A Service of

ECOMNZTOR pr

Make Your Publications Visible.

Leibniz-Informationszentrum
Wirtschaft

Leibniz Information Centre
for Economics

Gorlitz, Katja; Sels, Tim

Article — Published Version

The Effect of Age Diversity in Groups on Peer Evaluations

and Individual Performance

Kyklos

Provided in Cooperation with:
John Wiley & Sons

Suggested Citation: Gorlitz, Katja; Sels, Tim (2025) : The Effect of Age Diversity in Groups on Peer
Evaluations and Individual Performance, Kyklos, ISSN 1467-6435, Wiley, Hoboken, NJ, Vol. 79, Iss. 1,

pp. 218-231,
https://doi.org/10.1111/kykl.70024

This Version is available at:
https://hdl.handle.net/10419/335600

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor durfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dirfen die Dokumente nicht fiir 6ffentliche oder kommerzielle
Zwecke vervielféltigen, 6ffentlich ausstellen, 6ffentlich zugénglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfiigung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewahrten Nutzungsrechte.

-. https://creativecommons.org/licenses/by/4.0/

WWW.ECONSTOR.EU

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

Mitglied der

Leibniz-Gemeinschaft ;


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1111/kykl.70024%0A
https://hdl.handle.net/10419/335600
https://creativecommons.org/licenses/by/4.0/
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

Kyklos

| oRIGINAL ARTICLE CEIEED

WILEY

KYKLOS

The Effect of Age Diversity in Groups on Peer Evaluations

and Individual Performance

Katja Gorlitz! | Tim Sels?

'HdBA, Hochschule der Bundesagentur fiir Arbeit, Mannheim, Germany | ?FU Berlin, Berlin, Germany

Correspondence: Katja Gorlitz (katja.goerlitz@hdba.de)

Received: 25 August 2024 | Revised: 10 September 2025 | Accepted: 23 October 2025

Keywords: Age diversity | expert evaluation | peer evaluation | performance

ABSTRACT

This study analyzes how individuals evaluate their peers’ performance in a high-stakes tournament in response to being ran-

domly assigned to an age homogenous or heterogenous group using data from two TV shows. The data also allow us to explore

expert evaluations because it contains objective ratings from an independent expert. Additionally, this study investigates how

age-diverse groups affect individual performance in professional golf tournaments. The results show that peer and expert evalu-

ations as well as individual performance are lower in age-diverse groups. Further evidence suggests that these effects occur when

group members are unfamiliar but fade away once group members have gotten to know each other.

JEL Classification: J14, M12, M54

1 | Introduction

The workforce is becoming increasingly diverse (Becker 2016).
Population aging, increased longevity, and extensions of work-
ing life contribute to rising age diversity within organizations.
Understanding how to compose effective work groups is a key
challenge for managers, supervisors, and executive staff, as team
composition directly affects productivity and decision-making.
The previous empirical literature provides ambiguous findings
on the relationship between demographic diversity such as
gender (Joshi and Roh 2009), age or culture (Stahl et al. 2005),
and group performance. While some studies find positive as-
sociations, highlighting improved creativity (e.g., Bantel and
Jackson 1989) or problem-solving (e.g., Kilduff et al. 2000) in
age-diverse teams, others report negative or null effects (e.g.,
Bunderson and Sutcliffe 2002, Timmerman 2000). A common
view is that the context in which age diversity operates, such
as task complexity, the degree of group interdependence, or the
maturity of team relationships, plays a pivotal role in shaping
its outcomes (Kunze et al. 2011; Williams and O'Reilly 1998).

Nevertheless, many earlier studies offer limited insights into the
question of whether potential performance differences can spill
over to peer and expert evaluations.

This study adds novel insights into the evaluation behavior by
analyzing how age diversity affects it in competitive, short-lived
group settings. We investigate data from more than 2600 candi-
dates from the TV cooking show “Come dine with me” where
the aim is to prepare the most delicious three-course dinner and
more than 1600 candidates from the TV show “Shopping Queen”
where the candidates buy a stylish outfit in a given time. In both
shows, five group members “cook” and “shop” against each
other to win the high-stakes tournament prize. Importantly,
the candidate with the highest scores given by the other play-
ers wins the prize. This is an interesting setting because work-
ers face a trade-off. They could win with a higher likelihood by
downgrading the other players’ performance. Or they behave
in a more fair and pro-social manner by reporting their correct
subjective evaluations (which could be biased as well by prefer-
ences or tastes but not necessarily toward one's self-interest to
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win). We investigate whether group members that are randomly
assigned to either an age homogeneous or an age heterogenous
group differ in how many points they award to their contestants.

This setting is also relevant from a managerial perspective.
In many workplaces, direct supervision of employee output is
not feasible, especially in team-based or multitasking environ-
ments. In such cases, large firms often rely on 360° feedback
systems, where employees are assessed by multiple sources
including peers, subordinates and supervisors (Edwards and
Ewen (1996), Baroda et al. (2012), Mone and London (2018),
and Rose and Biringer (2020) estimate a utilization rate of more
than 90%). Although these systems aim to provide a more ho-
listic view of performance, they may also be susceptible to in-
terpersonal biases. This study contributes to this literature by
analyzing the effects of peer evaluations. Because one of the two
TV shows also reports the evaluations of an independent expert
whose task is to report an objective review and who therefore
does not compete in the tournament, we can also analyze how
age diversity affects expert evaluations. This allows us to test
whether age diversity affects third-party evaluations, which is
critical in performance review contexts. To our knowledge, we
are not aware of a study that investigates whether age diversity
in groups affects the quality of peer and expert evaluations.

To examine whether these evaluations reflect differences in in-
dividual performance, we turn to professional golf tournament
data from the PGA Tour. This setting is well-suited for us, be-
cause the tournament organizers assign the players randomly
to groups, even though only individual performance determines
the winner of the tournament. This is the same setting as in the
TV shows. It differs from most of the previous literature as we
do not analyze group performance in our study, but individual
performance in response to changing the diversity composition
of the group. This has practical relevance for common working
situations where individuals perform individual tasks, but com-
panies assign them to departments or divisions solely because
of organizational reasons and not because working in groups is
necessary to produce the output. Our analysis opens the black
box of whether and how age diversity of groups affects individ-
ual behavior in these settings.

Our results indicate that individuals in age heterogenous groups
award significantly fewer points to their peers. This is true re-
gardless of using data from the cooking or the shopping show,
meaning two settings that differ in the tasks that individuals
have to perform and evaluate. This result spills over to the eval-
uation of an independent expert, suggesting that age diversity
also affects the expert evaluations negatively. Investigating the
golf data reveals that the reason for this evaluation differential
is likely due to individual performance that is found to be lower
in age-diverse groups as well. Further analysis shows that these
results apply to settings where individuals have recently gotten
to know each other. Therefore, they probably represent initial
effects because further suggestive evidence shows that once
group members have gotten familiar with one another, the per-
formance effect vanishes.

The paper is organized as follows. The next section develops
the hypotheses based on established theories and by integrat-
ing results from the empirical literature on age, demographic

diversity, and evaluation biases. Section 3 presents the data, the
empirical strategy, and the results on the relationship between
age diversity and performance evaluations. Section 4 addresses
how age diversity affects individual performance. The last sec-
tion concludes, discusses limitations, and outlines directions for
future research.

2 | Theoretical Background and Literature Review

2.1 | The Effect of Age Diversity on Peer
and Expert Evaluations

Individuals seek to identify themselves as a member of a group
based on self-categorization to gain social identity (Tajfel and
Turner 1986; Turner 1987). The similarity-attraction theory
states that groups have a stronger social cohesion if group mem-
bers' attributes such as demographic characteristics like individ-
uals’ age are similar within a group (Berscheid and Walster 1969;
Byrne 1971). This, in turn, can influence interpersonal dynam-
ics such as cooperation, competition, and evaluation behavior.
For example, Kelly and Presslee (2017) find that individuals in
groups with stronger identification compete less and are, thus,
less willing to win against another.

Innewly formed groups, visible characteristicslike age are among
the first cues used for categorization (Fiske and Neuberg 1990;
Harrison et al. 1998). While group cohesion and belonging may
take time to develop through deeper knowledge of attitudes and
values, surface-level cues dominate early impressions (Brewer
and Harasty Feinstein 1999; Harrison et al. 2002). Within these
early stages, group similarity may reduce competitive behavior
due to stronger social identification and other-regarding pref-
erences (Fehr and Schmidt 1999; Bolton and Ockenfels 2000;
Charness and Rabin 2002).! For instance, Chen and Li (2009)
demonstrate that individuals act more pro-socially toward those
they perceive as part of their in-group. Conversely, age diversity
may weaken these bonds and lead to less favorable evaluations.

This reasoning aligns with findings that age-diverse groups
tend to experience weaker communication (Zenger and
Lawrence 1989; Ellwart et al. 2014; De Meulenaere and
Kunze 2020), higher interpersonal conflict (Jehn et al. 1997;
Knight et al. 1999; Pelled et al. 2001; Colquitt et al. 2002; Luksyte
et al. 2022), and lower group cohesion in terms of higher turn-
over of its members (Wagner et al. 1984; O'Reilly et al. 1989;
Jackson et al. 1991; Tsui et al. 1992; Wiersema and Bird 1993;
Kunze et al. 2021). Collectively, these factors (i.e., reduced empa-
thy, diminished affiliation, and elevated conflict) can contribute
to what we refer to as a “worse atmosphere,” which can be char-
acterized by interpersonal tension, lower psychological safety,
and less trust. In performance contexts where peer evaluation
influences outcomes, such dynamics may prompt individuals to
rate others more harshly and/or to perform worse. We therefore
propose the following:

Hypothesis 1. Age diversity leads to lower peer evaluations
among the group members.

Beyond peer interactions, third-party observers may also influ-
ence evaluations. Independent evaluators, such as supervisors
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or external judges, are assumed to be impartial, yet prior re-
search suggests that evaluations can still reflect implicit biases
(Murphy 2008; Scullen et al. 2000). Prendergast and Topel (1996)
argue that even supervisors with no personal stake in out-
comes may favor individuals on personal preferences. Bandiera
et al. (2009) demonstrate that supervisors, who receive a fixed
compensation that is independent of group performance, pre-
fer those individuals to whom they are socially connected
when choosing the members of their team. This may also be
reflected in performance evaluations. In their studies, Stauffer
and Buckley (2005) and Eren (2023) demonstrate the existence
of racial and gender bias in supervisor assessments. However,
in our setting, the expert evaluator does not interact with the
contestants and provides ratings based solely on pre-recorded
performance material. This suggests also an alternative and,
for our purpose, more relevant explanation. Lower expert eval-
uations in age-diverse groups may reflect actual reductions in
performance rather than evaluation biases. If age diversity neg-
atively affects group dynamics and individual motivation, as we
argue, this could manifest in objectively weaker performances
that are then reflected in expert assessments. Thus, the second
hypothesis is:

Hypothesis 2. Age diversity among the group members leads
to lower expert evaluations.

2.2 | The Effect of Age Diversity on Individual
Performance

Research results on the performance consequences of age diver-
sity are contested. When individuals within a diverse group suf-
fer from a worse atmosphere, this could spill over to a negative
performance effect. While several empirical studies confirm
that age diversity has indeed a negative impact on performance
including slower decision-making, increased turnover, and
coordination difficulties (Zajac et al. 1991; West et al. 1999;
Timmerman 2000; Ely 2004; Leonard et al. 2004; Kearney
and Gebert 2009; Kunze et al. 2011; Hafsi and Turgut 2013;
Ali et al. 2014; De Meulenaere et al. 2016; De Meulenaere and
Kunze 2020; Kunze et al. 2021; Luksyte et al. 2022), others
find positive (Kilduff et al. 2000, Wegge et al. 2008, Kearney
etal. 2009, Li et al. 2021) or null effects (Bantel and Jackson 1989;
Wiersema and Bantel 1992; Simons et al. 1999; Bunderson and
Sutcliffe 2002; van der Vegt and Bunderson 2005). These in-
consistencies are highlighted in numerous meta-analyses and
reviews, which emphasize that the impact of diversity is contin-
gent on the task type, interaction frequency, and group maturity
(Milliken and Martins 1996; Williams and O'Reilly 1998; Jackson
et al. 2003; Joshi and Roh 2009; Wegge and Schmidt 2009; Bell
et al. 2011; Boehm et al. 2011; van Dijk et al. 2012; Schneid
et al. 2016).

Literature finding positive or insignificant effects investigates
performance tasks that benefit from combining complementary
knowledge and perspectives such as strategic decision-making,
product development, interdisciplinary collaborations, or inno-
vative solution findings (Bantel and Jackson 1989; Wiersema
and Bantel 1992; Kearney et al. 2009; Luksyte et al. 2022). Also
complex problem tasks that are best solved by group members
with knowledge in different areas of expertise benefit from age

diversity (Simons et al. 1999; Kilduff et al. 2000; Bunderson
and Sutcliffe 2002; van der Vegt and Bunderson 2005; Wegge
et al. 2008; Li et al. 2021). In contrast, settings where coordina-
tion is minimal and tasks are individual in nature may not har-
ness the potential benefits of demographic diversity. Instead, the
presence of unfamiliar or dissimilar group members may create
subtle forms of psychological discomfort or distraction. Because
our study analyzes data where performance is purely individ-
ual (even though individuals are part of groups) and because the
task requires no innovative solution or knowledge in different
areas of expertise, we hypothesize that we will find no positive
effect. If age diversity reduces performance in this setting, it
suggests that the social context alone without any functional in-
terdependence can influence effort or concentration. The third
hypothesis is:

Hypothesis 3. Members of age-diverse groups exhibit a lower
individual performance in our setting.

A crucial theoretical distinction is that the negative effects of
demographic diversity are likely strongest, when individuals
have not yet developed familiarity or trust. Individuals divide
themselves into social categories (Tajfel et al. 1971; Tajfel and
Turner 1986; Turner 1987). These categories include among other
things demographics (e.g., age and gender) as well as attitudes, be-
liefs, and values (Mannix and Neale 2005). While group members
can immediately recognize some visible categories (age, gender),
differences in others like attitudes, beliefs, and values only become
apparent over time (Harrison et al. 1998; Harrison et al. 2002).
Fiske and Neuberg's (1990) continuum model states that the first
impression automatically or unconsciously leads to categorization
based on demographics (age, gender) or other visible character-
istics. After getting to know each other, other categories become
more important. The same prediction arises from the dual process
model stating that individuals choose the simpler information
processing (Brewer and Harasty Feinstein 1999). Allport's (1954)
contact-hypothesis states that getting to know each other more
closely can reduce categorical prejudices. Our empirical settings
are well-suited to examine this dynamic. In both TV shows and
in the golf data, group members have minimal prior familiarity.
This allows us to capture the initial impact of age diversity on eval-
uation and performance behavior. In certain constellations of the
golf tournament, the PGA player groupings were already familiar
with one another which we will exploit to test our fourth hypoth-
esis which is:

Hypothesis 4. Members of age-diverse groups exhibit a lower

performance in our setting, particularly when they do not yet
know each other.

3 | The Effect of Age Diversity on Peer and Expert
Evaluations

3.1 | Data and Empirical Model

3.1.1 | Data

This section uses data from two different sources. First, it ex-

ploits data from the German TV show “Das perfekte Dinner”
based on the concept of the British TV series “Come Dine with
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TABLE1 | Summary statistics of the cooking and the shopping show.

Cooking show Shopping show
Variables Obs. Mean Min Max Obs. Mean Min Max
Peer evaluation 10,580 7.64 0 10 6440 7.83 0 10
(1.31) (1.25)
Expert evaluation Not available 1610 7.46 1 10
(1.26)
Indicator for men (1—yes; 0—no) 2645 0.47 0 1 1610 0.001 0 1
Number of men per group 529 2.37 0 4 322 0.01 0 1
Age of the contestants in years 2645 39.66 18 85 1610 36.50 18 81
(11.68) (11.85)
Standard deviation of the age in years per group 529 11.34 2.2 24.7 322 12.52 3.9 23.2

Note: The standard deviations of the means are shown in parentheses.

Me.” Each calendar week, five volunteer contestants from one
city compete against each other by cooking a three-course
dinner of their own choice for the others. Every contestant
serves a dinner in his or her apartment on another day of the
workweek. The competitors do not know each other upfront
and meet for the first time on Monday, which is the day when
the first player prepares his or her dinner. All competitors aim
to create the best dinner to win the cash prize of 3000 euro.
The contestants determine the winner by peer evaluations.
After the respective dinner evening, each of the four compet-
itors anonymously awards scores in private on a scale from 0
to 10 to the chef. Thus, every chef can reach a maximum score
of 40 points. The announcement of the winner takes place at
the award ceremony at the end of the week after the last chef
has served his or her dinner. While each contestant has the
information about his or her overall score at the ceremony,
the individual ratings for each candidate remain undisclosed
and are not announced until the TV broadcasting. Because the
scoring is recorded on camera and later broadcast to the pub-
lic, a delayed social image concern may arise, as contestants
know their behavior will eventually be visible to both peers
and viewers. However, since scores are not revealed during
the active competition, the immediate incentive structure is
primarily shaped by an in-game strategy, interpersonal dy-
namics, and performance, rather than by post hoc reputation
management. The data include TV episodes covering the pe-
riod from January 2007 through January 2021 and encom-
passes 529 weeks with 2645 candidates as well as 10,580 peer
evaluations.?

Second, this section uses data from the TV show Shopping
Queen where five voluntary competitors compete in each cal-
endar week by going shopping for at most 4h to find a stylish
outfit that is in line with a prescribed theme. The budget limit
for the outfit is 500 euros, including clothing, shoes, accesso-
ries, hairstyle, and make-up. Each contestant must find, buy,
and present the outfit on a different day during the working
week. The candidates receive the prescribed theme on the day

when all players meet each other for the first time. The other
four competitors evaluate the performance anonymously and
in private on a scale from 0 to 10 after the presentation of the
outfit. In contrast to the cooking show, an expert rating also
exists. At the end of the week, the German fashion expert
Guido Maria Kretschmer always gives a score for each of the
five candidates using the same scale from 0 to 10. Thus, the ex-
ternal expert rating influences the outcome of the competition.
The expert evaluation of the candidates is based on the video
recordings made. The critique and the awarded scores of the
other candidates remain unknown to the expert. The expert
gives his rating to each candidate at the award ceremony and
announces the winner as well as the overall scores, while the
individual ratings remain anonymous until the TV broadcast-
ing. The maximum overall score is 50 points. Only the par-
ticipant with the highest score will win a cash prize of 1000
euros.® The data covers 322weeks from April 2013 through
March 2021. In total, 1610 candidates, 6440 peer evaluations
and 1610 expert evaluations are available.*

Table 1 contains the summary statistics for both data sources.
The average of the peer evaluations given by the other players
is 7.6 in the cooking and 7.8 in the shopping show. In the shop-
ping show, the expert evaluation has a slightly lower mean of
7.5, but a similar standard deviation as the peer evaluations.
While almost equal numbers of men and women are in the
cooking show, the participants in the shopping show are al-
most exclusively women; because of the 1610 players, there
were only two men. The chefs are older than the shopping
contestants, and their standard deviation is slightly lower. We
generated the standard deviation of the age of the contestants
at the group level in order to give a more detailed view on the
extent of age diversity in both data sources. As before, the age
variation of the contestants is slightly lower in the cooking
show. Nevertheless, both data sources show that age diversity
varies greatly over the groups. While some groups are age ho-
mogenous (with a minimum value of 2.2 in the cooking show
and 3.9 in the shopping show), others are rather heterogenous
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(where the maximum is as high as 24.7 and 23.2, respectively).
In particular, the group with the lowest overall variation con-
sists of players having the following ages: 20, 23, 25, 25, and
25years. In contrast, the most heterogenous group comprises
players being 23, 32, 53, 63, and 85years old.

3.1.2 | Empirical Model

The following OLS regression analysis estimates the effect of
age diversity on the evaluation scores that each contestant i gets
from each other player j in group (or equivalently week) k:

evaluation score, ;. = a + ff age diversity, + X/'6 + X;'y + Xi'n + &

@

where the dependent variable evaluation score refers to the peer
evaluations. The independent variable of interest is age diversity.
The regression controls for the characteristics of the player (X;),
the competitors (X;), and group-specific covariates (X,). The
characteristics cover the age of the contestant and the age of the
other players that account for potential correlations between
age diversity and the players' ages. In the cooking show data,
the corresponding regression can additionally incorporate the
gender of both. The group-specific covariates include weekday
fixed effects that control for the day of the week where a con-
testant cooks or shops absorb day-related scoring effects.> They
also include the average age per group and for the cooking show
additionally the share of men per group. ¢ is the idiosyncratic
error term. Inference is based on heteroskedasticity-robust stan-
dard errors.

The identification strategy exploits the exogenous variation in
age diversity across groups to estimate the effect on the play-
ers’ evaluation score. The variation derives from the setting of
the TV show. The TV production team assigns the contestants
to their competitors based on geographic availability and lo-
gistical constraints,® who could thereby not self-select them-
selves into another group. As already explained in the data
section, this is because the locations of the series change from
week to week to another city where the contestants have to
have an apartment. While we cannot find evidence of demo-
graphic engineering for “good TV,” this is not a perfect ran-
domized controlled trial, but the allocation process introduces
substantial exogenous variation in group age composition. In
addition, the competitors meet for the first time on the day
when the recording of the first episode begins and the produc-
ers confirm they do not disclose peer group details to contes-
tants in advance.

To find out whether age diversity only affects the peer evaluations
or also spills over to the evaluation of an independent expert, the
model estimates Equation (1) again using the evaluation score
given by the expert from the shopping show as the dependent vari-
able. Apart from that, this specification also changes the control
variables. As in the analysis of the shopping data before, the model
cannot take gender into account because almost all players are
women and the expert is always a man. In the sensitivity analysis,
the age of the expert is taken into consideration to account for the

fact that the aging of the expert “Guido Maria Kretschmer” may
lead to changes in preferences and tastes over time, which could
potentially affect his evaluation behavior.

Because the previous literature analyzes alternative defini-
tions of age diversity (Harrison and Klein 2007), we define
age diversity in different ways to prove the robustness of our
results. The most straightforward measure is to use the stan-
dard deviation of the contestants' age per group that varies
tremendously across groups (see again Table 1). This measure
considers absolute age differences. To analyze relative differ-
ences, we additionally define age diversity at the group level
as the coefficient of variation which refers to the standard
deviation divided by the average age (Timmerman 2000) as
well as the standard deviation of the logarithm of participants'
age (Leonard et al. 2004). These measures shed light on the
questions of whether differences at older ages might be less
pronounced than at younger ages. Furthermore, we allow for
a more flexible functional form by estimating quartiles and
tertiles of the group-specific standard deviation of age. This
means estimating the standard deviation, sorting them in de-
scending order and dividing them into four or three groups of
equal size, respectively. Put differently, the lowest (highest)
quartile contains the groups that belong to the bottom (top)
25% of all groups being characterized by the lowest (highest)
age diversity. By doing so, this specification analyzes whether
the effect is linear over age diversity or whether some parts of
the distribution are affected more severely. Additionally, we
present results from a fractionalization index that captures
the likelihood that two randomly selected group members fall
into different age categories. This index reflects categorical
age heterogeneity rather than continuous variation, providing
an alternative lens on group diversity.”

Further sensitivity analyses include the estimation of alterna-
tive standard errors. Because the players interact with each
other at the group level, their errors might be serially cor-
related (Moulton 1990). Without accounting for the correlated
errors, the models would underestimate standard errors and
even nonsignificant effects could become statistically sig-
nificant. Therefore, further sensitivity specifications cluster
the standard errors at the group level, i.e., using week-year
clusters and bootstrapped standard errors. This specifica-
tion is not meaningful for the expert evaluation because only
one person evaluates others, ruling any group interrelation
out that Moulton (1990) describes. Re-estimating the main
results by applying the ordered Logit and the ordered Probit
model serves as a sensitivity check to find out whether the
linear probability model is the adequate model specification.
Furthermore, Schiiller et al. (2014) demonstrate that the age
difference between the player and the rater affects the perfor-
mance ratings, which is why we introduce the age difference
as an additional control variable.

3.2 | Results

Table 2 shows that age diversity reduces the peer evaluation
scores that a player gets. Column (1) presents the results from
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TABLE 2 | Results of age diversity on peer and expert evaluation.

Peer evaluation Expert evaluation

Cooking show (1) Shopping show (2) Shopping show (3)
Age diversity defined as ...
The standard deviation of the age by group —0.021%** —0.026%** —0.024*
(0.004) (0.006) (0.012)
The coefficient of variation: standard deviation divided —0.843%** —1.010%** —0.975%*
by the average age by group (0.151) (0.236) (0.468)
The standard deviation of the logarithm of the age by —0.953%** —1.611%** —1.087**
group (0.163) (0.275) (0.535)
Quartiles of the standard deviation of the age by group
First (lower) quartile Reference group
Second quartile —0.021 —0.057 —0.009
(0.036) (0.045) (0.087)
Third quartile —0.168*** —0.055 —-0.148
(0.037) (0.044) (0.091)
Fourth (upper) quartile —0.194*** —0.268%** —0.205%*
(0.037) (0.052) (0.102)
Tertiles of the standard deviation of the age by group
First (lower) tertile Reference group
Second tertile —0.109%** —0.077** —0.002
(0.031) (0.038) (0.075)
Third (upper) tertile —0.182%** —0.238%** —0.201**
(0.032) (0.042) (0.090)
Fractionalized index for the age in bins by group —0.293%** —0.772%%* —0.941%**
(0.095) (0.135) (0.250)
Age of the peer who awards score Yes Yes No
Age of player being evaluated Yes Yes Yes
Gender of the peer who awards score Yes No No
Gender of player being evaluated Yes No No
Weekday fixed effects Yes Yes Yes
Average age per group Yes Yes Yes
Share of men per group Yes No No
Observations 10,580 6440 1610

Note: The table reports the OLS results from regressing the peer evaluation (from the cooking and the shopping show in Columns (1) and (2), respectively) and from
regressing the expert evaluation in the shopping show (Column (3)) on various measures of age diversity in addition to further covariates. See Equation (1) for further

information. Statistical significance: p <0.1*, p <0.05**, and p <0.01***,

the cooking show, documenting that an increase in the standard
deviation by one unit reduces the evaluation scores given by each
peer by —0.021. Related to the fact that always four players eval-
uate the remaining contestant, the overall score is 0.084 points
lower. As the variation between the most homogenous and the
most heterogenous group is 22.5 (=24.7—2.2) as can be seen

from Table 1, this relates to an overall penalty of the most het-
erogenous group compared to the most homogeneous group of
almost two points (=22.5x —0.084). This is a nonnegligible effect
size. In the shopping show, the corresponding estimate of the
age diversity is —0.026 points for every player (Column (2)). The
finding that age diversity decreases peer evaluations is robust to
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analyzing alternative measures of age diversity. Interpreting the
results of the quartiles and the tertiles further reveals that the
effect of age diversity is slightly more pronounced when compar-
ing groups with the lowest compared to groups with the highest
age diversity.

The third column reveals that age diversity even influences
the evaluation scores given by an independent expert who
does not benefit himself from up- or downgrading others. In
every one of the used definitions of age diversity, the expert
gives on average a lower evaluation score to players from more
age-diverse groups. When investigating quartiles or tertiles,
groups being on the top of the diversity distribution experience
the largest deduction of the expert evaluation. Nevertheless,
the estimates of the expert evaluation are smaller in magni-
tude compared to the peer evaluations and lack statistical
precision.

Table A1l contains the results of the sensitivity analyses. The
sensitivity checks for the peer evaluation demonstrate that
the results are robust to clustering and bootstrapping the
standard errors, different estimation models (ordered Logit,
ordered Probit) and using the age difference as further con-
trol variable. The same conclusion applies to analyzing ex-
pert evaluations, except for running ordered logit and probit
specifications. Further robustness checks reinforce our main
conclusion when adding the experts' age and its square as con-
trol variables to capture a more flexible nonlinear functional
form. Thus, we can rule out the fact that the experts ages over
time influences his scoring behavior by gradual shifts in pref-
erences or standards. In conclusion, peers understate their
contestants' performance in age-diverse groups in high-stakes
tournaments. This reinforces our first hypothesis. There is
also evidence for the second hypothesis, even though these es-
timates are less precise compared to the estimates of the peer
evaluations.

4 | The Effect of Age Diversity on Individual
Performance

4.1 | Data and Empirical Model
4.1.1 | Data

This section uses PGA Golf Tour 2002 data from Guryan
et al. (2009). The PGA Golf Tour organizes various tourna-
ments with professional golfers mainly in the United States.
Each tournament has four rounds. The organizer assigns the
golfers randomly into groups of three people which remain
unchanged until the end of the second round. This is why
this study analyzes the first and second rounds only to test
our third hypothesis on performance effects. One concern
when comparing the golf data with the TV show data is that
the number of players per group differs. Although group size
could potentially influence interaction dynamics, Laughlin
et al. (2006) show that groups of three, four, and five people
perform similarly in a complex group task. To test our fourth
hypothesis, we exploit a particular feature of the data. When
the organizers assign the golfers to the groups, they consider

the players’ performance by creating groups of golfers who be-
long to the same performance category and remain unchanged
during the season. Category 1 refers to the best and Category
3 to the worst players. We expect that members of groups with
Category 3 players do not previously know each other. This is
because these groups consist of participants such as local qual-
ifiers who have participated few times (5years) on the PGA
Golf Tour and played few tournaments (3.9) within the PGA
Golf Tour. Furthermore, Category 3 includes approximately
30% more players compared to Category 1. For this reason,
we refer to Category 3 players as “previously unknown group
members.” Category 1 players include tournament winners
and the top 25 money earners from the previous year, as well
as PGA Golf Tour life members like Tiger Woods who have
achieved outstanding career achievements. We expect that
Category 1 golfers more often previously know each other. On
average, a Category 1 golfer has experienced 12years on the
PGA Golf Tour and participated in 12.6 tournaments. We refer
to Category 1 players as “previously known group members”
in the remaining study.

All players compete against each other, including the players
within each group, to win the high-stakes prize. On average,
a tournament allocates 3.7 million dollars in prize money of
which the winner gets about 18% and the top 10 golfers ap-
proximately 60%. The golfer who attains the lowest cumula-
tive number of strokes wins. Thus, player A with 70 strokes
performs better than golfer B with 72 strokes. For ease of in-
terpretation, we define a new variable, henceforth the perfor-
mance score, which multiplies the number of strokes by —1.
The higher the performance of a player is (because of having
fewer strokes), the higher is the corresponding performance
score. We merge data on the age of the golfers to the PGA
Golf Tour 2002. The age data are primarily sourced from
the following websites: Wikipedia, PGA, BlueGolf, ESPN,
and Yahoo!Sports. Using data on the first and second rounds
leaves us with 193 players from 992 groups and 2976 perfor-
mance scores.

Table 3 presents the summary statistics for the PGA Golf Tour
2002 data separately for the previously unknown and the
previously known group members. The previously unknown
group members have the lowest and the previously known
group members have the highest performance score because
they require the most (72.2) and the fewest (70.5) strokes on
average, respectively. This also corresponds to the handicap
(ability score), which is better for known group members.
Female golfers did not participate in the tournaments studied.
The group of unknown members is younger than the group of
known members. Generating the standard deviation of the age
of the player at the group level provides a more detailed view
on the extent of age diversity. Both groups show a wide range
of age diversity. While some groups are age homogenous (with
a minimum value of 0.6), others are more age heterogenous
(where the maximum is as high as 17.8 and 15.3 in either of
the two groups). The group with the lowest variation consists
of players having, e.g., the following ages: 23, 24, and 24 or 39,
40, and 40years. In contrast, the most heterogenous group of
previously unknown members comprises players who are 24,
47, and 59years old.
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TABLE 3 | Summary statistics of the PGA Golf Tour 2002 data.
Group members who are previously ...
Unknown Known

Variables Obs. Mean Min Max Obs. Mean Min Max

Performance score (negative number of strokes) 462 —72.24 -84 —-63 2514 —70.48 -84 —61
(3.51) (3.08)

Ability (handicap) 462 1.2 -1.5 8.1 2514 -0.3 -2.5 4.1
(1.5) 0.7)

Age of the players in years 462 31.94 17 59 2514 36.47 22 59
(7.44) (5.88)

Standard deviation of the age in years per group 154 6.37 0.6 17.8 838 5.31 0.6 15.3

Note: We defined the performance score as the number of strokes multiplied by -1. This guarantees that a better golfer with fewer strokes has a higher value on the
performance score. The standard deviations of the means are shown in parentheses.

4.1.2 | Empirical Model

The following OLS regression analysis estimates the effect of age
diversity on the performance scores that each player i achieves
in group k:

performance score;, = a + f age diversity, + 6X; + X,'n + €,

@

The dependent variable performance score refers to the play-
ers' golf performance, which is better the higher the score is.
Following our analyses of peer evaluations in Section 3, the
model uses various measures of age diversity as independent
variable where the main specification uses the standard devi-
ation of the players’ age per group. The regression controls for
the age of the player (X)) to account for potential correlations
between the age diversity and the players’ ages. X; comprises
round fixed effects that absorb round-related scoring effects
including weather conditions and it includes the average age of
the group. ¢ is the idiosyncratic error term. Inference is based
on heteroskedasticity-robust standard errors. Exploiting the fact
that golfers are randomly assigned to groups, the identification
strategy uses the exogenous group-specific variation in age di-
versity in the groups to estimate the effect on players' perfor-
mance scores.

Further sensitivity analyses reveal whether age diversity af-
fects the objective performance scores. Clustering the stan-
dard errors at the group level, which refers to group-round
clusters and bootstrapping the standard errors examines
whether alternative standard errors produce robust results.
An ordered Logit and an ordered Probit model retest whether
a nonlinear model can confirm the OLS results. In contrast
to the dinner and the shopping show, further sensitivity anal-
yses add control variables of players' ability (handicap) and
experience (years on tour). To support the fourth hypothesis,
another model specification examines first round effects only,
because players have just recently gotten to know each other
in the first round.

4.2 | Results

Table 4 summarizes the effects of age diversity on the golf
performance score. Column (1) shows that age diversity has
a significant negative effect on the performance of previously
unknown group members. A one-unit increase in the stan-
dard deviation reduces performance by 0.17 additional strokes
per round for each previously unknown group member.
Because every golfer plays two rounds in the same group, they
perform 0.34 strokes worse. The deviation between the most
homogeneous and heterogenous groups is 17.2 (=17.8_0.6).
Thus, the most age-diverse group is at a disadvantage of about
5.87 strokes. If one takes the respective tournament winner
as a reference, a golfer will earn about $544,000 less in prize
money. This conclusion is robust to analyzing alternative
measures of age diversity. In contrast, the results of the previ-
ously known members in Column (2) are statistically insignif-
icant regardless of using alternative measures of age diversity.
Importantly, the magnitude of the coefficients is much smaller
compared to the results of the unknown members. This indi-
cates that the difference in the results from Columns 1 and 2 is
not due to a lack of efficiency but shows that no performance
effect for players with previously known members exists.

As another sensitivity check, we ensure that the observed effects
are truly driven by group-level age diversity rather than by the
individual ages of the participants; we also examined whether
a player's own age directly affects performance. Our results in-
dicate that slight performance penalties related to age are con-
fined to groups where players are unfamiliar with one another.
In these groups, older players tend to perform slightly worse as
age increases. In contrast, in groups where players are more
likely to know each other, individual age has no observable im-
pact on performance. This suggests that familiarity may buffer
any age-related performance pressures, reinforcing our broader
finding that social context moderates the effects of age diver-
sity. The sensitivity analyses shown in Table A2 reinforce our
main results in all specifications. In conclusion, this confirms
our third and fourth hypotheses.
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TABLE 4 | Results of age diversity on the performance score.

Performance score of members of previously

Unknown groups (1)

Known groups (2)

Age diversity defined as ...
The standard deviation of the age by group

The standard deviation divided by average age by group
The standard deviation of the logarithm of the age by group
Quartiles of the standard deviation of the age by group
First (lower) quartile
Second quartile
Third quartile
Fourth (upper) quartile
Tertiles of the standard deviation of the age by group
First (lower) tertile
Second tertile
Third (upper) tertile
Fractionalized index for the age in bins by group
Age of player
Average age by group

Round fixed effects

Observations

—0.171%%*
(0.050)
—5.677%%*
(1.649)
—5.374%%%
(1.622)

Reference group

0.011
(0.027)
0.598
(0.962)
0.551
(0.904)

Reference group

-0.154 0.271
(0.417) (0.176)
—0.480 -0.073
(0.471) (0.173)

—1.178 ** 0.143
(0.485) (0.181)

Reference group Reference group

—0.064 0.199
(0.383) (0.148)
—1.384%#* —0.018
(0.425) (0.157)
—2.193** —0.465
(0.868) (0.323)
Yes Yes
Yes Yes
Yes Yes
462 2514

Note: The table shows the effects of the OLS regression of the performance score which is the negative number of a player's strokes using the PGA Golf Tour 2002
data. The independent variable of interest is based on different definitions of age diversity. The model includes further fixed effects. Column (1) refers to previously
unknown group members and Column (2) focuses on previously known group members. Statistical significance: p <0.1*, p <0.05**, and p <0.01***,

5 | Conclusion

This study contributes new insights into the effects of age diver-
sity on peer and expert evaluations as well as on individual per-
formance in small group settings where the performance does
not require teamwork or diverse expert knowledge. Using data
from two TV shows, the results show that age-diverse groups
award significantly fewer points in peer evaluations compared
to homogeneous groups. The same applies to the expert eval-
uations of independent experts who do not participate in the
tournament themselves, albeit the estimates are less precise.
The reason for the systematically lower peer and expert evalu-
ations might stem from subjective biases due to a worse group

atmosphere. Alternatively, the group atmosphere could affect
the work effort which in turn could spill over to individual per-
formance. Exploiting data from the PGA golf tour allowed us
to show that age diversity in tournaments indeed spills over to
individuals' performance when group members do not previ-
ously know each other. Once the group members have gotten
to know each other, this performance effect renders statistically
insignificant.

Our findings enrich the literature on demographic diversity in
several ways. While existing research has frequently focused on
how diversity shapes group-level outcomes, we demonstrate that
age diversity can also produce individual-level disadvantages.
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Even without direct teamwork, group composition matters, in-
dicating a broader influence of social context on individual be-
havior. The observed negative effect on individual performance
suggests that social context alone—without functional interde-
pendence—can create psychological discomfort or distraction
that undermines effort and concentration. This implies that the
mere presence of dissimilar group members can impose a social
cost, even when the typical task-related benefits of diversity are
absent. At the same time, our findings do not contradict theories
that highlight the benefits of diversity in complex, collaborative
tasks (e.g., improved creativity or problem-solving). Rather, they
emphasize that such benefits did not emerge in our settings,
where interactions were short-lived and task interdependence
was minimal. This reinforces the idea that the advantages of
age diversity manifest when diverse expertise can be shared or
when teams have time to develop synergy, whereas in immedi-
ate competition settings, the drawbacks dominate. Showing that
the effect of age diversity is heterogenous depending on group
familiarity integrates our results with existing theory, affirming
classic social identity mechanisms in the short term. Altogether,
this suggests that age diversity can be a liability in a broader
range of organizational contexts than previously emphasized,
particularly in the absence of active management or sufficient
time for familiarity to develop.

Despite these contributions, this study is not without limitations.
First, the group sizes differ across settings (five members in the
TV shows vs. three in the PGA Tour), which might influence
group dynamics, interpersonal interactions, and the magnitude
of diversity effects. Second, while we focus on age diversity, other
salient demographic dimensions such as gender, ethnicity or so-
cioeconomic background could also influence group behavior.
Third, our analyses capture short-term effects, especially in the
golf data, which are limited to two rounds. We therefore cannot
directly test when the effects of age diversity start to fade. Finally,
we use distinct empirical settings: TV shows and professional
sports. While this heterogeneity limits direct comparability, it
also serves to analyze the broader effects of age diversity across
contexts. Building on our findings and the aforementioned lim-
itations, we identify several avenues for future research. First, the
robustness of our results with regard to group size and exploiting
other settings than TV shows or sports could be tested. Second,
analyzing other demographic diversity dimensions could addi-
tionally contribute to the previous literature. Intersectional anal-
yses examining interactions between age, gender, and ethnicity
would offer a richer understanding of how demographic diversity
shapes group dynamics. Third, longitudinal studies could assess
how the effects of age diversity evolve as group members interact
over time and familiarity increases.

Despite limitations and various questions that remain for future
research, our findings contribute to a deeper understanding of
how age diversity influences individual behavior in high-stakes,
short-term group settings. These results have practical implica-
tions. They imply that organizations should approach demo-
graphic diversity with nuance. While diverse workforces can
bring long-term benefits for innovation and decision-making in
interdependent tasks, our study highlights short-run frictions in
settings where demographic diversity is salient but irrelevant to
task requirements. This is comparable to settings where the or-
ganizational structure divides individuals' groupwise, e.g., into

sections or departments, but each worker performs his/her own
tasks individually. Managers should be aware that peer and super-
visor evaluations, including widely used 360° feedback systems,
may inadvertently disadvantage individuals assigned to diverse
teams. This could affect rewards, promotions, and motivation.
Even though this disadvantage of age-diverse groups mirrors per-
formance differences that could explain pay differentials, it is ex-
ogenous from an individual point of view and only represents the
“luck” of being assigned to an age-homogeneous group. This sug-
gests a need for careful team design, evaluation safeguards, and
performance monitoring, particularly during the initial stages of
team formation. Policies that foster familiarity and trust, such as
team-building activities or longer term team assignments, could
help to avoid early-stage drawbacks of demographic diversity.
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Endnotes

1See Cooper and Kagel (2006) and Fehr and Schmidt (2006) for a review
of this literature.

2Some episodes are excluded, e.g., where only four contestants partici-
pated in the show (e.g., in calendar weeks with a holiday), where shows
with other participants/rules took place (e.g., with celebrities as con-
testants) and where episodes or information like the candidates’ age
were unavailable.

3In rare cases, the winner receives only a noncash prize (e.g., a bag
worth 4000 euros).

4 Again, this study excludes shows with missing information and irreg-
ular shows like those with four competitors or special shows.

SPrevious research shows that day-related effects can have a signifi-
cant impact on the performance rating (Schiiller et al. 2014; Blum and
Wenskat 2020).

®Contestants are chosen based on their location (e.g., Berlin, Munich) and
then grouped according to that week's filming schedule, not based on
group composition, personality, or demographics. There is no evidence
of demographic engineering for “good TV,” and the producers confirm
that they do not disclose peer group details to contestants in advance.

To construct this index, we define age bins based on the following age
distribution: Bin 1 for the youngest 25%, Bin 3 for the oldest 25%, and
Bin 2 for all others. The specific cutoffs are as follows: 18-30, 31-48,
49+ for Come Dine with Me; 18-26, 27-45, 46+ for Shopping Queen;
17-31, 32-40, 41+ for the PGA Tour.
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Appendix 1

TABLE A1 | Sensitivity checks of age diversity on peer and expert evaluation.

Peer evaluation

Expert evaluation

Cooking show Shopping show Shopping show
@ 2 3
Age diversity defined as the standard deviation of the age by group
Model specification ...
Main results (taken from Table 2) —0.021 *** —0.026*** —0.024*
(0.004) (0.006) (0.012)
Ordinary least squares (including 2nd polynomial of experts’ age) —0.021*
(0.012)
Ordinary least squares (clustered standard errors) —0.021%** —0.026*
(0.006) (0.014)
Ordinary least squares (bootstrapped standard errors) —0.021%** —0.026*
(0.006) (0.014)
Ordered Logit (robust standard errors) —0.028*** —0.039%** —0.022
(0.005) (0.009) (0.018)
Ordered Probit (robust standard errors) —0.016*** —0.022%** —0.016
(0.003) (0.005) (0.010)
Controlling for the age difference —0.013%** —0.023*** —0.043**
(0.004) (0.007) (0.013)
Observations 10,580 6440 1610

Note: The table shows the results of the alternative OLS regressions, which measure again the peer evaluation (from the cooking and the shopping data in Columns
(1) and (2), respectively) and the expert evaluation from the shopping show (third column). These specifications account for different standard errors, Logit and Probit
models, and the experts’ age. The last row adds the absolute age difference as a further control variable. Statistical significance: p <0.1*, p <0.05**, and p <0.01***.
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TABLE A2

| Sensitivity checks of age diversity on the performance score.

Performance Score of members of previously

Unknown groups Known groups
@) 2
Age diversity defined as the standard deviation of the age by group
Model specification ...
Main results (taken from Table 4) —0.171%** 0.011
(0.050) (0.027)
Ordinary least squares (clustered standard errors) —0.171%%* 0.011
(0.057) (0.030)
Ordinary least squares (bootstrapped standard errors) —0.171%%* 0.011
(0.059) (0.031)
Ordered Logit (robust standard errors) —0.096*** 0.001
(0.027) (0.015)
Ordered Probit (robust standard errors) —0.048%*** 0.003
(0.015) (0.009)
Controlling for ability and experience —0.181*** 0.031
(0.048) (0.027)
First round effects —0.231%** 0.015
(0.070) (0.034)

Note: The table presents the effect of age diversity on the PGA Golf Tour 2002 performance score for previously unknown (Column 1) and known group members

(Column 2). The performance score is the negative number of strokes per round. The first row of Columns (1) and (2) shows the baseline specifications as specified in
Equation (2). The other rows modify the model by estimating alternative standard errors, ordered Logit and Probit regressions or expanding the baseline regression by
ability measured by the handicap and experience fixed effects measured by the years on tour. The observations are 462 (2514) for unknown (known) group members,
respectively. The last row shows short-term effects by considering only the first round where observations are 240 for unknown and 1299 for known group members.
Statistical significance: p <0.1%, p <0.05**, and p <0.01***,
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