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Abstract

Women’s underrepresentation in science has drawn attention from scholars in many
disciplines. Our study aims to advance understanding on this issue through
examining the extreme case of gender imbalance in music composition. We
conducted an experiment to examine whether such gender imbalance is due to unfair
judgment in evaluative settings. We invited composition faculty to rate new
compositions with randomly assigned gendered names along with live recordings
directed by the same conductor. Contrary to our initial hypotheses, we find no
evidence of gender bias against women. Instead, there is evidence that compositions
associated with female names are rated higher than those with male names. There is
no evidence of in-group bias either: reviewers do not favor compositions from
composers of their genders. In the heterogeneity analysis, we find suggestive
evidence that male faculty and senior faculty favor female composers in both overall
and structured evaluations.
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1. Introduction

The underrepresentation of women in various academic fields remains a pressing global concern.
Much of the discussion on this issue has focused on STEM fields; however, women are also
underrepresented in non-STEM fields, such as economics and philosophy. For example, as of the
mid-2000s, women accounted for less than 35 percent of PhD students and 30 percent of assistant
professors in economics (Lundberg and Stearns 2019). This gender imbalance has sparked lively
discussion about the disparate treatment of women and gender-biased atmosphere in the economics
profession (Wu 2018; Wu 2020) and instigated new research on gender bias published in
economics journals and presented at economics conferences (Hengel, 2018; Hospido and Sanz,
2019; Chari and Goldsmith-Pinkham, 2017; Card et al., 2020; Card et al., 2022).

Given this background, we believe that a study of gender representation in professional music
composition would shed light on the origins of gender representation disparities in a non-STEM
field. Although gender imbalances are well-documented in traditional STEM fields, music
composition exhibits an even more pronounced underrepresentation of women. According to
Leslie et al. (2015), only about 16 percent of U.S. doctorates in music composition were awarded
to women. This was the lowest percentage among all fields, with rates even lower than those in
physics (18%), computer science (19%), and economics (35%). This gender disparity is even more
stark in the professional realm. In 2014, women occupied only 15 percent of the U.S. composition
faculty positions, and only 9 percent of the prestigious composition prizes were awarded to women
(O’Bannon, 2014). A study revealed that only 2% of the pieces performed by symphony orchestras
worldwide in 2018 — 2019 were written by women (Brown, 2018).

Beyond the statistics, research has highlighted the pervasive gender discrimination faced by
women in the music composition profession, such that female composers often hide their gender
identities to mitigate unfavorable outcomes (Bennett et al. 2018, Bennett et al. 2019, Cannizzo and
Strong 2020). Gender bias in music evaluations (Goldin & Rouse, 2000; Leonard, 2007; Miller
2016), which has been well-documented in the literature, is certainly a component of gender
discrimination. Goldin and Rouse’s (2000) pioneering study on past orchestra audition practices
highlighted the potential for gender bias in music evaluation. By demonstrating how “blind”
auditions could mitigate gender bias, their work laid foundational insights into bias in music-
related fields. Our study builds upon this foundation by exploring gender bias in composition
evaluation within a field experiment—adding a unique perspective to the discrimination literature
in music.

Despite this, we have witnessed more conversations about gender and diversity issues in
composition and some small steps have been made (Robin, 2017; McClary and de Boise 2019).
For example, the number of female composers who have joined prestigious programs in recent
years has increased. In a historic milestone for 2017, all three Pulitzer Prize for Music finalists



were women. A social movement to promote diversity in music is also growing via social media,
with the hashtag #HearAllComposers gaining traction.

We designed an experiment to examine whether college composition faculty members evaluate
compositions fairly when the music is randomly associated with a gendered name, and whether
the evaluations differ with more structured evaluation methods, such as giving detailed ratings on
various musical dimensions.! We recruited composition faculty members at U.S. higher education
institutions to evaluate four orchestral compositions as if they were judging a composition
competition. Faculty members were from randomly selected 377 music institutions that
participated in the 2013-14 National Association of Schools of Music (NASM) Higher Education
Arts Data Services (HEADS) project, and all participants have a training background in
composition. We randomly assigned participants to one of the two groups, with randomization
done at the institutional level, meaning that faculty at the same school were assigned to the same
survey. In Survey Group A, compositions appeared with the gendered name sequence of M, F, M,
F. In Survey Group B, the exact same compositions appeared with the opposite sequence of F, M,
F, M. All music pieces were newly composed, with duration ranging from 8 to 10 minutes. They
were commissioned by the Georgia Tech School of Music, with all pieces selected based on the
same criteria. Each piece was composed by a different professional composer with a doctoral
degree in composition. In the evaluation, we provided both the music scores and the audio
recordings from live performances conducted by the same conductor and performed by university
orchestras to ensure consistent recording and performance quality. Our experimental design
replicates the setting of real-world competitions.

Our results indicate that compositions associated with female names receive higher ratings than
those linked to male names. This finding is unexpected based on our initial hypothesis and remains
consistent in more structured evaluations when participants assess compositions across various
subcategories. These results align with previous studies that fail to find male favoritism in various
contexts (Broder, 1993; Bagues and Esteve-Volart, 2010; Bagues et al., 2017; Bar and Zussman,
2020) and with other findings that illustrate a shift from traditional gender biases to patterns that
favor women (Mengel et al. 2019; Bocart et al., 2022; Card et al. 2022). This outcome is not
uncommon and has been observed in different studies. We also observe some suggested evidence
of heterogeneity: Male evaluators tend to favor compositions by female composers, while female

1 Our experimental design departs from the conventional “resume audit experiment” paradigm, primarily due to the
minimal deception involved. Notably, our compositions were crafted by real composers, ensuring the authenticity
and avoiding the use of fabricated materials typically employed in standard audit experiments. Moreover, we did not
measure the conventional “callback™ in a traditional hiring experiment, as it can introduce costliness and potential
bias, leading to preferential selection of candidates with higher acceptance likelihood. Rather, our evaluation
approach bears some similar merits as in the Incentivized Resume Rating methodology (IRR) proposed by Kessler
et al. (2019), which can be used to elicit employer preferences without deception to detect discrimination. For an in-
depth exploration of our methodology, please refer to the section 3.
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evaluators show no discernible gender bias. Senior faculty members display a stronger preference
for female composers compared to their junior counterparts.

The present paper speaks to the broader literature on discrimination. Much of this literature
documents evidence of discrimination against racial, ethnic, and gender minority groups (see
Bertrand and Duflo, 2017, for a review). Economic models addressing discrimination primarily
include Becker’s taste-based model (Becker, 1957; Charles and Guryan, 2008) and the statistical
discrimination model (Phelps, 1972; Arrow, 1973; Aigner and Cain, 1977). Becker’s model
suggests that individuals may experience disutility from interacting with minority groups, leading
to discrimination. By contrast, the statistical discrimination model is based on perceptions of skill
distribution across groups, predicting that majority groups (e.g., white and male) are favored based
on assumed higher productivity. Another strand in the literature centers on the belief-based model
(Fryer, 2007; Bohren et al., 2019), where discrimination may reverse as evaluators update beliefs
in response to new information. Our experiment examines gender bias in a field with significant
gender imbalance, with both evaluator and evaluatee identities known. Our findings suggest no
male-favoring gender bias; in fact, there is potential female favoritism. Notably, senior faculty
members display a pronounced preference for female candidates. This unexpected result may be
explained by a belief-flipping model, in which evaluators update their beliefs about female
composers, or a revised taste-based model, where evaluators prefer to counterbalance historical
gender biases.

In-group bias presents another significant explanation for observed gender discrimination. When
in-group bias influences evaluations, the dominant group (e.g., males) in a particular discipline
may reinforce unbalanced representation. In our context, in-group bias could operate similarly to
taste-based discrimination, where male evaluators may favor male composers due to a preference
for the status quo or perceived utility from awarding members of their own group. Our experiment
contributes to the in-group bias literature by testing this bias in a realistic, non-laboratory setting.
Most evidence of in-group bias comes from laboratory experiments, where studies show that
favoritism can arise in both natural and artificial groupings (Tajfel et al., 1971; Bernhard et al.,
2006; Leider et al., 2009; Chen and Li, 2009; Chen and Chen, 2011; Goette et al., 2012; Currarini
and Mengel, 2016; Dickinson et al., 2018). However, real-world settings present challenges, and
existing studies show mixed results: in professional sports, researchers find discrimination against
racial and ethnic groups (Price and Wolfers, 2010; Parsons et al., 2011) and favoritism based on
nationality, but no gender in-group bias (Sandberg, 2018). Judicial decision-making studies yield
evidence of racial or ethnic in-group bias (Shayo and Zussman, 2011, 2017; Anwar et al., 2012),
yet other studies suggest out-group bias (Depew et al., 2017). Bias in policing (Antonovics and
Knight, 2009; West, 2018), lending (Fisman et al., 2017), and equity analysis (Jannati et al., 2018)
also show mixed results regarding in-group favoritism by gender or race. Overall, the existence
and extent of in-group bias on gender, race, and nationality remains inconclusive, calling for more
empirical research.



There are several implications of our findings. First, in-group bias may be malleable and context-
dependent, diverging from patterns observed in controlled laboratory settings. Second, even in a
highly professional context where gender imbalance persists, evaluators may potentially reduce or
even reverse gender biases toward the minority group. Notably, our study stands out as one of the
first to explore gender bias within music composition through a realistic field experiment,
simulating genuine evaluative conditions within a traditionally male-dominated discipline. By
isolating the impact of gendered names in competitive composition settings, we provide a
distinctive, applied perspective on how bias operates beyond the typical STEM or economics fields.
Lastly, the bias against minority groups may not solely account for women’s underrepresentation
in music composition. Addressing "supply-side” factors, such as self-confidence, stereotypes, and
training pathways, may provide a fuller understanding of these persistent inequalities (Bordalo et
al., 2016; Bordalo et al., 2019).

The next section describes the contexts of composition competitions. Sections 3 and 4 introduce
the experimental design and the estimation strategy. Section 5 discusses the results, followed by
robustness checks in Section 6, and a discussion of our findings in Section 7. We conclude in
Section 8.

2. Music Composition Competition

Composition competitions are important events for composers’ career advancement. These
competitions are the primary vehicles used to identify young talents ready to launch international
careers (McCormick, 2009). The competitions are hosted frequently by various organizations and
ensembles. A quick visit to The Composer’s Site, an online information hub for composers, yielded
63 ongoing competitions in June 2020. A “call for scores” or composition competition is similar
to an academic conference where young professionals present their works, build professional
networks, establish creative portfolios, and develop potential employment opportunities.
Composers’ works are selected for performance through such competitions, and these
performances often lead to future engagements and even commissions (Whitacre, 2009; Watts,
2018; Murphy, 2012; Doolittle, 2018). Research shows that prior success in music competitions
has strong implications for later success. Ginsburgh and Van Ours (2003)’s study on the
participants of the Queen Elizabeth Competition, one of the most prestigious piano and violin
competitions, showed that participants’ prior success was predictive of subsequent market success.

Our experimental design follows the format of a formal composition competition. The organizer
sends out invitations to professional composers to participate as reviewers. Scores, often
accompanied by recordings, are uploaded to a digital platform where reviewers evaluate the
compositions. Although professional composers can judge the quality of a composition based
solely on the music score, it is standard practice nowadays in competitions to provide recordings
to facilitate the evaluation process. We adopted this same design in our study. One of the authors,
a professional conductor, conducted and recorded all four pieces of music to ensure the quality of
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recordings met with professional standards. Although we could have created a control group
without composer names as a baseline, this anonymous design deviates from common practices in
the profession. Esteemed composition competitions, such as Guggenheim, Fromm, Koussevitzky,
ASCAP, Barlow, are not anonymous, and we followed suit. In addition, given the challenge of
recruiting highly specialized professionals, we aimed to maximize the statistical power of our
study by not adding another control group. Since our main goal is to understand the relative level
of gender bias rather than the absolute level of bias, we adhered to the common practice of
including composers’ names.

3. Experimental Design

In this section, we present our experimental design to measure gender bias in the professional
music composition setting. In this experiment we also aim to test the effects, if any, of same-gender
in-group bias as found in the experimental literature. Some research suggests that structured
evaluation methods, such as those with clear rubrics, can help reduce bias, a claim we test in this
experiment (Bragger et al., 2002; Brecher et al., 2006; Levashina et al., 2013).2 Our hypotheses
were:

Hypothesis A: Reviewers favor compositions associated with a male name (gender discrimination
hypothesis).

Hypothesis B: Reviewers favor compositions associated with a name of their own gender, showing
in-group gender bias (favoritism/in-group bias hypothesis).

Hypothesis C: Evidence of evaluation discrimination will be reduced or eliminated by structured
evaluation.

Experiment in Music Composition

Our main objective is to examine gender bias in music competitions by presenting compositions
randomly assigned to male and female composer names. All compositions last between 8 and 10
minutes when performed and were composed by four different professional composers, all with a
terminal doctoral degree in composition. All the works were chosen by the same conductor using
the same selection criteria, and they were all commissioned works by the Georgia Tech School of
Music. The compositions had only been performed once in a regional concert in the southwestern
U.S., and the reviewers were unfamiliar with the pieces of music before our experiment. This is a

2 This study was not pre-registered as it was not a prevalent requirement from journals at the time of our field
experiment. Nonetheless, our hypotheses are clearly defined and straightforward, and the heterogeneous analysis are
based on commonly tested covariates and are consistent with the approved survey tools that we submitted to IRB.
The primary deviation was our anticipation of a gender bias toward male composers. Consequently, we delved
deeper into the ingroup hypothesis to shed light on this unexpected outcome.
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common practice in competitions, wherein composers submit recordings of performances or
reading sessions at their affiliated institutions for consideration. Consistent with real composition
competitions, we provided both the score and the recording of each piece for reviewers. All the
recordings were made during two performances in the same concert hall conducted by the same
conductor in a two-month span.

One concern in this study is that systemic factors, such as better access to superior equipment,
could give male composers an advantage in producing higher-quality compositions. For instance,
the established presence of men in the field might allow them access to resources that enhance
recording quality. However, our experimental design helps mitigate these potential biases. To test
gender bias, we assigned two female (F) names and two male (M) names to the four compositions.
The designated composers’ names only appeared on the title page and the first page of the music
score, as is the standard practice in composition competitions. We pre-tested the survey with
faculty members who have served as composition competition judges. They agreed that this design
is similar to real composition competitions, and none detected that gender bias was being tested.

A sample page of the score is in the Appendix.

Names were selected from the U.S. Social Security Administration’s database of popular names
in the 1970s with the most common last names from the 2000 census. We pre-tested and Google
searched the names to make sure that 1) gender cue is easily recognized; 2) last names do not give
extra racial/ethnic cues; 3) no actual composers have the same names in our experiment. We
alternated the female and male names in two groups, A and B. The name assignment in group A
is M, F, M, F, namely Michael Adams, Rebecca Moore, Sean Campbell, Tara Davis. Names used
in group B were F, M, F, M, namely Tara Davis, Sean Campbell, Rebecca Moore, Michael Adams.

With limited gender cues, respondents in our pre-tested qualitative survey interviews were able to
correctly recall the gender of the composers, indicating that subjects were truly “treated” in this
design. Because this population is a highly white-dominated discipline, none of the respondents
expressed any comments regarding the race of the composers’ names. We tested the names using
NamePrism (Ye et al., 2017), a non-commercial ethnicity/nationality classification tool often used
in economics studies (Diamond et al., 2019; Tang, 2020; Honigsberg and Jacob, 2021; Kempf and
Tsoutsoura, 2021). Our pseudo names are unambiguously (around 90%) classified as white names.

Some observers may be concerned that the actual gender of the composers affects the “gendered”
features of the compositions, yet we believe that this is not a significant issue in our study. The
compositions in our sample are created by two females and two males, and we assign names to all
the compositions.

Note that the compositions do not exhibit any gendered characteristics. Our author, who is an
expert in the music profession, asserts that there is no consensus that compositions can sound
distinctly “male” or “female.” Therefore, the traits of the music scores do not suggest or reveal the



actual gender identities of the composers. Edvenson’s (2017) study, for instance, found that
listeners could not accurately guess the gender of a composer based solely on listening to the
classical music performed. Even if our compositions did exhibit gendered features, our fixed
effects empirical design would control for individual composition factors. We are also able to
compare results between the compositions created by females and those composed by males.

Recruitment

Faculty members were recruited from 377 music institutions that participated in the 2013-14
National Association of Schools of Music (NASM) Higher Education Arts Data Services (HEADS)
project. To choose qualified reviewers, we searched the websites of these music schools and
reviewed faculty members’ profiles and CVs to identify all eligible participants with composition
expertise — either composing experience or a music composition degree. We included faculty of
all tenure-track ranks (assistant professors, associate professors, and full professors) as well as
adjunct faculty. The final invitation list was comprised of 1,060 eligible faculty members. Faculty
reviewers were randomly assigned to group A or B to evaluate four compositions as if they were
participating in a composition competition. Randomization was at the institution level to ensure
that faculty members at each institution received compositions associated with the same female
and male composer names, preventing sample contamination. We cross-checked for duplicate
faculty names in case anyone was transitioning from one institution to another or if certain faculty
were affiliated with more than two institutions, ensuring that each faculty member is invited only
once per randomization group.

The survey was conducted between March and May 2018. Eligible faculty were invited to
voluntarily participate (see the invitation email in Appendix B: Survey Materials for reference) via
the Qualtrics system through a personalized survey link sent in the invitation email. This study
was approved by the Institutional Review Board (IRB) at Georgia Institute of Technology and the
subjects were informed of the approval in the email invitation (Appendix B). The subjects would
give consent when they filled out the online survey. The reviewers were rewarded with a $75 gift
card upon completion of the evaluation. Only invited eligible faculty were able to complete an
evaluation and receive a gift card for completing the survey. We use personalized links to ensure
data quality and prevent sample corruption from ineligible faculty.

The final sample was comprised of 124 faculty reviewers (20 female, 103 male, 1 other). The
response rate is 11.7%. Given the highly selected nature of this group, this response rate is not
unusual, though we should be cautious about the external validity of the findings. Since we used
the same procedure recruiting faculty reviewers for two randomized groups, there was no
difference in the attrition rate. The sample may still differ in other unobservable dimensions.
Nonetheless, the music professionals in our sample still provide meaningful insights as this context
is rarely examined in the discrimination literature. Summary statistics of the final sample is in
Table 1. We tested for differences in means among various covariates between randomization



group A and group B, including demographic characteristics such as gender, race, and, academic
rank, as well as overall evaluation scores. As Table 1 shows, our randomization works well since
none of the differences between the two groups appear to be statistically significant. There is only
one variable (under age 45) that is significantly different at the 10% level. In our main regressions,
we control for respondent fixed effects to account for this difference in observables.

Evaluation Survey

We introduced the survey to participants as a music evaluation study. In the invitation letter, we
emphasized our interest in understanding their criteria for evaluating musical compositions, while
keeping them unaware of the study's underlying objective of detecting potential gender bias.
Reviewers were instructed to judge the compositions as though they were judging a real
competition. The names of the composers were only disclosed within the score and the final
question, where reviewers were asked to recommend a winner. This setup aims to mitigate the
experimenter effect, an effect that may cause human subjects to change their behavior if they
realize their participation in an experimental context. Simultaneously, we can ensure genuine
responses from the reviewers without resorting to intentional deception.

Alternative methods to elicit preference without deception, such as the one proposed by Kessler et
al., (2019) where employers knowingly evaluate fictitious resumes, could have been employed.
However, our design addresses similar objectives while accommodating the unique context of
evaluating musical compositions. Unlike resume studies, which may raise concerns over the
comparability of fabricated and real resumes, our study involves genuine compositions created by
actual composers, with only the names altered to ensure anonymity. Additionally, whereas resume
studies often rely on “callback rates”—which can conflate resume assessments with expectations
of candidates' acceptance—our approach uses a straightforward scoring method. Evaluators were
asked to assign scores on a 1-10 scale to each composition, mirroring Kessler et al.’s use of a
Likert scale to gauge interest without relying on callback data.3

The study’s survey contained four parts: overall evaluation, structured evaluation, winner
recommendation, and demographic information. However, in conventional practice, reviewers
typically provide only the overall evaluation as their judgement.® Consequently, the interpretation
of gender bias should largely depend on this score. The overall evaluation was scored on a 0-10
scale.

Since the overall evaluation assessment is highly subjective, we added a structured evaluation in
Part Il so that reviewers were provided with a structured evaluation format to appraise

8 Concerns about inducing an "experimenter effect” due to extra questions may arise. However, we believe that it is
unlikely because we clearly explained in the beginning of the survey that our goal is to better understand criteria
used in assessing musical compositions, making those extra questions seem legitimate. Additionally, we minimized
the gender cues presented in the study, and our population has limited knowledge of experimental studies, reducing
the probability of priming them about gender cues and their direct effect on the gender bias we aim to test.
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compositions in more detail. This structured approach aims to eliminate arbitrary bias, including
inattention during quick decision-making, or potential sequential spillover effects arising after
evaluating traditionally stronger candidates, such as white males (Kessler et al. 2022). By
prompting reviewers to examine the works more closely, the structured evaluation can help
mitigate the influence of arbitrary bias during the judgment of compositions. The Part 11 evaluation
consisted of five categories, namely (1) Form / Structure, (2) Tonality / Harmony, (3) Tempo /
Rhythm, (4) Orchestration, and (5) Artistic Originality. These five dimensions were chosen
because they consist of the basic elements of musical composition and were suggested by
professional composers who have judged composition competitions. The five categories covered
both the craft and creativity of music composition and were gender neutral terms. To ensure the
integrity of Part 11’s evaluation, reviewers were given the score and recordings again and were not
allowed (by our pre-set Qualtrics algorithm) to change their initial overall scores from Part | once
they advanced to Part 11.* The structured evaluation in Part 1l was based on a 1-5 Likert scale
labeled "Extremely Weak,” "Somewhat Weak," "Neutral," "Somewhat Strong," and "Extremely
Strong.” The scale was pre-tested among faculty who have judged music and they agreed that this
chosen scale is commonly used. The survey questions are in Appendix B.

4. Estimation Strategy

To empirically test for gender bias, we treated the unique combination of composition and reviewer
as the unit of analysis. Each reviewer evaluated four compositions and the standard errors may be
correlated within the same reviewers, so we followed the standard practice of clustering our
standard errors by reviewer. Our estimation equation is:

Score;. = [f;Female;. + 6. + v; + € 1)

where Score;. is the evaluation score by reviewer i for composition ¢; Female;.is the dummy
variable where it is equal to 1 if the composition is randomly assigned with a female name, and 0
if the composition is assigned with a male name; B; is the coefficient for gender bias. &, controls
for composition fixed effects; y; controls for reviewer fixed effects. This model controls for
differences among compositions, so that we compare reviewers’ evaluations within the same
composition assigned with a female name and a male name. Controlling for reviewer fixed effects
should eliminate confounding issues arising from unobservable differences between reviewers.
We expected f; < 0 if there is implicit gender bias in favor of male composers relative to female
composers. We ran a similar analysis using 7 different evaluation scores as the dependent variable,
namely, the overall score in survey Part I, the structured scores in 5 categories in survey Part II,
and the average score of the 5 categories in Part 1. We also estimated the same 7 sets of regressions

4 The other potential experiment design is to separate Part Il evaluation from Part | into other two randomization
groups. Since the common evaluation practice always includes Part I-the overall evaluation, this design will make
the survey too far from the composition competition norm.
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by gender, age, and rank to examine heterogeneity in gender bias. Since the scoring of the
compositions is done by the same reviewers and may be correlated, we cluster the standard errors
by reviewers.

To examine in-group bias, we estimate whether those reviewers would give higher scores to the
compositions assigned with names that indicate the same gender as their own, as opposed to
compositions assigned with opposite gendered names. Similar to the above equation, we estimate:

Score;. = [,Same_gender;. + 6. +v; + e (2)

where Same_gender;, is the dummy variable which is equal to 1 if the assigned composers’
names and the reviewers are of the same gender, and O if otherwise. If there is in-group bias among
people within the same membership (i.e. gender), £, should be larger than zero. We also controlled
for several fixed effects, including composition fixed effects (§.) and reviewer fixed effects (y;).
Similar to the previous specification, we clustered the standard errors by reviewers.

5. Results

Based on ratings of the same compositions with male and female names, we estimated gender bias
through standard regression analysis, clustering standard errors. We employed additional controls
for variables that might bias our results. We describe below the analysis’s detailed results.

A. Is there gender bias in ratings?

Contrary to Hypothesis A, female composers were favored in all evaluations. Compositions
appearing with female names received higher scores in both the overall rating and structured rating
(See Figure 1). Examining the overall ratings by gendered names, we find that female composers
scored on average 0.305 points higher on a 0-10 scale (See Figure 1 and Table 2). This differential
bias is non-negligible, accounting for approximately 16% of the overall standard deviation. For
comparison, in a separate professional evaluation context, Dressage in Olympics, the size of own-
nationality bias is between 7.2% and 23.8% of the overall standard deviation (Sandberg 2018).
When we ask the reviewers to pick winners, the compositions with female names were 1.6 times
more likely to be selected the winners than were the same compositions associated with male
names.

Differences were found in all five categories in the structured evaluation, with female composers
receiving an average of 0.188 more points than did male composers on a 1-5 scale (See Figure 2
and Table 2). The precise difference was 0.158 in Form / Structure, 0.203 in Tonality / Harmony,
0.086 in Tempo / Rhythm, 0.247 in Orchestration, and 0.246 in Artistic Originality (statistically
significant at 0.05 significance level, except for Form and Tempo and; See Figure2 and Table 2).
These differential numbers favoring female composers correspond to 14.7% of the overall standard
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deviation in Form / Structure, 18.6% of the overall standard deviation in Tonality / Harmony, 6.8%
of the overall standard deviation in Tempo / Rhythm, 21.4% of the overall standard deviation in
Orchestration, and 22.6% of the overall standard deviation in Artistic Originality.

B. Is there in-group bias based on gender?

To test Hypothesis B, we tested whether reviewers exhibit in-group bias toward the same gender.
Contrary to the literature (Nosek et al., 2002; Dovidio and Gaertner, 2004; Moss-Racusin, 2012)
and the majority of past laboratory findings, our results show no evidence of in-group bias based
on gender—reviewers did not give higher scores to composers of their own gender. In fact, we
found evidence of an out-group bias of male reviewers giving higher ratings to female names. This
pattern appears in both overall and structured evaluations.

Table 3 shows an opposite sign of in-group bias. Faculty reviewers gave statistically significant
higher scores to compositions produced by members of the opposite gender. The negative
coefficient (-0.38) is nearly 20% of the overall standard deviation. This magnitude is a drastic
difference from what is reported in current literature. Sandberg (2018) has, for instance, found that
nationalistic in-group bias in the Olympic game is between +7.2% and +23.8% of the overall
standard deviation, while our estimated coefficient is in the opposite direction with similar
magnitude.

This result is mostly driven by the prevalence of male reviewers favoring female composers. Based
on Table 4, male reviewers rated compositions with female names 0.402 points higher in the
overall rating (0-10 scale) as well as in all five musical dimensions in the structured evaluation,
with an average of 0.244 points higher (1-5 scale). This is a sizable opposite-gender bias—0.402
points corresponds to approximately 21% of the overall standard deviation.

On the other hand, female reviewers were more likely to rate female composers lower in both
evaluations, though on a smaller scale. Female faculty rated female composers 0.278 points lower
than male composers in overall rating (0-10 scale) and an average of 0.141 points lower in the
structured evaluation (1-5 scale).

We further test the rating difference between female and male faculty (See the interaction effect
in Panel C Table 4). The difference in overall rating between female and male faculty reviewers is
marginally statistically significant (p-value<0.1); yet the actual difference is sizable. The
difference in the average scores in the structured rating (column 7) between female and male
faculty reviewers is statistically significant (p-value<0.01).

We note that female faculty gave 0.67 more points than did male faculty in the overall evaluation
and 0.22 more points in the structured evaluation (both are statistically significant), regardless of
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the composer’s gender. In other words, female faculty were more generous and relatively unbiased
graders, while male faculty tended to give lower scores and favored female composers.

C. Effects across the Distribution of Overall Evaluation

We follow Kessler et. al (2019) in implementing a counterfactual callback exercise. At each overall
evaluation scoring level, we compute an analogous counterfactual callback rate, treating each
scoring level as the callback threshold. Under this framework, composers receive a “callback”
when their overall evaluation score exceeds that given score, as if in a hiring context. Even though
our study is not a hiring experiment, our granular measure—overall evaluation score—enables us
to examine potential variations in evaluators’ preferences in the tails of the distribution. Unlike
typical audit studies, our measure mitigates the disadvantages associated with the binary callback
rate variable’s sensitivity to a low callback rate environment (Kessler et al. 2019).

Two graphs are presented using this counterfactual callback rate approach. The first graph displays
the empirical cumulative distribution function (CDF) of the overall evaluation scores. In our study,
we compare the CDFs of female composers and those of male composers. The second graph
generates counterfactual callback rates by assuming that evaluators would call back the composers
if their overall evaluation scores were at or above a given threshold. We can then observe the
differences in callback rates across each scoring threshold through a linear probability model.

We plot the CDF of the ratings of male and female composers (see Figure 3 panel a). We also
show the differences in the counterfactual callback rates (Figure 3 panel b). We observe that, in
Figure 3(b), the coefficients are higher than zero at almost all levels of selectivity (less pronounced
at the tail), meaning that our result is qualitatively consistent across nearly the entire distribution
of the overall score. We employ the same analysis by reviewers’ gender in Figure 4. When
reviewers are female, the difference in the counterfactual callback rates between female composers
and male composers is nearly zero at all levels of the scoring threshold (Figure 4 Panel b). Yet
when reviewers are male, callback rates for female composers are consistently higher than their
male counterparts across the whole scoring distribution (Figure 4 Panel d), although this difference
is less pronounced at the tail. This additional analysis supports our study’s findings, showing our
results to be generalizable: female names associated with music compositions influence reviewers’
preferences throughout nearly the entire distribution of overall evaluation scores.

D. Other Characteristics

The data shows that senior faculty (45 years and older) preferred female composers and graded
compositions with female names 0.536 points higher than the same compositions with male names
in overall evaluation (0-10 scale), equivalent to 28% of the overall standard deviation. Senior
faculty also rated female composers higher in all five musical dimensions by an average of 0.205
points (1-5 scale) in the structured evaluation. In contrast, there was no evidence of gender bias in
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younger faculty (under 45 years old) in their evaluations. All the results are consistent using
regression analysis and can be found in Table 5 (See also Appendix Figure A-1). We test whether
there is a statistically significant difference in evaluation scores between younger faculty and elder
faculty reviewers; Panel C in Table 5 shows that this difference is only at the marginal line of
statistically significance in overall evaluation (P-value<0.1), and not significant in structured
evaluation.

Table 6 presents results showing scoring separated out among participating faculty reviewers of
differing tenure status: adjunct instructor, assistant professor, associate professor, and full
professor. Gender bias was observed among full professor reviewers. They showed preference for
female composers in overall evaluations and structured evaluations, and compositions associated
with female names received higher ratings in all five musical dimensions (although scoring
differences for tempo and orchestration were not statistically significant.). All the differences are
presented in Table 6 (See also Appendix Figure A-1). Full professors showed the only statistically
significant bias in favor of female composers of the reviewer tenure status groups. Compositions
with female names were rated 0.852 points higher on average (0-10 scale) in overall evaluation,
and an average of 0.415 points higher in structured evaluation (1-5 scale). This bias toward female
names in overall evaluation corresponds to 44% of the overall standard deviation. All the lower-
ranked professors, including adjunct professors, assistant professors, and associate professors did
not exhibit a statistically significant gender bias. We further test whether there is a statistically
significant difference in evaluation between tenured professors (Associate professor and above)
and others. Panel C in Table 6 shows that this difference is only at the marginal line of statistical
significance in overall evaluation (P-value<0.1) and not statistically significant in structured
evaluation. We note that the patterns between the overall score and the average score (based on
the structured evaluation) appear slightly different in Tables 5 and 6. We suspect that evaluators
have differing opinions on what they consider to be a good composition. We explain more about
the overall evaluation versus the structured evaluation in the next section.

E. Overall versus Structured Evaluation

Hypothesis C predicted that discrimination against female composers would be reduced or
eliminated through structured evaluation. However, a preference for female composers emerged,
regardless of the evaluation method used. Although the differences in magnitudes between the two
measurement designs (0.294 points on the 0-10 scale and 0.182 points on the 1-5 scale) are not
directly comparable, the results underscore the persistent biases in structured evaluations.

Within the structured evaluation framework, gender bias appeared evident both in the overall
evaluation and across all five music categories, with form and tempo achieving statistical
significance at the 10% level. Reviewers who favored compositions associated with female names
rated these pieces consistently higher, whether assessing specific musical features, detailed
components, or the composition as a whole. The use of structured evaluations did not seem to alter
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the gender biases of faculty reviewers. Although a minor discrepancy exists between the overall
scores and the average scores of structured evaluation in the heterogeneity analysis, the current
evidence does not suggest that structured evaluations effectively diminish inherent biases.

One key limitation in our study is our adoption of a within-subjects experimental design over a
between-subjects approach when comparing overall against structured evaluation. Ideally, one
group of respondents could focus solely on the overall evaluation survey, while another group
exclusively focus on the structured variant, facilitating a between-subjects test. Several
considerations influenced our choice of a within-subjects test. Primarily, given the distinctiveness
of our population, a between-subjects test might further constrain the study's statistical power.
Additionally, we refrained from confining respondents solely to the structured evaluation, as
composition competitions do not typically employ this method. Moreover, directing reviewers to
assess only the overall evaluation would be at odds with our stated invitation purpose to explore
evaluation criteria.

We have instituted design measures to reduce the likelihood of score harmonization. Once
reviewers progress to the structured section, they cannot revert to the previous page to modify their
overall scores. Furthermore, the scales for the scores are intentionally differentiated: the overall
evaluation is on a 1-10 scale while the structured evaluation uses a 1-5 scale. This distinction
makes it less intuitive for reviewers to directly align the two assessments.®

6. Robustness Check

We conducted further robustness checks to examine whether very short response times affect our
main results. Although we consider it unlikely that response times would significantly change our
outcomes—since some professional judges may have downloaded the scores and evaluated them
offline, resulting in unusually quick response times—we decided to test this common concern. To
do so, we excluded those who have unusually short response times (below the bottom 5%). As
shown in Table 7 and Table 8, these results are almost identical to the main results in Table 2 and
Table 3.

To understand our external validity, we coded the background information of more than one
thousand respondents and non-respondents and tested for any significant differences between the
two groups. Our analysis is limited by the basic information available on faculty websites. Based
on the results in Table 9, we find that respondents are very similar to non-respondents in terms of
the gender proportions and their institution is public or private. However, faculty in our experiment
are less likely to be tenured faculty. It is unclear whether this response rate difference is correlated

5 In future surveys, switching the order of the overall and structured evaluations could help mitigate the anchoring
effect, where faculties might attempt to harmonize the two types of scores.
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with gender bias. Nonetheless, if our heterogeneity analysis holds (i.e. senior faculty favors female
composers), our current results may actually underestimate female favoritism.

To address any concern that outliers may drive the results, we re-estimated our main coefficients
after dropping the observations that have overall scores below 1st and above 99th percentile. The
results, shown in Table 9 and Table 10, are consistent with our main results.

7. Discussion

To interpret our findings, we consider economic models of discrimination that could potentially
explain our results, while acknowledging that our experiment was not designed to explicitly test
these models. The literature on discrimination typically highlights two main frameworks—taste-
based and statistical discrimination—with newer discussions introducing dynamic, belief-based
models that account for evolving perceptions over time (Fryer, 2007; Fryer and Jackson, 2008;
Schwartzstein, 2014; Bohren et al., 2019; Bohren et al., 2022). Given the complexity of these
models, we examine how each may relate to our findings.

Our results diverge from predictions of the statistical discrimination model, which assumes correct
beliefs about group characteristics and thus does not predict a reversal of gender bias. Instead, our
findings may be more consistent with a belief-update framework, where evaluators’ initial biases
evolve as they receive new information. Assuming, as some music literature suggests, that
historical biases may have disadvantaged women composers, our findings could reflect a belief-
update process in which evaluators adjust their expectations upon recognizing the merit of
compositions by women. This perspective, based on the accumulated awareness of past challenges
women have faced in music composition, might account for the greater preference senior faculty
members show toward female composers, potentially reflecting accumulated awareness of the
unique challenges women face in music composition.

Given that these compositions have already passed through a selective process, senior evaluators
may interpret compositions linked to female names as indicative of exceptional merit, given the
barriers female composers historically face. However, as all compositions were commissioned by
a prestigious institution, we do not observe the prior selection process or the belief-reversal
dynamics directly.

In contrast, the statistical discrimination model suggests that biases are rooted in observable
characteristics and are expected to diminish over time with the accumulation of new information,
but without a reversal. Our results do not align with this model, as the observed gender reversal
contradicts with the prediction. Furthermore, this model would suggest that less experienced
evaluators, who may rely more heavily on statistical generalizations, would show stronger gender
biases, yet our findings do not support this. Existing literature also reinforces that, unlike certain
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instrumental performances, composition and conducting are male-dominated fields often subject
to stereotypes that disadvantage women, challenging a purely statistical interpretation.

Alternatively, our findings might also fit a revised taste-based model. Traditional taste-based
models, originating from Becker’s framework, posit that individuals experience utility or disutility
based on interactions with specific groups. In our setting, it is possible that male evaluators,
particularly those in senior positions, derive a form of utility from awarding higher ratings to
female composers, potentially as a deliberate response to historical underrepresentation. This
modified model would suggest that senior evaluators could view supporting female composers as
a way to address long-standing gender disparities within the field.

8. Conclusion

In this study, we replicated a composition competition, an event crucial to composers’ careers,
which is similar to conferences in other fields. We used new compositions of equal quality created
by professional composers and employed a simple 0—10 rating scale to evaluate the works. This
design helped to eliminate potential endogenous unobservables between female and male
candidates which is a common issue in observational studies.

This study adds to the discrimination literature. Contrary to the gender discrimination prediction,
we found a bias favoring female names in professional settings. When we tested the in-group bias
hypothesis, we found an out-group bias, in which male reviewers gave higher scores toward female
composers. These results were consistent across overall and structured evaluations.

Some may be concerned that our results are driven by the experiment demand effect. Faculty
members, for instance, could have googled the name of the composition and figured out that this
was a study about gender, resulting in the Hawthorne effect with male evaluators giving favored
evaluations toward female composers. We contend that this effect is unlikely. The study’s
compositions are all newly commissioned works with no public information available online, so
the actual composers’ names cannot be revealed. We also double-checked that our fictitious names
were not the same as real composers’ names. It is quite common that junior composers or
composition students do not yet have a prominent online portfolio. One may also be concerned
that the two-female-two-male design in our experiment leads to a subtle signaling effect for
diversity. We cannot eliminate this factor but note that this design is not uncommon, as many
female composers have advanced as finalists of multiple well-known competitions in recent years.

Our study addresses the literature on women’s underrepresentation in the academy, which typically
focuses on the STEM fields. By examining an extreme case of gender imbalance in a non-STEM
field, we fill a critical gap in the literature. While our unique setting may limit generalizability of
our findings, we argue that it is advantageous to examine unique settings to explore gender issues,
as other studies have done in the cases of Olympic sport evaluators (Sandberg 2017) and
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competitive chess game players (Backus et al. 2023). Our study examines a non-STEM field with
an extreme unbalanced woman representation that may exhibit a larger stereotype against women
than other traditional male-dominated fields, such as physics and math. Despite the high degree of
male domination in this field and the professionalism of our designed evaluation process, we
unexpectedly observed a favoring effect toward women. The puzzling question remains: although
little gender bias is observed, what explains the extremely low representation of women composers?
(O’Bannon, 2014, 2015, 2016; Brown, 2018; Doolittle, 2018; Ting, 2018). While our paper alone
cannot answer this question, it offers insights for further investigation. As for a concrete policy
implication, our results align with Bagues et al. (2017) that having more female evaluators does
not necessarily increase the odds for female candidates to succeed.

Despite the statistically significant results of our study, the findings should be interpreted carefully.
We are reminded by the recent paper in the Journal of Economic Perspectives that discrimination
can come in various forms (Small and Pager, 2020). The prevalent taste and statistical
discrimination models may not capture all reasons and mechanisms behind differential treatment.
Discrimination can be unintentional, institutional, historical, or come through mundane everyday
interactions. Our study, which focuses on the assessment of sample compositions, observes only
one arena for a composers’ carcer advancement, and therefore, does not capture the larger
institutional or historical dimensions of the problem. We acknowledge that gender bias may exist
in other evaluation processes, including the review of resumes, curricula vitae, and letters of
recommendation as investigated in other studies (Steinpreis et al., 1999; Bornmann et al., 2007;
Knobloch-Westerwick et al., 2013; Moss-Racusin et al., 2012; Trix and Psenka, 2003). Another
caveat is that our study is not a hiring experiment, and thus the results have limitations in
translating into employment in music composition professions. Finally, our study does not capture
temporal changes in this field. If the recent call for diversity is an explanation of our results, it may
only “benefit” a small number of composers of a generation, and the broader inequality remains.

With these limitations in mind, our findings suggest that women’s underrepresentation in
professional composition is not necessarily a result of unfair evaluation in composition
competitions. At the very least, demand side discrimination should not be viewed as the only cause.
This finding urges us to also look closely at the “supply side” factors, including self-confidence,
stereotypes, training pipelines, etc., to understand the underlying causes of inequalities (Bordalo
et al, 2016; Bordalo et al, 2019). Our results speak to other research showing zero or positive bias
for females in academia (Ceci and Williams, 2015; Williams and Ceci, 2015; Breda and Hillion,
2016; Card et al., 2022%), in which researchers argue that the underrepresentation of women in
certain STEM fields is less about unfair evaluation in higher education or the labor market, and
more a result of “pre-college factors and the subsequent likelihood of majoring in these fields.”
(Ceci et al., 2014). The applicability of our insights to STEM and other fields, however, is yet to

6 Card et al. (2022) examine the selection of Fellows of the Econometric Society. They found that there was gender
gap in earlier decades, and the effect flips favoring women in the most recent decade.
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be determined. Further research is valuable in other aspects of this profession, such as composers’
employment, pay, and career advancement, to yield a more conclusive judgment.
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9 Figures and Tables

Figure 1: Graphical analysis of overall evaluation

1

© 4 1
st

'

1

1

1

1

'

1

1

0 — 1

1

'

1

1

1

1

'

(] 1

g :

(2] '

(o) 1

o)) 1

< 1

= 1

e |

— 1

< 1

1

1

'

1

1

1

1

Al — 1

1

1

1

1

'

1

1

1

O 1

L

Total Sample Female Reviewers Male Reviewers
Overall Evaluation

B FemaleNames || Male Names

Note: All the bars represent the average scores in Part I overall evaluation (0-10) for compositions associated
with female names vs. male names. The left two bars are mean scores among the total sample; the middle
two bars are mean scores among female reviewers; the right two bars are mean scores among male reviewers.
Error bars represent standard errors.
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Figure 2: Graphical analysis of structured evaluation
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Note: All the bars represent the average scores in Part II structured evaluation (scaled from 1 to 5, namely
“Extremely Weak,” “Somewhat Weak,” “Neutral,” “Somewhat Strong,” “Extremely Strong”) for composi-
tions associated with female names vs. male names. Compositions are evaluated in five categories. The last
right two bars correspond to the average scores of the five categories. Error bars represent standard errors.
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Figure 3: Value of Composers’ Gender over Selectivity Distribution

(a) Empirical CDF of Overall Evaluation
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Note: Empirical CDF of Owerall Evaluation Score is in panel (a). The CDFs show the share of compositions with each
characteristic (ex: written by hypothetical male or female composers) with an overall evaluation score less than or equal to
each value. The counterfactual callback rates for female names is in panel (b), which plot the equivalent “callback rate” for
that group. That is, the composition for that group receive the score above the callback rate when it is set at any given rating
threshold. Error bars represent 95% confidence intervals. The confidence intervals are calculated from a linear probability
model where the dependent variable is an indicator for being at or above a threshold and the independent variable is a dummy
variable indicating the composer’s characteristic (i.e. female).
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Figure 4: Composers’ Gender by Reviewers’” Gender over Selectivity Distribution
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is in panel (b) and (d). The top row shows the empirical CDF and counterfactual callback rate when the reviewers are female,
while the bottom row shows similar figures when the reviewers are male. The CDFs show the share of compositions with each
characteristic (ex: written by hypothetical male or female composers) with a overall evaluation score less than or equal to each
value. The counterfactual callback plot shows the equivalent “callback rate” for that demographic group (in this case, female
composers). That is, the share of the composers that would be called back if the rating threshold is set at any given value.
Error bars represent 95% confidence intervals. The confidence intervals are calculated from a linear probability model where
the dependent variable is an indicator for being at or above a threshold and the independent variable is the dummy variable
indicating a composer’s characteristic (i.e. female).
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Table 1: Summary Statistics and Test for Randomization

Overall Randomization A Randomization B P-value for testing the
(M,F,M,F) (F,M,F,M) difference of (2) and (3)
Mean Mean Mean
(S.D.) (S.D.) (S.D.)
(1) (2) (3) 4)
Female (0/1) 0.163 0.180 0.145 0.035
(0.369) (0.385) (0.353) (0.076)
White (0/1) 0.863 0.885 0.841 0.044
(0.344) (0.319) (0.366) (0.061)
Age younger than 45 (0/1)  0.524 0.443 0.603 -0.161*
(0.500) (0.498) (0.490) (0.093)
Adjunct professor(0/1) 0.339 0.344 0.333 0.011
(0.474) (0.476) (0.472) (0.087)
Assistant professor(0/1) 0.234 0.213 0.254 -0.041
(0.424) (0.410) (0.436) (0.076)
Associate professor(0/1) 0.177 0.164 0.190 -0.027
(0.382) (0.371) (0.393) (0.068)
Full professor(0/1) 0.218 0.213 0.222 -0.009
(0.413) (0.410) (0.417) (0.074)
Public school(0/1) 0.613 0.623 0.603 0.020
(0.488) (0.486) (0.490) (0.103)
Overall evaluation 5.438 5.484 5.393 0.091
(1.920) (1.887) (1.954) (0.266)
Observation 496 248 248 496

Note: Standard deviations are in parenthesis. Four faculty reviewers are from the institutions that do not have the conventional
rank system, making the four ranks added up <1. To test the balance, each row reports results from separate regressions, where
the independent variables are binary indicators of receiving randomization A (otherwise means receiving randomization B).

Robust standard errors clustered at schools are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Table 2: Overall Results for Gender Bias in Music Evaluation

VARIABLES Overall Form  Tonality Tempo  Orch Artistic

Average score

(2)-(6)
(1) (2) (3) (4) () (6) (7)
Female names 0.305%F  0.158  0.203**  0.0860 0.247**  0.246** 0.188**
(0.145) (0.109) (0.0929) (0.100) (0.0978) (0.0962) (0.0723)
Average score of outcome variable 5.437 2.919 3.022 3.032 3.112 3.078 3.033
Standard deviation of outcome variable  1.919 1.035 1.056 1.059 1.127 1.087 0.821
Observations 496 496 496 496 496 496 496
R-squared 0.618 0.397 0.447 0.464 0.452 0.447 0.495

Note: All the results are based on regressions with female names dummy (1 if assigned with female names; 0 otherwise) as the
independent variable and all the scores in Part I and Part II as the outcome variable. Part I is the overall evaluation scored on
a 0-10 scale. Part II is the structured evaluation scaled from 1 to 5, namely “Extremely Weak,” “Somewhat Weak,” “Neutral,”
“Somewhat Strong,” “Extremely Strong.” The top row represents the regression coefficient. All regressions are controlled for
reviewer and composition fixed effects. Robust standard errors clustered at schools are reported in parentheses. *** p<0.01, **
p<0.05, * p<0.1. The number of observations is the unique combination of composition and reviewer, based on 124 reviewers’

evaluations for four compositions.
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Table 3: In-group Bias in Music Evaluation

VARIABLES Overall Form  Tonality = Tempo Orch Artistic Average score

(2)-(6)
(1) 2) 3) (4) (5) (6) (7)
Same gender -0.380%*  -0.200*% -0.251%**  -0.184* -0.245%* -0.250** -0.226%**
(0.145)  (0.107)  (0.0933)  (0.0993) (0.0957) (0.102) (0.0724)
Average score of outcome variable 5.437 2.919 3.022 3.032 3.112 3.078 3.033
Standard deviation of outcome variable — 1.919 1.035 1.056 1.059 1.127 1.087 0.821
Observations 496 496 496 496 496 496 496
R-squared 0.621 0.400 0.452 0.470 0.451 0.447 0.500

Note: All the results are based on regressions with the same gender dummy (1 if reviewers and assigned composers are the
same gender; 0 otherwise) as the independent variable and all the scores in Part I and Part II as the outcome variable. Part I is
the overall evaluation scored on a 0-10 scale. Part II is the structured evaluation scaled from 1 to 5, namely “Extremely Weak,”
“Somewhat Weak,” “Neutral,” “Somewhat Strong,” “Extremely Strong.” The top row represents the regression coefficient. All
regressions are controlled for reviewer and composition fixed effects. Robust standard errors clustered at schools are reported
in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The number of observations is the unique combination of composition and
reviewer, based on 124 reviewers’ evaluations for four compositions.

Table 4: Gender Bias in Music Evaluation - Female Heterogeneity

Average score

VARIABLES Overall Form  Tonality Tempo Orch Artistic (2)(6)
(1) 2) (3) (4) (5) (6) (7)
Panel A: Female Professor
Female names -0.278  -0.184 -0.157  -0.301**  -0.0379 -0.0278 -0.141
(0.289) (0.165) (0.210)  (0.126)  (0.142) (0.306) (0.114)
Observations 80 80 80 80 80 80 80
R-squared 0.602 0.305 0.437 0.408 0.437 0.400 0.464
Panel B: Male Professor
Female names 0.402*%*%  0.208% 0.272%**  (0.161  0.289*** (.293%** 0.244%**
(0.160) (0.122) (0.102)  (0.115)  (0.109) (0.104) (0.0814)
Observations 412 412 412 412 412 412 412
R-squared 0.624 0.419 0.456 0.478 0.450 0.459 0.504
Panel C: Total Sample
Female names 0.402*%% 0.209% 0.273*%**  0.160  0.291%%F (.293%** 0.245%**
(0.160) (0.122)  (0.102)  (0.115)  (0.109)  (0.104) (0.0814)
DID result (Female names X Female Professor) -0.668* -0.368* -0.409*  -0.470**  -0.299 -0.322 -0.374%%*
(0.346) (0.219)  (0.235)  (0.179)  (0.199) (0.300) (0.142)
Observations 492 492 492 492 492 492 492
R-squared 0.626 0.403 0.452 0.469 0.454 0.446 0.502

Note: All the results are based on regressions with female names dummy (1 if assigned with female names; 0 otherwise) as the
independent variable and all the scores in Part I and Part I as the outcome variables. Part I is the overall evaluation scored on
a 0-10 scale. Part II is the structured evaluation scaled from 1 to 5, namely “Extremely Weak,” “Somewhat Weak,” “Neutral,”
“Somewhat Strong,” “Extremely Strong.” The top panel reports the regression coefficients for female faculty reviewers; The
bottom panel reports the regression coefficients for male faculty reviewers. All regressions are controlled for reviewer and
composition fixed effects. Robust standard errors clustered at schools are reported in parentheses. *** p<0.01, ** p<0.05, *
p<0.1. The number of observations is the unique combination of composition and reviewer, based on 123 reviewers’ evaluations
for four compositions as one reviewer identified the gender question as “other.”
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Table 5: Gender Bias in Music Evaluation - Age Heterogeneity

Average score

VARIABLES Overall Form  Tonality Tempo  Orch  Artistic (2)(6)
(1) (2) ®3) 4) (5) (6) (7)
Panel A: Younger Professor (<45)
Female names 0.0261  0.106 0.191 0.0721  0.181 0.173 0.145*
(0.185) (0.147) (0.119) (0.120) (0.145) (0.130) (0.0824)
Observations 260 260 260 260 260 260 260
R-squared 0.585 0.364 0.411 0.443 0.450 0.471 0.490
Panel B: Older Professor (>45)
Female names 0.536**  0.164 0.199 0.103  0.283** 0.278* 0.205*
(0.234) (0.156) (0.132) (0.161) (0.128) (0.151) (0.117)
Observations 236 236 236 236 236 236 236
R-squared 0.656  0.427 0.501 0479  0.453 0.455 0.504
Panel C: Total Sample
Female names 0.571*%%  0.188 0.208 0.102  0.300%* 0.301** 0.220*
(0.220) (0.153) (0.133) (0.158) (0.127) (0.147) (0.114)
DID result (Female names X Younger Professor) -0.510% -0.0572 -0.00792 -0.0311 -0.101  -0.105 -0.0606
(0.297) (0.201) (0.171) (0.197) (0.190) (0.202) (0.137)
Observations 496 496 496 496 496 496 496
R-squared 0.622 0.397 0.447 0.464 0.452 0.447 0.495

Note: All the results are based on regressions with female names dummy (1 if assigned with female names; 0 otherwise) as the
independent variable and all the scores in Part I and Part II as the outcome variables. Part I is the overall evaluation scored on

a 0—10 scale. Part II is the structured evaluation scaled from 1 to 5, namely “Extremely Weak,” “Somewhat Weak,” “Neutral,”

“Somewhat Strong,” “Extremely Strong.” The top panel reports the regression coefficients for younger faculty reviewers; The
All regressions are controlled for reviewer and

bottom panel reports the regression coefficients for older faculty reviewers.

composition fixed effects. Robust standard errors clustered at schools are reported in parentheses. *** p<0.01, ** p<0.05, *
p<0.1. The number of observations is the unique combination of composition and reviewer, based on 124 reviewers’ evaluations

for four compositions.
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Table 6: Gender Bias in Music Evaluation - Rank Heterogeneity

Average score

VARIABLES Overall  Form  Tonality Tempo Orch  Artistic (2)-(6)
1) (2) (3) (4) (5) (6) (7
Panel A: Adjunct Professor
Female names -0.107  -0.0595 0.179 0 0.155 0 0.0548
(0.223) (0.181) (0.164) (0.178) (0.186) (0.168) (0.119)
Observations 168 168 168 168 168 168 168
R-squared 0.626 0.365 0.378 0.438 0.431 0.380 0.460
Panel B: Assistant Professor
Female names 0.406  0.387*  0.0793 0.286  0.242* 0.387** 0.276**
(0.239)  (0.214)  (0.145) (0.169) (0.127) (0.185) (0.111)
Observations 116 116 116 116 116 116 116
R-squared 0.671 0.440 0.524 0.447 0.593 0.547 0.588
Panel C: Associate Professor
Female names 0.425 -0.0458  0.196 -0.262  0.458*%  0.162 0.102
(0.324) (0.161) (0.266) (0.174) (0.246) (0.230) (0.125)
Observations 88 88 88 88 88 88 88
R-squared 0.634 0.385 0.418 0.547 0.527 0.471 0.521
Panel D: Full Professor
Female names 0.852**  0.507**  0.430**  0.356 0.205  0.580** 0.415%*
(0.349) (0.226)  (0.185) (0.268) (0.200) (0.227) (0.184)
Observations 108 108 108 108 108 108 108
R-squared 0.638 0.501 0.546 0.497 0.439 0.499 0.524
Panel E: Total Sample
Female names 0.0915  0.102 0.128 0.0956  0.209*  0.153 0.138*
(0.165)  (0.139)  (0.106) (0.119) (0.123) (0.119) (0.0821)
DID result (Female names X Tenured Professor) 0.540%  0.142 0.190  -0.0243 0.0963  0.237 0.128
(0.291)  (0.197)  (0.183) (0.211) (0.204) (0.203) (0.139)
Observations 496 496 496 496 496 496 496
R-squared 0.622 0.398 0.449 0.464 0.452 0.450 0.496

Note: All the results are based on regressions with female names dummy (1 if assigned with female names; 0 otherwise) as the
independent variable and all the scores in Part I and Part I as the outcome variables. Part I is the overall evaluation scored on
a 0-10 scale. Part II is the structured evaluation scaled from 1 to 5, namely “Extremely Weak,” “Somewhat Weak,” “Neutral,”
“Somewhat Strong,” “Extremely Strong.” The top from the bottom panels reports, respectively, the regression coefficients for
adjunct professors, assistant professors, associate professors, and full professors. All regressions are controlled for reviewer and
composition fixed effects. Robust standard errors clustered at schools are reported in parentheses. *** p<0.01, ** p<0.05, *
p<0.1. The number of observations is the unique combination of composition and reviewer, based on 120 reviewers’ evaluations
for four compositions. Four faculty reviewers are from the institutions that do not have the conventional rank system.
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Table 7: Robustness Check (Gender Bias): Dropping Those Whose Response Times are
Short

Average score

VARIABLES Overall Form  Tonality Tempo Orch  Artistic (2)(6)
(1) (2) (3) (4) (5) (6) (7)
Female names 0.284*  0.152  0.221%%  0.0753  0.244**F (0.221** 0.183**
(0.149) (0.115) (0.0933) (0.0977) (0.101) (0.0942) (0.0727)
Average score of outcome variable  5.491 2.921 3.040 3.057 3.125 3.101 3.049
Extra control for response time YES YES YES YES YES YES YES
Observations 472 472 472 472 472 472 472
R-squared 0.619 0.397 0.453 0.476 0.454 0.452 0.504

Note: All the results are based on regressions with female names dummy (1 if assigned with female names; 0 otherwise) as the
independent variable and all the scores in Part I and Part II as the outcome variable. Part I is the overall evaluation scored on
a 0-10 scale. Part II is the structured evaluation scaled from 1 to 5, namely “Extremely Weak,” “Somewhat Weak,” “Neutral,”
“Somewhat Strong,” “Extremely Strong.” Those whose response times are less than 5% of the bottom tail are dropped. The
top row represent the regression coefficient. All regressions are controlled for reviewer and composition fixed effects. Robust
standard errors clustered at schools are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The number of observations
is the unique combination of composition and reviewer, based on 124 reviewers’ evaluations for four compositions.

Table 8: Robustness Check (In-group Bias): Dropping Those Whose Response Times are
Short

Average score

VARIABLES Overall  Form  Tonality  Tempo Orch Artistic (2)-(6)
(1) (2) 3) (4) (5) (6) (7)
Same gender -0.364*%  -0.214% -0.254%FF  -0.162% -0.242** -0.206** -0.216%%*
(0.149)  (0.113) (0.0934) (0.0964) (0.0993) (0.100) (0.0729)
Average score of outcome variable — 5.491 2.921 3.040 3.057 3.125 3.101 3.049
Observations 472 472 472 472 472 472 472
R-squared 0.622 0.402 0.457 0.481 0.454 0.451 0.509

Note: All the results are based on regressions with female names dummy (1 if assigned with female names; 0 otherwise) as the
independent variable and all the scores in Part I and Part II as the outcome variable. Part I is the overall evaluation scored on
a 0-10 scale. Part II is the structured evaluation scaled from 1 to 5, namely “Extremely Weak,” “Somewhat Weak,” “Neutral,”
“Somewhat Strong,” “Extremely Strong.” Those whose response times are less than 10% of the bottom tail are dropped. The
top row represent the regression coefficient. All regressions are controlled for reviewer and composition fixed effects. Robust
standard errors clustered at schools are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The number of observations
is the unique combination of composition and reviewer, based on 124 reviewers’ evaluations for four compositions.
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Table 9: Robustness Check: Selection into the Survey

In sample Out of sample Difference between those in sample and out sample
Female (0/1) 0.1612 0.1799 -0.019
(0.0331) (0.0124)
Public School (0/1)  0.6363 0.6165 0.0198
(0.0439) (0.0157)
Tenured (0/1) 0.4117 0.6842 -0. 272k
(0.0453) (0.0164)

Note: Those can we cannot identify the rank or the visiting professors are not included in this test. There are 167 out 1081

faculty members who we cannot identify the rank. Robust standard errors clustered at schools are reported in parentheses.

kokok

p<0.01, ** p<0.05, * p<0.1. The number of observations is the unique combination of composition and reviewer, based on 124

reviewers’ evaluations for four compositions.

Table 10: Robustness Check (Gender Bias): Dropping Outliers

Average score

VARIABLES Overall Form  Tonality Tempo Orch Artistic (2)-(6)
(1) (2) (3) (4) (5) (6) (7)
Female names 0.333**  0.169  0.210**  0.102  0.250*%*  0.255%* 0.197***
(0.148) (0.111) (0.0921) (0.101) (0.0989) (0.0980) (0.0733)
Average score of outcome variable — 5.420 2.910 3.012 3.026 3.103 3.071 3.024
Composition fixed effects YES YES YES YES YES YES YES
Respondent fixed effects YES YES YES YES YES YES YES
Observations 492 492 492 492 492 492 492
R-squared 0.611 0.395 0.448 0.465 0.451 0.447 0.495

Note: All the results are based on regressions with female assigned name dummy (1 if assigned with female names; 0 otherwise)

as the independent variable and all the scores in Part I and Part II as the outcome variable. Part I is the overall evaluation
scored on a 0-10 scale. Part II is the structured evaluation scaled from 1 to 5, namely “Extremely Weak,” “Somewhat Weak,”
“Neutral,” “Somewhat Strong,” “Extremely Strong.” The top row represent the regression coefficient. Robust standard errors
clustered at schools are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The number of observations is the unique
combination of composition and reviewer, based on 124 reviewers’ evaluations for four compositions. In this robustness check,
we dropped observations that have overall scores below the 1st and above the 99th percentile.
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Table 11: Robustness Check (In-group Bias): Dropping Outliers

Average score

VARIABLES Overall  Form  Tonality Tempo Orch Artistic (2)-(6)
(1) (2) (3) (4) () (6) (7)
Same gender -0.385%%  -0.194* -0.241** -0.186* -0.235%* -0.253** -0.222%%*
(0.149)  (0.108) (0.0935) (0.100) (0.0960)  (0.104) (0.0734)
Average score of outcome variable 5.420 2.910 3.012 3.026 3.103 3.071 3.024
Composition and respondent fixed effects YES YES YES YES YES YES YES
Respondent fixed effects YES YES YES YES YES YES YES
Observations 492 492 492 492 492 492 492
R-squared 0.614 0.397 0.451 0.470 0.449 0.447 0.498

Note: All the results are based on regressions with same gender dummy (1 if reviewers and assigned composers are the same
gender; 0 otherwise) as the independent variable and all the scores in Part I and Part IT as the outcome variable. Part I is the
overall evaluation scored on a 0-10 scale. Part II is the structured evaluation scaled from 1 to 5, namely “Extremely Weak,”
“Somewhat Weak,” “Neutral,” “Somewhat Strong,” “Extremely Strong.” The top row represent the regression coefficient.
Robust standard errors clustered at schools are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The number of
observations is the unique combination of composition and reviewer, based on 124 reviewers’ evaluations for four compositions.
In this robustness check, we dropped observations that have overall scores below the 1st and above the 99th percentile.
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10 Appendix A: Figures and Tables

Figure A-1: Heterogeneity in gender bias

Favoring Female Names
1
|
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!

-8-6-4-20

Favoring Male Names

-1

T T T T T T T T
Female Male Younger  Older Adjunct Assistant Associate Full

Gender Bias by Reviewers’ Characteristics

_ Difference in Female and Male Names

Note: All the bars represent the gender bias, calculated as the average score difference between compositions with female names
and compositions with male names. Positive (negative) numbers indicate higher (lower) scores to female names than male
names. All the gender bias numbers are estimated based on the regression analysis by different sub-samples based on reviewers’
gender, age (45 years old as the cut-off), and rank. (see estimation strategy in the manuscript and Tables 5-7). Error bars
represent 95% confidence intervals.

39



Figure A-2: One Example Page from The Score
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11 Appendix B: Survey Materials

11.1 Invitation Letter

Dear Composition Faculty,

I would like to invite you to participate in a research study of composition evaluation
conducted at xxx (anonymous institution). The purpose of this study is to better under-
stand criterion used in assessing musical compositions. You will be asked to evaluate four
10-minute orchestral pieces, and the survey will take approximately 40-60 minutes to com-
plete. To compensate for your time, we will provide a seventy-five dollars ($75) e-gift card

upon completion of the survey.

The records of this study will be kept private, and your personal information will not
be identifiable in any future reporting of results. Research records will be kept in password-
protected files; only the researchers will have access to the records. The risks are no more
than experienced in everyday life while using the internet. Study records will be kept confi-

dential to the extent required by law.

To make sure that this research is being carried out in the proper way, the Georgia
Institute of Technology IRB may review study records. The Office of Human Research Pro-
tections may also look at study records. If you have any questions about the study, you may

contact Dr. xxx at telephone (xxx) XXX-XXXX, OI XXX XXX.XXxx.edu.

If you have any questions about your rights as a research subject, you may contact Ms.
xxX, XxX (anonymous institution) at (xxx) xxx-xxxx. Your participation in this study is
voluntary. You do not have to be in this study if you don’t want to be. You have the right
to change your mind and leave the study at any time without giving any reason and without
penalty. You will be given a copy of this consent form to keep. You do not waive any of
your legal rights by agreeing to be in the study. Your completion of this survey provides

your consent to participation.
Thank you for participating in this survey.

Please follow this link to the Survey:
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Take the Survey

Or copy and paste the URL below into your internet browser:

https:/ /xxxxx

Follow the link to opt out of future emails:

Click here to unsubscribe

(Email Signature)

11.2 Composition Evaluation Survey
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PART | Thank you for participating in our survey. We appreciate your time and expertise.

The purpose of this study is to better understand criterion used in assessing musical
compositions. Below you will be asked to evaluate four (4) 10-min orchestral works. Please
evaluate the compositions as if you were judging a final round of a Call for Score composition
competition.

The survey takes approximately 40-60 minutes to complete. You can save your answers and
return at a later time. Upon completion of the survey, you will be awarded a $75 gift card for

your time.

Click the next button to get started!

Q1 Please evaluate the composition as if you were judging a composition competition, and
provide your general recommendation for composition No.1.

Fluorescence of Moss Score.pdf
Fluorescence of Moss Recording.mp3

Overall Recommendation () '
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Q2 Please evaluate the composition as if you were judging a composition competition, and
provide your general recommendation for composition No.2.

Stockholm Score.pdf
Stockholm Recording.mp3

Overall Recommendation () '
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Q3 Please evaluate the composition as if you were judging a composition competition, and
provide your general recommendation for composition No.3.

The Irresistible Embrace of Singularity Score.pdf
The Irresistible Embrace of Singularity Accompanying Tape.mp3
The Irresistible Embrace of Singularity Recording.mp3
0 1 2 3 4 5 6 7 8 9 10

Overall Recommendation () l
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Q4 Please evaluate the composition as if you were judging a composition competition, and
provide your general recommendation for composition No.4.

FiddleSticks! Score.pdf
FiddleSticks! Recording.mp3

Overall Recommendation () '

PART Il In the next section, you will be asked to provide detailed assessments of the four
pieces as we are interested in understanding the criterion used in evaluating musical
compositions. Please refer to the scores and recordings when providing your evaluation.
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Q5 For Musical Composition No.1, please rate the artistic achievement of the following:

Fluorescence of Moss Score.pdf
Fluorescence of Moss Recording.mp3

Extremely Somewhat Neutral (3) Somewhat Extremely
Weak (1) Weak (2) Strong (4) Strong (5)

Form /
Structure (1)

Tonality /
Harmony (2)

Tempo /
Rhythm (3)

Orchestration

(4)

Artistic
Originality (5)
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Q6 For Musical Composition No.2, please rate the artistic achievement of the following:

Stockholm Score.pdf
Stockholm Recording.mp3

Extremely Somewhat Neutral (3) Somewhat Extremely
Weak (1) Weak (2) Strong (4) Strong (5)

Form /
Structure (1)

Tonality /
Harmony (2)

Tempo /
Rhythm (3)

Orchestration

(4)

Artistic
Originality (5)
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Q7 For Musical Composition No.3, please rate the artistic achievement of the following:

The Irresistible Embrace of Sinqularity Score.pdf

The Irresistible Embrace of Singularity Accompanying Tape.mp3

The Irresistible Embrace os Singularity Recording.mp3

Form /
Structure (1)

Tonality /
Harmony (2)

Tempo /
Rhythm (3)

Orchestration

(4)

Artistic
Originality (5)

Extremely

Weak (1)

Somewhat

Weak (2)

Neutral (3)

Somewhat

Strong (4)

Extremely
Strong (5)
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Q8 For Musical Composition No.4, please rate the artistic achievement of the following:

FiddleSticks! Score.pdf

FiddleSticks! Recording.mp3

Form /
Structure (1)

Tonality /
Harmony (2)

Tempo /
Rhythm (3)

Orchestration

(4)

Artistic
Originality (5)

Extremely

Weak (1)

Somewhat

Weak (2)

Neutral (3)

Somewhat

Strong (4)

Extremely
Strong (5)

Page 8 of 10



Q9 Finally, please make your final recommendation for the winner of the mock competition.
(pick only one piece)

Fluorescence of Moss (Michael Adams) (1)
Stockholm (Rebecca Moore) (2)
The Irresistible Embrace of Singularity (Sean Campbell) (3)

FiddleSticks! (Tara Davis) (5)

Q10 Please specify your age range.

18-24 years old (1)
25-34 years old (2)
35-44 years old (3)
45-54 years old (4)
55-64 years old (5)
65-74 years old (6)

75 years or older (7)

Q11 Please specify your gender.
Female (1)
Male (2)

Other (3)
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Q12 Please specify your ethnicity.
White (1)
Black or African American (2)
American Indian or Alaska Native (3)
Hispanic or Latino (4)
Asian/Pacific Islander (5)

Other (6)
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