which hotel to stay or which airlines to travel to the area. Such information can 

reduce the analyst’s initial search cost of initiating a coverage, but does not necessarily improve 

the quality of analysts’ subsequent research activity. In this subsection, we examine the properties 

of analysts’ earnings forecasts to shed light on the quality of information communicated via word-

of-mouth. 

4.3.1. Earnings forecast accuracy  

We first examine forecast accuracy. If information sharing from officemates provides a 

unique channel for an analyst to learn useful information relevant for forecasting the firm he covers 

in the same area, we would expect higher forecast accuracy. In Internet Appendix A, we extend 

the analytical structure to show that it is indeed the case, as long as social interactions with 

officemates help analysts better identify geographic information that analysts without such social 

interactions cannot.  

To test this implication we estimate the following OLS regression: 

𝐴𝐹𝐸𝑖,𝑗(𝑎),𝑘,𝑡 = 𝛽0 +  𝛽1𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡 +  𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝛾𝑗(𝑎),𝑡 + 𝜂𝑘 + 𝜑𝑖 + 𝜖𝑖,𝑗(𝑎),𝑘,𝑡   (3) 

where 𝐴𝐹𝐸𝑖,𝑗(𝑎),𝑘,𝑡 is the absolute forecast error of analyst i’s (working at office k) most recent 

annual earnings forecast, issued prior to earnings being reported by firm j located in area a for year 

t.23 We require the analyst to have provided at least one 1-year ahead annual earnings forecast for 

firm j to be considered for this analysis.  If analysts learn geography-specific information from 

local peers and incorporate such information in their earnings forecasts, we should observe a 

negative association between the forecast error and the number of local peers (i.e., 1<0).   

Similar to the initiation test, we include firm-year fixed effects,  𝛾𝑗,𝑡,  which flexibly absorb 

                                                      
23 We also replace AFE with scaled AFE (by stock price) and the results are qualitatively unchanged. 
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any time-varying firm-specific factors that can affect analysts’ forecast accuracy. This enables 1 

to be primarily identified from variation in analyst accuracy among all forecasts made for the same 

firm-year. 24 We also include brokerage office fixed effects, 𝜂𝑘, and analyst fixed effects, 𝜑𝑖, to 

control for any time-invariant unobserved office- or analyst- factors. In addition, we include a set 

of time-varying variables commonly associated with forecast accuracy (Controls).  At the analyst-

level, we include general experience, all-star status, size of the brokerage, and the number of 

covered firms, industries and economic areas.  We also include analyst-firm-pair-level controls for 

the age of the forecast (days between forecast date and earnings announcement date), the analyst’s 

firm-specific experience, and the distance between the analyst and the firm.25 Standard errors are 

double-clustered at the firm and analyst level.  

Panel A of Table 5 provides the summary statistics for the sample used in the accuracy test. 

The total sample size is smaller than the initiation test because we only include covered firms with 

outstanding forecasts. Panel B of Table 5 presents the results from estimating equation (3). Column 

(1) includes only the three main fixed effects as control variables. It shows that the number of 

officemates carrying out research activities in a given area is negatively associated with the 

analyst’s absolute forecast errors for his covered firms in the same area: the coefficient estimate 

for LNOEA is -0.006 and highly significant at less than 1% level (t-stat = -4.81). Thus, a 50% 

increase in local peers (representing 1 more local peer relative to the median local peers of 2) is 

associated with the absolute forecast error by 0.03, a significant improvement relative to the 0.04 

sample median value. Columns (2)-(4) find similar results after adding the time-varying control 

variables and the fixed effects.  The explanatory power of the regressions is high, with the adjusted 

R-square ranging from 78.7% in Column (1) to 80.4% in Column (4).  The fully specified model 

in Column (4) reveals a negative and statistically significant coefficient on LNOEA of -0.004 (t-

stat = 3.7), consistent with interactions with local peers improving analyst forecast accuracy.  To 

put this result in context, analysts with more experience forecasting the firm have higher forecast 

accuracy, as indicated by the coefficient on fexp of -0.009 (t-stat =8.87).     

                                                      
24 Following prior literature (Clement (1999), Malloy (2005), Bradley et al. (2016)), we de-mean both the dependent 

variable and the independent variables in alternative specifications, which is equivalent to including a firm-year fixed 

effects, and obtain qualitatively similar results. 
25 Malloy (2005) finds that local analysts are more accurate. We explicitly control for such local advantage to separate 

out the spillover effects from peer analysts.  
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4.3.2. Market response to forecast revisions 

Since a main role of financial analysts is to disseminate information to the general investors, 

we should observe stronger market responses to earnings forecasts and stock recommendations by 

analysts with more local peers if they indeed communicate to the market new information they 

learned from officemates. To assess this, we estimate the following specification:  

𝑟𝑒𝑣𝑐𝑎𝑟𝑖,𝑗(𝑎),𝑘,𝑡 = 𝛽0 + 𝛽1𝑂𝐸𝐴_𝐷𝑈𝑀−𝑖,𝑗(𝑎),𝑘,𝑡 + 𝛽2𝑟𝑒𝑣𝑖,𝑗(𝑎),𝑡 + 𝛽3𝑂𝐸𝐴_𝐷𝑈𝑀 ∗ 𝑟𝑒𝑣𝑖,𝑗(𝑎),𝑡 

                                             +𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝛾𝑗(𝑎),𝑡 + 𝜂𝑘 + 𝜑𝑖 + 𝜖𝑖,𝑗(𝑎),𝑘,𝑡                               (4) 

where the dependent variable 𝑟𝑒𝑣𝑐𝑎𝑟𝑖,𝑗(𝑎),𝑘,𝑡 is the three-day buy-and-hold returns centered around 

the forecast revision date or recommendation revision date26 (i.e., [-1,1]). 𝑟𝑒𝑣𝑖,𝑗(𝑎),𝑡 is either the 

forecast revision or the stock recommendation revision. The forecast revision is the standardized 

forecast surprise of analyst i’s forecast revision on firm j’s annual earnings forecast for year t 

(Cooper et al. (2001)), calculated as i’s forecast minus the consensus forecast within 60 

days, 27 divided by the standard deviation of all forecasts made within 60 days. The stock 

recommendation revision is the change in analyst i's recommendation for firm j relative to his 

previous recommendation, ranging from [-4,4].28 To facilitate interpretation, we include a dummy 

variable (OEA_DUM) that equals to 1 if the analyst i has at least one officemate who covers a firm 

in the same geographic area at firm j, and 0 otherwise.  The coefficient 𝛽3 captures the incremental 

market reaction to analyst earnings forecasts (stock recommendations) made by analysts with 

officemates covering firms in the same area.  We expect 𝛽3 > 0 if earnings forecasts (stock 

recommendations) by analysts with more local peers convey more information to investors.  

Controls are the same as in equation (3), and we include firm-year, office and analyst fixed effects 

with standard errors double-clustered at the firm and analyst level.      

 Table 6 presents the results of estimating Equation (4). The dependent variable in Columns 

(1) and (2) is the three-day return around earnings revision dates, measured with raw returns and 

size-adjusted returns, respectively.  We observe a positive coefficient on rev (𝛽1) of 0.005 (t-stat 

= 16.4) in both specifications, consistent with the known result that the market responds to earnings 

                                                      
26 We exclude revisions issued within 5 days subsequent to quarterly earnings announcements. 
27 This is done to exclude stale forecasts. Also, to calculate the consensus, only the most recent forecast of an analyst 

issued within the prior 60 days period is included. 
28 There are five categories of stock recommendations: 1 = Sell, 2 = Underweight, 3 = Hold, 4 = Buy, 5 = Strong Buy. 
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forecast revisions.  Consistent with the idea that word-of-mouth from analysts’ local peers conveys 

incremental information to the market, we find that 𝛽3 = 0.001 (t-stat = 4.27). The results of 

estimating the market impact of stock recommendation revisions are presented in column (3) and 

(4), using raw and size-adjusted returns, respectively. The coefficient on rev (𝛽1) is 0.016 (t-stat = 

18.12) in both columns, and the incremental market response to analysts with geographically 

connected officemates is also positive and statistically significant (𝛽3 =0.004, t-stat = 4.47), about 

25% higher than the baseline. These results indicate that forecast revisions and recommendation 

revisions made by analysts with local peers provide additional information to investors.    

Collectively, the findings so far are consistent with the interpretation that analysts are more 

likely to cover firms located in areas where more of their officemates have coverage as they benefit 

from information shared by local peers.  

5. Additional analyses 

5.1. Transmission of area-specific information from local peers  

To further shed light on the nature of information shared among local peers and tie it to the 

area-specific information, we conduct two additional analyses.  First, we examine whether analysts 

with more local peers are more or less likely to pick up local shocks missed by other analysts. 

Specifically, we examine whether analysts with more colleagues covering an area are more likely 

to incorporate area-specific information (acquired through interactions with local peers) into their 

forecasts, so that their forecast errors are less associated with common area-specific shocks.  

We examine this in two steps. We first estimate the common area-specific shocks with the 

following regression:  

𝐶𝐹𝐸𝑗,𝑎,𝑡 = 𝑋𝑎,𝑡 + 𝛾𝑖𝑛𝑑,𝑡 + 𝜂𝑗 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑗,𝑡 + 𝜖𝑗,𝑎,𝑡  (5) 

where 𝐶𝐹𝐸𝑗,𝑎,𝑡 is the consensus (signed) forecast error for firm j located in area a during year t, 

𝑋𝑎,𝑡 is the area-year fixed effects, 𝛾𝑖𝑛𝑑,𝑡 is the industry-year fixed effects, 𝜂𝑗 is the firm-specific 

component that affects the consensus forecast error, and 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑗,𝑡 are time-varying firm 

characteristics including size, market to book ratio and the number of analysts covering firm 𝑗. We 

use the estimate for 𝑋𝑎,𝑡, 𝑋𝑎,�̂�, to represent the common shock for all firms in a given area-year 

(𝑎, 𝑡), and include it in the following specification: 
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𝐹𝐸𝑖,𝑗(𝑎),𝑘,𝑡 = 𝛽0 + 𝛽1𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡 + 𝛽2𝐿𝑁𝑂𝐸𝐴 ∗ 𝑋𝑎,�̂� + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝛾𝑗(𝑎),𝑡 + 𝜂𝑘 + 𝜑𝑖

+ 𝜖𝑖,𝑗(𝑎),𝑘,𝑡    

(6) 

where 𝐹𝐸𝑖,𝑗(𝑎),𝑘,𝑡 is the signed forecast error of analyst i's (working at office k) forecast of firm j 

located in area a during year t, and the other variables are the same as in (4). If interactions with 

local peers communicate value-relevant information specific to the area, we would expect 𝛽2 < 0. 

𝑋𝑎,�̂�  is not separately included in the presence of firm-year fixed effects.  

Table 7 presents the results from estimating Equation (6). Column (1) shows a negative 

coefficient estimate on LNOEA, suggesting that analysts with more local peers are less likely to 

issue optimistic forecasts (the sample mean value of FE is 0.046). Since optimistic bias is well 

documented in analyst forecasts, this result can provide a partial explanation for why analysts with 

local peers achieve better forecast accuracy. Column (2) adds the interaction between LNOEA and 

𝑋𝑎,�̂�  and reveals an insignificant negative coefficient of -0.005 (t-stat = 1.07). In Column (3), we 

separately examine whether the effect of local peers operates differently depending on the sign of 

the local shock. We find a negative coefficient -0.015 (t-stat = 1.92) for 𝐿𝑁𝑂𝐸𝐴 ∗ 𝑋𝑎,�̂� when 𝑋𝑎,�̂� >

0 (i.e., local forecast optimism and hence negative common shock) and an insignificant positive 

coefficient when 𝑋𝑎,�̂� < 0 (i.e., local forecast pessimism and hence positive common shock). 

These findings suggest that analysts with more local peers are more attuned to negative local 

shocks (which result in optimistic forecast errors common to other analysts covering the area). In 

other words, communication among local peers appears to be more effective in diffusing negative 

news. Together with the negative coefficient on LNOEA, these findings appear consistent with 

recent experimental research that finds a negativity bias in the social transmission of information 

(Bebbington et al. (2017)).29    

In our second analysis, we examine whether analysts with more local peers are more likely 

to issue recommendation revisions in response to local shocks. We use the average monthly returns 

of all firms in an area to proxy for the local news and estimate the following regression: 

𝑅𝑒𝑣_𝐷𝑈𝑀𝑖,𝑗(𝑎),𝑘,𝑡 = 𝛽0 + 𝛽1𝑂𝐸𝐴_𝐷𝑈𝑀−𝑖,𝑗(𝑎),𝑘,𝑡 + 𝛽2|𝑟𝑒𝑡𝑗,𝑡| + 𝛽3|𝑙𝑜𝑐𝑎𝑙_𝑟𝑒𝑡𝑎,𝑡| + (7) 

                                                      
29 Bebbington et al. (2017) find that information transmission via social networks is asymmetric, whereby negative 

information is more likely to survive transmission than positive information. This effect is hypothesized to be 

evolutionary in nature, as human survival is maximized by knowing when negative situations exist. 
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                                                     𝛽4|𝑙𝑜𝑐𝑎𝑙_𝑟𝑒𝑡𝑎,𝑡| ∗ 𝑂𝐸𝐴_𝐷𝑈𝑀 + 𝛾𝑗(𝑎),𝑡 + 𝜑𝑖 + 𝜖𝑖,𝑗(𝑎),𝑘,𝑡     

where 𝑅𝑒𝑣_𝐷𝑈𝑀𝑖,𝑗(𝑎),𝑘,𝑡 is a dummy variable that is equal to 1 if analyst i (working at office k) 

issues a recommendation revision for firm j located in area a during month t, |𝑟𝑒𝑡𝑗,𝑡| is the absolute 

return of firm j during month t, and |𝑙𝑜𝑐𝑎𝑙𝑟𝑒𝑡𝑎,𝑡
| is the average absolute return of firms in area a 

(excluding firm j) during month t. All the other variables are as previously defined. The coefficient 

of interest is 𝛽4, and a positive 𝛽4 would indicate that analysts with local peers are more likely to 

issue stock recommendation revisions in response to local shocks. 

Table 8 presents the results from estimating Equation (7). Column (1) shows a positive 

coefficient estimate for 𝛽2 and insignificant estimates for 𝛽3 and 𝛽4. We replace |𝑟𝑒𝑡𝑗,𝑡| and 

|𝑙𝑜𝑐𝑎𝑙𝑟𝑒𝑡𝑎,𝑡
| with |𝑟𝑒𝑡𝑗,𝑡−1| and |𝑙𝑜𝑐𝑎𝑙𝑟𝑒𝑡𝑗,𝑡−1

| in column (2) to allow for the slow diffusion of local 

shocks up to one month. We find a positive 𝛽3 > 0 and 𝛽4 < 0, suggesting analysts with local peers 

are less likely to issue recommendation revisions in the presence of local shocks. Given that Table 

7 reports a heighted sensitivity by analysts with more local peers to negative news in their earnings 

forecasts, we further decompose the local shocks into positive shocks and negative shocks in 

column (3). We find that on average, analysts issue recommendation revisions following negative 

contemporaneous local shocks (coefficient = 0.130, t-stat = 2.63) but not positive 

contemporaneous shocks (coefficient = 0.014, t-stat = 0.50) and there is no incremental effect for 

officemates with respect to either positive (coefficient = -0.043, t-stat = 1.41) or negative 

(coefficient = 0.026, t-stat = 0.49) shocks.   The most interesting results are in column (4), where 

we lag the shock by one month. We find that analysts with more local officemates are less likely 

to respond to positive shocks (coefficient = -0.110, t-stat = -3.65) but more likely to respond to 

negative shocks (coefficient = 0.163, t-stat = 2.85), consistent with the result in Table 7 when we 

examine earnings revision.     

5.2. Transmission of area-specific information to investors 

The picture that emerges from the evidence thus far is that analysts expect and realize 

benefits from local peers with respect to geographic information, the capital market responds more 

strongly to analysts with local peers, and the informational benefit appears to occur predominantly 

through analyst consideration of the negative information that can be gleaned about the local 

geographic region from their communications with local peers.  Given this evidence, we would 
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expect that geographic momentum should be attenuated for analysts with local peers, and this 

attenuation should be driven especially by improved price efficiency following negative 

geographic news.   

To assess whether this is the case, we begin by estimating the panel regression model in 

Parsons et al. (2016) which includes time fixed effects:   

𝑟𝑒𝑡𝑗,𝑡 = 𝛽0 + 𝛽1𝑟𝑒𝑡𝑖𝑛𝑑,𝑡−1 + 𝛽2𝑟𝑒𝑡𝑎,𝑡−1 + 𝛽3𝑟𝑒𝑡𝑎,𝑡−1 ∗ ℎ𝑖𝑔ℎ𝑂𝐸𝐴 + 𝛾𝑡 + 𝜖𝑗,𝑡                                             (8)  

where 𝑟𝑒𝑡𝑗,𝑡 is the return of firm j during month t, 𝑟𝑒𝑡𝑖𝑛𝑑,𝑡−1 is the average return of all firms in 

the same industry as firm j during month t-1, 𝑟𝑒𝑡𝑎,𝑡−1 is the average return of all firms in the 

same area as firm j (excluding firms in the same industry as j) during month t-1. 𝛾𝑡 is the month 

fixed effects, and high_OEA is an indicator that equals one if the average number of local peers 

for all analysts covering the firm is above the sample median of 2.14.   𝛽1 captures the industry 

momentum and 𝛽2 captures geographic momentum.  Our main interest is in 𝛽3, and if local peers 

assist in the diffusion of geographic information, we expect 𝛽3 < 0.    

Results from estimating Eq. (8) are presented Table 9. We first replicate the basic 

specification as in Parsons et al. (2016) in column (1). We find a point estimate of 0.163 and 

0.070 for industry and geographic momentum respectively, similar in magnitude to Parsons et 

al. (2016) who also document the geographic momentum effects is roughly half the magnitude 

of the industry effect.  Consistent with our prediction, column 2 shows that a significant negative 

estimate for 𝛽3 at -0.140 (t-stat = 4.07). These estimates show that for firms followed by analysts 

with few local peers, the geographic momentum effect of 0.150 is statistically significant (t-stat 

3.08) and about twice as large as the overall average effect size in column (1).  Geographic 

momentum effects are weaker in the presence of local peers (coefficient = -0.140, t-stat = -4.07).  

In fact, the dampening effect of local peers essentially eliminates geographic momentum (0.150 

– 0.140 = 0.010).  

In column (3) we allow for asymmetric momentum effects by separately estimating the 

effects for positive vs. negative geographic area returns, given the established finding in the 

momentum literature that bad news travels more slowly than good news (Hong et al. (2000)) and 

that we expect the moderating effects of local peers to be especially salient for bad news.  We 

interact 𝑟𝑒𝑡𝑎,𝑡−1 with an indicator variable for the sign of 𝑟𝑒𝑡𝑎,𝑡−1. This specification allows the 
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association between future returns and geographic area returns to vary based on the direction of 

area news.  If geographic momentum primarily occurs because bad news travels slowly, we would 

expect to observe a larger coefficient for 𝑟𝑒𝑡𝑎,𝑡−1 when 𝑟𝑒𝑡𝑎,𝑡−1 is negative than when 𝑟𝑒𝑡𝑎,𝑡−1 is 

positive. This is precisely what we find: column (3) shows that the coefficient on negative 𝑟𝑒𝑡𝑎,𝑡−1 

is 0.159 (t-stat = 2.73), about five times greater than the coefficient for positive 𝑟𝑒𝑡𝑎,𝑡−1 (at 0.027, 

with t-stat = 0.6). An F-test rejects coefficient equality at 6% level (F-stat = 3.68).   

Column (4) augments the specification in column (3) by introducing the interactive terms 

with ℎ𝑖𝑔ℎ_𝑂𝐸𝐴. The results support the idea that local peers reduce geographic momentum 

differently for positive and negative geographic momentum returns. Specifically, the coefficient 

estimate for 𝑟𝑒𝑡𝑎,𝑡−1 ∗ ℎ𝑖𝑔ℎ𝑂𝐸𝐴 is -0.124 (t-stat = 2.84) and -0.170 (t-stat = 3.39) when 𝑟𝑒𝑡𝑎,𝑡−1 is 

positive and negative, respectively, although the difference between the two coefficients are not 

statistically significant at conventional levels. Both estimates indicate that regardless of the nature 

of the news, the geographic momentum is significantly weakened among firms followed by 

analysts with more local peers: the total momentum effect for positive returns is -0.028 (= 0.096 - 

0.124), and that for negative return is 0.088 (= 0.258 – 0.170). F-tests (untabulated) show that 

neither is statistically significant from zero at conventional levels. Collectively, these findings are 

consistent with the idea that analysts obtain and diffuse area-specific information from their 

officemates with exposure to the area.  The results also confirm that when there are few local peers, 

geographic momentum effects are quite large (coefficient on ret_area*negative = 0.258, t= 4.08), 

consistent with the general notion in Parsons et al. (2016) that the absence of analysts can underpin 

stock price momentum. 

6. Conclusion 

We provide evidence that information sharing among analysts in the same brokerage office 

helps diffuse geographic-specific information. Based on a comprehensive, hand-collected dataset 

on equity analysts’ office locations, we find that an analyst’s decision to initiate coverage of a firm 

located in a geographic area is positively associated with the number of his officemates covering 

(other) firms in the same area, i.e., local peers. We hypothesize that this is because analysts 

anticipate benefits from information sharing with their local peers. In support of this hypothesis, 

we find that forecasts by analysts with more local peers are indeed more accurate and generate 

larger stock market reactions. Furthermore, we find that information sharing with local peers helps 
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analysts more attuned to local, especially the negative, shocks. Lastly, we find that geographic 

momentum effect is less pronounced for firms covered by analysts with more local peers, 

suggesting that prices for these firms impound geographic information more efficiently. 

Collectively, these findings suggest that information sharing among local peers promotes new 

information production by transmitting value-relevant information and therefore plays a role in 

improving price efficiency. 

In addition to providing new evidence on the nature of information shared among analysts 

working in the same office, our paper also provides the first large sample study on how 

communication of soft information (about geographic spillover effects) affects the production of 

additional, hard information by financial analysts (in terms of recommendation and earnings 

forecasts), and how it affects stock price efficiency. We find analysts are more likely to initiate 

coverage for firms for which they can obtain more soft, geographic-specific information from their 

officemates. This finding is consistent with theoretical works that study investors’ information 

production choices among attention constraint (Sims (2006), Van Nieuwerburgh and Veldkamp 

(2009)). Given the constraint of communicating soft information (that it has to take place via 

personal, social interactions), our findings also shed light on long-standing puzzle of local bias and 

the slow diffusion of geographic specific news (Parsons et al. (2016), Addoum et al. (2016)).  
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Table 1: Sample Construction Procedure 

 
 

Observation Analysts Firms 

All analyst-firm pairs between 1992 Nov. and 2005 Oct. in IBES U.S. 

Detail History 

457,793 10,008 9,722 

Names identified in IBES Recommendation file 424,013 8,302 9,637 

Analyst location identified from Nelson's 322,127 5,602 9,325 

Exclude observations without EA information and GICS code 282,225 5,568 8,464 

Exclude observations with missing control variables (i.e. full sample) 269,800 5,553 7,953 

    

First coverage of an industry (i.e. initiation sample) 31,505 4,956 6,040 

Match each observation in coverage initiation sample with all firms in the 

industry in the same year (i.e. initiation decision sample) 

1,346,907 4,956 7,949 

Initiation ratio (i.e. initiation sample / initiation decision sample) 2.34%   
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Table 2: Summary Statistics 

 
Panel A to Panel E of this table report summary statistics (number of observations, mean, median, and 

standard deviation) of the initiation decision sample on various levels. Variable definitions are provided in 

Internet Appendix B. *** denotes significance level of less than 0.001. 

 

Panel A: firm-year level          Panel B: brokerage-year level  

 

Variable N Mean Median Std Dev    Variable N Mean Median Std Dev 

abret 40,995 0.12 -0.02 1.02    bsize 1,996 21.23 11 27.36 

size 40,995 2865.53 379.33 13858.60    noffice 1,996 1.97 1 1.55 

mb 40,995 1.76 1.18 1.77         

nfoll 40,995 9.46 6 9.18         

vol 40,995 3.63 0.38 17.64         

insthld 40,995 0.44 0.42 0.25         

 

Panel C: office-year level  

 
 

Variable N Mean Median Std Dev 
 

osize 2,840 9.55 5 13.97 

main_office = 1 osize 2,020 12.01 6 15.75 

main_office = 0 osize 820 3.51 2 3.66 

 

Panel D: analyst-year level  

 

  Full sample 

(N=28,312) 

 
Initiation decision sample 

(N=10,028) 

Variable  Mean Median Std Dev 
 

                  Mean Median Std Dev 

nfirm  10.92 10 8.38 
 

 9.57 8 7.90 

nind  2.78 2 2.19 
 

 3.35 3 2.56 

nea  6.33 6 4.45 
 

 5.82 5 4.31 

gexp  5.56 3.86 5.22 
 

 3.07 1.31 4.07 

ny  0.49 0 0.50 
 

 0.44 0 0.50 

allstar  0.11 0 0.31 
 

 0.05 0 0.22 
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Table 2: Summary Statistics - Cont'd 

 
Panel E: analyst-firm-year level within the initiation decision sample 

 

                          initiation=1  

                             (N=31,505) 

initiation=0  

(N=1,315,402) 

 

Variable  Mean Median Std 

Dev 

Mean Median Std 

Dev 

Difference in 

Means 

OEA  6.59 3 9.15 5.20 2 8.42 -1.30*** 

dist  1483.0 1101.5 1397.6 1845.84 1520.3 1382.8 362.69*** 

local  0.16 0 0.37 0.07 0 0.26 -0.09*** 

same_state  0.18 0 0.39 0.09 0 0.28 -0.09*** 

stop  0.22 0 0.41 0.03 0 0.17 -0.19*** 

coverEA  0.14 0 0.34 0.10 0 0.30 -0.03*** 

primary_OEA  0.23 0 0.42 0.11 0 0.32 -0.11*** 

OEA_init  2.65 1 3.86 2.07 1 3.49 -0.53*** 

BEA  2.13 0 5.17 1.90 0 5.03 -0.24*** 

 

 

  



 

41 

 

Table 3: Initiation Decision Regressions 

 
This table reports the estimates of the following analyst-firm-pair level regression: 

 

𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑖𝑜𝑛𝑖,𝑗(𝑎),𝑘,𝑡 =  𝛽1𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡 + 𝛾𝑗(𝑎),𝑡 + 𝜂𝑘 + 𝜑𝑖 + 𝑀𝑖,𝑡 + 𝑁𝑖,𝑗(𝑎)  + 𝑍𝑗(𝑎),𝑘,𝑡 + 휀𝑖,𝑗(𝑎),𝑘,𝑡    (1) 

Panel A reports the results for the main specifications. Different combinations of fixed effects are included 

in each column and are reported at the bottom of the table. Panel B reports the results for various 

specifications to rule out the brokerage-level confounding effects. Variable definitions are provided in 

Internet Appendix B. Standard errors are double clustered by firm and analyst. T-statistics are in 

parentheses.  

***, **, and * denote two-sided test of significance level of less than 0.001, 0.01, and 0.05, respectively.  

 

 

Panel A: Effect of local peers on initiation decision 

  
(1) (2) (3) (4) 

LNOEA 0.005*** 0.004*** 0.004*** 0.005***  
(44.41) (10.89) (10.40) (10.96) 

LNOIND 
 -0.006*** -0.006*** -0.005***  

 (-12.99) (-12.75) (-9.86) 

lag_nfirm 
 -0.004*** -0.004*** -0.005***  

 (-20.20) (-20.36) (-12.03) 

allstar 
 -0.004** -0.003* -0.003  

 (-3.10) (-2.10) (-0.84) 

osize 
 -0.000 -0.000 -0.001  

 (-0.70) (-0.33) (-0.62) 

stop 
 0.114*** 0.115*** 0.116***  

 (31.19) (31.23) (31.68) 

dist 
 -0.004*** -0.004*** -0.004***  

 (-15.88) (-15.74) (-15.58) 

coverEA 
 0.011*** 0.011*** 0.010***  

 (12.53) (12.44) (11.87) 

primary_OEA 
 0.018*** 0.018*** 0.018***  

 (16.91) (16.71) (16.26) 

Firm-year FE N Y Y Y 

Office FE N N Y Y 

Analyst FE N N N Y 

N 1,346,346 1,346,346 1,346,346 1,346,346 

adj. R-sq 0.001 0.081 0.082 0.090 
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Table 3: Initiation Decision Regressions (Con’d) 

Panel B: Control for brokerage policy directives 

 
(1) (2) (3) (4) 

LNOEA 
 0.005*** 0.007*** 0.008***  

 (11.01) (12.09) (12.01) 

LNOIND 
 -0.006*** -0.005*** -0.005***  

 (-10.00) (-9.93) (-9.91) 

lag_LNOEA 0.004***     
(10.96)    

lag_LNOIND -0.003***     
(-4.39)    

LNBEA 
 0.000 0.001 0.001  

 (1.02) (1.27) (1.51) 

LNBIND 
 -0.005*** -0.005*** -0.005***  

 (-6.94) (-6.92) (-6.92) 

LNOEA_init 
  -0.003*** -0.004***  

  (-6.15) (-6.23) 

lag_LNOEA_init 
   -0.001**  

   (-3.05) 

lag_nfirm -0.005*** -0.005*** -0.005*** -0.005***  
(-11.84) (-12.12) (-12.23) (-12.13) 

allstar -0.003 -0.003 -0.002 -0.002  
(-0.90) (-0.76) (-0.72) (-0.72) 

osize -0.001 -0.001 -0.001 -0.001  
(-1.28) (-0.74) (-0.58) (-0.64) 

stop 0.116*** 0.116*** 0.116*** 0.116***  
(31.65) (31.71) (31.71) (31.71) 

dist -0.004*** -0.004*** -0.004*** -0.004***  
(-15.53) (-15.53) (-15.56) (-15.62) 

coverEA 0.010*** 0.010*** 0.010*** 0.010***  
(11.63) (11.87) (11.87) (11.94) 

primary_OEA 0.018*** 0.018*** 0.018*** 0.018***  
(16.51) (16.27) (16.78) (16.88) 

Firm-year FE Y Y Y Y 

Office FE Y Y Y Y 

Analyst FE Y Y Y Y 

N 1,346,346 1,346,346 1,346,346 1,346,346 

adj. R-sq 0.090 0.090 0.090 0.090 
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Table 4: Moderating Effects of Local Peers on Initiation Decisions 

   This table reports the estimates of the following analyst-firm-pair level regression:  

 
𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑖𝑜𝑛𝑖,𝑗(𝑎),𝑘,𝑡 = 𝛽0 + 𝛽1𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡 + 𝛽2𝑆𝑜𝑟𝑡𝐷𝑢𝑚 + 𝛽3𝐿𝑁𝑂𝐸𝐴 ∗ 𝑆𝑜𝑟𝑡𝐷𝑢𝑚 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝜖𝑖,𝑗(𝑎),𝑘,𝑡 

where SortDum is a dummy variable that is equal to 1 if the sorting variable is above the benchmark in a 

given year. Variable definitions are provided in Internet Appendix B. Firm-year fixed effects, office fixed-

effects and analyst fixed effects are included in the regressions. Standard errors are double clustered by 

firm and analyst. T-statistics are in parentheses. ***, **, and * denote two-sided test of significance level 

of less than 0.001, 0.01, and 0.05, respectively.  

  
(1) (2) (3) (4) 

LNOEA 0.002*** 0.005*** 0.006*** 0.009***  
(5.30) (12.28) (11.61) (13.96) 

LNOEA*flarge 0.005***     
(11.72)    

LNOEA*coverEA 
 -0.005***    

 (-7.78)   

LNOEA*PostFD   -0.003***  

   (-4.84)  

LNOEA*olarge 
   -0.006***  

   (-10.58) 

LNOIND -0.005*** -0.005*** -0.005*** -0.005***  
(-9.84) (-9.83) (-9.86) (-9.76) 

lag_nfirm -0.005*** -0.005*** -0.005*** -0.005***  
(-12.03) (-12.20) (-12.18) (-12.23) 

allstar -0.003 -0.002 -0.003 -0.003  
(-0.84) (-0.62) (-0.75) (-0.85) 

osize -0.001 -0.001 -0.001 -0.000  
(-0.62) (-0.65) (-0.77) (-0.19) 

stop 0.115*** 0.116*** 0.116*** 0.116***  
(31.51) (31.68) (31.68) (31.68) 

dist -0.004*** -0.004*** -0.004*** -0.004***  
(-15.54) (-15.64) (-15.57) (-15.29) 

coverEA 0.010*** 0.019*** 0.010*** 0.010***  
(11.88) (13.42) (11.90) (11.79) 

primary_OEA 0.018*** 0.018*** 0.018*** 0.017***  
(16.32) (16.32) (16.26) (15.70) 

Firm-year FE Y Y Y Y 

Office FE Y Y Y Y 

Analyst FE Y Y Y Y 

N 1,346,346 1,346,346 1,346,346 1,346,346 

adj. R-sq 0.090 0.090 0.090 0.090 
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Table 5: Forecast Accuracy Regressions 

This table reports the estimates of the following analyst-firm-pair level regression:  

 

𝐴𝐹𝐸𝑖,𝑗(𝑎),𝑘,𝑡 = 𝛽0 + 𝛽1𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡 +  𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝛾𝑗,𝑡 + 𝜂𝑘 + 𝜑𝑖 + 𝜖𝑖,𝑗(𝑎),𝑘,𝑡   
 

Panel A reports the summary statistics for variables used in this regression and Panel B reports the estimates. 

Variable definitions are provided in Internet Appendix B. Different combinations of fixed effects are 

included in each column and are reported at the bottom of the table. Standard errors are double clustered 

by firm and analyst. T-statistics are in parentheses. ***, **, and * denote two-sided test of significance 

level of less than 0.001, 0.01, and 0.05, respectively. 

 

Panel A: Summary statistics (N=234,340) 

 

Variable Mean Median Std Dev 

AFE 0.18 0.04 0.47 

FE 0.05 -0.005 0.37 

OEA 7.31 3 9.76 

OIND 1.73 1 2.16 

age 153.32 112 83.79 

gexp 6.93 5.45 5.38 

fexp 3.23 1.86 3.69 

allstar 0.15 0 0.36 

bsize 54.82 44 44.23 

dist 1462.68 1087.94 1377.15 

nfirm 16.84 14 12.53 

nind 3.61 3 2.92 

nea 9.51 8 6.01 
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Table 5: Forecast Accuracy Regressions (Con’d) 

 
Panel B: Word-of-mouth Effects on Forecast Accuracy 

  
(1) (2) (3) (4) 

LNOEA -0.006*** -0.002** -0.004*** -0.004***  
(-4.81) (-2.26) (-3.57) (-3.70) 

LNOIND 
 0.001 0.003** -0.000  

 (1.22) (2.17) (-0.24) 

age 
 0.147*** 0.145*** 0.139***  

 (30.95) (30.86) (31.15) 

gexp 
 0.005*** 0.007*** -0.004  

 (5.17) (6.45) (-1.08) 

fexp 
 -0.009*** -0.008*** -0.009***  

 (-9.22) (-8.27) (-8.87) 

allstar 
 -0.003 -0.004* -0.003  

 (-1.49) (-1.73) (-1.22) 

bsize 
 -0.005*** -0.013*** -0.012***  

 (-7.15) (-3.61) (-2.81) 

dist 
 0.000 -0.000 -0.000  

 (0.79) (-0.18) (-0.73) 

nfirm 
 -0.012*** -0.013*** -0.020***  

 (-5.45) (-5.62) (-5.84) 

nind 
 0.003** 0.000 0.002  

 (2.55) (0.34) (0.90) 

nea 
 0.005** 0.004* 0.003  

 (2.39) (1.81) (1.00) 

Firm-year FE Y Y Y Y 

Office FE Y N Y Y 

Analyst FE Y N N Y 

N 234,129 234,340 234,306 234,129 

adj. R-sq 0.787 0.798 0.799 0.804 
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Table 6: Stock Price Impact of Earnings Forecast and Stock Recommendation Revisions 
 

This table reports the estimates of the following analyst-firm-pair level regression:  

 

𝑟𝑒𝑣𝑐𝑎𝑟𝑖,𝑗(𝑎),𝑘,𝑡 = 𝛽0 + 𝛽1𝑂𝐸𝐴_𝐷𝑈𝑀−𝑖,𝑗(𝑎),𝑘,𝑡 + 𝛽2𝑟𝑒𝑣𝑖,𝑗,𝑡 + 𝛽3𝑂𝐸𝐴_𝐷𝑈𝑀 ∗ 𝑟𝑒𝑣𝑖,𝑗,𝑡 +  

                                             𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝛾𝑗,𝑡 + 𝜂𝑘 + 𝜑𝑖 + 𝜖𝑖,𝑗(𝑎),𝑘,𝑡    

where 𝑟𝑒𝑣𝑖,𝑗,𝑡 is the earnings forecast revisions in columns (1) and (2) and stock recommendation revisions 

in columns (3) and (4). Variable definitions are provided in Internet Appendix B. Firm-year fixed effects, 

office fixed-effects and analyst fixed effects are included in the regression. Standard errors are double 

clustered by firm and analyst. T-statistics are in parentheses. ***, **, and * denote two-sided test of 

significance level of less than 0.001, 0.01, and 0.05, respectively. 

 
Dependent 

variable: 

Market response to earnings forecast 

revisions 

Market response to stock recommendation 

revisions  
(1) (2) (3) (4) 

 Unadjusted Size-adjusted Unadjusted Size-adjusted 

rev 0.005*** 0.005*** 0.016*** 0.016***  
(16.36) (16.36) (18.12) (18.45) 

OEA_dum 0.000 0.001 0.001 0.001  
(0.52) (1.06) (0.74) (0.40) 

rev*OEA_dum 0.001*** 0.001*** 0.004*** 0.004***  
(4.27) (4.37) (4.47) (4.57) 

gexp -0.000 0.000 -0.002 -0.003  
(-0.12) (0.35) (-0.65) (-0.85) 

fexp -0.000 -0.000 0.000 0.000  
(-0.80) (-0.84) (0.09) (0.40) 

allstar 0.001 0.001 -0.000 -0.000  
(1.53) (1.85) (-0.21) (-0.21) 

osize 0.001 0.001 0.004 0.001  
(1.78) (1.67) (1.39) (0.43) 

dist 0.000 0.000 -0.000 -0.000  
(0.34) (0.06) (-0.81) (-0.55) 

nfirm -0.002 -0.002 0.002 0.003  
(-1.77) (-1.86) (0.65) (0.92) 

nind 0.000 0.001 -0.000 -0.000  
(0.71) (1.36) (-0.03) (-0.07) 

nea 0.001 0.001 -0.002 -0.003  
(1.22) (0.69) (-0.67) (-0.98) 

Firm-year FE Y Y Y Y 

Office FE Y Y Y Y 

Analyst FE Y Y Y Y 

N 259,744 259,744 85,438 85,438 

adj. R-sq 0.231 0.239 0.264 0.273 
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Table 7: Forecast Errors and Common Local Shocks  
 

This table reports the estimates of the following analyst-firm-pair level regression:  

 

𝐹𝐸𝑖,𝑗(𝑎),𝑘,𝑡 = 𝛽0 + 𝛽1𝐿𝑁𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡 + 𝛽2𝐿𝑁𝑂𝐸𝐴 ∗ 𝑋𝑎,�̂� 

+𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝛾𝑗,𝑡 + 𝜂𝑘 + 𝜑𝑖 + 𝜖𝑖,𝑗(𝑎),𝑘,𝑡 

 

where 𝑋𝑎,�̂� are estimated from the following first stage regression: 

𝐶𝐹𝐸𝑗,𝑎,𝑡 = 𝑋𝑎,𝑡 + 𝛾𝑖𝑛𝑑,𝑡 + 𝜂𝑗 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑗,𝑡 + 𝜖𝑗,𝑎,𝑡 

where 𝐶𝐹𝐸𝑗,𝑎,𝑡 is the consensus forecast error for firm j located in area a during year t, 𝑋𝑎,𝑡 is the area-year 

fixed effects, 𝛾𝑖𝑛𝑑,𝑡 is the industry-year fixed effects, 𝜂𝑗 is the firm-specific component that affects the 

consensus forecast error, and 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑗,𝑡 are time-varying firm characteristics including size, market to 

book ratio and the number of analysts covering firm 𝑗. We retrieve the estimates for 𝑋𝑎,𝑡, 𝑋𝑎,�̂�, and use it as 

a proxy to represent the common shock for all firms in a given area-year.where   

 

Column (1) reports the estimates from the second stage regression. Column (2) reports the estimates from 

a variant of the second stage regression, after adding the interactive term of 𝐿𝑁𝑂𝐸𝐴 ∗ 𝑋𝑎,�̂� Column (3) 

reports the estimates by replacing the interaction term with two terms split by the sign of 𝑋𝑎,�̂�: 𝐿𝑁𝑂𝐸𝐴 ∗

𝑋𝑎,�̂� ∗ 𝐷𝑢𝑚𝑚𝑦(𝑋𝑎,�̂� > 0) and 𝐿𝑁𝑂𝐸𝐴 ∗ 𝑋𝑎,�̂� ∗ 𝐷𝑢𝑚𝑚𝑦(𝑋𝑎,�̂� < 0).  Variable definitions are provided in 

Internet Appendix B. Firm-year fixed effects, office fixed-effects and analyst fixed effects are included in 

the regressions. Standard errors are double clustered by firm and analyst. T-statistics are in parentheses. 

***, **, and * denote two-sided test of significance level of less than 0.01, 0.05, and 0.1, respectively.  
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Table 7: Forecast Errors and Common Local Shocks (Con’d) 
  

(1) (2) (3) 
    

LNOEA -0.004*** -0.004*** -0.003**  
(-3.40) (-3.43) (-2.50) 

LNOIND -0.001 -0.000 -0.000  
(-0.44) (-0.62) (-0.59) 

𝐿𝑁𝑂𝐸𝐴 ∗ 𝑋𝑎,�̂�  -0.005   

 (-1.07)  
𝐿𝑁𝑂𝐸𝐴 ∗ 𝑋𝑎,�̂� ∗ 𝐷𝑢𝑚𝑚𝑦(𝑋𝑎,�̂� > 0) 

  -0.015*  

  (-1.92) 

𝐿𝑁𝑂𝐸𝐴 ∗ 𝑋𝑎,�̂� ∗ 𝐷𝑢𝑚𝑚𝑦(𝑋𝑎,�̂� < 0) 
  0.005  

  (0.63) 

age 0.071*** 0.071*** 0.071***  
(20.73) (20.25) (20.25) 

gexp 0.002 0.002 0.002  
(0.63) (0.64) (0.63) 

fexp -0.006*** -0.006*** -0.006***  
(-5.40) (-5.49) (-5.49) 

allstar 0.004 0.003 0.003  
(1.29) (1.16) (1.16) 

bsize -0.007 -0.006 -0.006  
(-1.61) (-1.40) (-1.39) 

dist -0.001** -0.001** -0.001**  
(-2.34) (-2.39) (-2.34) 

nfirm -0.006* -0.007** -0.007**  
(-1.83) (-1.97) (-1.96) 

nind 0.001 0.002 0.002  
(0.38) (0.80) (0.80) 

nea -0.005* -0.005 -0.005  
(-1.68) (-1.49) (-1.49) 

Firm-year FE Y Y Y 

Office FE Y Y Y 

Analyst FE Y Y Y 

N 234,129 222,192 222,192 

adj. R-sq 0.672 0.672 0.672 
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Table 8: Recommendation Revisions and Common Local Shocks  
 

This table reports the estimates of the following analyst-firm-pair level regression:  

 

𝑅𝑒𝑣_𝐷𝑈𝑀𝑖,𝑗(𝑎),𝑘,𝑡 = 𝛽0 + 𝛽1𝑂𝐸𝐴_𝐷𝑈𝑀−𝑖,𝑗(𝑎),𝑘,𝑡 + 𝛽2|𝑟𝑒𝑡𝑗,𝑡| + 𝛽3|𝑙𝑜𝑐𝑎𝑙_𝑟𝑒𝑡𝑎,𝑡| +

                                                     𝛽4|𝑙𝑜𝑐𝑎𝑙_𝑟𝑒𝑡𝑎,𝑡| ∗ 𝑂𝐸𝐴_𝐷𝑈𝑀 + 𝛾𝑗(𝑎),𝑡 + 𝜑𝑖 + 𝜖𝑖,𝑗(𝑎),𝑘,𝑡     

 

where 𝑅𝑒𝑣_𝐷𝑈𝑀𝑖,𝑗(𝑎),𝑘,𝑡 is a dummy variable that is equal to 1 if analyst i (working at office k) issues a 

recommendation revision for firm j located in area a during month t, |𝑟𝑒𝑡𝑗,𝑡| is the absolute return of firm j 

during month t, and |𝑙𝑜𝑐𝑎𝑙𝑟𝑒𝑡𝑎,𝑡
| is the average absolute return of firms in area a (excluding firm j) during 

month t. Column (1) reports the estimates from the above equation. Column (2) reports the estimates after 

replacing |𝑟𝑒𝑡𝑗,𝑡| and |𝑙𝑜𝑐𝑎𝑙𝑟𝑒𝑡𝑎,𝑡
| with |𝑟𝑒𝑡𝑗,𝑡−1| and |𝑙𝑜𝑐𝑎𝑙𝑟𝑒𝑡𝑗,𝑡−1

|. Column (3) and (4) decompose local 

shocks into positive and negative shocks. Variable definitions are provided in Internet Appendix B. Firm-

year fixed effects and analyst fixed effects are included in the regressions. Standard errors are double 

clustered by firm and analyst. T-statistics are in parentheses. ***, **, and * denote two-sided test of 

significance level of less than 0.01, 0.05, and 0.1, respectively. 
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Table 8: Recommendation Revisions and Common Local Shocks (Con’d) 
 

 (1) (2) (3) (4) 

     
OEA_dum 0.005* 0.009*** 0.005* 0.010*** 

 (1.80) (3.35) (1.84) (3.43) 

|ret| 0.223***  0.222***  

 (25.33)  (25.34)  
|local_ret| 0.040    

 (1.41)    
|local_ret|*OEA_dum -0.034    

 (-1.14)    
|lag_ret|  0.044***   

  (6.95)   

|lag_local_ret|  0.051*   

  (1.74)   
|lag_local_ret|*OEA_dum  -0.121***   

  (-3.91)   
|local_ret|*Dummy(local_ret>0)   0.014  

   (0.50)  
|local_ret|*Dummy(local_ret>0)*OEA_dum   -0.043  

   (-1.41)  
|local_ret|*Dummy(local_ret<0)   0.130***  

   (2.63)  
|local_ret|*Dummy(local_ret<0)*OEA_dum   0.026  

   (0.49)  
|lag_local_ret|*Dummy(lag_local_ret>0)    0.035 

    (1.19) 

|lag_local_ret|*Dummy(lag_local_ret>0)*OEA_dum    -0.110*** 

    (-3.65) 

|lag_local_ret|*Dummy(lag_local_ret<0)    0.112** 

    (2.09) 

|lag_local_ret|*Dummy(lag_local_ret<0)*OEA_dum    0.163*** 

    (2.85) 

Firm-year fixed effects Y Y Y Y 

Analyst fixed effects Y Y Y Y 

N 439896 439830 439896 439830 

adj. R-sq 0.052 0.048 0.053 0.048 
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Table 9: Geographic Momentum and Local Officemates 

Column 1 of this table reports the estimates from the following panel regression: 

𝑟𝑒𝑡𝑗,𝑡 = 𝛽0 + 𝛽1𝑟𝑒𝑡𝑖𝑛𝑑,𝑡−1 + 𝛽2𝑟𝑒𝑡𝑎,𝑡−1 + 𝛾𝑡 + 𝜖𝑗,𝑡 

where 𝑟𝑒𝑡𝑗,𝑡 is the return of firm j during month t, 𝑟𝑒𝑡𝑖𝑛𝑑,𝑡−1 is the average return of all firms in the same 

industry as firm j during month t-1, and 𝑟𝑒𝑡𝑎,𝑡−1 is the average return of all firms in the same area as firm 

j (excluding firms in the same industry as j) during month t-1. 𝛾𝑡 is the month fixed effects. Column (2) 

allows the coefficient on r𝑒𝑡𝑎,𝑡−1, the geographic momentum estimate, to vary based on whether the 

analysts that follow the firm on average has a higher than sample medium number of local peers (high_OEA 

= 1 if the average OEA for all analysts following the firm in year t is greater than the sample median of 

2.14 and zero otherwise).  Column (3) allows the coefficient on 𝑒𝑡𝑎,𝑡−1 , the geographic momentum 

estimate, to vary based on whether the return was positive (an indicator variable that equals 1 if 𝑟𝑒𝑡𝑎,𝑡−1 > 

0 and zero otherwise) or negative (an indicator variable that equals 1-positive).  Column (4) allows the 

coefficient on 𝑟𝑒𝑡𝑎,𝑡−1 , the geographic momentum estimate, to vary based on both the sign of 𝑟𝑒𝑡𝑎,𝑡−1 

(positive or negative) and whether a high number of local peers follows the firm (high_OEA).  T-statistics 

are in parentheses. ***, **, and * denote two-sided test of significance level of less than 0.01, 0.05, and 

0.1, respectively. 

 

 (1) (2) (3) (4) 

     

ret_ind 0.163 0.163 0.163 0.170 

 (1.38) (1.43) (1.38) (1.44) 

ret_area 0.070* 0.150***   

 (1.77) (3.08)   

ret_area*high_OEA  -0.140***   

  (-4.07)   

ret_area*positive   0.027 0.096 

   (0.60) (1.73) 

ret_area*negative   0.159*** 0.258*** 

   (2.73) (4.08) 

ret_area*positive*high_OEA    -0.124*** 

    (-2.84) 

ret_area*negative*high_OEA    -0.170*** 

    (-3.39) 

month FE Y Y Y Y 

N 531,930 531,930 531,930 531,930 

adj. R-sq 0.096 0.097 0.096 0.097 
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Internet Appendix A: Theoretical structure 

To illustrate the intuition behind our basic hypothesis (more word-of-mouth 

communication from officemates about area-specific information can help improve forecast 

accuracy and therefore increases the likelihood of covering firms in the same area), consider a 

simple stylized model of an analyst’s initiation decision.  Assume Analyst 1 specializes in industry 

𝐴 (Semiconductor) and is choosing the firms in the industry he will cover. Budget constraints 

prevent the coverage of all technology firms, and he is deciding between two firms as the final 

firm in his coverage portfolio.  Firm 1 (Cirrus Logic) in is located city 𝑋 (Austin, TX) and firm 2 

(Cree) located in a different city 𝑌 (Durham, NC).  Firm 𝑖’s earnings contain an industry 

component 𝐼𝐴, a geography component 𝐿𝑋 or 𝐿𝑌, and a firm specific component 𝜖𝑖: 

𝑒1 = 𝐼𝐴 + 𝐿𝑋 + 𝜖1 

𝑒2 = 𝐼𝐴 + 𝐿𝑌 + 𝜖2 

where 𝐼𝐴 ∼ 𝑁(0, 𝜎𝐼
2), 𝐿𝑋 , 𝐿𝑌 ∼ 𝑁(0, 𝜎𝐿

2), 𝜖1, 𝜖2 ∼ 𝑁(0, 𝜎𝜖
2), and all components are mutually 

independent. 

All analysts specializing in industry 𝐴 observe a noisy signal of the industry component: 

𝐼�̅� = 𝐼𝐴 + 𝛿𝐴 , where  𝛿𝐴 ∼ 𝑁(0, 𝜎𝛿
2). 

The covariance between all signals, both within and across groups, is zero.  Analyst 1's objective 

is to choose the firm with the smaller expected squared forecast error: 

min
i∈{1,2}

𝐿𝑖 = 𝐸[(𝑓𝑖 − 𝑒𝑖)2|𝑠] 

where 𝑠 is analyst 1’s information set at the time of the forecasting.  Given analyst 1 chooses to 

forecast firm 𝑖, his optimal forecast is 𝑓𝑖
∗ = 𝐸[𝑒𝑖|𝑠]. In the base scenario where analyst 1 only 

observes the industry signal  𝐼�̅�,  

𝑓1
∗ = 𝑓2

∗ = 𝐸[𝑒𝑖|𝐼�̅�] = 𝐸[𝐼𝐴|𝐼�̅�] =
𝜎𝐼

2

𝜎𝐼
2 + 𝜎𝛿

2 𝐼�̅�  𝑎𝑛𝑑  

𝐿1
∗ = 𝐿2

∗ = 𝑉𝑎𝑟[𝑒𝑖|𝐼�̅�] =
𝜎𝛿

2

𝜎𝐼
2 + 𝜎𝛿

2 𝜎𝐼
2 + 𝜎𝐿

2 + 𝜎𝜖
2 
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Therefore, analyst 1 is indifferent between firm 1 (Cirrus Logic) and firm 2 (Cree). 

Suppose now that analyst 1 has a colleague, Analyst 2, who specializes in industry 𝐵 

(Grocery) and covers firm 3 (Whole Foods) located in 𝑋 (Austin, TX) with earnings: 

𝑒3 = 𝐼𝐵 + 𝐿𝑋 + 𝜖3 

where 𝐼𝐵 ∼ 𝑁(0, 𝜎𝐼
2), 𝜖3 ∼ 𝑁(0, 𝜎𝜖

2). Analyst 2 observes a noisy signal of the industry component 

and a noisy signal of the geography component: 

𝐼�̅� = 𝐼𝐵 + 𝛿𝐵 and  𝐿𝑋
̅̅ ̅ = 𝐿𝑋 + 𝜂𝑋, where 𝛿𝐵 ∼ 𝑁(0, 𝜎𝛿

2) and 𝜂𝑋 ∼ 𝑁(0, 𝜎𝜂
2). 

𝜂𝑋 is uncorrelated with all the other signals. Analyst 2 has the same objective function as analyst 

1. Given  𝐼�̅� and  𝐿𝑋
̅̅ ̅, analyst 2’s forecast of the earnings of firm 3 (Whole Foods)is: 

𝑒3̅ =
𝜎𝐼

2

𝜎𝐼
2+𝜎𝛿

2 𝐼�̅� +
𝜎𝐿

2

𝜎𝐿
2+𝜎𝜂

2 𝐿𝑋
̅̅ ̅. 

Analyst 1 also observes 𝐿𝑋
̅̅ ̅ through communication with analyst 2 at the brokerage office, 

so that 𝑠 = {𝐼�̅�, 𝐿𝑋
̅̅ ̅}. Now, 

𝑓1
∗ = 𝐸[𝑒1|𝐼�̅�, 𝐿𝑋

̅̅ ̅] = 𝐸[𝐼𝐴|𝐼�̅�] + 𝐸[𝐿𝑋|𝐿𝑋
̅̅ ̅] =

𝜎𝐼
2

𝜎𝐼
2 + 𝜎𝛿

2 𝐼�̅� +
𝜎𝐿

2

𝜎𝐿
2 + 𝜎𝜂

2 𝐿𝑋
̅̅ ̅ 

and 

𝐿1
∗ = 𝑉𝑎𝑟[𝑒1|𝐼�̅�, 𝐿𝑋

̅̅ ̅] =
𝜎𝛿

2

𝜎𝐼
2+𝜎𝛿

2 𝜎𝐼
2 +

𝜎𝜂
2

𝜎𝐿
2+𝜎𝜂

2 𝜎𝐿
2 + 𝜎𝜖

2. 

On the other hand, 𝑓2
∗ = 𝐸[𝑒2|𝐼�̅�, 𝐿𝑋

̅̅ ̅] =
𝜎𝐼

2

𝜎𝐼
2+𝜎𝛿

2 𝐼�̅� and 𝐿2
∗ = 𝑉𝑎𝑟[𝑒2|𝐿𝑋

̅̅ ̅] =
𝜎𝛿

2

𝜎𝐼
2+𝜎𝛿

2 𝜎𝐼
2 + 𝜎𝐿

2 + 𝜎𝜖
2. 

Clearly 𝐿1
∗ < 𝐿2

∗ , so when making the initiation decision, analyst 1 will choose firm 1 

(Cirrus Logic) over firm 2 (Cree). 

We next show how direct word-of-mouth communication with officemates can help 

analysts achieve better forecast accuracy than analysts who observe officemates’ forecasts but 

without a channel of direct communication with the officemates. Assume that along with Analyst 

2, Analyst 3 also specializes in industry 𝐴 (Semiconductor) but works for another brokerage firm. 

He observes Analyst 2’s forecast  𝑒3̅ but cannot decompose it into an industry specific component 

and a geography component. His optimal forecast of firm 1 is: 
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𝑓1̃ = 𝐸[𝑒1|𝐼�̅�, 𝑒3̅] =
𝜎𝐼

2

𝜎𝐼
2 + 𝜎𝛿

2 𝐼�̅� +
𝜎𝐿

2 + 𝜎𝜂
2 

(1 +
𝜎𝜂

2

𝜎𝐿
2) 𝜎𝐼

2 + 𝜎𝐿
2 + 𝜎𝜂

2

𝑒3̅ 

And his expected forecast error is: 

𝐿1̃ = 𝑉𝑎𝑟[𝑒1|𝐼�̅�, 𝑒3̅] =
𝜎𝛿

2

𝜎𝐼
2+𝜎𝛿

2 𝜎𝐼
2 +

(1+
𝜎𝜂

2

𝜎𝐿
2)𝜎𝐼

2+𝜎𝜂
2

(1+
𝜎𝜂

2

𝜎𝐿
2)𝜎𝐼

2+𝜎𝐿
2+𝜎𝜂

2
𝜎𝐿

2 + 𝜎𝜖
2. 

Clearly 𝐿1̃ > 𝐿1
∗ , which implies that direct communication with officemates increases an analyst’s 

forecast accuracy.   
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Internet Appendix B: Variable Definitions 

 

Firm-specific 
 

𝑠𝑖𝑧𝑒𝑗,𝑡  Firm j’s market cap at the end of year t  

𝑣𝑜𝑙𝑗,𝑡  Firm j’s annual trading volume (in billion) during year t  

𝑎𝑏𝑟𝑒𝑡𝑗,𝑡  Firm j' s annual abnormal returns during year t  

𝑚𝑏𝑗,𝑡  Firm j’s market to book ratio at the end of year t  

𝑖𝑛𝑠𝑡ℎ𝑙𝑑𝑗,𝑡  Average aggregate institutional investor holdings as a percent of firm j’s 

shares outstanding in year t, based on quarterly CDA/Spectrum 13F Holdings 

𝑛𝑓𝑜𝑙𝑙𝑗,𝑡  Number of analysts covering firm j during year t  

𝑓𝑙𝑎𝑟𝑔𝑒𝑗,𝑎,𝑡 Dummy variable that is equal to 1 if the market cap of firm j is above the 

median market cap of all firms in the same industry and area during year t 

𝐶𝐹𝐸𝑗,𝑎,𝑡 Consensus forecast error of firm j located in area a during year t 

PostFDi,j,t Indicator variable that equals one for year 2001 and beyond and zero 

otherwise. 

Brokerage-specific 
 

𝑏𝑠𝑖𝑧𝑒𝑖,𝑡  Number of analysts in analyst i's affiliated brokerage firm during year t. The 

natural logarithm of this variable is used in the regressions  

𝑛𝑜𝑓𝑓𝑖𝑐𝑒𝑖,𝑡  Number of offices of analyst i's affiliated brokerage firm during year t  

Office-specific 
 

𝑜𝑠𝑖𝑧𝑒𝑖,𝑡  Number of analysts in analyst i's brokerage office during year t. The natural 

logarithm of this variable is used in the regressions  

𝑚𝑎𝑖𝑛_𝑜𝑓𝑓𝑖𝑐𝑒𝑖,𝑡    Dummy variable that is equal to 1 if the office where analyst i works at has 

the largest number of analysts within the brokerage firm 

𝑜𝑙𝑎𝑟𝑔𝑒𝑖,𝑡 Dummy variable that is equal to 1 if the number of analysts in analyst i’s 

office is above the sample median during year t  

Analyst-specific 
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𝑛𝑓𝑖𝑟𝑚𝑖,𝑡 Number of firms for which analyst i issues an earnings forecast during year t. 

The natural logarithm of this variable is used in the regressions and the lag 

prefix indicates year t-1.  

𝑛𝑖𝑛𝑑𝑖,𝑡  Number of industries (6-digit GICS code) followed by analyst i during year t. 

The natural logarithm of this variable is used in the regressions  

𝑛𝑒𝑎𝑖,𝑡  Number of economic areas (defined by the Bureau of Economic Analysis) 

followed by analyst i during year t. The natural logarithm of this variable is 

used in the regressions  

𝑔𝑒𝑥𝑝𝑖,𝑡  General experience of analyst i during year t, measured as the number of 

years since analyst i first appeared in IBES. The natural logarithm of this 

variable is used in the regressions 

𝑎𝑙𝑙𝑠𝑡𝑎𝑟𝑖,𝑡  Dummy variable that equals 1 if analyst i is an all-star analyst during year t  

𝑛𝑦𝑖,𝑡 Dummy variable that equals 1 if analyst i is located in New York during t  

Analyst-firm-specific 
 

𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑖𝑜𝑛𝑖,𝑗(𝑎),𝑘,𝑡 Dummy variable that is equal to 1 if analyst i working at office k initiates 

coverage of firm j located in area a during year t  

𝑂𝐸𝐴−𝑖,𝑗(𝑎),𝑘,𝑡  Number of analysts in office k (excluding analyst i) who cover a firm located 

in area a during year t. The natural logarithm of this variable LNOEA is used 

in the regressions  

𝑂𝐼𝑁𝐷−𝑖,𝑗,𝑘,𝑡  Number of analysts in office k (excluding analyst i) who cover a firm in firm 

j’s industry during year t. The natural logarithm of this variable LNOIND is 

used in the regressions 

𝐵𝐸𝐴−𝑖,𝑗(𝑎),𝑡  Number of analysts working for the same brokerage firm as analyst i but 

located in a different office who cover a firm located in area a during year t. 

The natural logarithm of this variable LNBEA is used in the regressions  

𝐵𝐼𝑁𝐷−𝑖,𝑗,𝑡  Number of analysts working for the same brokerage firm as analyst i but 

located in a different office who cover a firm in firm j’s industry during year t. 

The natural logarithm of this variable LNBIND is used in the regressions  

𝑂𝐸𝐴_𝑖𝑛𝑖𝑡−𝑖,𝑗(𝑎),𝑘,𝑡 Number of analysts in office k (excluding analyst i) who initiate coverage of a 

firm located in area a during year t. The natural logarithm of this variable 

LNOEA_INIT is used in the regressions 

𝑠𝑡𝑜𝑝𝑖,𝑗,𝑡   Dummy variable that is equal to 1 if analyst i’s officemates stop coverage of 

firm j during year t 

𝑑𝑖𝑠𝑡𝑖,𝑗,𝑡 The distance between analyst i’s office and firm j’s headquarters in year t (in 

km). The natural logarithm of this variable is used in the regressions  
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𝑙𝑜𝑐𝑎𝑙𝑖,𝑗,𝑡 Dummy variable that is equal to 1 if disti,j,t < 100km  

𝑠𝑎𝑚𝑒_𝑠𝑡𝑎𝑡𝑒𝑖,𝑗,𝑡  Dummy variable that is equal to 1 if analyst i’s office and firm j’s 

headquarters are located in the same state during year t  

𝑐𝑜𝑣𝑒𝑟𝐸𝐴𝑖,𝑎,𝑡−1 Dummy variable that is equal to 1 if analyst i covers a firm located in area a 

during year t-1   

𝑝𝑟𝑖𝑚𝑎𝑟𝑦_𝑂𝐸𝐴𝑗,𝑘,𝑡 Dummy variable that is equal to 1 if firm j is in the area where office k 

primarily covers (i.e., issues the highest number of forecasts) during year t 

𝐴𝐹𝐸𝑖,𝑗,𝑡 Absolute value of FE   

𝐹𝐸𝑖,𝑗,𝑡 (Signed) Forecast error of the most recent annual earnings forecast issued by 

analyst i on firm j during year t, equal to the earnings forecast minus realized 

earnings 

𝑎𝑔𝑒𝑖,𝑗,𝑡 Number of days between the forecast date of analyst i and the earnings 

announcement date of firm j during year t. The natural logarithm of this 

variables is used in the regressions 

𝑓𝑒𝑥𝑝𝑖,𝑗,𝑡  Firm-specific experience of analyst i on firm j during year t, measured as the 

years since analyst i first initiates coverage of firm j. The natural logarithm of 

this variable is used in the regressions  

𝑟𝑒𝑣𝑖,𝑗,𝑡 (forecast) Standardized forecast revision, calculated as 
𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑗,𝑡−𝑐𝑓𝑗,𝑡−1

𝜎(𝑐𝑓𝑗,𝑡−1)
, where 

𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑗,𝑡 is the revised forecast by analyst i on firm j on day t, 𝑐𝑓𝑗,𝑡 is the 

consensus forecast on day t , and 𝜎(𝑐𝑓𝑗,𝑡) is the standard deviation of the 

forecasts comprising the consensus on day t  

𝑟𝑒𝑣𝑖,𝑗,𝑡 (recommendation) Change in analyst i's recommendation for firm j on day t, relative to her 

previous recommendation. There are five categories in stock 

recommendation: 1 = Sell, 2 = Underweight, 3 = Hold, 4 = Buy, 5 = Strong 

Buy, so that 𝑟𝑒𝑣𝑖,𝑗,𝑡 ranges from -4 to 4 

𝑟𝑒𝑣𝑐𝑎𝑟𝑖,𝑗,𝑡  Three-day buy-and-hold returns (unadjusted and size-adjusted) for firm j 

centered on analyst i's forecast or recommendation revision on firm j on day t  

𝑟𝑒𝑣_𝐷𝑈𝑀𝑖,𝑗(𝑎),𝑘,𝑡  Dummy variable that is equal to 1 if analyst i (working at office k) issues a 

recommendation revision for firm j located in area a during month t 

|𝑟𝑒𝑡𝑗,𝑡| Absolute return of firm j during month t 

|𝑙𝑜𝑐𝑎𝑙_𝑟𝑒𝑡𝑎,𝑡| Average absolute return of firms in area a (excluding firm j) 

𝑂𝐸𝐴_𝐷𝑈𝑀−𝑖,𝑗(𝑎),𝑘,𝑡  Dummy variable that is equal to 1 if 𝑂𝐸𝐴 > 0 

 


