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Abstract: This paper examines how surname-based in-group identity among analyst team
members affects their forecast performance in China. Using analyst forecast data from 2005 to
2019, I find surname sharing significantly reduces forecast accuracy. Analysts working in teams
with shared surnames produce less accurate forecasts compared to their peers. This negative
impact is more pronounced when the forecast task is complex and the intensity of surname bonds
is strong. The negative impact of group identity in a team extends beyond accuracy to other
aspects: teams with shared surnames are less timely, and they exhibit stronger optimism. Results
remain robust across multiple identification strategies including instrumental variables, restricted
sample analysis, and propensity score matching. My findings suggest that while shared cultural
backgrounds may facilitate group indentity and promote communication, they can foster
groupthinking and compromise critical analysis. This study contributes to our understanding of

team composition in financial analysis and analyst team management.
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1. Introduction

The accuracy of financial analysts' forecasts is crucial for efficient markets, influencing
investor decisions and asset pricing (Loh and Mian, 2006; Bradshaw et al., 2017). While
extensive research has examined various factors affecting forecast accuracy, such as analyst
experience (Clement, 1999), information environment (Bae et al., 2008), and team co-authorship
(Fang and Hope, 2020), the impact of group identity within analyst teams remains largely
unexplored. This study investigates how surname sharing among Chinese financial analysts
affects the quality of earnings forecasts.

In China, surnames carry profound cultural, social, and economic significance, often
indicating shared ancestry and fostering a sense of kinship and trust (Manni et al., 2008). Chinese
surnames are not just identifiers but also symbols of family lineage and social identity, fostering a
sense of kinship and trust among those who share them. They embody a deep cultural
significance, representing both family honor and the duty to honor one's ancestors. Recent studies
have shown that surname sharing can influence investment decisions (Huang et al., 2023),
corporate governance (Tan et al., 2021), and audit outcomes (Du et al., 2019). However, the effect
of this cultural phenomenon on financial analyst performance has not been thoroughly examined.

To examine how surname sharing affects analyst research quality, I begin by constructing a
panel of analyst-firm-report observations and measure surname sharing using three different
metrics: a dummy variable for shared surnames, a Herfindahl index of surname concentration,
and an entropy measure of surname diversity. I use these measures to capture the degree of group
identity within analyst teams in China.

I account for potential confounding effects by benchmarking surname-sharing analysts'



forecasts to forecasts issued by peer analysts without shared surnames during the same calendar
quarter. I find evidence that surname sharing reduces analysts' research quality. Relative to the
median forecast error of 0.50, analyst team's forecast error increases by 5.6% when working in
teams with shared surnames. The results are robust when using alternative measures of accuracy
and surname sharing intensity. The reductions in forecast accuracy do not appear to be offset by
improvements in other forms of research quality: when analysts are working in teams with shared
surnames, their reports are 2.6% less timely.

Furthermore, I explore the mechanisms through which surname sharing affects forecast
accuracy. | find that the negative effect of surname sharing is more pronounced for firms with
higher business diversification and poorer information environments, suggesting that task
complexity exacerbates the drawbacks of group identity. Additionally, the effect is stronger when
shared surnames are less common and when they involve team leaders, indicating that the
intensity of social bonds plays a role in shaping team dynamics and forecast quality.

To address potential endogeneity concerns, I employ several identification strategies. First, |
use a restricted sample that excludes analysts who have never worked in teams with shared
surnames. Second, | implement an instrumental variable approach using the number of analysts
with common surnames in a team as an instrument for surname sharing. Third, 1 apply a
propensity score matching method to compare analysts with similar characteristics but different
levels of surname sharing. These approaches consistently support the main findings, suggesting a
causal relationship between surname sharing and reduced forecast accuracy.

These findings contribute to our understanding of how cultural factors influence financial
analysis and have important implications for the composition and management of analyst teams.
They suggest that while shared cultural backgrounds may facilitate communication within teams,

they can also lead to groupthink and reduced critical analysis, ultimately impacting the quality of



financial forecasts disseminated to the market.

My study contributes to the finance literature in several important ways:

First, I contribute to the growing identity economics literature by moving beyond prior focus
on individual-level identity to examine clan-based ancestral identity. Existing studies that link
identity to individual behaviors, corporate governance, and market outcomes (Kumar et al., 2015;
Giannetti and Zhao, 2019, Tan et al., 2021). This paper provides novel insights into how ancestral
group identity, as proxied by surname sharing, shapes collaborative team performance in
financial analysis. [ illuminate how culturally embedded group identity alters team
decision-making.

Second, my findings are also relevant to the literature on the role of human capital allocation
in analyst team performance. Prior research on analyst teams focus on single- versus team
managed analysts (Fang and Hope, 2021), analyst team structure (Gao et al., 2022; Chen et al.,
2025), and informational and social diversity among analyst team (Horton et al., 2024). My study
extends their work by examining how cultural homogeneity and group identity within analyst
teams affects this collaborative process, suggesting that it is important for researchers to explore
the dynamics of the team to fully understand how analyst teams work.

Lastly, my study adds to the literature on groupthink in financial decision-making. While
Janis (1982) introduced the concept of groupthink in psychology, and Bouwman (2011) applied it
to board decision-making in finance, my study is among the first to examine this phenomenon in
the context of financial analyst teams. By showing how cultural homogeneity can lead to reduced
forecast accuracy, I provide empirical evidence of the potential drawbacks of groupthink in
financial analysis.

Using a comprehensive dataset of Chinese analyst forecasts from 2005 to 2019, I employ

various measures of surname sharing and control for a wide range of analyst and firm



characteristics. My findings reveal a significant negative relationship between surname sharing
and forecast accuracy, suggesting that group identity may hinder the quality of financial analysis.
These results are robust to alternative measures of forecast accuracy, different model
specifications, and various econometric techniques addressing potential endogeneity concerns.
This paper proceeds as follows: Section 2 reviews the relevant literature and develops the
hypotheses. Section 3 describes data and methodology. Section 4 presents the empirical results
and robustness checks. Section 5 concludes with a discussion of the implications of the findings

and suggestions for future research.

2. Background, Prior literature and Hypothesis Development

2.1 Background

Surnames in China hold profound cultural, social, and economic significance that extends
far beyond mere identification. Tracing back to Emperor Fuxi, Chinese surnames have evolved
into a complex system intertwined with genetic lineage, social identity, and even business
practices (Danesi, 2007; Waters, 1989). In Chinese society, sharing a surname often implies a
common ancestry, fostering a sense of kinship and trust among individuals (Manni et al., 2008).
This shared identity creates an informal social network that can influence various aspects of life,
from personal relationships to professional interactions. Many families meticulously maintain
genealogical records, documenting their lineage through detailed family histories. This practice is
particularly pronounced among larger surname groups, who often establish ancestral halls and
conduct regular ceremonial rituals to honor their forebears, thereby strengthening clan identity
and cohesion. The concept of "guang zong yao zu" (honoring one's ancestors) underscores the
deep-rooted responsibility associated with carrying forward the family name.

Additionally, unlike many western cultures, Chinese surnames rarely change, even after



marriage, highlighting their permanence in an individual's identity. This stability contributes to
the formation of clan-like structures within society, where surname groups may share a collective
sense of belonging and mutual support (Charness & Gneezy, 2008; Peng, 2004).

The impact of surnames extends into the economic sphere as well. Recent studies have
shown that surname sharing can influence business decisions, corporate governance, and even
financial outcomes. For instance, Li et al. (2021) found that firms in regions with stronger clan
cultures are more inclined to choose same-surname partners in supply chain relationships. Huang
et al. (2023) find that surname sharing among a firm's board of directors is positively associated
with its investment efficiency. Du (2019) revealed that shared surnames between CEOs and
auditors may result in "in-group favoritism," potentially compromising auditor independence and
increasing the risk of financial misstatements. The pervasive influence of surnames in China
offers a unique lens through which to examine social ties, trust formation, and their economic
ramifications (Hui and Graen, 1997; Li and Filer, 2007). As China continues to modernize, the
interplay between traditional surname-based relationships and contemporary business practices
provides a rich area for further study and understanding of Chinese society and economy.

2.2 Prior literature

2.2.1 Group Diversity

The relationship between team diversity and performance has been a central theme in
organizational behavior and management research. Early studies primarily focused on observable
diversity characteristics such as gender, race, and age (Williams & O'Reilly, 1998). However, in
recent years, scholars have increasingly turned their attention to deep-level diversity, including
educational background, work experience, and cultural values (Harrison et al., 2002).

The impact of diversity on team performance has been a subject of debate. On one hand, the



resource-based perspective argues that diversity can bring a wider range of knowledge, skills, and
perspectives to a team, thereby enhancing problem-solving capabilities and innovation (Cox &
Blake, 1991). For instance, Hong and Page (2004) theoretical model suggests that diverse teams
can outperform homogeneous teams composed of high-ability individuals in complex
problem-solving tasks.

On the other hand, social categorization theory posits that diversity may lead to the
formation of subgroups, increasing conflict and reducing communication efficiency and team
cohesion (Tajfel & Turner, 1986). This view has been supported by some empirical studies, such
as Earley and Mosakowski (2000) finding that multinational teams with moderate national
diversity performed worse than highly homogeneous or highly diverse teams.

In the financial domain, Bernile et al. (2018) studied how board diversity influences
corporate risk and policies, finding a U-shaped relationship between diversity and risk-taking.
Additionally, Richard et al. (2004) examined the relationship between racial diversity and firm
performance, finding that the effects were moderated by environmental context.

Existing theories and empirical research illuminate the mechanisms through which group
composition affects decision quality from multiple perspectives: Groupthink theory (Janis, 1982)
suggests that highly cohesive groups may develop excessive optimism and moral superiority,
suppressing critical thinking and the expression of dissenting opinions. O'Reilly et al. (1989)
found that team homogeneity was positively related to social integration but negatively related to
conflict and turnover. Social conformity theory (Asch, 1951) posits that individuals tend to adjust
their judgments to conform to group norms, even when these norms are obviously incorrect.
Phillips and Loyd's (2006) research supports this view, finding that surface-level diversity (e.g.,
race) can encourage the expression of different perspectives. Cognitive diversity theory (Page,

2007) emphasizes that solving complex problems requires diverse thinking styles and



problem-solving strategies. Talke et al. (2010) found that cognitive diversity in top management
teams was positively related to the innovativeness and balance of firms' innovation portfolios.
2.2.2 Surname Sharing

Surnames not only reflect family lineage but are often associated with specific cultural,
geographical, and social backgrounds. Early research primarily focused on the relationship
between surnames and genetics. For example, Jobling (2001) explored the connection between Y
chromosomes and surnames, providing a foundation for using surnames to study population
migration and cultural transmission. In social sciences, surnames have gradually been used as
proxies for socioeconomic status, ethnicity, and cultural background. In economics and finance
research, surname sharing has been used to study the impact of social connections and cultural
identity. Biavaschi et al. (2017) studied the phenomenon of immigrants changing their surnames
to adapt to the host country's culture, finding that the "Americanization" of surnames is
associated with better economic outcomes. Surname sharing is a valuable indicator of cultural
similarity, it provides a unique perspective for studying the impact of cultural homogeneity on
team dynamics and decision-making.

Surname-based clan ties across corporate actors generate asymmetric economic effects. On
the one hand, Zhang et al. (2020) document that CEO-director surname overlap aggravates
agency conflicts, Tan et al. (2021) show that board surname homogeneity erodes firm value, Du
(2019) observes that auditor-CEO surname alignment fosters collusion and elevates misstatement
risk. On the other hand, Chen et al. (2021) find that analyst-CEO shared surnames enhance
forecast precision via privileged information, and Xu et al. (2021) demonstrate that
supplier-customer CEO surname links ease trade credit access. Ancestral identity operates as a
double-edged cultural mechanism that intensifies internal governance problems yet facilitates

external information and resource exchange.



2.2.3 Analyst Forecast Accuracy

Analyst forecast accuracy is important in financial market, as it directly affects investment
decisions and market efficiency. Early research primarily focused on the impact of individual
analyst characteristics on forecast accuracy. For example, Clement (1999) found that analysts'
experience, the size of their affiliated institutions, and the number of companies they tracked
were all related to forecast accuracy. Recent research has begun to directly explore the impact of
team composition on analyst predictions. For instance, Yao et al. (2023) studied gender diversity
in analyst teams, finding that gender-balanced teams tend to produce more accurate forecasts.
This supports the view that diversity can improve information processing and decision-making.
Team cohesion and social connections significantly impact prediction quality. Cohen et al. (2010)
found that analysts with alumni connections to companies could make more accurate predictions,
suggesting that social networks can facilitate information acquisition. However, excessive social
connections can also lead to negative consequences. Westphal and Clement (2008) found that
analysts with social ties to executives were less likely to downgrade their forecasts. Cultural
factors have also received attention in analyst research. Bae et al. (2008) found that local analysts
have an information advantage over foreign analysts, especially in countries with poor
information environments. This implies the importance of cultural background in information
acquisition and processing.

However, research on how cultural homogeneity (such as surname sharing) affects analyst
team dynamics and prediction accuracy remains limited. This study aims to fill this gap by
exploring whether cultural homogeneity influences prediction quality through its impact on team

information processing, critical thinking, and learning processes.
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2.3 Hypothesis Development

One primary theoretical framework that explains the potential negative effects of group
identity is the concept of groupthink, introduced by Janis (1982). Groupthink suggests that highly
cohesive groups may develop excessive optimism and suppress critical thinking, potentially
leading to sub-optimal decisions. In the context of analyst teams, teams characterized by higher
surname sharing exhibit greater group identity, which fosters enhanced group cohesion. Such
cohesion may increases the analyst team's susceptibility to groupthink, compromising the
accuracy and reliability of their earnings forecasts.

Moreover, the social identity theoretical framework developed by Tajfel and Turner (1986)
illuminates the inherent tendency of individuals to organize their social world through
categorization processes, particularly along dimensions of salient cultural markers and shared
identity attributes. The categorization can lead to in-group favoritism and out-group
discrimination, limiting the diversity of perspectives within a team. In analyst teams with
surname sharing, this could manifest as a tendency to favor familiar viewpoints and discount
divergent opinions, thereby affecting the quality of stock analyses.

Based on these theoretical foundations and empirical findings, I propose my first hypothesis:

H1: Surname sharing within analyst teams reduces earnings forecast accuracy.

Task complexity serves as a critical moderating factor in the relationship between team
composition and performance outcomes. Page’s (2007) cognitive diversity theory provides a
compelling theoretical foundation, suggesting that the value of diverse cognitive approaches and
problem-solving strategies becomes particularly salient as task complexity increases. In the
context of financial forecasting, where prediction tasks vary significantly in their complexity, the

potential limitations of cultural homogeneity may be amplified when analysts confront more
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challenging forecasting scenarios. Additionally, Guillaume et al. (2017) find that the beneficial
effects of cultural diversity on team creativity are more pronounced in complex task
environments.

Drawing from these insights, I propose my second hypothesis:

H2: The negative relationship between surname sharing and forecast accuracy is more
pronounced when the prediction task is more difficult.

The strength of social ties within a team can also influence the impact of cultural
homogeneity on team performance. Social network theory suggests that stronger ties between
team members can facilitate information sharing but may also reinforce existing biases and limit
the influx of novel information (Granovetter, 1973). Ingram and Roberts (2000) studied
friendship networks among Sydney hotel managers and found that while these relationships led to
reduced competitive awareness and diminished innovation drive. Similarly, Kilduff et al. (2000)
discovered that although friendships within MBA student teams promoted communication,
excessively close relationships actually decreased team performance. This may be due to team
members prioritizing harmony over challenging each other's viewpoints, thereby impacting
critical thinking and decision-making quality. In teams where shared surnames lead to closer
relationships, the negative effects of surname sharing on forecast accuracy may be amplified.
This is because closer relationships might increase comfort with existing viewpoints and reduce
critical evaluation of alternatives.

Based on these considerations, I propose my third hypothesis:

H3: The negative relationship between surname sharing and forecast accuracy is more

pronounced when shared surname tie within a team is more strong.
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3. Data and Methodology

3.1 Data Sources and Sample Construction

Table 1 summarizes the sample-selection process. I start with all analysts with at least one
annual earnings forecast over the 2005 to 2019 period (1,602,897 forecasts, 4,765 firms, and
26,856 analysts or teams). Then I exclude earnings forecasts made by individual analysts.
Following Bradley et al. (2017), I retain the most recent forecast with a horizon between one to
12 months (277,080 forecasts, 3,426 firms, and 18,813 analysts). I then merge the data with
CSMAR to obtain firm information (217,007 forecasts, 3,366 firms, and 15,483 analysts). For
each analyst team in the final sample, I obtain their full name the CNRDS database. After this
filtering, I obtain a sample of 217,007 forecasts for 3,366 individual firms from 2005 to 2019.

[Insert Table 1 here)

3.2 Key variables
3.2.1 Surname-sharing measures

In this study, following Tan et al. (2021) and Huang et al. (2022), I develop three proxies to
measure analyst surname sharing in a team: a dummy variable (SameSurname), the surname
Herfindahl index (HHI) and the inverse surname entropy index (Entropy). SameSurname is a
dummy variable, equals to one if there are at least two analysts share a same surname in an
analyst team, zero otherwise. HHI is the surname Herfindahl index, which is the summation of
each surname percentage among analyst team members, computed as Tpiz, where pj is the
percentage of team members with the same surname i. A higher HHI means a higher level of
analyst team surname sharing. Entropy is computed as - 2 piln(1/p;),where p; is the percentage

of team members with the same surname i. A higher Entropy means a higher level of analyst team
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surname sharing.
3.2.2 Analyst performance measure

Following Fang and Hope (2021), I use earnings forecast accuracy as proxy for analyst
performance. Earnings forecast is important, it also serve as critical inputs for analysts’ other
research outputs, such as stock recommendations (Bradshaw, 2004) and target price forecasts
(Gleason et al. 2013). Accuracy is defined as the absolute value of the forecast error (annual
earnings forecast less actual EPS) dividend by the absolute value of actual EPS, then multiplied
by —1 (so that a higher Accuracy means a more accurate forecast).
3.2.3 Control Variables

I control for several analyst characteristics that are known to be associated with forecast
performance. Teamsize is the number of team members. Horizon is the number of days between
the forecast issuance date and the announcement date of the actual earnings value. Frequency is
the total number of forecasts issued by an analyst for the specific firm. Numfirm is the number of
firms covered and Numind is the number of industries covered by the analyst. Star is an indicator
variable that equals one if at least one analyst of the analyst team is ranked in the top three or top
five by Crystal Ball. Brokersize is the total number of active analysts employed by the analyst’s

brokerage firm. Appendix provides detailed variable definitions.

3.3 Empirical Models

To test the effect of analyst surname sharing on forecast accuracy, I employ the following
OLS regression model:
L= T C Tt o2 .+ + (1)

where Accuracy is defined as the absolute value of the forecast error dividend by the
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absolute value of actual EPS, then multiplied by —1; SurnameSharing includes SameSurname,
HHI, Entropy, to measure the level of analyst team surname sharing defined in Section 3.2. I also
control for a number of analyst and forecast characteristics variables as described in section 3.2.
Firm*year fixed effects are included to capture the firm and year specific effects. Standard errors
are heteroskedasticity-consistent and clustered at the analyst level. Detailed variable definitions

can be found in Appendix 1.

4. Empirical Results

4.1 Summary Statistics

Table 2 presents summary statistics for the analyst performance measures and analyst
characteristics. Panels A shows the distribution of each variable for the full sample. Panels B
presents the Pearson correlations of all variables. Panel C split the sample into surname sharing
analyst teams and other teams, respectively.

Panel A shows that SameSurname has a mean value of 0.05, indicating that approximately
5% of analyst teams in the sample have members sharing the same surname. In terms of team and
individual characteristics, the average team consists of 2.54 members (7eamsize), and analyst
teams tend to be quite active with an average forecast horizon of 215.4 days (Horizon) and
frequency of 3.46 forecasts per year (Frequency). The coverage breadth shows that analysts
typically follow 18.11 firms (Numfirm) across 4.36 industries (Numind), suggesting a reasonable
degree of specialization. Compared with Dong et al. (2021), these summary statistics are within a
reasonable range. Panels B presents the Pearson correlations of all variables. The correlation
between SameSurname and Accuracy is -0.007 and is significant at the 1% level, which suggests
that analyst teams with sharing surname have worse forecasting performance than others. Panel C

splits the sample into teams with shared surnames and those without, presenting univariate test
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results. The findings show that teams with surname sharing produce less accurate forecasts
(mean=-0.546) compared to teams without surname sharing (mean=-0.508), with the difference
being statistically significant at the 1% level. Overall, Panel B and C provides univariate
evidence that teams with surname sharing exhibit distinct characteristics from those without,
suggesting potential systematic differences in performance metrics.

[Insert Table2 here]

4.2 Baseline Results: Surname Sharing and Forecast Accuracy

Table 3 presents the baseline results of the relationship between analyst surname sharing and
forecast accuracy. I employ three different measures of surname sharing: SameSurname, HHI
(Herfindahl-Hirschman Index), and Entropy. Across all specifications, I find a significant
negative association between surname sharing and forecast accuracy, supporting my main
hypothesis. The coefficient of SameSurname is -0.028, significant at the 5% level. This results
indicate that the presence of shared surnames in analyst teams is associated with a 5.6% decrease
in forecast accuracy. This finding is robust to alternative measures of surname concentration, with
HHI and Entropy showing coefficients of -0.036 and -0.110, respectively, both significant at the
5% level. All models include firm and year fixed effects and are clustered at the analyst level.
These results provide strong evidence that surname sharing within analyst teams is negatively
related to forecast accuracy, suggesting potential drawbacks of group identity in financial analysis
industry. The baseline result supports HI.

[Insert Table 3 here)

4.3 Mechanism Tests

4.3.1 Forecast Task Complexity

4.3.1.1 Business Diversification
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To examine the role of business diversification in the relationship between surname sharing
and forecast accuracy, I categorized firms into high and low diversification groups based on their
business segment diversity. Specifically, I used the HHI of business segments of the firm, with
those above the median classified as highly diversified (HighDiversification).
SameSurname_HighDiversification is the interaction term of SameSurname and
HighDiversification.

The results shows the negative impact of surname sharing on forecast accuracy is more
pronounced for highly diversified firms. For the SameSurname measure, the coefficient for
highly diversified firms (-0.041) is statistically significant at the 1% level, while for undiversified
firms, it's not statistically significant. HHI measure and Entropy measure shows a similar pattern.

My findings reveal that the negative impact of surname sharing on forecast accuracy is more
pronounced for highly diversified firms, suggesting that task complexity plays a crucial role in
moderating this relationship. This phenomenon can be explained through the lens of cognitive
diversity theory and the concept of groupthink (Janis, 1982). In teams with shared surnames,
which serve as a proxy for group identity, there's a heightened risk of groupthink—a
psychological drive for consensus that can suppress critical thinking and dissenting opinions.
When faced with the complexity inherent in analyzing diversified firms, these homogeneous
teams may struggle to engage in the deep, self-reflective thinking necessary to overcome
cognitive biases and challenge prevailing assumptions. This effect becomes particularly salient as
task complexity increases, aligning with Page (2007) assertion that cognitive diversity is most
valuable in solving complex problems.
4.3.1.2 Information Environment

To investigate how the information environment influences the relationship between

surname sharing and forecast accuracy, I categorized firms into good and bad information
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environments based on their size. Specifically, I used the annual median company size as the
threshold, classifying firms above the median as having a good information
environment(GoodInfoEnv)  and  those below as having a bad information
environment(BadlnfoEnv). SameSurname GoodInfoEnv is the interaction term of SameSurname
and GoodInfoEnv.

My findings reveal that the negative impact of surname sharing on forecast accuracy is more
pronounced in bad information environments across all three measures of surname sharing. For
the SameSurname measure, the coefficient in bad information environments (-0.039) is
statistically significant at the 1% level, while in good information environments, it's not
statistically significant. HHI measure and Entropy measure shows a similar pattern, with a
significant coefficient in bad information environments, and an insignificant coefficient in good
environments.

In bad information environments, where relevant data is scarcer or less reliable, analysts
face a higher cognitive load when making forecasts (Sweller, 1988). Under these conditions, the
limitations of group identity, as proxied by surname sharing, become more apparent. Teams with
shared surnames may be more prone to relying on similar information sources or heuristics,
potentially overlooking critical but less obvious information. This effect is exacerbated in poor
information environments where the need for diverse perspectives and creative
information-seeking strategies is greater.

It suggests that teams with high group identity may be particularly valuable in situations
where information is limited or of poor quality, as they can bring a wider range of perspectives
and problem-solving approaches to bear on the challenging task of accurate forecasting.

The above results in Section 4.3.1 supports H2.

18



[Insert Table 4 here)

4.3.2 Team Surname Bond Intensity
4.3.2.1 Surname Commonality

To examine the role of surname commonality in the relationship between surname sharing
and forecast accuracy, I categorized surnames into common and uncommon groups based on
China's most frequent surnames. Specifically, I used the five most common surnames in China as
the threshold, classifying analysts sharing these surnames as having common surnames
(SameSurname_Common) and those with other surnames as having uncommon surnames
(SameSurname _Uncommon).

The results in Panel A of Table 5 show that the negative impact of surname sharing on
forecast accuracy is more pronounced for analysts with uncommon surnames. For the
SameSurname measure, the coefficient for uncommon surnames (-0.046) is statistically
significant at the 5% level, while for common surnames, it's not statistically significant (-0.021).
The HHI measure and Entropy measure show a similar pattern, with stronger negative effects for
uncommon surnames.

This finding suggests that the uniqueness of shared surnames may intensify team cohesion,
paradoxically leading to reduced forecast accuracy. As surname rarity increases, the strength of
interpersonal bonds within the analyst team may grow, potentially fostering an environment
where members are less inclined to challenge or correct each other's biases. This phenomenon
aligns with theories of groupthink and cognitive homogeneity, where strong in-group
identification can hinder critical analysis and the integration of diverse perspectives.

The HHI and Entropy measures further corroborate this trend, showing more substantial

19



negative effects for uncommon surnames. These results underscore the complex interplay
between social identity, team dynamics, and analytical performance in financial forecasting
contexts. They highlight the need for organizations to balance team cohesion with cognitive

diversity, particularly in groups sharing distinctive cultural or social markers.

4.3.2.2 Leader-Team Surname Matching

To examine the role of leadership in the relationship between surname sharing and forecast
accuracy, I categorized analysts into leader and non-leader groups based on their position within
the team. Specifically, I identified team leaders and classified surname sharing with leaders
(SameSurname_Leader) and with non-leaders (SameSurname Nonleader).

The results in Panel B of Table 5 show that the negative impact of surname sharing on
forecast accuracy is more pronounced when the shared surname involves the team leader. For the
SameSurname measure, the coefficient for leader surname matching (-0.037) is statistically
significant at the 1% level, while for non-leader surname matching, it's not statistically significant
(-0.014). The HHI measure and Entropy measure show a similar pattern, with stronger negative
effects for leader surname matching.

This finding suggests that sharing a surname with the team leader may intensify the power
dynamics within the team, leading to reduced forecast accuracy. When analysts share a surname
with their leader, the strength of this connection may foster an environment where team members
are less inclined to challenge or correct the leader's biases. This phenomenon aligns with theories
of power distance and hierarchical influence, where strong identification with a leader can hinder
critical analysis and the integration of diverse perspectives. The HHI and Entropy measures
further corroborate this trend, showing more substantial negative effects for leader surname

matching. These results underscore the complex interplay between leadership, social identity, and
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analytical performance in financial forecasting contexts. They highlight the need for
organizations to be aware of potential biases arising from strong leader-subordinate connections,
particularly when these connections are reinforced by shared cultural or social markers such as
surnames.

The above results in Section 4.3.2 supports H3.

[Insert Table 5 here)

4.3.3 Surname Sharing and Report Quality

To open the black box of how group identity affects the communication and collaboration
patterns within analyst teams, I further analyze a sub-sample of accessible research reports.
Leveraging the large language model DeepSeek-V3, I classify each sentence of the analyst
reports into 18 predefined themes: macro-related, industry-related, company content ratio,
products or business, corporate strategy, performance, investment, mergers and acquisitions, asset
restructuring, competition, corporate governance, supply chain, operations, innovation, financing,
employees, future expectations, risk management, stock trading, and dividend distribution. I then
calculate the number of distinct themes included in each analyst report to capture the breadth of
information coverage and collaborative analysis depth within teams.

The results in Table 6 show that the negative impact of surname sharing on breadth of the
topics covered by analyst teams. Specifically, teams with same-surname exhibit a significantly
lower likelihood to cover large number of topics in their reports, consistent with the notion that
group identity-induced groupthink constrains diverse perspectives and narrows the scope of
collaborative analysis. This finding further validates that group identity rooted in surname ties

undermines the comprehensive information integration of analyst teams.

21



[Insert Table 6 here)

4.4 Identification

4.4.1 Sample Restriction

I use a restricted sample to enhances identification by addressing potential selection bias. By
excluding analysts who have never collaborated with same-surname colleagues an re-estimating
model (1), the analysis mitigates the risk of erroneously estimating the impact of surname sharing.
The results in Table 7 demonstrate the robustness of the findings: Column (1) shows that analysts
sharing surnames with team members exhibit lower forecast accuracy (-0.034, significant at 1%
level). Columns (2) and (3) introduce alternative measures of analyst concentration (HHI and
Entropy), both yielding similar negative effects on accuracy. Notably, the coefficient on
SameSurname remains stable and significant across specifications, suggesting a consistent
negative relationship between surname sharing and forecast accuracy. Importantly, these
coefficients are similar in magnitude to those found in the full sample, further validating the
relationship between surname sharing and forecast accuracy.

[Insert Table 7 here)

4.4.2 Instrumental Variable Approach

To address potential endogeneity concerns in the relationship between analyst surname
sharing and forecast accuracy, I employ an instrumental variable approach using two-stage least
squares (2SLS) estimation. Table 8 presents the results of this analysis.

I select the number of analysts with common surnames (those ranking in the top five most
frequent surnames in China) within a team (BigSurnameCount) as the instrumental variable. First,

teams with more analysts bearing common surnames are more likely to have surname sharing
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among team members, establishing a strong correlation between the instrument and the measures
of surname sharing. Second, the prevalence of common surnames in a team should not directly
influence forecast accuracy, satisfying the exclusion restriction.

Columns (1), (3), and (5) of Table 8 present the first-stage regression results, where the
dependent variables are three measures of surname sharing: Samenot, HHI, and Entropy. The
coefficients of BigSurnameCount are positive and highly significant at the 1% level across all
specifications. This indicates a strong correlation between my instrument and the measures of
surname sharing. The F-statistics from the first-stage regressions (16039.13, 8405.68, and
13993.26) far exceed the conventional threshold of 10, rejecting the hypothesis of a weak
instrument. This strengthens the validity of my instrumental variable approach. Columns (2), (4),
and (6) report the second-stage results. The coefficients on Samenot hat, HHI hat, and
Entropy hat are all negative and statistically significant at the 1% level. These results are
consistent with my main findings and suggest that even after accounting for potential endogeneity,
surname sharing among analysts is associated with lower forecast accuracy. These findings
provide robust evidence that the negative relationship between analyst surname sharing and
forecast accuracy persists even when addressing potential endogeneity concerns.

[Insert Table 8 here]

4.4.3 Propensity Score Matching

To address potential endogeneity concerns, I employ a propensity score matching (PSM)
approach. This technique aims to control for observable differences in analyst and firm
characteristics between teams with and without surname sharing. By doing so, we can minimize
differences arising from other factors and attribute the observed effects specifically to surname

sharing among analysts (Caliendo and Kopeinig, 2008).

23



To implement the PSM method, I use a probit model where the dependent variable is
SameSurname. The explanatory variables are analyst-level and firm-level characteristics that are
related to the presence of surname sharing within analyst teams. Specifically, I use team size,
forecast horizon, forecast frequency, number of firms covered, number of industries covered,
analyst star status, and brokerage size. The model also includes firm and year fixed effects. By
using PSM (nearest neighbor algorithm with caliper 0.2), I aim to alleviate any potential biases
and enhance the validity of the findings. This procedure yields a propensity score matched
sample that consists of 28,412 analyst-firm-year observations, as shown in Table 7. I then verify
that the matching procedure generates a balanced sample of analyst teams with and without
surname sharing.

Subsequently, I re-estimate the main regression using the sample obtained after conducting
PSM. Table 9 reports the results. The findings reveal that the coefficients on SameSurname, HHI,
and Entropy are all significantly negative. These results suggest that the impact of surname
sharing on forecast accuracy persists even when comparing analyst teams with similar observable
characteristics, strengthening the causal interpretation of my findings.

[Insert Table 9 here)

4.4.4 First Name Analysis

Then, I examines the impact of first name sharing among analyst teams, and the results
reveal an interesting contrast to surname sharing effects. Table 10 presents the results. Column (1)
shows that SameFirstname has a positive but statistically insignificant coefficient (0.025,
t-statistic 1.02). Similarly, alternative measures of first name concentration in columns (2) and (3)
also yield statistically insignificant results. This lack of significant effect for first name sharing

stands in stark contrast to the previously observed negative impact of surname sharing on forecast
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accuracy.

These findings suggest that in the Chinese cultural context, sharing a surname carries more
weight in terms of cultural resonance and group cohesion than sharing a first name. This aligns
with Chinese cultural traditions where surnames play a crucial role in defining lineage, family
ties, and social identity. Surnames often carry historical and ancestral significance, potentially
creating stronger bonds or biases among individuals who share them. In contrast, first names in
Chinese culture, while personal, do not typically carry the same level of familial or cultural
significance. The absence of a first name effect supports the notion that the observed surname
effect is indeed related to deeper cultural and social factors rather than mere name similarity.

More importantly, these results bolster the identification strategy of the main findings. The
absence of a first name effect serves as a placebo test, reinforcing that the observed surname
effect is not simply due to general name similarities but is specifically tied to the cultural
significance of surnames in China. This strengthens the causal interpretation of the main results
linking surname sharing to forecast accuracy.

[Insert Table 10 here]

4.5 Additional Tests

4.5.1 Forecast Timeliness

Table 11, Panel A presents the results of the analysis examining the relationship between
analyst surname sharing and forecast timeliness. The findings reveal a consistent negative impact
of surname sharing on the timeliness of analyst forecasts across all three measures of surname
sharing. The SameSurname variable shows a coefficient of -0.039, which is statistically
significant at the 1% level. This indicates that when analysts share surnames within a team, the

timeliness of their forecasts decreases. Similarly, the coefficients of HHI and Entropy are also
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negative significant.

We interpret this delay through the lens of comfort of familiarity. Teams whose members
share ancestral surnames experience stronger interpersonal rapport, which reduces the perceived
urgency to incorporate the latest market-wide or firm-specific information before releasing the
forecast. The diminished time pressure arising from social comfort leads analysts to extend the
information-gathering phase, resulting in a longer issuance lag.

These findings further underscore the complex interplay between social identity, team
dynamics, and analyst performance. They suggest that the effects of surname sharing extend
beyond accuracy to other important aspects of analyst forecasts, such as timeliness.

4.5.2 Forecast Optimism

Table 11, Panel B presents the impact of analyst surname sharing on forecast optimism. The
results consistently demonstrate that surname sharing leads to increased optimism in analyst
forecasts across various measures.

The SameSurname variable exhibits a positive coefficient of 0.024, statistically significant at
the 5% level. This indicates that analysts sharing surnames within a team produce more
optimistic forecasts. Similarly, the coefficients of HHI and Entropy are also positive significant.
These findings reveal a clear pattern: surname sharing among analysts fosters an environment of
increased forecast optimism. The harmonious atmosphere created by shared surnames leads to a
collective tendency towards more positive outlooks on the firms under analysis. This
phenomenon stems from the strong social bonds and sense of unity that shared surnames create
within the team.

The increased optimism observed in these results is a direct consequence of the team
dynamics fostered by surname sharing. The close-knit nature of these teams cultivates an

environment where critical perspectives are less likely to emerge. Analysts in these teams are
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inclined to reinforce each other's positive biases, leading to a systematic overestimation in their
forecasts.

[Insert Table 11 here]

4.6 Robustness Checks

To examine the robustness of the main findings presented earlier, I employ several
alternative approaches and specifications. The results of these robustness checks are presented in
Table 12.

4.6.1 Alternative Measures of Forecast Accuracy

Panel A of Table 12 reports the results using an alternative measure of forecast

accuracy Accuracy PE, which is based on price-to-earnings ratios. The coefficients on
SameSurname, HHI, and Entropy remain negative significant. This consistency across different
measures of forecast accuracy reinforces the robustness of the main findings, indicating that
surname sharing among analysts is associated with lower forecast accuracy regardless of how
accuracy is measured.
4.6.2 Team Fixed Effects

To account for unobserved team-specific characteristics that might influence forecast
accuracy, | introduce team fixed effects into the model. Panel B of Table 12 presents these results.
The coefficients on SameSurname, HHI, and Entropy remain negative and statistically significant.
This suggests that even after controlling for time-invariant team characteristics, the negative
relationship between surname sharing and forecast accuracy persists.
4.6.3 Broker Fixed Effects

Finally, I include broker fixed effects to control for any brokerage firm-specific factors that

might affect analyst performance. Panel C of Table 12 shows these results. The coefficients on
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SameSurname, HHI, and Entropy continue to be negative and statistically significant at the 1%
level. This indicates that the negative impact of surname sharing on forecast accuracy holds even
when accounting for brokerage firm-specific effects.

These robustness checks collectively provide strong support for the main findings. The
consistent negative relationship between surname sharing and forecast accuracy across alternative
measures, and after controlling for team and broker fixed effects, underscores the robustness of
the results.

[Insert Table 12 here]

5. Conclusion

In this paper, I provide novel evidence on how group identity—proxied by surname sharing,
in analyst team affects analysts’ forecast performance and research quality. I find that surname
sharing significantly reduces forecast accuracy. This effect is more pronounced when firms have
higher business diversification and poorer information environments, suggesting that task
complexity exacerbates the drawbacks of group identity. Furthermore, the effect is stronger when
shared surnames are less common and when they involve team leaders, indicating that the
intensity of social bonds plays a crucial role in shaping team dynamics and forecast quality.
Analyst teams with shared surnames also issue reports with less topics. Group identity also
impacts other dimensions of analyst performance: teams with stronger in-group identity produce
less timely forecasts and exhibit stronger optimism bias. To address potential endogeneity
concerns, I employ multiple identification strategies including instrumental variables, restricted
sample analysis, and propensity score matching.

My findings suggest that while shared clan backgrounds may facilitate in-group identity,

they can foster groupthink and reduce critical analysis, ultimately compromising financial
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forecast quality. As team-based research gains prominence in the financial analyst industry,
identity-based ties like same-surname connections will grow more challenging, with implications
for financial market efficiency. Avoiding same-surname collaboration is impractical, so the key
lies in proactively enhancing cognitive diversity—actionable through deliberate team
composition, processes that encourage constructive dissent, and training on critical thinking and
bias awareness. These steps let teams leverage the benefits of group identity without succumbing

to uncritical conformity.
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Table 1. Data Screening and Collection

. #Analyst

#Report #Firm (Teams)
Obtain al'l analysts’ annual EPS forecasts over the 2005 to 1,602,897 4,765 26.856
2019 period from CNRDS database
Remove forecast reports that are made by individuals 886,825 3,843 20,050
Keep the most recent forecast with horizon between one 277,080 3.426 18.813
month to 12 months
Merge forecasts with analyst and firm information 217,007 3,366 15,483
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Table 2. Summary Statistics

This table reports the summary statistics for the main variables used in this study. Panels A shows the distribution of each variable for
the full sample. Panels B presents the Pearson correlations of all variables. Panel C split the sample into surname sharing analyst teams
and other teams, respectively. . See Appendix 1 for detailed variable definitions. Analyst forecasts and analyst team composition data
are from CNRDS, and firm characteristics are from CSMAR. The sample period is 2005-2019. *, ** *** jndicate two-tailed
significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Summary Statistics of Key Variables

Variable Mean S.D. p25 Median p75
Accuracy -0.510 1.190 -0.410 -0.140 -0.050
SameSurname 0.050 0.220 0 0 0
HHI 0.030 0.130 0 0 0
Entropy 0.010 0.060 0 0 0
Teamsize 2.540 0.790 2 2 3
Horizon 2154 91 149 217 287
Frequency 3.460 3.930 1 2 4
Numfirm 18.11 15.92 7 13 23
Numind 4.360 2.870 2 4 6
Star 0.260 0.440 0 0 1
Brokersize 56.26 27.68 39 55 70
Panel B: Correlation Table

Accuracy  SameSurname HHI Entropy  Brokersize  Teamsize  Teamsize  Frequency  Numfirm  Numind  Star
Accuracy 1
SameSurname -0.007+** 1
HHI -0.001 0.854% 1
Entropy -0.011 %% 0,838 04375 1
Brokersize 0.028%** 0.014%** 0.014%** 0.013%** 1
Teamsize -0.018*** 0.190%** 0.037%** 0.280%** 0.050%** 1
Horizon -0.172%** 0.001 -0.003* 0.004* 0.010%** 0.03 1*** 1
Frequency -0.031*** -0.024%** -0.018*** -0.020%*** -0.061*** -0.033%** 0.006%** 1
Numﬁrm -0.054*** 0.065%** 0.008%** 0.105%** -0.109%*** 0.363%** 0.047%%* 0.172%** 1
Numind -0.073*** 0.043%** 0 0.07 1#** -0.131%** 0.227%%* 0.032%** 0.069%** 0.663%** 1
Star -0.004** 0.025%** -0.010*** 0.051%** 0.147%** 0.222%%%* 0.008*** 0.028%** 0.213%** 0.105%** 1
Panel C: Difference between Analyst Teams and Individual Analysts
Variable Sursname Sharing=1 Sursname Sharing=0 T Value (1-0)

Mean Mean

Accuracy -0.546 -0.508 -0.038***
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Teamsize 3.204 2.506 0.698***
Horizon 215.8 2154 0.348

Frequency 3.036 3.480 -0.444%**
Numfirm 22.70 17.88 4.818***
Numind 4.901 4.328 0.573%**
Star 0.308 0.256 0.052%**
Brokersize 58.04 56.17 1.867***
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Table 3. Analyst Surname Sharing and Forecast Accuracy
This table reports the impact of analyst surname sharing on forecast accuracy. The dependent variable is
Accuracy, Accuracy is the absolute value of the difference between the forecasted EPS and the actual EPS and
then multiplied by -1. The independent variables are analyst surname sharing among analyst teams
(SameSurname, HHI and Entropy). SameSurname is a dummy variable, equals to one if there are at least two
analysts share a same surname in an analyst team, zero otherwise. ~HHI is the surname Herfindahl index,
which is the summation of each surname percentage among analyst team members, computed as | 2 where
is the percentage of team members with the same surname i. Enfropy is computed as - | (1/ ),where
is the percentage of team members with the same surname i. The Appendix contains definitions of variables.
The t-statistics in brackets are based on robust standard errors adjusted for clustering at the analyst level. *, **,
and *** indicate significance at the 0.10, 0.05, and 0.01 levels (two-tailed), respectively. All continuous
variables are winsorized at the 1st and 99th percentiles.

Accuracy
1) (2) (3)
SameSurname -0.028**
(-2.48)
HHI -0.036**
(-2.29)
Entropy -0.110%*
(-2.33)
Teamsize 0.000 0.000 0.000
(0.35) (0.36) (0.33)
Horizon -0.014%*** -0.015%** -0.013***
(-4.28) (-4.83) (-3.91)
Frequency -0.002%** -0.002%** -0.002%**
(-50.36) (-50.34) (-50.37)
Numfirm -0.002** -0.002** -0.002**
(-2.46) (-2.50) (-2.44)
Numind -0.000 -0.000 -0.000
(-1.29) (-1.26) (-1.29)
Star -0.001 -0.001 -0.001
(-0.87) (-0.89) (-0.86)
Brokersize 0.005 0.005 0.005
(0.89) (0.88) (0.91)
Constant -0.044*** -0.042%** -0.046***
(-3.52) (-3.34) (-3.63)
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 217,007 217,007 217,007
Adjusted R-squared 0.797 0.797 0.797

36



Table 4. Forecast Task Complexity, Analyst Surname Sharing and Forecast Accuracy

This table reports the impact of forecast task complexity on the relationship of analyst surname sharing and
forecast accuracy. The dependent variable is Accuracy, Accuracy is the absolute value of the difference
between the forecasted EPS and the actual EPS and then multiplied by -1. In Panel A,
SameSurname_HighDiversification — (SameSurname_LowDiversification) 1is the interaction term of
SameSurname and HighDiversification (LowDiversification), which is classified base on the median value of
HHI of business segments of the firm. In Panel B, SameSurname_GoodInfoEnv (SameSurname_BadInfoEnv) is
the interaction term of SameSurname and GoodInfoEnv (BadlnfoEnv), which is classified base on the median
value of firm size. The Appendix contains definitions of variables. The t-statistics in brackets are based on
robust standard errors adjusted for clustering at the analyst level. *, ** and *** indicate significance at the 0.10,
0.05, and 0.01 levels (two-tailed), respectively. All continuous variables are winsorized at the Ist and 99th
percentiles.

Panel A: Business Diversification

Accuracy
(@) 2 A
SameSurname _HighDiversification -0.041%**
(-2.96)
SameSurname_LowDiversification -0.014
(-1.01)
HHI HighDiversification -0.050***
(-2.62)
HHI LowDiversification -0.021
(-1.03)
Entropy HighDiversification -0.153%**
(-2.77)
Entropy LowDiversification -0.059
(-1.01)
Controls YES YES YES
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 213,208 213,208 213,208
Adjusted R-squared 0.793 0.793 0.793
Panel B: Information Environment
Accuracy
(@) 2 (€)]
SameSurname_GoodInfoEnv -0.018
(-1.32)
SameSurname_BadlnfoEnv -0.039%**
(-2.89)
HHI GoodlnfoEnv -0.019
(-1.01)
HHI BadlnfoEnv -0.052%**
(-2.66)
Entropy GoodInfoEnv -0.087
(-1.52)
Entropy BadlnfoEnv -0.137**
(-2.47)
Controls YES YES YES
Firm&Year FEs YES YES YES
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Cluster Analyst Analyst Analyst
Observations 213,208 213,208 213,208
Adjusted R-squared 0.793 0.793 0.793
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Table 5. Surname Relationship Characteristics, Analyst Surname Sharing and Forecast Accuracy
This table reports the impact of forecast task complexity on the relationship of analyst surname sharing and
forecast accuracy. The dependent variable is Accuracy, Accuracy is the absolute value of the difference
between the forecasted EPS and the actual EPS and then multiplied by -1. In Panel A, SameSurname_Common
(SameSurname_Uncommon) is a dummy variable, equals to one if analysts sharing common surnames (China's
most 5 frequent surnames). In Panel B, SameSurname Leader (SameSurname _Nonleader) is a dummy variable,
equals to one if analysts sharing surnames with team leader. The Appendix contains definitions of variables.
The t-statistics in brackets are based on robust standard errors adjusted for clustering at the analyst level. *, **,
and *** indicate significance at the 0.10, 0.05, and 0.01 levels (two-tailed), respectively. All continuous
variables are winsorized at the 1st and 99th percentiles.

Panel A: Surname Commonality

Accuracy
(@) 2 (€)]
SameSurname_Common -0.021
(-1.59)
SameSurname_Uncommon -0.046**
(-2.32)
HHI Common -0.030%*
(-1.73)
HHI Uncommon -0.057*
(-1.69)
Entropy _Common -0.074
(-1.26)
Entropy_Uncommon -0.180**
(-2.54)
Controls YES YES YES
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 213,827 213,827 213,827
Adjusted R-squared 0.793 0.793 0.793
Panel B: Leader-Team Surname Matching
Accuracy
(@) 2 A
SameSurname_Leader -0.037***
(-2.71)
SameSurname_Nonleader -0.014
(-0.75)
HHI Leader -0.031%**
(-2.03)
HHI Nonleader -0.067
(-1.23)
Entropy Leader -0.186%**
(-2.83)
Entropy Nonleader -0.043
(-0.74)
Controls YES YES YES
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 213,827 213,827 213,827
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Adjusted R-squared 0.793 0.793 0.793
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Table 6. Analyst Surname Sharing and Report Quality

This table reports the impact of analyst surname sharing on analyst report quality. The dependent variable is
Broad Topic, Broad Topic is a dummy variable equal to one if the topic numbers (based on large language
models) in analyst report is above the median value of all reports, otherwise 0. The independent variables are
analyst surname sharing among analyst teams (SameSurname, HHI and Entropy). SameSurname is a dummy
variable, equals to one if there are at least two analysts share a same surname in an analyst team, zero otherwise.
HHI is the surname Herfindahl index, which is the summation of each surname percentage among analyst team

members, computed as | 2 where is the percentage of team members with the same surname i. Entropy

is computed as - (1/ ),where is the percentage of team members with the same surname i. The
Appendix contains definitions of variables. The t-statistics in brackets are based on robust standard errors
adjusted for clustering at the analyst level. *, ** and *** indicate significance at the 0.10, 0.05, and 0.01 levels
(two-tailed), respectively. All continuous variables are winsorized at the 1st and 99th percentiles.

Broad Topic
(@) @ (€)
SameSurname -0.112%%*
(-2.44)

HHI -0.102

(-1.41)
Entropy -0.513%**

(-3.02)

Controls YES YES YES
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 11,285 11,285 11,285
Adjusted R-squared 0.168 0.168 0.168
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Table 7. Analyst Surname Sharing and Forecast Accuracy: Restricted Sample

This table reports the impact of analyst surname sharing on forecast accuracy in a restricted sample. The
dependent variable is Accuracy, Accuracy is the absolute value of the difference between the forecasted EPS
and the actual EPS and then multiplied by -1. The independent variables are analyst surname sharing among
analyst teams (SameSurname, HHI and Entropy). SameSurname is a dummy variable, equals to one if there are
at least two analysts share a same surname in an analyst team, zero otherwise. HHI is the surname Herfindahl
index, which is the summation of each surname percentage among analyst team members, computed as 2,
where is the percentage of team members with the same surname i. Entropy is computed as
- (1/ ),where is the percentage of team members with the same surname i. The Appendix contains
definitions of variables. The t-statistics in brackets are based on robust standard errors adjusted for clustering at
the analyst level. *, **, and *** indicate significance at the 0.10, 0.05, and 0.01 levels (two-tailed), respectively.

All continuous variables are winsorized at the 1st and 99th percentiles.

Accuracy
(@) @ (€)
SameSurname -0.034%**
(-3.82)
HHI -0.048***
(-3.00)
Entropy -0.135%**
(-4.37)

Controls YES YES YES
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 84,230 84,230 84,230
Adjusted R-squared 0.851 0.851 0.851
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Table 8. Analyst Surname Sharing and Forecast Accuracy: Instrumental Variable Approach

This table reports the results of instrument variable tests. The dependent variable is Accuracy, Accuracy is the
absolute value of the difference between the forecasted EPS and the actual EPS and then multiplied by -1. The
independent variables are analyst surname sharing among analyst teams (SameSurname, HHI and Entropy).
SameSurname is a dummy variable, equals to one if there are at least two analysts share a same surname in an
analyst team, zero otherwise. HHI is the surname Herfindahl index, which is the summation of each surname

percentage among analyst team members, computed as 1 2, where is the percentage of team members

with the same surname i. Entropy is computed as - | (1/ ),where is the percentage of team members
with the same surname i. The instrument variable is BigSurnameCount, which is measured by the number of
analysts with common surnames (those ranking in the top five most frequent surnames in China) within a team.
Columns (1), (3), and (5) in Table 7 report the regression results of the first stage, columns (2), (4), and (6)
report the second-stage results. The Appendix contains definitions of variables. The Appendix contains
definitions of variables. The t-statistics in brackets are based on standard errors adjusted for clustering at the
firm level. *, ** and *** indicate significance at the 0.10, 0.05, and 0.01 levels (two-tailed), respectively. All
continuous variables are winsorized at the 1st and 99th percentiles.

Samenot Accuracy HHI Accuracy Entropy Accuracy
1) (2) (3) (4) (5) (6)

BigSurnameCount 0.044*** 0.020%** 0.01 1***

(126.65) (91.68) (118.29)
Samenot_hat -0.071%**

(-3.15)
HHI hat -0.154***
(-3.15)
Entropy hat -0.292%**
(-3.15)

Controls YES YES YES YES YES YES
Firm&Year FEs YES YES YES YES YES YES
Observations 213,208 213,208 213,208 213,208 213,208 213,208
F-Value 16039.13 8405.68 13993.26
Adjusted R-squared 0.010 0.010 0.010
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Table 9. Analyst Surname Sharing and Forecast Accuracy: Propensity Score Matching

This table reports the impact of analyst surname sharing on forecast accuracy in the PSM sample. The
dependent variable is Accuracy, Accuracy is the absolute value of the difference between the forecasted EPS
and the actual EPS and then multiplied by -1. The independent variables are analyst surname sharing among
analyst teams (SameSurname, HHI and Entropy). SameSurname is a dummy variable, equals to one if there are
at least two analysts share a same surname in an analyst team, zero otherwise. HHI is the surname Herfindahl
index, which is the summation of each surname percentage among analyst team members, computed as 2,
where is the percentage of team members with the same surname i. Entropy is computed as
- (1/ ),where is the percentage of team members with the same surname i. The Appendix contains
definitions of variables. The t-statistics in brackets are based on robust standard errors adjusted for clustering at
the analyst level. *, **, and *** indicate significance at the 0.10, 0.05, and 0.01 levels (two-tailed), respectively.

All continuous variables are winsorized at the 1st and 99th percentiles.

Accuracy
@) 2 A3)
SameSurname -0.029%*
(-2.43)

HHI -0.028*

(-1.78)
Entropy -0.126%**

(-2.64)

Controls YES YES YES
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 28,412 28,412 28,412
Adjusted R-squared 0.809 0.809 0.809
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Table 10. Analyst First Name Sharing and Forecast Accuracy

This table reports the impact of analyst first name sharing on forecast accuracy. The dependent variable is
Accuracy, Accuracy is the absolute value of the difference between the forecasted EPS and the actual EPS and
then multiplied by -1. The independent variables are analyst surname sharing among analyst teams
(SameFirstname, HHI Firstname and Entropy Firstname). SameFirstname is a dummy variable, equals to one
if there are at least two analysts share a same first name in an analyst team, zero otherwise. HHI Firstname is
the first name Herfindahl index, which is the summation of each first name percentage among analyst team

members, computed as | 2 where is the percentage of team members with the same first name i.

Entropy_Firstname is computed as - | (1/ ), where is the percentage of team members with the same
first name i. The Appendix contains definitions of variables. The t-statistics in brackets are based on robust
standard errors adjusted for clustering at the analyst level. *, ** and *** indicate significance at the 0.10, 0.05,
and 0.01 levels (two-tailed), respectively. All continuous variables are winsorized at the 1st and 99th

percentiles.

Accuracy
(@) @ (€)
SameFirstname 0.025
(1.02)
HHI Firstname 0.020
(0.72)
Entropy Firstname 0.123
(1.04)
Controls YES YES YES
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 216,388 216,388 216,388
Adjusted R-squared 0.797 0.797 0.797
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Table 11. Analyst Surname Sharing: Additional Tests

This table presents the results of additional tests. Panel A reports the impact of analyst surname sharing on
forecast timeliness. The dependent variable is Timeliness, Timeliness is a dummy variable equal to one if
analyst i issues a forecast for firm j within one trading day following firm j’s earnings announcement during
calendar quarter t. Panel B reports the impact of analyst surname sharing on forecast optimism. The dependent
variable is Optimism, Optimism is the difference between the forecasted EPS and the actual EPS and then
multiplied the absolute value of actual EPS. The independent variables are analyst surname sharing among
analyst teams (SameSurname, HHI and Entropy). SameSurname is a dummy variable, equals to one if there are
at least two analysts share a same surname in an analyst team, zero otherwise. HHI is the surname Herfindahl

index, which is the summation of each surname percentage among analyst team members, computed as 2,

where is the percentage of team members with the same surname i. Entropy is computed as

- (1/ ),where is the percentage of team members with the same surname i. The Appendix contains

definitions of variables. The t-statistics in brackets are based on robust standard errors adjusted for clustering at
the analyst level. *, ** and *** indicate significance at the 0.10, 0.05, and 0.01 levels (two-tailed), respectively.
All continuous variables are winsorized at the 1st and 99th percentiles. ‘

Panel A: Analyst Surname Sharing and Forecast Timeliness

Timeliness
(@) @) (€)
SameSurname -0.039%**
(-4.20)

HHI -0.041**

(-2.38)
Entropy -0.159%**

(-5.00)
Controls YES YES YES
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 215,039 215,039 215,039
Adjusted R-squared 0.129 0.129 0.129
Panel B: Analyst Surname Sharing and Forecast Optimism
Optimism
(@) 2 (€)
SameSurname 0.024**
(2.08)

HHI 0.024

(1.55)
Entropy 0.105%*

(2.14)

Controls YES YES YES
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 217,007 217,007 217,007
Adjusted R-squared 0.786 0.786 0.786
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Table 12. Analyst Surname Sharing and Forecast Accuracy: Robustness Checks

This table reports the impact of analyst surname sharing on forecast accuracy. The dependent variable is
Accuracy (in Panel B and Panel C) and Accuracy PE(in Panel A), Accuracy is the absolute value of the
difference between the forecasted EPS and the actual EPS and then multiplied by -1, Accuracy PE is the
absolute value of the difference between the forecasted price and the actual price and then multiplied by -1. The
independent variables are analyst surname sharing among analyst teams (SameSurname, HHI and Entropy).
SameSurname is a dummy variable, equals to one if there are at least two analysts share a same surname in an
analyst team, zero otherwise. HHI is the surname Herfindahl index, which is the summation of each surname

percentage among analyst team members, computed as | 2 where is the percentage of team members

with the same surname i. Entropy is computed as - | (1/ ),where is the percentage of team members
with the same surname i. The Appendix contains definitions of variables. The t-statistics in brackets are based
on robust standard errors adjusted for clustering at the analyst level. *, ** and *** indicate significance at the
0.10, 0.05, and 0.01 levels (two-tailed), respectively. All continuous variables are winsorized at the 1st and 99th
percentiles.

Panel A: Alternative Measures of Forecast Accuracy

Accuracy PE

1) (2) 3)

SameSurname -1.304**
(-2.14)
HHI -1.078
(-1.21)
Entropy -0.810%**
(-2.78)
Controls YES YES YES
Firm&Year FEs YES YES YES
Cluster Analyst Analyst Analyst
Observations 192,152 192,152 192,152
Adjusted R-squared 0.995 0.995 0.995
Panel B: Team Fixed Effects
Accuracy

1) (2) 3)

SameSurname -0.029%**
(-2.58)
HHI -0.036**
(-2.36)
Entropy -0.111%%*
(-2.39)
Controls YES YES YES
Firm&Year FEs YES YES YES
Teamsize FE YES YES YES
Cluster Analyst Analyst Analyst
Observations 216,388 216,388 216,388
Adjusted R-squared 0.797 0.797 0.797
Panel C: Broker Fixed Effects
Accuracy

1) (2) 3)

SameSurname -0.031%**
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HHI

Entropy

Controls
Firm&Year FEs
Brokerage FE
Cluster
Observations
Adjusted R-squared

(-2.81)

YES
YES
YES
Analyst
216,388
0.797

20,0415
(-2.64)

YES
YES
YES
Analyst
216,388
0.797

0.117%*
(-2.56)

YES
YES
YES
Analyst
216,388
0.797
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Appendix

Variables Definition Source

Dependent Variables
Accuracy is the absolute value of the difference between

Accuracy the forecasted EPS and the actual EPS and then multiplied | CNRDS
by -1.

Accuracy PE is the absolute value of the difference

Accuracy PE between the forecasted price-to-earnings ratio and the | CNRDS
actual price-to-earnings ratio and then multiplied by -1.

Timeliness is a dummy variable equal to one if analyst i

Timeliness issues a forecast for firm j within one trading day following | CNRDS
firm j’s earnings announcement during calendar quarter t.

Optimism is the difference between the forecasted EPS and

Optimism the actual EPS and then multiplied the absolute value of | CNRDS
actual EPS.

Independent Variables
SameSurname is a dummy variable, equals to one if there

SameSurname are at least two analysts share a same surname in an analyst | CNRDS
team, zero otherwise.

HHI is the surname Herfindahl index, which is the

HHI summation of each surname perlqcezntage among apalyst CNRDS
team members, computed as p{, where p; is the
percentage of team members with the same surname i.

Entropy Entropy is computed as - gpiln(l/pi) ,where p; .is the CNRDS
percentage of team members with the same surname i.

SameSurname_HighDiversificati | The interaction term of SameSurname/HHI/Entropy and

on HighDiversification.

(HHI HighDiversification, HighDiversification is a dummy variable, equals to 1 if the | CSMAR

Entropy HighDiversification ) HHI of business segments of the firm if above the median
value of all firms in year t.

SameSurname_LowDiversificatio | The interaction term of SameSurname/HHI/Entropy and

n LowDiversification.

(HHI LowDiversification, LowDiversification is a dummy variable, equals to 1 if the | CSMAR

Entropy LowDiversification ) HHI of business segments of the firm if lower than the
median value of all firms in year t, and 0 otherwise.

SameSurname_GoodInfoEnv The interaction term of SameSurname/HHI/Entropy and

(HHI GoodInfoEnv, GoodInfoEnv.

Entropy GoodInfoEnv) GoodInfoEnv is a dummy variable, equals to 1 if the firm’s | CSMAR
size is above the annual median company size, and 0
otherwise.

SameSurname_BadlnfoEnv The interaction term of SameSurname/HHI/Entropy and

(HHI BadInfoEnv, BadInfoEnv.

Entropy BadlInfoEnv) BadInfoEnv is a dummy variable, equals to 1 if the firm’s | CSMAR
size is lower than the annual median company size, and 0
otherwise.

SameSurname _Common The interaction term of SameSurname/HHI/Entropy and

(HHI Common, Common.

Entropy_Common) Common is a dummy variable, equals to 1 if analyst team | CNRDS
shares a surname which is the five most common surnames
in China (Wang, Li, Zhang, Liu, and Chen).

SameSurname_Uncommon The interaction term of SameSurname/HHI/Entropy and | CNRDS
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(HHI Uncommon,
Entropy_Uncommon)

SameSurname_Leader
(HHI Leader, Entropy Leader)

Uncommon.

Uncommon is a dummy variable, equals to 1 if analyst
team shares a surname which is not the five most common
surnames in China.

The interaction term of SameSurname/HHI/Entropy and
Leader.

Leader is a dummy variable, equals to 1 if the lead analyst CNRDS
shares a surname with other analysts.
SameSurname_NonLeader The interaction term of SameSurname/HHI/Entropy and
(HHI NonlLeader, NonLeader. CNRDS
Entropy NonlLeader) NonLeader is a dummy variable, equals to 1 if analysts
other than the lead analyst share a surname.
Instrumental Variables
The number of analysts with common surnames (those
BigSurnameCount ranking in the top five most frequent surnames in China) | CNRDS
within a team
Control Variables
Teamsize Teamsize is the number of team members. CNRDS
Horizon is the number of days between the forecast
Horizon issuance date and the announcement date of the actual | CNRDS
earnings value.
Frequency is the total number of forecasts issued by an
Frequency analyst for the specific firm. CNRDS
Numfirm Numfirm is the number of firms covered by the analyst. CNRDS
Numind Numind is the number of industries covered by the analyst. | CNRDS
Star is an indicator variable that equals one if at least one
Star analyst of the analyst team is ranked in the top three or top | CNRDS
five by Crystal Ball.
Brokersize Brokersize is the total number of active analysts employed CNRDS

by the analyst’s brokerage firm.
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