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Abstract: We examine how cultural differences among agents influence the aggregate 
outcome of a common forecasting task. Using both exogenous shocks to sell-side analyst 
diversity and panel regression methods, we find that increases in analyst cultural diversity 
positively affect the quality of the consensus earnings forecast. We further provide evidence 
on the potential mechanisms underlying this result by showing that cultural diversity is 
associated with improvements in individual analyst forecasts, greater analyst conference call 
participation and interaction, and greater diversity in analyst education backgrounds and 
professional interests. Overall, our results indicate that greater cultural differences among 
agents producing an aggregate forecast are associated with a higher quality consensus forecast. 
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1. Introduction 

Groups of diverse individuals often make more accurate predictions about economic 

phenomena than do individual experts or groups of experts (e.g., Hong and Page, 2004; Page, 

2007). One important source of diversity that affects how individuals acquire and process 

information to form predictions is one’s cultural background (e.g., Guiso et al., 2006; Fernández, 

2011; Liu, 2016).1 In this study, we utilize the sell-side analyst setting as a laboratory for 

examining how cultural differences among agents influence the aggregate outcome of a common 

forecasting task. Specifically, we examine whether a higher degree of cultural diversity among 

sell-side analysts improves the accuracy of their consensus earnings forecast, and if so, what 

mechanisms explain this relationship.  

Examining diversity’s effects in the context of the consensus forecast setting allows us to 

overcome many of the empirical challenges that commonly arise when assessing the effects of 

cultural diversity. In particular, our setting allows us to identify both the individual decision 

makers’ cultural backgrounds and their contributions to the group output, isolate the effect of 

cultural diversity with a plausibly exogenous shock, and assess specific mechanisms for how 

diversity influences group outcomes. In addition, understanding how diversity relates to the 

consensus forecast is also relevant given that the consensus forecast estimate is one of the most 

widely used financial metrics in capital markets (Graham et al., 2005; Chiang et al., 2019).2  

 Ex ante, the relation between diversity and the consensus forecast accuracy is unclear. On 

the one hand, cultural diversity leads to increased heterogeneity in perspectives, priors, and 

practices because different cultures emphasize different ways of thinking and communicating 

(Hong and Page, 2001; Page, 2007; Chang et al., 2015; Lin and Liu, 2017). These differences 

can lead a group of “cognitively diverse” individuals to better interpret common information and 

solve difficult problems (Alesina et al., 2000; Alesina and La Ferrara, 2000; Hong and Page, 

2001, 2004; Alesina and La Ferrara, 2005). With respect to analysts, different cultures likely 

                                                           
1 A growing line of research in economics and finance establishes the fundamental role that one’s culture has on 
economic decision-making and outcomes (Guiso et al., 2006; Guiso et al., 2008; Guiso et al., 2009; Li et al., 2011; 
Giannetti and Yafeh, 2012; Gorodnichenko and Roland, 2010; Ahern et al., 2015). 
2 The consensus forecast estimate is prominently displayed in earnings announcements, press releases and financial 
websites, and has significant economic implications for both investors and managers. Deviations of actual earnings 
from the consensus are associated with significant market reactions (Chiang et al., 2019), reinforcing their relevance 
to financial markets. Investors may rely on and react to the consensus forecast even though mechanical models may 
outperform the analyst consensus in predicting earnings (Hou et al., 2012; Li and Mohanram, 2014).  
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emphasize different tastes and skills relevant to forecasting and valuation, helping to diversify 

individual analyst forecast errors. Analysts may also learn from their diverse peers through 

important firm events, such as conference calls or analyst/investor days, improving the quality of 

analysts’ information. In addition, a diverse analyst pool may increase the likelihood that 

analysts scrutinize their peer’s forecasts, leading to the identification of important issues relevant 

to valuation.3  These factors suggest that cultural diversity can improve the quality of the 

consensus forecast. 

On the other hand, some of the benefits associated with increased heterogeneity might not 

be realized if cultural diversity limits the flow of information. For example, several studies 

suggest that diversity can reduce communication effectiveness and increase the costs of 

gathering information (Rogers and Bhowmik, 1970; Giannetti and Yafeh, 2012). If divergence 

among perspectives and forecasting methods is too pronounced, analysts may underweight or 

even ignore information produced by rival analysts. This argument is consistent with prior 

studies indicating that market imperfections make it optimal for individuals to transact only with 

those of similar ethnicities (Greif, 1993; La Ferrara, 2003; Hegde and Tumlinson, 2014). 

Diversity has also been associated with lack of trust and conflicts of preferences (Alesina and La 

Ferrara, 2005; Giannetti and Yafeh, 2012), which may mute its effects on accuracy. Overall, 

whether and to what extent cultural diversity improves output quality remains an empirical 

question.  

 To examine the effects of cultural diversity, we construct a unique dataset of sell-side 

equity analysts’ cultural origins based on their surnames. We obtain surnames from I/B/E/S for 

approximately 15,000 analysts employed between 1994 and 2014. We then use three separate 

name dictionaries to identify the probable country of origin for each surname, and subsequently 

map each country of origin to a cultural cluster following classification schemes from the 

organizational behavior literature (e.g., House et al., 2002). Using this dataset, we classify 

analysts into ten distinct cultural backgrounds and construct measures of analyst cultural 

diversity based on unique cultural clusters contributing to the consensus forecast.4 Our main 

                                                           
3 For example, recent studies indicate that diversity increases scrutiny among traders (Levine et al., 2014; Ishi and 
Xuan, 2014; Gompers et al., 2016). 
4 Prior research demonstrates that ancestry has a persistent cultural effect that lasts many generations (Guiso et al., 
2006). This suggests that we can assign cultural backgrounds even if the individual’s family has been in the United 
States for several generations. 
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analyses examine how the accuracy of a firm’s consensus earnings forecast varies with three 

distinct measures of cultural diversity: the number of cultural clusters (CulturalCount), the 

dispersion of cultural clusters (CulturalDispersion), and the average pair-wise cultural distances 

among cultural clusters contributing to the consensus forecast (CulturalDistance).  

 We begin by examining whether analyst cultural diversity improves aggregate forecast 

quality by regressing consensus forecast accuracy on our three measures of diversity while 

controlling for firm (or industry) and year fixed effects, as well as for characteristics of the 

covered firm directly and through entropy-based matching. Across all three measures of 

diversity, we document a positive and significant relation between diversity and output quality – 

the consensus forecast accuracy. These results appear economically meaningful. A one-unit 

change in the number of cultural clusters is associated with about an 11% increase in consensus 

forecast accuracy relative to the unconditional sample mean. Overall, our main findings indicate 

that a more diverse analyst following improves consensus forecast accuracy. 

While these results suggest that there are net benefits to cultural diversity, these estimates 

do not take into account the possibility that the benefits of diversity may decrease or that the 

costs of diversity (e.g., communication and trust frictions) may increase with the level of 

diversity. We test for such non-monotonicity by plotting the effects of diversity across the 

quartiles of our diversity measures and by including a term for the square of our diversity 

measures in our regression analyses. In these analyses, we document that the effect of diversity 

declines at higher levels of diversity (i.e., the square term loads negatively). A one-unit change in 

diversity is associated with as much as a 34% increase in accuracy relative to the sample mean 

when diversity is low, but declines to around 7% when diversity is high. Thus, our results 

suggest that higher levels of diversity are associated with improvements in forecast accuracy, but 

these effects diminish at higher levels of diversity.  

To better identify the causal impact of diversity on forecast accuracy, we also utilize a 

natural experiment designed to exploit plausibly exogenous variation in analyst cultural 

diversity. The exogenous variation in question is an outcome of brokerage house mergers and 

closures resulting in drops in analyst coverage (Hong and Kacperzyk, 2010; Merkley et al., 

2017). We identify a restricted sample of firm-years containing an exogenous drop in analyst 

coverage, and then classify the analysts who drop into those that decrease analyst cultural 

diversity and those that do not. We then regress consensus forecast accuracy on changes in 
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analyst cultural diversity and the interaction of these changes with the preexisting level of 

cultural diversity, to account for diversity having declining returns to scale. Consistent with our 

main sample evidence, our results continue to demonstrate that higher levels of diversity improve 

forecast accuracy, but with declining effects. The economic magnitudes are also meaningful, as 

we find that exogenous drops in analyst cultural diversity can reduce forecast accuracy by up to 

32% relative to the unconditional mean level of accuracy when diversity is low.  

 There are two non-mutually exclusive channels through which cultural diversity can 

improve the consensus forecast. The first channel is a diversification effect: Cultural diversity 

can reduce forecast error covariances among analysts contributing to the consensus by 

introducing diversity in individual analyst forecast practices. For example, analysts from 

different cultural backgrounds may process information differently or have different sets of 

beliefs. By generating differences in individual analyst forecast practices, cultural diversity 

makes it more likely that errors in analysts’ forecasts partially cancel each other out, and thus 

result in a lower covariance (Barron et al., 1998). The second channel is an information spillover 

effect: Cultural diversity can improve individual analysts’ forecast accuracy by introducing 

analysts to more diverse forecasting perspectives, allowing them to improve their own forecasts. 

Analysts can learn about these diverse forecasting perspectives by reading other analysts’ reports 

or interacting with peer analysts on conference calls or during other events (e.g., investor/analyst 

days). Assuming that analysts do not completely incorporate the views of the group (i.e., 

complete information spillover), our expectation is that cultural diversity operates through both a 

diversification channel and an information spillover channel.5  

One distinguishing feature of the sell-side analyst setting is that the detailed nature of the 

data allow us to conduct a wide set of analyses to test whether and how these two channels lead 

to improvements in consensus forecast accuracy. We first assess the validity of the 

Diversification Channel by examining whether cultural diversity does indeed reduce forecast 

error covariances. To do so, we use individual forecasts and construct a panel of all possible 

analyst forecast pairs for each covered firm-year. Our findings indicate that cultural diversity is 

associated with lower analyst forecast error covariances. In other words, cultural diversity is 

associated with less correlated individual analyst forecast errors, which helps to improve the 

                                                           
5 In other words, in the unlikely scenario in which there is complete information spillover, the diversification 
benefits of cultural diversity would not occur since all analysts would have the same views and forecasts. 
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accuracy of the consensus forecast (i.e., a diversification effect). In additional analyses, we also 

show that one reason why cultural diversity can generate a diversification effect is because it 

captures analysts with a wider set of professional interests and educational backgrounds, which is 

relevant given that research analysts increasingly possess diverse academic backgrounds 

(Groysberg and Healy, 2013). Overall, our results are consistent with cultural diversity attracting 

a wider spectrum of forecasting skills, practices and priors which in turn diversify forecast errors 

and improve consensus accuracy. 

We next assess whether cultural diversity results in information spillovers across analysts 

(the Information Spillover Channel). Our conjecture here is that cultural diversity is associated 

with more diverse opinions that not only diversifies forecast errors (as discussed above) but also 

informs other analysts, thereby also improving the accuracy of their forecasts. We first assess the 

validity of this channel by examining the relation between cultural diversity and the accuracy of 

individual analyst forecasts comprising the consensus. Consistent with diversity generating 

information spillovers, we find that cultural diversity is positively associated with individual 

analysts’ forecast accuracy. Importantly, these analyses control for analyst (and firm) fixed 

effects and partition on cultural backgrounds, suggesting that our findings are not explained by 

certain analysts or cultures being more able or having more talent. Rather, cultural diversity 

appears to have spillover effects that are incremental to talent, which is consistent with evidence 

from economics, psychology, and statistics research indicating that the benefits of diversity do 

not necessarily depend on increasing the talent pool (e.g., Hong and Page, 2004; Page, 2007).  

We further provide evidence on how the Information Spillover Channel operates. That is, 

what setting or forum enables a group of analysts from different brokerage houses to jointly hear 

alternative perspectives and arrive at a higher quality consensus forecast? Naturally, many 

settings, such as reading rival analysts’ reports or having discussions with clients about other 

analysts’ views are plausible channels, but they are not observable. One observable channel is 

the Q&A section of earnings conference calls, which provides an opportunity for analysts to 

interact with, learn, and potentially benefit from their rivals’ views and has been shown to 

contain significant information content (Matsumoto et al., 2011). Using a large sample of 

conference calls, we find that cultural diversity leads to more diverse conference call 

participation (a one-unit increase in cultural clusters is associated with an increase in 

participation diversity of between 8.5% and 9.0% relative to the sample mean). We further find 



6 
 

that more diverse participation in turn results in a richer conference call information set as 

captured by a greater number and more diverse set of topics, questions, and discussions. A one-

unit increase in participation diversity is associated with a 5.5% to 10.9% increase in the number 

of questions, a 2.9% to 5.8% increase in the number of words used, and a 3.3% to 7.3% increase 

in the number of topics discussed, relative to the respective sample means. Overall, these results 

indicate that cultural diversity results in more information exchanged during conference calls, 

consistent with diversity facilitating better information flows. 

Our study contributes to the literature along several dimensions. Our primary contribution 

is to a growing literature examining relations between economic agents’ cultural differences and 

economic outcomes (e.g., Guiso et al., 2006; Guiso et al., 2008; Guiso et al., 2009; 

Gorodnichenko and Roland, 2010; Li et al., 2011; Ahern et al., 2015; Giannetti and Yafeh, 2012; 

Chang et al., 2015; Gompers et al., 2016; Liu, 2016; Brochet et al., 2018; Giannetti and Zhao, 

2019; Pacelli, 2019). Our unique setting allows us to precisely identify both an agent’s cultural 

origin as well as the impact of cultural diversity on the quality of output. We show that diversity 

has a positive impact on the quality of output (i.e., the accuracy of the consensus forecast), but 

the rate of improvement is declining as diversity increases. We are also able to shed light on the 

mechanisms relating to how diversity influences group outcomes, and show that diversity results 

in more diverse opinions and improves information flows among agents.  

Our study also directly contributes to the literature examining analyst following (e.g., 

Bhushan, 1989; Barth et al., 2001; Hong and Kacperzyk, 2010; Lehavy et al. 2011; Li and You 

2015; Merkley et al., 2017). While prior studies generally document both costs and benefits 

associated with greater analyst following, they do not shed light on how the composition of 

analyst following can impact forecast properties. We extend this literature by examining the way 

cultural diversity can influence the consensus forecasts produced by equity analysts, and 

ultimately impact market expectations and stock prices.  

 

2. Sample Selection and Measuring Cultural Diversity 

2.1 Classifying Analyst Cultures 

We measure analyst cultural diversity by mapping analyst surnames to the geographic 

regions most likely to represent an analyst’s country of ancestry. We begin our sample 

construction using the I/B/E/S detailed analyst recommendation file as it provides accurate data 
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on analysts’ surnames. We use the recommendation file, as opposed to the earnings forecasts 

file, since I/B/E/S no longer provides a table that can be used to link analyst names to individual 

earnings forecasts. We select all analysts in the recommendation file with valid last names and 

first initials. This excludes anonymous analysts as well as those with missing names. We also 

exclude names that do not appear to be valid such as those instances in which the name of an 

industry appears instead of the name of an analyst, as well as hyphenated names, and reports that 

identify more than one analyst. To be included in our sample, we require each analyst to provide 

at least five recommendations in the dataset and cover at least five distinct firms. This initial 

sample results in the selection of 17,202 unique analyst surnames.  

 We identify the country of origin associated with an analyst’s surname using recently 

developed technology that is described as an epidemiological approach for categorizing ancestry 

(e.g., Fernández, 2011; Liu, 2016). Prior research suggests that ancestry has a persistent cultural 

effect lasting at least several generations (Guiso et al., 2006). As a result, we can reasonably 

assign cultural backgrounds even if the individual’s family has lived in the United States for 

several generations. We use dictionaries from three different sources to assign each analyst’s 

surname to a specific country of origin.6 The first dictionary, and our primary source for name 

classification, is the Oxford Dictionary of American Family Names. This dictionary is the result 

of a ten-year research project based on the work of thirty linguistic consultants led by Editor-in-

Chief Patrick Hanks. The dictionary contains more than 70,000 of the most common surnames in 

the United States and provides information on their linguistic and historical backgrounds, as well 

as genealogical notes.7 The second dictionary is created from data about family names and 

origins collected by Ancestry.com from immigration passenger lists from 1820–1957.8 This 

dictionary is historical in nature because country origins are assigned based on immigration 

patterns. The third dictionary is created from data on surname origins provided by Forebears.io, a 

genealogical website based in the United Kingdom, which has collected data on more than 11 

                                                           
6 We recognize that our measure is potentially prone to measurement error due to misclassification. For example, 
female analysts who change their names after marriage could be misclassified. This type of measurement error can 
lead to attenuation bias, which in turn should bias against our findings. We note that our results are not likely to be 
attributable to misclassification based on gender because we continue to find our results using a subsample of only 
male analysts (untabulated).  
7 An online version of the dictionary is available at the following link:  
http://www.oxfordreference.com/view/10.1093/acref/9780195081374.001.0001/acref-9780195081374. 
8 http://www.ancestry.com/learn/facts/ 
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million surnames. This dictionary is based on information regarding the country where people 

with particular surnames currently reside.  

Using each of these dictionaries, we first independently map analyst surnames to their 

country of origin. In the case of multiple origins, we map surnames to the most likely country 

based on the relative frequency of the name and country combinations. We then map the country 

of origin to a cultural cluster following the methodology used in the Global Leadership & 

Organizational Behavior Effectiveness (GLOBE) Study (i.e., House et al., 2002).9 These ten 

cultural clusters are as follows: (i) Anglo; (ii) Nordic Europe; (iii) Latin America; (iv) Southern 

Asia; (v) Confucian Asia; (vi) Middle East; (vii) Eastern Europe; (viii) Sub-Saharan Africa; (ix) 

Latin Europe; and (x) Germanic Europe. We focus on cultural clusters as they provide a useful 

methodology for analyzing societal variation and summarizing intercultural similarities and 

differences. The ten clusters we examine have been validated by prior research using 

discriminant analysis (see Gupta et al. (2002) for a discussion of this methodology).   

Our classification system allows us to match cultural origin information from at least one 

of the three dictionaries to about 90% of the unique names we identified from I/B/E/S.  

Approximately 74% of these cases show complete agreement with the available dictionaries 

regarding cultural identification. When there is disagreement across dictionaries, we use the 

classification from the source we deem most reliable. We rank the dictionaries, giving priority to 

the Dictionary of American Family Names, followed by Ancestry.com, and finally Forebears.io. 

We rank in this manner based on our understanding of the relative accuracy of each dataset. The 

Dictionary of American Family Names has scholarly provenance, therefore we consider it the 

most reliable, whereas Ancestry.com and Forbears.io are based on surveys of historical and 

current data, respectively.  

We next link analyst identities to earnings forecasts using the analyst identifier code in 

the recommendations file (AMASKCD). We keep forecasts that are outstanding in the three 

months prior to the fiscal year end and require fundamentals and pricing data from Compustat 

and CRSP for the prior year. We also require data on actual earnings from I/B/E/S and stock 

prices at the end of the prior fiscal year to be at least $5. We limit our sample to data after 1994, 

because analyst data on recommendations is not widely available on I/B/E/S prior to this time, 

                                                           
9 http://www.inspireimagineinnovate.com/pdf/globesummary-by-michael-h-hoppe.pdf 
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and we retain all forecasts through 2014. We aggregate these forecasts at the firm and year level, 

which yields a sample of 55,117 firm-year observations and 9,412 analysts. 

 

2.2 Measuring Analyst Diversity 

 We construct three measures of cultural diversity. Our primary measure of cultural 

diversity is the number of unique cultural clusters represented by analysts contributing to the 

consensus earnings forecast (CulturalCount). This measure is simple in construction and easy to 

interpret with respect to those prior studies whose results consider the effect of changes in the 

number of analysts covering a firm on the quality of analyst reports (e.g., Hong and Kacperczyk, 

2010; Merkley et al., 2017). This measure also lends itself well to our natural experiment 

employing brokerage house drops (discussed more in Section 3.2).  

To ensure robustness, we also consider two additional measures of diversity. Our second 

measure is based on cultural dispersion, measured as the percentage of analysts in different 

cultural clusters. This measure allows us to assess whether the benefits of diversity depend on the 

degree to which cultural differences are dispersed across a group of analysts. This investigation 

also allows us to address concerns about noise in the CulturalCount measure created by a small 

number of analysts in one cultural cluster having disproportionate weight in the overall measure. 

We construct a dispersion measure similar to the inverse of the Herfindahl index as follows: 

����������	
��	�� = 1 − ∑���������������������� �
�
 

where ����������� is the number of analysts representing cultural cluster i covering firm j in 

year t and ���������� is the number of analysts covering firm j in year t. Higher values indicate 

greater cultural dispersion or less cultural concentration. 

For our third measure of diversity, we examine cultural diversity based on the cultural 

distance between cultures. Certain cultures have greater distances from each other in terms of 

their norms and values, and these distances can impact how individuals interact and learn from 

each other (House et al., 2002). Accordingly, we create a measure of cultural diversity taking 

into account the cultural distances between the cultures of analysts contributing to the consensus 

forecast to assess whether the benefits of diversity vary based on differences in cultural identity. 

We compute a distance measure by averaging the pair-wise distances between the cultural 

clusters represented in a given consensus earnings forecast (CulturalDistance). The distance for 
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these cultural clusters is computed using the methodology from the GLOBE study conducted by 

House et al. (2002), and is measured as the number of nodes away from a given cultural cluster 

between any given analyst-pair. For example, the distance between Southern Asia and Germanic 

Europe would be coded as four nodes apart, and the distance between Latin America and 

Germanic Europe clusters would be three nodes apart. We average all the distances for all 

analysts covering a firm.  

 

2.3 Descriptive Statistics 

 To provide some context on analyst diversity, we present several descriptive analyses 

based on patterns in cultural clusters. We begin by reporting the distribution of cultural clusters 

across the 9,412 analysts in our dataset in Figure 1. The statistics suggest that the sell-side equity 

analyst industry is diverse to a limited extent. While 44.1% of analysts are of Anglo ancestral 

origin, non-Anglo individuals are also represented: e.g., Confucian Asia represents 5.5% of the 

sample and Southern Asia represents 5.4% of the sample.  

In Table 1, Panel A, we further examine the percentage of analysts from each cultural 

cluster as a percentage of the overall number of analysts contributing to each of the 55,117 

consensus forecasts in our sample. The statistics in the first column indicate similar levels of 

diversity to those reported in Figure 1. In the average consensus forecast, 47% of analysts are 

Anglo, while the remaining analysts come from a diverse set of backgrounds, including  23.3% 

Germanic Europe, 10.8% Latin Europe, 3.7% Southern Asia, and 2.7% Confucian Asia. These 

percentages are similar to those of the underlying population of analysts in our sample. We also 

compare these statistics to those based on CEO diversity, using a subsample of firms for which 

we can identify a given CEO’s cultural background (based on Execucomp data). Column 2 

presents analyst diversity for this subsample for comparison purposes. Column 3 presents 

descriptive statistics on CEO cultural diversity. We find that the percentage of Anglo CEOs is 

larger than the percentage of Anglo analysts represented in the average consensus forecast, 

although the relative ranks in terms of representation are similar. 

Panel B of Table 1 reports descriptive statistics on the number of cultural clusters by 

fiscal year. These data are also illustrated in Figure 2. We observe a steady increase in the 

average number of cultural clusters represented by firms’ analysts. Panel C reports descriptive 

statistics on the average number of cultural clusters from those industries with 500+ 
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observations, based on two-digit SIC codes. These data indicate a significant variation in analyst 

cultural diversity across industries. For example, the oil industry, which has a large global 

footprint, also presents significant levels of diversity with close to four unique cultural clusters. 

All of our analyses include either industry or firm-fixed effects to ensure that any relation 

between cultural diversity and forecast accuracy is not explained by time-invariant differences in 

industry characteristics. 

Table 2 reports the descriptive statistics for the overall sample of firm-year observations. 

The mean (median) value of CulturalCount is 2.833 (3.000), indicating that, on average, the 

consensus forecast is composed of analysts representing approximately three unique cultural 

clusters. The mean (median) of CulturalDispersion and CulturalDistance are 0.456 (0.500) and 

0.625 (0.619), respectively. The mean (median) number of analysts covering a firm is 6.252 

(4.000). In order to measure analyst cultural diversity, we require analyst coverage for all firms; 

therefore, our sample firms are larger and more profitable on average than those in the general 

Compustat universe.   

 

3. Analyst Cultural Diversity and Consensus Forecast Accuracy  

Our primary research objective is to assess how cultural diversity impacts consensus 

forecast accuracy. To address this question, we employ a variety of empirical approaches 

including a natural experiment based on plausibly exogenous changes in analyst cultural 

diversity and panel regressions with a variety of fixed effects and control variables. Each 

approach has specific strengths and weaknesses. Since the fixed effects structure we implement 

controls for many types of unobservable heterogeneity, the panel regression approach allows us 

to examine a broad sample of firms with greater generalizability and greater cross-sectional 

variation. The natural experiment approach allows for superior identification of causal effects, 

despite the cost of a much more restricted sample and less generalizability. Together these 

approaches complement each other to provide a more extensive set of inferences.  

 

3.1 Panel Regression Results 

Our initial panel regression analyses use our entire sample of firm-year observations and 

employ the following baseline regression model: 
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Consensus Accuracyft = α0 + α1Diversityft + ΣωiControlsft + Industry/Firm Fixed Effects + Year 
Fixed Effects + εft,                                       (1) 

 

where f indexes firm and t indexes year. Consensus Accuracy is calculated as the absolute 

difference between the consensus analyst earnings forecast at the end of the fiscal year and the 

actual earnings per share scaled by stock price at the end of the prior fiscal year multiplied by 

negative one. Diversity is one of the three measures discussed in Section 2.2: CulturalCount, 

CulturalDispersion, or CulturalDistance. We include a vector of control variables based on 

previously established determinants of analysts’ forecast properties, including: (i) NumAnalysts, 

the number of analysts included in the consensus forecast; (ii) LNSIZE, the natural log of the 

equity market value of the firm; (iii) LNBM, the natural log of the ratio of market value of equity 

to book value of equity; (iv) ROA, the ratio of income before extraordinary items to total assets; 

(v) STD_ROA, the standard deviation of ROA over the last five years; (vi) RETVOL, the standard 

deviation of daily stock returns over the last 12 months; (vii) RET, the average monthly return 

over the last 12 months; and (viii) ForeignSales, an indicator for whether the firm reports foreign 

sales activity (see Appendix A for additional details on these variables and data sources). Control 

variables are lagged to be calculated based on the prior fiscal year relative to the period for 

which analysts are forecasting.10 All tests include year- and industry (two-digit SIC)-fixed 

effects, except those tests including firm-fixed effects in place of industry-fixed effects.  

 Table 3, Panel A reports the results from estimates of equation (1). Columns 1 and 2 

present the results when diversity is measured by the number of clusters (CulturalCount). 

Columns 3 and 4 provide the results for CulturalDispersion. Columns 5 and 6 provide the results 

for CulturalDistance. For each measure, we first consider tests that include industry and year 

fixed effects (Columns 1, 3, and 5) and then replace industry fixed effects with firm fixed effects 

(Columns 2, 4, and 6). In all of the columns, the results indicate a positive and significant 

relation between measures of diversity and forecast accuracy, suggesting that higher levels of 

diversity improve the quality of the consensus forecast. Our results also appear to be 

economically meaningful. For example, the coefficient on Diversity in Column 1 is 0.0010, 

which implies that a one-unit change in the number of cultural clusters is associated with an 11% 

                                                           
10 All continuous variables are winsorized at the 1st and 99th percentile. 
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increase in forecast accuracy relative to the unconditional sample mean of ˗0.009.11 We should 

note that the most obvious confound to cultural diversity is the number of analysts following a 

firm, as higher analyst coverage implies a greater possibility for a diverse following. Therefore, 

all of our analyses control for this important factor. The coefficients on the control variables are 

consistent with prior studies’ results, as accuracy is higher for both larger firms and firms with 

superior and less volatile performance. Notably, the level of analyst following is positively and 

significantly associated with forecast accuracy, consistent with competition improving the 

quality of the consensus forecast (e.g., Hong and Kacperzyk, 2010; Merkley et al., 2017). 

However, we also note that comparatively, the coefficient on NumAnalysts is significantly 

smaller than that on Diversity. A one-unit (one standard deviation) change in the number of 

cultural clusters results in a change in accuracy that is about 7 to 10 (2 to 2.3) times higher than 

that for a corresponding change in the number of analysts, highlighting the importance of 

cultural diversity.12 

To further control for unobservable differences that might be correlated with diversity, 

we next re-estimate the relation between consensus forecast accuracy and diversity using an 

entropy-matching estimator. In this approach, we match firms with high levels of cultural 

diversity to peers with lower levels of cultural diversity, in other words, those above and below 

the median of cultural diversity, but that are otherwise similar across observable characteristics 

such as analyst following and performance. Recent studies (e.g., Hainmueller, 2012) indicate that 

entropy matching is generally more effective than simple matching or propensity-score 

matching, since it obtains a high degree of covariate balance across multiple moments of the 

covariate distribution, relies on less restrictive assumptions (i.e., lower model dependency), and 

retains more information by allowing weights to vary smoothly across observations in a more 

flexible manner.  

Panel B of Table 3 reports the results from the entropy-matching procedure. The variable 

HighDiversity is an indicator variable taking the value of one for firms whose levels of cultural 

diversity are above the top quartile of measures of diversity, and zero for firms in the lowest 
                                                           
11 Note that our measure of consensus forecast accuracy contains non-positive values, because it is computed as the 
absolute forecast error multiplied by negative one. Thus, increases in accuracy correspond to changes that make the 
value less negative or closer to zero. 
12 We conduct additional analyses to test for multicollinearity. We note that the variance inflation factors for 
measures of diversity and NumAnalysts in these regressions are below five, indicating that multicollinearity does not 
unduly affect our inferences. Our entropy matching analyses (discussed below) also match on NumAnalysts. 
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quartile (firms in the middle quartiles are removed from this analysis). Given that CulturalCount 

is a count variable rather than a continuous measure, its distribution is not easily divided into 

quartiles of equal sized groups. For this variable, we set HighDiversity to one if an observation 

has four or more clusters and to zero if it has two or fewer clusters. We then match firms with 

high and low diversity on the first two moments, mean and variance, of the control variables 

(NumAnalysts, LNSIZE, LNBM, ROA, STD_ROA, RETVOL, RET, and ForeignSales) following 

Hainmueller and Xu (2013) to create synthetic control groups. Columns 1-3 provide the 

regression results using this approach when HighDiversity is measured based on CulturalCount, 

CulturalDispersion, and CulturalDistance, respectively. The results indicate a positive and 

significant association between HighDiversity and Accuracy for CulturalCount and 

CulturalDispersion, thus providing additional evidence for cultural diversity improving 

consensus forecast accuracy.13 The coefficient in of 0.0015 in Column 1 implies that firms with 

higher numbers of cultural clusters experience just over a 16% increase in forecast accuracy 

relative to the unconditional sample mean. 

The results above indicate that the net benefits of cultural diversity are positive. 

However, they do not take into account the possibility that the costs of diversity (e.g., 

communication and trust frictions) may increase or the marginal benefits may decrease with the 

level of diversity. Accordingly, we next conduct analyses that assess whether diversity has 

declining returns to scale. 

We first examine how the relation between analyst cultural diversity and forecast 

accuracy varies across different levels of cultural diversity using indicator variables for the 

quartiles of each measure of cultural diversity. As CulturalCount is a count variable, we 

approximate its quartiles by setting the first quartile equal to one for observations with only one 

cluster (i.e., no diversity), and set quartiles two, three, and four equal to one for observations 

with two, three, and four or more clusters, respectively. We re-estimate the regression model in 

                                                           
13 One explanation for our findings is that our culture diversity measures capture variation in specific attributes that 
create differences in analyst forecasting practices. In untabulated analyses, we also consider the specific attributes 
associated with each cultural cluster following research by Hofstede (1980) and Schwartz (1994). We collect data 
from the Globe Initiative, a survey of mid-level managers across the world, and examine how diversity in the range 
of cultural practices (e.g., collectivism and uncertainty avoidance) and leadership styles (e.g., Team-oriented, 
Autonomous, etc.) resulting from analysts’ cultural origins relates to consensus forecast accuracy. Our results 
indicate positive associations between both cultural practice diversity and leadership style diversity and consensus 
forecast accuracy. Overall, these results suggest that cultural diversity broadens the set of values and practices of 
individuals contributing to the consensus. 
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equation (1) after replacing the diversity measures with indicator variables for quartiles 2, 3, and 

4 to capture the incremental effects of different levels of diversity relative to quartile 1. We plot 

the estimates of these incremental effects in Figures 3A and 3B, which differ with respect to 

whether the underlying regression models include industry or firm fixed effects. Consistent with 

our conjecture, we find in both plots that the effects of cultural diversity decline across the 

quartiles, suggesting that the benefits of cultural diversity decline as cultural diversity rises.     

We next take a more specific functional form approach to estimating the nonlinear 

relation between cultural diversity and forecast accuracy by re-estimating equation (1) with the 

addition of a squared diversity term. The relative convexity of the plots (i.e., one maximum 

point) in Figures 3A and 3B suggests that this approach is fairly suitable to estimate the 

nonlinear relation between diversity and forecast accuracy. If diversity has declining returns to 

scale, we expect the interaction term to produce a negative coefficient on the square term. Table 

4 provides the results of this analysis. Columns 1 and 2 present the results for CulturalCount. 

Columns 3 and 4 present the results for CulturalDispersion and Columns 5 and 6 present the 

results for CulturalDiversity. We again vary the inclusion of industry- and firm- fixed effects for 

each measure. The results indicate that the squared diversity term loads negatively and 

significantly in most settings, suggesting that the benefits of diversity decline at higher levels of 

diversity. In terms of economic significance, we document that the effect of diversity declines at 

higher levels of diversity (i.e., the square term loads negatively). Based on the coefficients in 

Column 1, a one-unit change in diversity is associated with as much as a 34% increase in 

accuracy relative to the sample mean when diversity is low, but declines to between a 7% to 12% 

increase when diversity is high. Overall, our findings suggest that diversity offers benefits, but 

that such benefits eventually diminish. 

One potential confound to our findings thus far is analyst talent or ability. That is, it is 

possible that cultural diversity simply reflects the superior forecasting abilities of a given cultural 

cluster. For example, analysts from a Middle Eastern cultural cluster are rare. Hiring such an 

analyst might indeed increase accuracy because such analysts’ have to demonstrate exceptional 

skills to be hired, rather than due to factors inherent to his or her particular cultural background. 

It is important to note, however, that diversity has been shown to have effects that are 

independent of talent. For example, experimental evidence testing the “wisdom of the crowds” 
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hypothesis consistently shows that groups of diverse individuals often forecast better than groups 

of talented experts (Page, 2007).  

Empirically, we assess the validity of the talent explanation by re-estimating our analyses 

with the inclusion of controls accounting for the presence of specific cultural clusters. To 

implement this analysis at the consensus forecast level, we create indicator variables for the 

cultural clusters of each analyst contributing to the consensus and code the cultural cluster 

indicator variable as one if the given cluster is represented in the consensus, and zero otherwise.  

Table 5 provides the results of the talent analyses. In Columns 1 and 2, we augment our 

model with fixed effects for each of the ten cultural clusters to control for heterogeneity across 

different ethnicities. In Columns 3 and 4, we control for the percentage of analysts in the 

consensus forecast that is reflected by each of the ten cultural clusters. This allows for the 

weighting of cultural clusters to vary across covered firms. Our results persist in both settings, 

suggesting that the unique combination of different cultural groups generates effects distinct 

from those of any particular cultural group. This analysis, therefore, indicates that a relation 

between diversity and analyst talent, as reflected in culture, is not a likely explanation for our 

findings regarding the effect of cultural diversity on forecast accuracy. We also provide evidence 

in Section 4.2 that cultural diversity is associated with more accurate individual analyst forecasts 

after controlling for analyst fixed effects. 

 

3.2 Natural Experiment 

The results thus far provide evidence of cultural diversity influencing analysts’ forecast 

accuracy. To mitigate possible identification issues, we control for industry- and firm-fixed 

effects, as well as for culture fixed effects, and also employ an entropy matching procedure. 

While neither method achieves a random assignment of firms to different levels of cultural 

diversity, both methods take significant and orthogonal strides towards strengthening the case for 

a causal inference of cultural diversity on consensus accuracy. Still, an almost constant challenge 

with this line of research is the difficulty of generating an exogenous shock to diversity in a non-

laboratory setting. Prior studies examining diversity in other contexts, such as a classroom 

setting, are able to conduct an experiment that randomly assigns students based on their ethnic 

and cultural backgrounds, and examine the effects of diversity on class outcomes (e.g., Hattie, 

2002). However, randomly assigning analysts across a large set of firms is obviously not 
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feasible. It is also unlikely that any economic shock such as a change in regulation or policy 

would directly impact the cultural diversity of this type of group at the firm level while not 

influencing other related forces. 

Nevertheless, we attempt to strengthen our inferences by using a quasi-natural 

experiment connected to brokerage house mergers and closures. Prior studies use brokerage 

house mergers and closures to test how changes in analyst following impact firms’ information 

environments  by comparing firms with analyst drops to those without drops (e.g., Hong and 

Kacperczyk, 2010; Merkley et al., 2017). We adopt this approach in our setting by examining 

variation in cultural diversity within firms that experience these shocks. When analysts stop 

covering a firm, this changes not only the number of analysts following the firm, but also the 

extent of cultural diversity across all analysts following the firm. Thus, we examine whether 

decreases in analysts’ cultural diversity resulting from brokerage mergers and closures reduce 

consensus forecast accuracy.  

We should point out that our application of this experiment likely raises the bar for 

rejecting the null hypothesis as we focus on only a subset of firms experiencing an exogenous 

drop in analyst coverage and examines within-drop variation in diversity. Thus, the hurdle of 

examining the effects of reductions in diversity as a result of these drops is markedly higher than 

that of prior studies which use this experiment and examine only the general effects of drops on 

analyst behavior. It is also worth noting that concerns about reusing natural experiments with 

different dependent variables illustrated in Heath et al. (2019) are not likely to impact our 

inferences since we examine analysts’ outputs similar to the early papers using the brokerage 

mergers and closures events.  

We identify analyst drops following prior studies. Within this subsample, we create an 

indicator variable, Decrease, which is set to one if an analyst drop is associated with a decrease 

in the number of cultural clusters in the analysts following a firm in a given year, and zero 

otherwise. We also create a count variable, Change, to capture the number of clusters dropped 

after an analyst drop (as some events result in multiple drops). We remove from our analysis 

analyst drops where the firm in question only had one cultural cluster prior to the drop because 

these observations could not be affected by the drop. Given the nonlinearity in the relation 

between analyst quality and cultural clusters reported in Table 4, we also include an interaction 

between our measures of cultural cluster changes and the number of cultural clusters following 
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the firm prior to the analyst drop shock (LagCulturalCount). Finally, we include a control 

(nDrops) for the number of analysts that drop coverage as some firms are associated with 

multiple drops in coverage (Merkley et al., 2017).14 Standard errors are clustered by firm and 

year to account for multiple mergers/closures occurring in some years and because individual 

mergers/closures affect multiple firms in a given year. Similar to our results in Table 4, we 

expect decreases in cultural clusters to be negatively associated with analyst forecast accuracy, 

but at a declining rate, such that the coefficient on the interaction between drops in cultural 

clusters and LagCulturalCount is positive. 

Table 6 reports the results of this analysis based on the sample of analyst drops. Column 

1 reports results using the Decrease indicator variable. We find that coefficient on Decrease is 

significantly negative and the coefficient on Decrease X LagCulturalCount is significantly 

positive. These results are consistent with those reported in Tables 3 and 4, but they incorporate 

exogenous changes in cultural clusters to provide better identification. We find that a drop in 

cultural diversity from two to one clusters results in a 32.9% decrease in analyst accuracy 

relative to the unconditional sample mean, whereas a drop from three to two cluster results in a 

16.4% decrease. Column 2 reports similar results using the variable Change in order to capture 

the number of cultural clusters lost in connection with the analyst drop shock (e.g., Change 

equals -1 if one analyst is dropped). Overall, these results reinforce the notion that diversity 

causally impacts the quality of agents’ output, in our case, results in an increase in forecast 

accuracy.  

 

3.3 Cross-Sectional Analyses 

 We consider additional robustness tests which, in the interest of brevity, are untabulated. 

First, we expect that diversity will offer greater benefits for firms that have lower quality 

information environments as there is likely a greater opportunity for diversity to introduce new 

ideas and perspectives. To test this, we regress accuracy on interactions of diversity with analyst 

following, firm size, and return volatility. We find that diversity is associated with higher 

                                                           
14 Controlling for analyst drops helps to alleviate the concern that variation in competition explains our results. We 
note, however, that this does not control for the functional relation between analyst following and accuracy. In 
untabulated analyses we find that our results are similar in terms of statistical and economic significance when we 
include only firms with one analyst drop. 



19 
 

accuracy for smaller firms, firms with lower levels of analyst following and firms with high 

return volatility.  

Second, we address an alternative explanation for our results which relates to diversity 

offering benefits primarily to firms with an international presence. This explanation is grounded 

in the claim that diversity brings country-specific knowledge with inherently superior benefits 

for international firms. We examine whether our results are driven by multinational firms by 

partitioning the sample based on whether a firm has foreign sales. We find that our results hold 

in both domestic and multi-national firms. 

Third, we assess how CEO diversity interacts with analyst diversity, as CEOs with 

diverse cultural backgrounds may contribute to more accurate forecasts if they share higher 

quantities of information with those analysts whose cultural backgrounds are similar to their 

own. To account for this, we collect cultural backgrounds for CEOs for a subsample of our 

observations based on CEO surnames as reported in Execucomp, thereby limiting our sample to 

firms in the S&P 1500 index. We then re-estimate our forecast accuracy model after including 

CEO cultural-fixed effects, which explicitly control for any latent characteristics of the CEO, 

such as cultural background, which can relate to analyst forecast accuracy and analyst diversity. 

Our inferences continue to remain unchanged. To account for variation in information sharing 

connected to CEOs’ cultural background, we also partition on only Anglo CEOs, due to most of 

our sample’s variation in cultural diversity relating to non-Anglo analysts (about 84% of 

consensus forecasts in our sample include at least one Anglo analyst). We re-examine our 

accuracy analysis on the subsample of only Anglo CEOs, and find that our results remain 

unchanged. This suggests that cultural connections between analysts and CEOs do not explain 

our results. 

 Finally, we consider the potentially confounding effects of other types of diversity, 

namely gender diversity. To address this issue, we obtain data on analyst gender from LinkedIn. 

A limitation to this analysis is the number of sample analysts with no presence on LinkedIn, 

hence we cannot obtain data for all analysts. Because we cannot locate profiles for all the 

analysts covering a given firm, we assume that the gender distribution of analysts with available 

profiles are representative of the general group of analysts covering a firm. We partition our 

sample into subsamples of firms in which no analysts with profiles are female (i.e., no 

identifiable gender diversity) and firms with at least one female analyst (i.e., identifiable gender 
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diversity). In both cases, we find that diversity continues to be positively associated with forecast 

accuracy.  

Overall, our analyses paint a consistent picture regarding the effects of cultural diversity 

on consensus forecast accuracy. Higher levels of diversity are associated with more accurate 

consensus forecasts. Our results are not easily explained by alternative explanations related to 

analysts’ cultural backgrounds, other forms of diversity, or cultural similarity between CEOs and 

analysts.  

 

4. Plausible Mechanisms: Diversification and Information Spillover 

 The results thus far raise important questions regarding the mechanisms by which 

diversity influences consensus forecast accuracy. In this section, we explore two non-mutually 

exclusive channels through which cultural diversity can reduce consensus forecast errors. 

Specifically, we expect that cultural diversity will (1) diversify the effects of individual analyst 

forecast errors (Diversification Channel); and/or (2) improve information spillovers across 

analysts as reflected in more accurate individual analyst forecasts (Information Spillover 

Channel). The intuition behind the Diversification Channel is that analysts who come from 

different cultural backgrounds have different way of thinking and processing information, as 

well as different sets of beliefs. Hence, diversity results in lower forecast error covariances. The 

Information Spillover Channel is motivated by the idea that diversity can introduce analysts to 

diverse forecasting perspectives through their interactions with other analysts (e.g., private 

conversations, conferences, etc.). This information spillover allows analysts to provide more 

accurate individual forecasts. We acknowledge it is possible that the information spillover 

channel can reduce the effects of the diversification channel as analysts incorporate the views of 

the group into their individual forecasts. We consider the complete elimination of the 

diversification channel to be unlikely. We discuss our analyses related to each channel in more 

detail below. 

 

4.1 The Diversification Channel 

To test the diversification channel, we use a unique feature of the data which enables us 

to disaggregate the group outcome and measure individual analysts’ contribution to the 

consensus. Our goal is to assess how diversity relates to forecast error covariances. To this end, 
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we first disaggregate consensus forecast observations into individual forecast errors (i.e., signed 

forecast errors) and scale by price. Then, for each consensus forecast, we estimate the covariance 

of all possible pairs of analyst forecast errors. Specifically, we regress an individual analyst 

forecast error on each of its peer analyst forecast errors covering a firm in a given year. Similar 

to our previous analyses, we include the control variables discussed in equation (1) as well as 

analyst, firm, and year fixed effects. Formally, we estimate the following regression: 

 
Individual Forecast Errorijft = α0 + α1Peer Forecast Error-ijft + ΣβConsensus Level Controlsft  
+ Firm Fixed Effects + Year Fixed Effects + Analyst Fixed Effects + ϵijft ,                                                           

(2a) 
 

where i indexes analysts, j indexes analyst pairs, f indexes firm, and t indexes year. As analyst-

firm-year observations can be associated with multiple peer observations, we cluster standard 

errors at the analyst-firm-year level.  

We first provide a baseline result that shows that analyst forecast errors are highly 

correlated with the errors of their peers; that is, that the coefficient on Peer Forecast Error 

estimated from equation (2a) is significantly positive (Table 7, Column 1). This positive 

correlation suggests the potential for diversification effects to reduce this correlation and 

improve consensus forecast accuracy. To assess the impact of cultural diversity on forecast 

covariance, we next re-estimate the above equation but now include an interaction term between 

peer forecast errors and cultural diversity:  

 

Individual Forecast Errorijft = α0 + α1Peer Forecast Error-ijft + α2CulturalCountft  
+ α3Peer Forecast Error-ijft  x CulturalCountft + ΣβConsensus Level Controlsft + Firm Fixed 
Effects + Year Fixed Effects + Analyst Fixed Effects + ϵijft .                                                                     

(2b) 
 

In equation (2b), we are interested in the coefficient α3. If cultural diversity reduces forecast error 

covariances, we expect α3 to be negative. 

The results in Column 2 of Table 7 support our conjecture. The coefficient on Peer 

Forecast Error x CulturalCount loads significantly negative, suggesting that cultural diversity is 

associated with lower forecast error covariances. A one-unit change in cultural diversity is 

associated with a 1.1% decrease in the average analyst-pair covariance relative to the base 

association reported as the coefficient on Peer Forecast Error. This finding supports the 
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Diversification Channel and suggests that cultural diversity leads to differences in the way 

analysts gather and process information, which in turn has the ability to improve the accuracy of 

the consensus.  

 

4.1.1 Diversity in Education and Professional Interests 

As previously discussed, cultural diversity can have an impact on individual analysts’ 

forecast errors and covariance for several reasons: different backgrounds may be associated with 

different priors, the adoption of different approaches to problem solving, or different choices in 

educational paths. While difficult to quantify, we attempt to assess one way in which cultural 

diversity can diversify an analysts’ forecast errors, namely through increasing diversity in 

education and professional interests.  

We conjecture that an analyst’s cultural background (which is an inherited and latent 

characteristic) can influence his or her choice of education path and professional interests. This, 

in turn, can influence forecasting practices. For example, some analysts may choose to major in 

Science, Technology, Engineering and Math (STEM) fields as opposed to humanities/liberal arts 

fields. Recent research from the Cleveland Federal Reserve indicates that cultural backgrounds 

are a strong predictor of major choice.15 On the one hand, analysts specializing in STEM might 

obtain better problem-solving and mathematics skills, which are useful for forecasting and 

developing valuation models. On the other hand, analysts majoring in humanities/liberal arts may 

also benefit from developing more critical thinking skills and a broader understanding of 

problems. Such skills might be useful in, for example, understanding broader trends (e.g., macro-

level or industry-level) or more subjective issues related to valuation. We also note that these 

differences are particularly relevant given that research analysts increasingly possess diverse 

academic backgrounds (Groysberg and Healy, 2013). While we do not expect one approach to be 

uniformly better, we do expect that having a diverse array of majors and educational interests 

will lead to a more accurate aggregate forecast. 

To test the above conjecture, we use LinkedIn to collect the number of unique university 

majors and professional interests related to analysts contributing to the consensus. The mean 

(median) number of unique majors and unique professional interests is 2.88 (2.00) and 20.02 

                                                           
15  Please see: https://www.clevelandfed.org/newsroom-and-events/publications/economic-trends/2015-economic-
trends/et-20150331-racial-and-ethnic-differences-in-college-major-choice.aspx 
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(19.00), respectively. The interquartile ranges are 1 to 4 majors and 13 to 27 professional 

interests, suggesting there is significant variation across consensus forecast.  

We link the LinkedIn data to the consensus forecast data used in our previous analyses, 

assuming that it is fairly representative of the analysts contributing to each consensus. We then 

run regressions of the natural log of the number of majors (or interests) on our measures of 

cultural diversity. We include all of the control variables from equation (1) as well as industry or 

firm fixed effects and year fixed effects. We also control for the percentage of the analysts 

contributing to the consensus forecast with available LinkedIn profiles to mitigate concerns 

about a possible correlation between LinkedIn participation and the number of majors and 

interests captured.16  

 Table 8, Panel A provide the results from regressions of educational diversity on cultural 

diversity. Columns 1 and 2 present the results using the number of unique majors from the 

analysts contributing to the consensus as the dependent variable. Columns 3 and 4 presents 

results where the number of unique professional interests is the dependent variable. In all 

specifications, the results indicate that cultural diversity is associated with both a greater number 

of educational and professional interests, consistent with the diversification channel arguments. 

The coefficients in Column 1 suggest that a one-unit change in diversity is associated with a 5% 

to 20% increase in the number of unique majors relative to the sample mean.  

 We next examine how educational diversity relates to consensus forecast accuracy, both 

conditional and unconditional on cultural diversity. These tests allow us to assess whether one of 

the ways cultural diversity affects forecast accuracy is vis-a-vis its impact on analysts’ 

educational choices and their professional interests. Panel B of Table 8 provides the results from 

regressions of consensus forecast accuracy on educational diversity, where we vary the inclusion 

of cultural diversity. The results in Columns 1 and 4 indicate a positive and significant 

relationship between educational diversity (as proxied for by majors and interests, respectively) 

and consensus forecast accuracy, which confirms our conjecture that more diverse professional 

interests and majors improve the aggregate forecast. Importantly, we also find that cultural 

diversity continues to have a direct effect on forecast accuracy in Columns 2 and 5, as evidenced 

by the positive and significant loading. In addition, the effect of educational diversity declines 

                                                           
16 Consistent with prior studies, we are able to obtain LinkedIn profiles for approximately 30% of our sample. 
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when we control for cultural diversity. In Columns 3 and 6, we find similar results after we 

further include all of the control variables from previous analyses.  

Taken together, the results thus far offer several important insights. First, cultural 

diversity improves the quality of the consensus forecast, and it does so in part by diversifying 

forecast errors. In addition, we also document one way in which cultural diversity can diversify 

forecast errors, which is through its impact on educational diversity.  

 

4.2 The Information Spillover Channel 

 Cultural diversity leads to more cross-cultural interaction and facilitates greater 

information sharing or information spillovers. This Information Spillover Channel can directly 

impact an analyst’s own forecast error and lead to improvements in individual analyst accuracy. 

We test this channel by examining the relation between cultural diversity and individual analyst 

forecast accuracy (which is analogous to forecast variance). We utilize the disaggregated 

consensus forecast (as described in Section 4.1) and re-estimate equation (1) at the individual-

analyst level with firm-level measures of cultural diversity and analyst, firm, and time fixed 

effects. Including analyst fixed effects allows us to control for any time-invariant analyst 

characteristic, such as talent or ability. Formally, we estimate the following regression: 

 

Individual Accuracyift = α0 + α1CulturalCountft + α2CulturalCount x CulturalCountft + 
ΣβConsensus Level Controlsft + Firm Fixed Effects + Year Fixed Effects + Analyst Fixed 
Effects + ϵift,                                    
(3) 
where i indexes individual analysts, f indexes firms, and t indexes year. The Information 

Spillover channel predicts a positive coefficient on α1. 

Table 9 reports the results of this estimation. We find that CulturalCount loads positively, 

suggesting that individual forecast accuracy improves as cultural diversity increases. We also 

find that CulturalCount x CulturalCount loads negatively, suggesting declining returns to scale. 

To ensure that we do not simply capture the effect of analysts’ talent, we also include analyst 

fixed effects. Importantly, our results hold. In other words, cultural diversity appears to have 

effects that are incremental to analyst talent, which is consistent with the benefits of diversity not 

necessarily depending on increasing the talent pool (e.g., Hong and Page, 2004; Page, 2007). The 

coefficients in Column 1 suggest that a one-unit change in diversity is associated with about a 
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14.9% improvement in individual analyst accuracy relative to the sample mean when diversity is 

low and about a 6% improvement when diversity is high. We also control for possible talent that 

might be associated with specific cultures. In Columns 2 and 3, we report results separately for 

analysts of Anglo and non-Anglo background as Anglo is the most common culture group in our 

sample (Anglo analysts make up 47% of analysts in the average consensus forecast in our 

sample, Panel A of Table 1). We find that the accuracy of both Anglo and non-Anglo analysts is 

positively associated with cultural diversity, suggesting again that our results are not simply a 

function of adding highly talented non-Anglo analysts to the consensus forecast. In other words, 

we find that both Anglo and non-Anglo analysts experience benefits from diversity.  

Overall, the results in Table 9 suggest that cultural diversity reduces individual analysts’ 

forecast errors, through increasing information spillovers across different cultures. The analysis 

that follows examine one identifiable channel facilitating this information flow.  

 

4.2.1 Information Spillover through Conference Calls  

 The flow of information across analysts likely occurs through several channels, such as 

reading peer analyst reports, or having discussions in industry conferences. However, many such 

channels are difficult to observe and quantify. We provide evidence on one plausible channel by 

examining a specific setting that provides a group of analysts access to alternative perspectives 

of their peers – the Q&A section of earnings conference calls. The Q&A section of earnings 

conference calls provides analysts simultaneous access to the unique questions and perspectives 

of an entire group of analysts, thereby allowing individual analysts to increase the information 

set they use when they assess company prospects. The Q&A setting is also a particularly useful 

avenue to study the benefits of cultural diversity on analyst behavior as this section tends to be 

the most informative part of the conference call and contains significant new information content 

for market participants (Matsumoto et al., 2011).  

We examine the ways cultural diversity relates to conference call dynamics across two 

important dimensions. First, we examine the diversity in analyst conference call participation. 

This is a natural starting point for our analysis of the conference call mechanism, since a more 

diverse analyst following can improve the information set on conference calls only if diverse 

analysts observably participate in the call. We thus expect that higher levels of diversity across 

the set of analysts following a given firm should result in more diverse conference call 
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participation, i.e., analysts from more diverse cultural backgrounds will provide comments and 

ask questions. The second dimension we examine is the conference call information set. If 

cultural diversity increases the diversity of participation, we expect that this increase in diverse 

participation will result in a richer information set, which likely includes a greater number, and a 

more detailed set, of questions and topics discussed during the Q&A section. This is, in part, 

because analysts from different backgrounds will be more likely to have and ask questions that 

have not yet been answered.  

 To test these predictions, we obtain a sample of 73,801 conference call transcripts for 

2,662 firms from the Thomson Reuters StreetEvents database. We focus on the discussions made 

by analysts in the Q&A session of each call. We remove short conversations containing fewer 

than 35 characters as these typically involve confirming comments and acknowledgements such 

as thank you, good afternoon, etc. To maintain consistency with our forecast accuracy tests, we 

examine only conference calls occurring during the 11 months prior to the fiscal year end of the 

consensus analyst forecast.17  

 We estimate two regressions in relation to our conference call data. In our first regression 

we re-estimate the forecast accuracy model by replacing the dependent variable with a measure 

of diverse participation.  

 

DiverseParticipationft = α0+ α1CulturalCountft + α2CulturalCount x CulturalCountft + 
ΣωiControlsft + Firm Fixed Effects + Year Fixed Effects + εft,                                       
(4) 

 

where DiverseParticipation is the number of cultural clusters represented by the analysts asking 

questions on conference calls. As discussed above, we predict that a more diverse analyst 

following results in more diverse participation on conference calls (i.e., α1 will be positive).18 

Similar to our previous analyses we also consider whether the effects of diversity will decline as 

diversity increases (i.e., α2 will be negative). 

                                                           
17 We note that conference calls are generally a quarterly phenomenon and occur multiple times during the fiscal 
year. As such, we cluster our standard errors in these analyses by the combination of firm and year. 
18 Note that a priori, a more diverse analyst following does not necessarily translate to a more diverse group of 
analysts asking the questions for at least two reasons. First, management typically decides who asks the questions 
during conference calls (e.g., Mayew, 2008), and second, different cultures may have different tendencies regarding 
asking questions publicly. 
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The second regression, examines whether an increase in participation diversity will 

improve the richness of the conference call information set. To do so, we estimate the following 

regression:  

 

Information Setft = α0 + α1DiverseParticipationft+ α2DiverseParticipation x DiverseParticipationft 
+ ΣωiControlsft + Firm Fixed Effects + Year Fixed Effects + εft,                     (5)                               

 

where Information Set is measured based on the natural log of the number of distinct analyst 

questions (Questions), the natural log of the total number of words (Words) in all of the analysts’ 

questions, or the natural log of the number of distinct topics raised in questions (Topics) as 

described in Appendix B. In this regression, a positive loading on α1 indicates that more diverse 

analyst participation is associated with a richer conference call information set and a negative 

coefficient on α2 indicates that this association declines as participation becomes more diverse.  

Table 10 reports the results. In Column 1, we report the estimates of equation (4) i.e., 

whether a larger number of cultural clusters of analysts following a stock also result in more 

diverse participation. We document a positive and significant loading on CulturalCount. As the 

model includes the term CulturalCount x Cultural Count, the marginal effect of CultureCount 

varies by the level of culture clusters. The coefficients in Column 1 suggests that one-unit change 

in the number of cultural clusters is associated with an increase DiverseParticipation of between 

8.5% and 9% relative to the unconditional sample mean of 3.10 clusters.  

Columns 2 through 4 report results on the association between diverse participation and 

the richness of the conference call information set, as measured by Questions, Words, and 

Topics, respectively (equation (5)). We find that more diverse participation on conference calls is 

associated with more questions asked on the conference call and with lengthier questions and 

more unique topics. The marginal effects suggest a one-unit change in participation diversity is 

associated with a 5.5% to 10.9% increase in the number of questions, a 2.9% to 5.8% increase in 

the number of words used, and a 3.3% to 7.3% increase in the number of topics discussed 

relative to the respective unconditional sample means for these measures, depending on the level 

of participation diversity.19 

                                                           
19

 In untabulated analyses, we repeat the regressions in Columns 2 through 4 after including Cultural Count and 
Cultural Count x Cultural Count. In most cases, the loadings on these variables are not statistically significant while 
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Overall, these results provide direct evidence on the Information Spillover Channel, 

suggesting that analyst conference call participation and interaction provide a plausible 

mechanism through which analysts incorporate more information and different perspectives from 

their diverse peers into their valuations and reports.  

 

5. Conclusion 

An important source of diversity that affects how individuals acquire and process 

information to form predictions is one’s cultural background. Therefore, the effect of cultural 

diversity on the quality of output, is a compelling question in both academic and practical 

contexts. Our study sheds light on this issue by examining the effect of sell-side analysts’ 

cultural diversity on one of the most visible Wall Street outputs, consensus earnings forecasts. 

Not only is this an important and visible output with implications for investors and managers, but 

it also represents one of the few instances in which data are available to identify both the cultural 

backgrounds of employees and their precise outputs.  

Our results indicate that higher levels of cultural diversity result in higher quality 

consensus forecasts, in other words, forecasts that are more accurate. We demonstrate the 

robustness of this result across various empirical settings, including an exogenous shock to 

diversity resulting from brokerage house mergers and closures. In addition, we find that the 

effects of diversity decline at higher levels, suggesting that its effects are non-monotonic.  

Our setting allow us to provide new evidence on the drivers behind the positive effect of 

cultural diversity on economic output. We are able to identify two channels by which cultural 

diversity improves economic outcomes. First, we find that cultural diversity increases 

diversification among analysts as evidenced, for example, by a broader range of educational 

backgrounds and professional interests. Cultural diversity thus results in lower covariances of 

individual analysts’ earnings forecasts. Second, we show that cultural diversity increases 

information flows across analysts. More diverse groups of analysts have smaller individual 

forecast errors. We show that a plausible mechanism through which this information is 

transferred is conference calls. These results are relevant not only in the context of analysts’ 

                                                                                                                                                                                           

the loadings on the measures of diverse participation are similar in terms of magnitude and significance to those 
reported in Table 10. These results suggest that the effects of cultural diversity on the richness of the conference call 
information set flow through participation diversity. 
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output quality, but they provide a novel contribution to the literature on diversity. We are able to 

disaggregate the group outcome and isolate an individual’s contribution to the group. We show 

that the impact of diversity on information quality is both through an information spillover effect 

whereby other agents improve their information set, and through a diversification effect. 

Our study also is relevant in light of recent interest from Wall Street in increasing the 

diversity of the workforce. While not the primary focus of our study, cultural diversity within 

this sector (or within a brokerage firm) can potentially offer benefits. Indeed, anecdotal evidence 

indicates substantial differences in how brokers hire, train, mentor, and incentivize analysts 

(Groysberg and Healy, 2013), and it is possible that these differences relate to cultural diversity. 

Future research can benefit from further examining the role of diversity within banks. 

We offer one final caveat to our study. While we focus on the consensus forecast, we 

acknowledge that there is some controversy concerning the usefulness of analysts’ forecasts.20 

Indeed, recent evidence from Hou et al. (2012) and Li and Mohanram (2014) suggest that 

mechanical models might outperform the consensus in predicting earnings. We argue that our 

findings remain relevant because our focus is on analysts as a setting for examining the specific 

mechanisms in which cultural diversity can influence output, the consensus forecast. These 

findings are likely generalizable to other forecasting settings. One implication of our results is 

that a more diverse analyst following can reduce analysts’ forecast errors and provide investors 

with a more reliable prediction for firms’ future earnings. 

  

                                                           
20 Initial interest in analysts’ individual forecasts was driven, in part, by findings that analysts’ forecasts are superior 
to time-series models (Kothari, 2001; Kothari et al., 2016). Recent studies, however, have called into question the 
value of analysts’ forecasts. On the one hand, some studies suggest that analysts “piggy-back” on information and 
argue that their role as information intermediaries is over-stated (Altınkılıç et al., 2013; Kim and Song, 2015; Li and 
You, 2015). On the other hand, other studies suggest that analysts are valuable around earnings announcements 
(Lawrence et al., 2017) and often outperform time-series models at short horizons (Bradshaw et al., 2012). 
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Appendix A. Variable Definitions 

Variable Definition 

Forecast Accuracy The absolute difference between the year-end consensus analyst 
earnings forecast and the actual earnings per share scaled by stock 
price at the end of the prior fiscal year multiplied by negative one. 
(Data Source: I/B/E/S & CRSP) 

Individual Forecast Accuracy The absolute difference between an individual analyst’s year-end 
earnings forecast and the actual earnings per share scaled by stock 
price at the end of the prior fiscal year multiplied by negative one. 
(Data Source: I/B/E/S & CRSP) 

|Individual Forecast Error| The absolute difference between an individual analyst’s year-end 
earnings forecast and the actual earnings per share scaled by stock 
price at the end of the prior fiscal year. (Data Source: I/B/E/S & 
CRSP) 

|Peer Forecast Error| The absolute difference between an individual analyst’s peer’s year-
end earnings forecast and the actual earnings per share scaled by 
stock price at the end of the prior fiscal year, where peers are analysts 
providing forecast for the same firm during the same year. (Data 
Source: I/B/E/S & CRSP) 

CulturalCount The number of unique cultural clusters represented by analysts 
contributing to the consensus earnings forecast (Data Source: 
I/B/E/S, Dictionary of American Family Names, Ancestry.com, and 
Forebears.io) 

CulturalDispersion A concentration measure similar to the Herfindahl index, constructed 
as follows: 

����������	
��	�� = 1 − ∑���������������������� �
�
 

where ����������� is the number of analysts representing cultural 
cluster i covering firm j in year t and ���������� is the number of 
analysts covering firm j in year t. (Data Source: I/B/E/S, Dictionary 
of American Family Names, Ancestry.com, and Forebears.io) 

CulturalDistance The average of pair-wise distances between the cultural clusters 
represented in a given consensus earnings forecast. The distance for 
these cultural clusters is computed using the classification figure from 
House et al. (2002). The distance is measured as the number of nodes 
away from a given cultural cluster for any given analyst pair. (Data 
Source: I/B/E/S, Dictionary of American Family Names, 
Ancestry.com, and Forebears.io) 
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HighDiversity An indicator variable set to one for firms whose levels of cultural 
diversity are above the top quartile of for a specific measure of 
cultural diversity. (Data Source: I/B/E/S, Dictionary of American 
Family Names, Ancestry.com, and Forebears.io) 

Decrease An indicator set to one if an analyst drop is associated with a decrease 
in the number of cultural clusters represented in the analyst consensus 
forecast for a given firm-year, and zero otherwise. (Data Source: 
I/B/E/S) 

Change The number of cultural clusters dropped from the consensus forecast 
after an analyst drop. (Data Source: I/B/E/S) 

NumAnalysts The number of analysts included in the consensus forecast. (Data 
Source: I/B/E/S) 

LNSIZE The natural log of the equity market value of the firm. (Data Source: 
Compustat) 

LNBM The natural log of the ratio of market value of equity to book value of 
equity. (Data Source: Compustat) 

ROA The ratio of income before extraordinary items to total assets. (Data 
Source: Compustat) 

STD_ROA The standard deviation of ROA over the last five years. (Data Source: 
Compustat) 

RETVOL The standard deviation of daily stock returns over the last 12 months. 
(Data Source: CRSP) 

RET The average monthly return over the last 12 months. (Data Source: 
CRSP) 

ForeignSales An indicator variable set to one if the firm reports non-missing and 
non-zero values of any of the following: foreign sales from the 
Compustat Segment file; foreign pretax income; foreign taxes; or 
foreign currency translation. (Data Source: Compustat) 

nDrops The number of analysts that drop coverage in connection with a 
brokerage house merger/closer. (Data Source: I/B/E/S) 

Questions The natural log of the number of distinct analyst questions asked on 
an earnings conference call. (Data Source: Thomson Reuters 
StreetEvents) 

Words The natural log of the total number of words in all of the analysts’ 
questions on an earnings conference call. (Data Source: Thomson 
Reuters StreetEvents) 
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Topics The natural log of the total number of unique topics address in all of 
the analysts’ questions on an earnings conference call (see Appendix 
B). (Data Source: Thomson Reuters StreetEvents) 

DiverseParticipation The number of cultural clusters represented by the analysts asking 
questions on earnings conference calls. (Data Source: Thomson 
Reuters StreetEvents, Dictionary of American Family Names, 
Ancestry.com, and Forebears.io) 

Unique Majors The natural log of the number of unique majors from the analysts 
contributing to the consensus forecast that have LinkedIn profiles. 
(Data Source: I/B/E/S & LinkedIn) 

Unique Professional Interests The natural log of the number of unique professional interests from 
the analysts contributing to the consensus forecast that have LinkedIn 
profiles. (Data Source: I/B/E/S & LinkedIn) 

LinkedInPct The percentage of analysts contributing to the consensus forecast 
with available LinkedIn profiles. (Data Source: I/B/E/S & LinkedIn) 
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Appendix B. Earnings Conference Call Topics 

We classify conference call questions in topics using a bag of words approach, where each topic 
is associated with specific keywords.  We identified topics and their associated keywords based 
on prior studies and through manual iteration until a fairly comprehensive list was obtained (i.e., 
the list classifies about 81% of individual analyst questions in our sample to one or more topics). 
We then capture the total number of unique topics addressed in all of the analyst questions for 
each conference call.  The specific topics we include are listed below. 

 

1. Sales/Revenue 
2. Costs/Expenses 
3. Earnings 
4. Cash 
5. Competition 
6. Business Outlook 
7. Financial Guidance and Analyst 

Expectations 
8. Geographic Segments and Locations 
9. Valuation 
10. Customers and Products 
11. Supply Chain 
12. Tax 
13. Industry and Market 
14. Balance Sheet Assets 
15. Balance Sheet Liabilities 

16. Balance Sheet Equity 
17. Innovation and Intangibles 
18. Foreign Currency and Derivatives 
19. Payout Policy 
20. Credit and Business Risk 
21. Restructuring 
22. Macroeconomics 
23. Regulation 
24. Marketing 
25. Accounting 
26. Facilities 
27. Stock Options 
28. M&A and Expansion 
29. Personnel 
30. Legal and Litigation 
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Figure 1 – Distribution of Individual Analysts by Cultural Cluster 

This figure depicts the number of cultural clusters represented by the individual analysts in our 
sample. Cultural clusters are measured following House et al. (2002) based on which country 
most likely corresponds to an analyst’s surname. 
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Figure 2 - Analyst Cultural Diversity Over Time 

This figure depicts the number of cultural clusters represented in the sample each year. Cultural 
clusters are measured following House et al. (2002) based on which country most likely 
corresponds to an analyst’s surname. 
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Figure 3 - Analyst Cultural Diversity and Forecast Accuracy  
Across Different Levels of Diversity 

  
Figures 3A and 3B plot the incremental effects of different levels of analyst cultural diversity on 
forecast accuracy. Estimates of these effects are computed by regressing forecast accuracy on 
indicators for the quartiles of each measure of analyst cultural diversity (CulturalCount, 
CulturalDispersion, CulturalDistance). Regressions include the control variables in Table 3, 
year fixed effects, and either industry (3A) or firm (3B) fixed effects. Estimates are reported 
relative to the forecast accuracy of the first quartile for each measure. 
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Table 1 - Analyst Cultural Diversity 

This table presents the frequency of cultural clusters in the sample. Panel A presents the 
frequency of cultural clusters for analysts and CEOs. The first two columns report the mean 
percentage of analysts included in the consensus forecast from each cultural cluster using the full 
sample of consensus forecasts and the sample with Execucomp data. The third column reports 
the percentage of CEOs from each cultural cluster for firm-year observations with Execucomp 
data. Panel B presents the frequency by year. Panel C presents the frequency by SIC two-digit 
industry codes for industries with at least 500 observations. 

Panel A. Analyst and CEO Cultural Diversity 
Cultural Cluster Mean % of Analysts in Consensus % of CEOs 

 Full Sample Execucomp Sample Execucomp Sample 

Anglo 47.0% 47.7% 61.1% 
Confucian Asia 2.7% 1.8% 1.4% 
Eastern Europe 7.8% 8.4% 4.0% 
Germanic Europe 23.3% 23.6% 21.4% 
Latin America 1.4% 1.3% 0.3% 
Latin Europe 10.8% 10.2% 8.0% 
Middle East 0.8% 0.8% 0.2% 
Nordic Europe 2.8% 2.6% 2.5% 
Southern Asia 3.7% 3.9% 1.1% 
Sub-Sahara Africa 0.0% 0.0% 0.0% 

 
Panel B. Analyst Cultural Diversity by Year 

Year Obs. # of Clusters 
1994 2,552 2.335 
1995 2,884 2.278 
1996 3,024 2.299 
1997 3,029 2.344 
1998 2,831 2.384 
1999 2,523 2.373 
2000 2,574 2.604 
2001 2,719 2.609 
2002 2,551 2.746 
2003 2,945 2.784 
2004 3,014 2.868 
2005 3,031 2.939 
2006 3,008 3.012 
2007 2,925 3.054 
2008 2,437 3.262 
2009 2,563 3.373 
2010 2,631 3.367 
2011 2,562 3.379 
2012 2,579 3.448 
2013 2,735 3.396 
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Panel C. Analyst Cultural Diversity by Select Industry 

Industry SIC2 Obs 
Mean # of 
Clusters 

Depository Institutions    60 5,748 2.33 
Business Services    73 5,388 3.00 
Chemical & Allied Products  28 4,019 3.04 
Electronic & Other Electric Equipment 36 3,699 3.12 
Industrial Machinery & Equipment  35 2,986 3.09 
Instruments & Related Products  38 2,877 2.74 
Electric, Gas, & Sanitary Services 49 2,428 2.79 
Insurance Carriers    63 2,111 3.05 
Holding & Other Investment Offices 67 1,863 2.03 
Oil & Gas Extraction  13 1,855 4.08 
Communications     48 1,675 2.61 
Transportation Equipment    37 1,200 2.84 
Food & Kindred Products  20 1,083 3.00 
Wholesale Trade - Durable Goods 50 939 2.44 
Miscellaneous Retail    59 908 2.73 
Primary Metal Industries   33 806 2.75 
Engineering & Management Services  87 797 2.53 
Security & Commodity Brokers  62 782 3.10 
Health Services    80 745 2.70 
Apparel & Accessory Stores  56 688 3.47 
Eating & Drinking Places  58 679 2.82 
Wholesale Trade - Nondurable Goods 51 552 2.66 
Paper & Allied Products  26 526 2.81 
Fabricated Metal Products   34 519 2.48 
Nondepository Institutions    61 512 2.88 
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Table 2 - Descriptive Statistics 

This table reports descriptive statistics for the variables used in the baseline analyses. All variable definitions are provided in Appendix A. 

Variable N Mean SD Q1 Median Q3 

Forecast Accuracy 55,117 -0.009 0.020 -0.007 -0.002 -0.001 

CulturalCount 55,117 2.833 1.544 2.000 3.000 4.000 

CulturalDispersion 55,117 0.456 0.272 0.320 0.500 0.667 

CulturalDistance 55,117 0.625 0.488 0.200 0.619 1.000 

NumAnalysts 55,117 6.252 5.574 2.000 4.000 9.000 

LNSIZE 55,117 6.909 1.720 5.660 6.749 8.001 

LNBM 55,117 -0.870 0.719 -1.280 -0.781 -0.371 

ROA 55,117 0.032 0.102 0.009 0.038 0.078 

STD_ROA 55,117 0.072 0.621 0.011 0.027 0.063 

RETVOL 55,117 0.028 0.014 0.018 0.025 0.035 

RET 55,117 0.018 0.039 -0.004 0.015 0.036 

ForeignSales 55,117 0.563 0.496 0.000 1.000 1.000 



44 
 

Table 3 - Analyst Cultural Diversity and Forecast Accuracy 

This table examines the relation between the consensus forecast accuracy (Forecast Accuracy) and measures of analyst cultural diversity 
(CulturalCount, CulturalDispersion, CulturalDistance). Panel A reports results based on OLS regressions with industry(two-digit SIC)/firm and 
year fixed effects. Panel B report results based on entropy matching. All variables are defined in Appendix A. t-statistics reported in parentheses are 
based on standard errors clustered by firm. ***, **, and * denote 1%, 5%, and 10% level of significance, respectively.  

Panel A. OLS Regressions 
 

 

 

 Dependent Variable: Forecast Accuracy 
 CulturalCount CulturalDispersion CulturalDistance 
VARIABLES (1) (2) (3) (4) (5) (6) 
Diversity 0.0010*** 0.0003*** 0.0054*** 0.0018*** 0.0016*** 0.0005** 

(9.67) (3.72) (11.22) (3.76) (6.79) (2.44) 
NumAnalysts 0.0001*** 0.0000 0.0002*** 0.0001*** 0.0003*** 0.0001*** 

(3.83) (1.54) (7.20) (2.70) (11.19) (3.71) 
LNSIZE 0.0004*** 0.0015*** 0.0004*** 0.0015*** 0.0004*** 0.0015*** 

(3.41) (5.94) (3.14) (5.91) (3.37) (6.04) 
LNBM -0.0026*** -0.0029*** -0.0026*** -0.0028*** -0.0026*** -0.0029*** 

(-11.96) (-10.31) (-11.78) (-10.23) (-12.03) (-10.30) 
ROA 0.0266*** 0.0153*** 0.0268*** 0.0153*** 0.0267*** 0.0153*** 

(16.46) (9.20) (16.59) (9.21) (16.50) (9.21) 
STD_ROA -0.0001 0.0006** -0.0001 0.0006** -0.0001 0.0006** 

(-0.48) (2.02) (-0.47) (2.02) (-0.53) (2.01) 
RETVOL -0.2690*** -0.1566*** -0.2681*** -0.1567*** -0.2690*** -0.1561*** 

(-20.81) (-10.72) (-20.78) (-10.73) (-20.79) (-10.68) 
RET 0.0445*** 0.0336*** 0.0445*** 0.0336*** 0.0445*** 0.0336*** 

(13.81) (11.23) (13.83) (11.25) (13.82) (11.22) 
ForeignSales -0.0007** -0.0007* -0.0007** -0.0007* -0.0007** -0.0007* 

 (-2.30) (-1.76) (-2.21) (-1.75) (-2.29) (-1.76) 
     

Fixed Effects Industry  
and Year 

Firm and 
Year 

Industry 
and Year 

Firm and 
Year 

Industry 
and Year 

Firm and 
Year 

Observations 55,117 53,433 55,117 53,433 55,117 53,433 
R-squared 0.120 0.449 0.122 0.449 0.120 0.449 
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Panel B. Entropy Matching 

 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: Forecast Accuracy 
 CulturalCount CulturalDispersion CulturalDistance 
VARIABLES (1) (2) (3) 
HighDiversity 0.0015** 0.0021** 0.0006 

(1.97) (2.19) (1.42) 
NumAnalysts 0.0003*** 0.0003** 0.0003*** 

(5.54) (2.55) (3.80) 
LNSIZE 0.0002 -0.0006 0.0005** 

(0.77) (-0.84) (2.43) 
LNBM -0.0008 -0.0024*** -0.0026*** 

(-1.27) (-2.85) (-6.88) 
ROA 0.0166*** 0.0327*** 0.0241*** 

(6.73) (2.67) (7.84) 
STD_ROA -0.0022 0.0030 0.0001 

(-1.58) (0.98) (0.84) 
RETVOL -0.1756*** -0.2694*** -0.2396*** 

(-6.75) (-5.86) (-9.82) 
RET 0.0536*** 0.0592*** 0.0464*** 

(6.62) (3.95) (6.58) 
ForeignSales -0.0000 -0.0003 -0.0016** 

 (-0.07) (-0.50) (-2.50) 
  

Fixed Effects Industry  
and Year 

Industry  
and Year 

Industry  
and Year 

Observations 43,481 25,513 27,921 
R-squared 0.131 0.189 0.120 
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Table 4 - Analyst Cultural Diversity and Forecast Accuracy 

This table examines the relation between the consensus forecast accuracy (Forecast Accuracy) and measures of analyst cultural diversity 
(CulturalCount, CulturalDispersion, CulturalDistance).  All variables are defined in Appendix A. t-statistics reported in parentheses are based on 
standard errors clustered by firm. ***, **, and * denote 1%, 5%, and 10% level of significance, respectively.  

 

 

 

 

 

 Dependent Variable: Forecast Accuracy 
 CulturalCount CulturalDispersion CulturalDistance 
VARIABLES (1) (2) (3) (4) (5) (6) 
Diversity 0.0035*** 0.0014*** 0.0116*** 0.0032*** 0.0072*** 0.0027*** 

(13.57) (5.47) (8.88) (2.65) (10.90) (4.16) 
Diversity X Diversity -0.0004*** -0.0002*** -0.0095*** -0.0023 -0.0036*** -0.0014*** 

 (-12.38) (-5.14) (-5.60) (-1.45) (-9.13) (-3.57) 
NumAnalysts 0.0002*** 0.0001** 0.0002*** 0.0001*** 0.0002*** 0.0001*** 

(6.32) (2.24) (8.25) (2.91) (7.67) (2.67) 
LNSIZE 0.0004*** 0.0014*** 0.0004*** 0.0015*** 0.0004*** 0.0015*** 

(2.96) (5.85) (3.08) (5.90) (3.18) (5.89) 
LNBM -0.0026*** -0.0028*** -0.0026*** -0.0028*** -0.0026*** -0.0028*** 

(-11.67) (-10.16) (-11.80) (-10.22) (-11.82) (-10.23) 
ROA 0.0269*** 0.0153*** 0.0267*** 0.0153*** 0.0267*** 0.0153*** 

(16.67) (9.22) (16.55) (9.21) (16.52) (9.20) 
STD_ROA -0.0001 0.0006** -0.0001 0.0006** -0.0001 0.0006** 

(-0.42) (2.03) (-0.47) (2.02) (-0.50) (2.02) 
RETVOL -0.2664*** -0.1566*** -0.2677*** -0.1568*** -0.2679*** -0.1570*** 

(-20.65) (-10.73) (-20.77) (-10.73) (-20.76) (-10.75) 
RET 0.0446*** 0.0337*** 0.0445*** 0.0336*** 0.0445*** 0.0337*** 

(13.88) (11.27) (13.83) (11.25) (13.83) (11.25) 
ForeignSales -0.0007** -0.0007* -0.0007** -0.0007* -0.0007** -0.0007* 

 (-2.16) (-1.76) (-2.12) (-1.75) (-2.24) (-1.76) 
     

Fixed Effects Industry  
and Year 

Firm and 
Year 

Industry 
and Year 

Firm and 
Year 

Industry 
and Year 

Firm and 
Year 

Observations 55,117 53,433 55,117 53,433 55,117 53,433 
R-squared 0.123 0.449 0.123 0.449 0.122 0.449 
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Table 5 – Controlling for Analyst Talent: Culture Fixed Effects 
 

This table provides additional analyses on the relationship between the consensus forecast accuracy 
(Forecast Accuracy) and analyst cultural diversity after controlling for culture fixed effects. Columns 1 
and 2 include fixed effects for each cultural cluster and Columns 3 and 4 include controls for the 
percentage of analysts in the consensus forecast from each cultural cluster. All regressions include year 
and industry (two-digit SIC) or firm fixed effects. All variables are defined in Appendix A. t-statistics 
reported in parentheses are based on standard errors clustered by firm. ***, **, and * denote 1%, 5%, and 
10% level of significance, respectively. 

 

 

 

 

 

 

Dependent Variable: Forecast Accuracy 
VARIABLES (1) (2) (3) (4) 
CulturalCount 0.0020** 0.0019*** 0.0034*** 0.0014*** 

(2.53) (3.07) (12.63) (5.38) 
CulturalCount X CulturalCount -0.0003*** -0.0001*** -0.0004*** -0.0002*** 
 (-8.48) (-3.68) (-10.52) (-4.92) 
NumAnalysts 0.0001*** 0.0001** 0.0001*** 0.0001** 

(4.15) (2.15) (3.31) (1.98) 
LNSIZE 0.0005*** 0.0014*** 0.0006*** 0.0014*** 

(4.37) (5.81) (4.51) (5.81) 
LNBM -0.0025*** -0.0028*** -0.0024*** -0.0028*** 

(-10.58) (-10.18) (-10.54) (-10.16) 
ROA 0.0261*** 0.0153*** 0.0261*** 0.0153*** 

(16.03) (9.22) (16.05) (9.22) 
STD_ROA -0.0000 0.0006** -0.0000 0.0006** 

(-0.15) (2.03) (-0.14) (2.02) 
RETVOL -0.2723*** -0.1575*** -0.2712*** -0.1570*** 

(-20.56) (-10.75) (-20.49) (-10.74) 
RET 0.0443*** 0.0337*** 0.0443*** 0.0337*** 

(13.83) (11.27) (13.81) (11.27) 
ForeignSales -0.0009*** -0.0007* -0.0009*** -0.0007* 

 (-2.81) (-1.74) (-2.74) (-1.77) 
   

Fixed Effects Culture, 
Industry,  
and Year 

Culture, Firm, 
and  
Year 

% Culture, 
Industry,  
and Year 

% Culture, 
Firm, and  

Year 
Observations 55,112 53,433 55,112 53,433 
R-squared 0.144 0.449 0.145 0.449 
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Table 6 - Analyst Coverage Drops, Cultural Diversity, and Forecast Accuracy 

This table reports results regarding the association of analyst cultural diversity and forecast accuracy for a 
subsample of firms that received a drop in analyst coverage from a brokerage house merger or closure.  
Decrease is set to one if the drop resulted in a decline in the number of cultural clusters represented by a 
firm’s analysts. Change is the number of cultural clusters dropped after the analyst drop. Regressions 
include year- and industry-fixed effects (two-digit SIC). All variables are defined in Appendix A. t-
statistics reported in parentheses are based on standard errors clustered by firm and year. ***, **, and * 
denote 1%, 5%, and 10% level of significance, respectively. 

 Dependent Variable: Forecast Accuracy 
VARIABLES (1) (2) 
Decrease -0.0048*** 

(-3.73) 
Decrease X LagCulturalCount 0.0012*** 

(3.96) 
Change -0.0041*** 

(-3.54) 
Change X LagCulturalCount 0.0010*** 

(4.05) 
lagCulturalCount 0.0001 0.0002 

(0.45) (0.60) 
NumAnalysts 0.0002*** 0.0002*** 

(4.22) (4.33) 
LNSIZE 0.0000 0.0000 

(0.12) (0.12) 
LNBM -0.0028*** -0.0028*** 

(-4.94) (-4.97) 
ROA 0.0202*** 0.0202*** 

(3.61) (3.61) 
STD_ROA 0.0002 0.0002 

(0.21) (0.19) 
RETVOL -0.2340*** -0.2340*** 

(-3.59) (-3.58) 
RET 0.0605*** 0.0605*** 

(3.83) (3.83) 
ForeignSales -0.0019*** -0.0019*** 

 (-3.06) (-3.05) 
nDrops -0.0004* -0.0004* 

 (-1.91) (-1.99) 
   

Fixed Effects Industry  
and Year 

Industry  
and Year 

Observations 6,190 6,190 
R-squared 0.151 0.151 
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Table 7 – Cultural Diversity and Analyst Forecast Covariance 
 
This table reports results on the association between individual analyst forecast errors and that of their peers 
covering the same firm (Peer Forecast Error). All variables are defined in Appendix A. Regressions include 
analyst-, firm-, and year-fixed effects. t-statistics reported in parentheses are based on standard errors clustered by 
the combination of analyst, firm, and year. ***, **, and * denote 1%, 5%, and 10% level of significance, 
respectively. 
 

 
Dependent Variable: Individual Forecast Error 

VARIABLES (1) (2) 
Peer Forecast Error 0.6312*** 0.6646*** 
 (200.83) (72.88) 
Peer Forecast Error x CulturalCount  -0.0071*** 
  (-3.50) 
CulturalCount 0.0000 0.0000 
 (0.49) (0.59) 
CulturalCount x CulturalCount 0.0000 -0.0000 

(0.01) (-0.05) 
NumAnalysts -0.0000*** -0.0000*** 

(-4.97) (-4.97) 
LNSIZE 0.0004*** 0.0004*** 

(9.82) (9.83) 
LNBM 0.0002*** 0.0002*** 

(3.95) (3.89) 
ROA -0.0005* -0.0005* 

(-1.77) (-1.76) 
STD_ROA -0.0003 -0.0003 

(-1.63) (-1.58) 
RETVOL -0.0068** -0.0069** 

(-2.32) (-2.38) 
RET -0.0043*** -0.0043*** 

(-7.95) (-7.92) 
ForeignSales 0.0001 0.0001 
 (1.31) (1.29) 

  
Fixed Effects Analyst, Firm, and 

Year 
Analyst, Firm, and 

Year 
Observations 3,693,415 3,693,415 
R-squared 0.534 0.534 
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Table 8 – Analyst Cultural Diversity and Educational Diversity 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

Panel A examines the relation between analyst cultural diversity and educational diversity as measured by the 
number of unique university majors and professional interests of the analysts comprising the consensus forecast.  
Panel B reports how these measure relate to forecast accuracy and how controlling for them influences how cultural 
diversity relates to accuracy. All variables are defined in Appendix A. t-statistics reported in parentheses are based on 
standard errors clustered by firm. ***, **, and * denote 1%, 5%, and 10% level of significance, respectively.  

Panel A. Diversity of Education 
 Majors Interests 
VARIABLES (1) (2) (3) (4) 
CulturalCount 0.2839*** 0.2418*** 0.3086*** 0.2546*** 

(29.37) (24.37) (20.28) (16.90) 
CulturalCount x CulturalCount -0.0319*** -0.0271*** -0.0343*** -0.0283*** 

 (-26.62) (-22.07) (-19.44) (-16.12) 
LinkedInPct 1.0675*** 1.1728*** 1.0797*** 1.1999*** 
 (46.37) (44.57) (33.55) (33.44) 
NumAnalysts 0.0442*** 0.0439*** 0.0463*** 0.0441*** 

(42.27) (39.84) (28.89) (28.69) 
LNSIZE 0.0189*** 0.0348*** -0.0067 0.0216* 

(5.48) (4.75) (-1.08) (1.93) 
LNBM -0.0026 0.0002 0.0096 0.0001 

(-0.47) (0.03) (1.11) (0.00) 
ROA -0.0351 0.0546 -0.0545 0.0484 

(-1.16) (1.60) (-1.10) (0.92) 
STD_ROA 0.0326** -0.0091 -0.0304 -0.0536* 

(2.13) (-0.35) (-1.41) (-1.75) 
RETVOL 0.4352 -0.3661 -0.7174 -0.9223 

(1.41) (-1.13) (-1.40) (-1.60) 
RET -0.0284 -0.1002 0.1829* -0.0707 

(-0.45) (-1.47) (1.77) (-0.67) 
ForeignSales -0.0188** -0.0180 -0.0238* -0.0178 

 (-2.20) (-1.47) (-1.74) (-0.90) 
   

Fixed Effects Industry  
and Year 

Firm and 
Year 

Industry 
and Year 

Firm and 
Year 

Observations 27,593 26,294 27,567 26,299 
R-squared 0.455 0.704 0.254 0.599 
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Panel B. Diversity of Education and Forecast Accuracy  

 

 

 Dependent Variable:  Forecast Accuracy 
 Majors Interests 
VARIABLES (1) (2) (3) (4) (5) (6) 
Educational Diversity 0.0034*** 0.0022*** 0.0010*** 0.0012*** 0.0006*** 0.0004** 
 (12.50) (7.89) (3.31) (6.01) (2.78) (2.04) 
CulturalCount  0.0034*** 0.0012***  0.0035*** 0.0011*** 

 (8.99) (2.96)  (9.48) (2.77) 
CulturalCount  X  CulturalCount  -0.0003*** -0.0001***  -0.0003*** -0.0001*** 

  (-7.39) (-2.72)  (-7.39) (-2.63) 
NumAnalysts   -0.0000   -0.0000 

  (-0.72)   (-0.10) 
LNSIZE   0.0017***   0.0021*** 

  (5.37)   (7.02) 
LNBM   -0.0021***   -0.0016*** 

  (-5.84)   (-4.85) 
ROA   0.0105***   0.0089*** 

  (5.25)   (4.74) 
STD_ROA   0.0022*   0.0035*** 

  (1.73)   (3.11) 
RETVOL   -0.1555***   -0.1563*** 

  (-8.00)   (-7.91) 
RET   0.0311***   0.0300*** 

  (7.81)   (7.86) 
ForeignSales   -0.0005   -0.0007 

   (-1.02)   (-1.48) 
     

Fixed Effects No No Firm and 
Year 

No No Firm and 
Year 

Observations 27,593 27,593 26,294 27,567 27,567 26,299 
R-squared 0.008 0.016 0.452 0.002 0.013 0.447 
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Table 9 – Individual Analyst Forecast Accuracy 
 

This table reports results on the relation between analyst culture diversity and individual analyst forecast accuracy. 
All variables are defined in Appendix A. Regressions include analyst-, firm-, and year-fixed effects. t-statistics 
reported in parentheses are based on standard errors clustered by the combination of firm and year. ***, **, and * 
denote 1%, 5%, and 10% level of significance, respectively. 

 
 Dependent Variable: Individual Analyst Forecast Accuracy 
 Full Sample Anglo Analysts Non-Anglo Analysts 
VARIABLES (1) (2) (3) 
CulturalCount 0.0011*** 0.0012*** 0.0009*** 
 (5.35) (5.00) (3.93) 
CulturalCount x CulturalCount -0.0001*** -0.0001*** -0.0001*** 

(-4.69) (-4.62) (-3.45) 
NumAnalysts -0.0000 -0.0000 -0.0000 

(-1.16) (-0.56) (-1.51) 
LNSIZE 0.0018*** 0.0018*** 0.0018*** 

(11.03) (9.86) (10.61) 
LNBM -0.0017*** -0.0015*** -0.0018*** 

(-8.70) (-6.90) (-8.39) 
ROA 0.0125*** 0.0132*** 0.0118*** 

(9.97) (9.14) (9.18) 
STD_ROA 0.0011 0.0003 0.0014* 

(1.40) (0.25) (1.87) 
RETVOL -0.1281*** -0.1235*** -0.1314*** 

(-11.15) (-10.20) (-10.35) 
RET 0.0316*** 0.0325*** 0.0303*** 

(13.53) (12.78) (12.01) 
ForeignSales -0.0008*** -0.0008*** -0.0007** 
 (-2.83) (-2.64) (-2.50) 

   
Fixed Effects Analyst, Firm, and 

Year 
Analyst, Firm, and 

Year 
Analyst, Firm, and 

Year 
Observations 345,986 159,550 185,129 
R-squared 0.455 0.461 0.467 
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Table 10 – Cultural Diversity & Conference Call Behavior 
 

This table reports results on analyst culture diversity and analyst conference call behavior. DiverseParticipation is 
the number of cultural clusters represented by the analysts that ask questions on the call. Questions, Words, and 
Topics are the natural logarithm of one plus the number of questions analysts asked on the call, the total number of 
words in these questions, and the number of unique topics addressed, respectively.  All other variables are defined in 
Appendix A. Regressions include year- and firm-fixed effects. t-statistics reported in parentheses are based on 
standard errors clustered by the combination of firm and year. ***, **, and * denote 1%, 5%, and 10% level of 
significance, respectively. 

 

 (1) (2) (3) (4) 

VARIABLES 
Diverse 

Participation Questions Words Topics 
CulturalCount 0.2810***    

(16.64)    
CulturalCount X CulturalCount -0.0025    

(-1.10)    
DiverseParticipation  0.4026*** 0.4369*** 0.2079*** 
  (54.57) (57.34) (47.62) 
DiverseParticipation X DiverseParticipation  -0.0360*** -0.0394*** -0.0205*** 
  (-35.54) (-38.32) (-35.15) 
NumAnalysts 0.0081*** 0.0146*** 0.0170*** 0.0055*** 

(3.56) (18.57) (21.70) (14.05) 
LNSIZE 0.1914*** 0.0525*** 0.0739*** 0.0224*** 

(13.06) (9.19) (12.79) (7.50) 
LNBM 0.0132 -0.0081 -0.0058 0.0091*** 

(0.91) (-1.34) (-0.95) (2.92) 
ROA -0.0934 0.0028 -0.0534* 0.0064 

(-1.24) (0.09) (-1.69) (0.36) 
STD_ROA 0.0451 0.0079 0.0001 -0.0058 

(0.88) (0.52) (0.00) (-0.83) 
RETVOL 2.2250*** 1.6136*** 1.6478*** 0.2487* 

(3.24) (5.72) (5.76) (1.65) 
RET -0.8645*** -0.3259*** -0.3251*** -0.0381 

(-5.06) (-4.41) (-4.40) (-1.01) 
ForeignSales 0.0403 0.0041 -0.0060 0.0098* 

 (1.56) (0.36) (-0.53) (1.67) 

 
 

 
  

Fixed Effects 
Firm and 

Year 
Firm and 

Year 
Firm and 

Year 
Firm and 

Year 
Observations 73,742 73,742 73,742 73,742 
R-squared 0.516 0.511 0.565 0.453 

 


