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Abstract

We use data from 30 countries and find that the more women in a discipline, the lower
quality the research in that discipline is evaluated to be and the lower the funding success
rate is. This affects men and women, and is robust to age, number of research outputs, and
bibliometric measures where such data are available. Our work builds on others’ findings
that women’s work is valued less, regardless of who performs that work.

eLife Assessment

This study provides convincing evidence that the quality of research in female-
dominated fields of research is systematically undervalued by the research
community. The authors' findings are based on analyses of data from a research
assessment exercise in New Zealand and data on funding success rates in Australia,
Canada, the European Union and the United Kingdom. This work is an important
contribution to the discourse on gender biases in academia, underlining the
pervasive influence of gender on whole fields of research, as well as on individual
researchers.

https://doi.org/10.7554/eLife.97613.2.sa3

Introduction

Many have observed that women’s research is evaluated as lower quality than men’s research.
[13, 2] And apart from a few exceptions [3Z -5 ], most analyses show that women’s funding

and promotion decisions to funding success. Other studies have explored possible explanations for
this seemingly gendered pattern in evaluation of research quality, such as societal [1Z, 82,
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We find a strong correlation between the evaluated quality of a researcher’s work and the gender
balance of the researcher’s discipline. Researchers, both male and female, in female-dominated
disciplines receive lower evaluations. This finding is robust to bibliometric differences across
disciplines. We also find that funding success rates display a similar correlation. Applications from
researchers, both male and female, in female-dominated disciplines have lower success rates.

Academic disciplines can be quite different to one another in ways such as publication
rates[15(2 ], citation rates [16 (2] and expected h-indices [17 2 ]. There are different norms for the

suggests there are interactions between individual and discipline level characteristics. Higher
‘expectations of brilliance’ in a discipline is related to a lower proportion of women entering
[202]; and research area is a strong contributor to the lower funding success rates of African

That women score lower on evaluations of research quality is not surprising. On an individual
level, women publish less than men [2(2, 227, 232 ], receive fewer citations [24Z, 25 ], and

proportion of women in a discipline is correlated with lower research quality evaluations and
funding success rates, for everyone in the field.

We use independent datasets spanning thousands of researchers and 30 countries and look
separately at research funding success rates and holistic research quality scores. Where possible
we account for researcher characteristics like age, research institution and publishing patterns.
We consistently find that researchers in male-dominated disciplines have both higher funding
success rates, and higher research quality scores, than researchers in female-dominated
disciplines. This applies to both men and women.

Data and Methods

We analysed research quality and funding success separately. We used data from 4 sources (PBRF,
ARC, CIHR, EIGE), spanning 30 countries (described fully in Supplementary Materials). The ARC,
CIHR and EIGE datasets cover funding success rates across 29 countries. The PBRF dataset covers
research quality evaluations for all university academic staff in New Zealand. Summary data from
the 4 datasets are reported in Table 1 . The discipline category definitions varied in each dataset,
e.g. EIGE data used Science as a discipline whereas PBRF broke this down into smaller groupings
like physics, biology etc. Supplementary material contains full information for each dataset. Due to
data limitations, we consider gender as binary, data on non—binary individuals were either not
available (EIGE and CIHR) or the group was too small to be included (PBRF and ARC).

Research quality evaluations: we use the Aotearoa, New Zealand (ANZ) Performance Based
Research Fund (PBRF) data. This dataset contains holistic research portfolio evaluations of every
research active academic in ANZ over three time spans (2000-06, 2007-12, 2013-18). The holistic
research portfolio includes an individual’s self-nominated best three or four publications, in full,
with descriptions of the importance and impact of the publications. It also includes non-
publication aspects such as contributions to the research environment like chairing a conference
organisation committee. Evaluation is done by subject area panels of experts, who read the
publications and evaluate the individual’s holistic contribution. It is not an automated process and
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Scheme PBRF ARC CIHR EIGE
. Predominantly
Country Aotearoa, New Zealand Australia Canada EU
Timespan 2000-06 | 2007-12 2013-18 2010-19 2011-16 2019
Disciplines 42 42 43 22 4 8
Evaluation Research Quality Score (200 - Funding success
700)
Women 1708 2658 3297 46,231 8,143 49,863
Men 2522 4005 4181 130,331 15,775 85,305
Data points 4230 6663 7487 440 16 333
Outcome Mean score Success rate
Women 272 368 379 25.7% 14.7% 27.0%
Men 351 424 433 27.1% 16.4% 30.3%
Table 1

A summary of the four independent datasets used in the study showing: country,
time period of the data, number of disciplines, research evaluation method, number
of individuals or applicants by gender, number of individual data points, output
variable and mean expected output for each gender across the whole dataset.
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does not explicitly use measures such as h-indices, number of publications or number of citations.
The evaluation explicitly claims to focus on quality over quantity [33 2 ]. Panels are likely to be
more gender balanced than the fields they assess but in the more heavily skewed fields (e.g.
Education, Engineering, Mathematics) they are skewed as would be expected. The PBRF is

described in more detail in Supplementary Material.

With over 18,000 individual data points this dataset is a unique opportunity to explore a question
such as this. To examine the robustness of any findings to bibliometric measures, we use a subset
of the PBRF data from one university to compare anonymised detailed research output data to
each individual’s PBRF score.

Funding Success Rates: we use three independent publicly available datasets: Australian Research
Council (ARC) application success rates from 2010 to 2019; Canadian Institute of Health Research
application data from 2013 to 2016; and data covering government research grants across the EU
and UK in 2019 from the European Institute of Gender Equality (EIGE). These data sets all provided
aggregated data on the number of applications and successes by gender for each research
discipline, i.e. not individual level data.

The data sets are briefly described in the text, Table 1@ and (Table S1) and full data details are in
Supplementary Materials. Each dataset is analysed separately and the analysis includes the sample
size of each aggregated datapoint. We define a maximal model including two-way interactions
between the three key variables: the gender balance of the discipline measured by the proportion
of researchers who are men, p,op; researcher gender, Gender; and, where appropriate, Time. Any
other available variables, e.g. researcher age, institute or country were included as linear terms
with either a fixed (Age) or random (Institute or Country) effect. We measure ‘best’ by the lowest
AIC and the choice is robust by other similar measures e.g. maximising Pearson’s R-squared or
omitting non-significant variables. Table 22 shows the maximal models and the best models for
each of the datasets.

Scoring research quality

First, we look at the only country that scores all individual university researchers. The Aotearoa
New Zealand Performance-Based Research Fund (PBRF) scores are individual level micro-data on
the results of 18,371 holistic research quality assessment scores of 13,555 individuals in ANZ for
the PBRF assessments. The assessments were carried out at three separate time points. In each of
2006, 2012, and 2018, staff members at all of the eight universities in ANZ, were given a research
performance score from 0 to 700 based on a holistic assessment of their research portfolio over
the previous 6 years. Individuals with scores over 200 were considered research active. At each
assessment, between 4,000 and 8,000 researchers were assessed. The scores, based on assessments
by local and international experts on 14 different subject area panels, were used to allocate
government performance-based research funding to universities. Although many researchers
were present for more than one round, we analyse each of the three time points separately to
examine the link between research score and the gender balance of a researcher’s discipline.

We use a linear regression model to predict the research quality score using the available
variables, in particular the gender balance of the discipline, p;ep. Although the data is strictly
count data requiring a Poisson model we use a simple linear model as all the predicted values are
large, i.e. between 200 and 700. We start with the maximal model of Table 2 that includes our
key variables of interest Gender and p,.,, with interactions and the confounding variables Age
and Institute as linear terms with no interactions. We compare all candidate models up to the
maximal model and choose the best model by minimising AIC. The electronic Table E2 gives the
full output from all candidate models. For all datasets all terms in the best model (PBRF3 in
TableE2) were significant (p < 0.05) and the best model had a AAIC > 2 compared to the second
best.
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Response Maximal model Best model (lowest AIC)
PBRF Score Age + (1|Inst) + f(Gender, Pmen) | Age + (1]Inst) + Gender * ppen
ARC f(Gender, pmen, Time) (Gender + ppen) * Time
) grant , )
CIHR | logit (P (success)) f(Gender, pyen, Time) Gender + ppen + Time
EIGE (1|Country) + f(Gender, Pmen) (1|Country) + Gender * pen
Table 2

Maximal candidate model and best fit model to predict Score for PBRF and
logit(P(Success)) for each dataset. Wilkinson notation is used to indicate interaction terms.
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The best model for all three time points was
Score~Age + Institute + Gender * Pien.

The model predicts that individuals in disciplines dominated by men have higher research
performance scores than individuals in female-dominated disciplines; all variables are significant
(p < 0.05, see Table E2) at all time points.

Even after accounting for age in this way, men have higher scores than women; but the difference
between the most male-dominated disciplines and the most female-dominated is larger than the
gap between men and women within any particular discipline. Figure 1 shows the mean raw
score of each discipline by gender (women red +, men blue x) in each assessment period (A) 2006,
(B) 2012, (C) 2018. The line is the expected model output for a 50-year-old male (blue line) or
female (red line) researcher at the University of Canterbury (UC) (other ages and institutions differ
by a constant as they are included as linear terms with no interactions). Note that the full model
predictions (lines on Fig 1) are adjusted for age so may appear different from the raw data
(points on Fig 1@). In particular, raw data points from discipline/gender groups with many young
researchers will appear much lower than might be expected at first thought.

By way of example, we consider a 50-year old researcher in 2018 at University of Canterbury (i.e.
lines in Figure 1C(2), Institute and Age are linear terms in the model so a different aged
researcher at another university would show a very similar pattern. We assume our researcher
comes from either a male-dominated discipline (p;ep, = 75%) like Philosophy or Physics; a gender
balanced discipline (pyep, = 50%) such as Psychology or Law; or a female-dominated discipline
(Praen = 25%) like Nursing or Education., In the gender-balanced discipline (Psychology or Law) a
woman’s expected score is 396 out of a possible 700. This is around 8% lower than a man’s
expected score of 432/700 in the same discipline. If a man works in a male-dominated discipline
(Physics or Philosophy), his mean score is now expected to be higher at 452/700. If a man works in
a female-dominated discipline (Nursing or Education), his score will drop to 411/700. In
comparison, a female Philosopher or Physicist can expect a score of 433/700, only slightly lower
than a male researcher in the same discipline. If a woman works in Nursing or Education, her
expected score is now 359/700, a drop of over 20% from the female Philosopher’s expected score
and also lower than the male Nursing researcher’s score.

This effect, of researchers in female-dominated disciplines being predicted to have lower scores
than researchers in male-dominated disciplines, persists for all three assessment rounds but was
much larger in the 2006 round (Fig 1A 2). In all three rounds, the score drop associated with
moving from a male- to a female-dominated discipline is larger for women than for men. Finally
the gender gap within a discipline is much larger in female-dominated disciplines than in male-
dominated ones. Though the gap has closed considerably between 2006 and 2018.

Accounting for bibliometric differences between individuals

Here we explore whether gendered patterns in publication explain the variation in research
scores across disciplines. We show that publications are important but they do not negate our
previous result that researchers in female-dominated disciplines receive lower research scores.

We analysed a subset of data available from UC, one of the eight universities contained in the
PBRF datasets. We included research-active staff, (i.e. PBRF Score > 200) with at least one
publication between 2013-18, working at UC in 2018. Using date of birth, gender, ethnicity, and
discipline we were able to link the university’s internal research publications dataset to individual
PBRF scores for over 80% of individuals (N = 384, 141 female, 243 male). Data records that could
not be linked were excluded.
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Figure 1

Male-dominated disciplines have higher expected research scores
than female-dominated disciplines in all three PBRF assessments.

Points - the mean raw score of individuals in each of the disciplines (full raw data cannot be shown for privacy reasons),
against the proportion of men in the discipline (blue - men, red - women). Lines - expected score from individual level
analysis (N = 4135, 6586, 7467 respectively) adjusting for age, institute, gender, and proportion of men in the discipline, and
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These publications records allowed us to calculate a series of research bibliometrics e.g. number
of outputs, number of citations, expected field weighted citation index of publications etc, for each
researcher. We then used these bibliometrics to predict each individual’s expected research score
(see Supplementary Material for a more detailed description of the data and the analysis). The
bibliometrics were tested separately in an individual regression model

Score~Age + Gender + log (Bibliometric).

The bibliometric that was the best predictor of research score (with minimum AIC and maximum
r-squared) was the total number of outputs Noypyts (See Table E3, model 2). This output gave a
model correlation of r? = 0.325 and the coefficient of Noutputs Was highly significant (p < 0.001), In
this model Age was also significant (p < 0.01) but Gender was not (p > 0.05). The second-best
bibliometric predictor by AIC, number of outputs weighted by number of authors was also a
measure of research quantity, It had correlation r% = 0.280. By comparison the other bibliometrics,
all measures more related to research quality, had r2 < 0.09. We also tested a two bibliometric
model by combining the best predictor, Noy¢puts, With each of the other bibliometrics separately. In
all cases the change in AIC due to the addition of the second bibliometric was very small (AAIC < 2)

and the secondary bibliometric was not significant (p > 0.05) (see Table E2).

The bibliometric analysis shows several things. First, Figure 2A@ shows the best available
predictor of research score was number of research outputs; and bibliometrics related to quality
(e.g. expected field weighted citation index) had almost no effect. Alone, this result is surprising as
documentation on PBRF clearly states that the evaluations are based on quality not quantity of
research [33(Z]. Similarly, Gender is not a predictor of research quality, a man and a women of the
same age with the same number of research outputs have the same expected score. Figure 2A™®
shows the raw scores of all individuals in the single university sample and the predicted
relationship between number of outputs and Score for a 50-year-old of either gender. On average,
men have more outputs than women (Figure 2AZ vertical error bars) and get higher scores

(horizontal error bars).

Having seen that score is strongly correlated to the number of research outputs (Fig 2A(%), we
then test the relationship between the number of outputs and the proportion of men in the
discipline using the same sample of 384 individuals at UC (Fig 2B (@). We start with the maximal
model to allow the relationship to change for each gender

IOg(Noutputs) ~Pmen * Gender

The gender balance of the discipline is highly significant (coefficient pp,e: p < 0.001) but again
Gender is not significant either alone or with an interaction (p > 0.05). So the most parsimonious
model is

log(Noutputs) ~Pmen

meaning a man and woman in the same discipline have, on average, the same number of outputs
and researchers in male-dominated disciplines have, on average, more publications. Taken
together, it is tempting to use these correlations as an explanation for the lower scores for
researchers in female-dominated disciplines. In other words, both men and women in female-
dominated disciplines publish less, and fewer publications lead to a lower score. This explanation
fails the empirical test because, as seen in Figure 172, on average a man receives a higher score
than a woman in the same discipline. This is despite, on average, having the same number of
outputs (Figure 2B2).
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Figure 2

Research score is strongly correlated with number of research outputs (2A), which is
correlated to the gender balance of the discipline (2B); but, after adjusting for a typical
number of research outputs, female-dominated disciplines still have lower scores (2C).

PBRF data using individuals at UC (N=384). A) Score against number of research outputs over the period of the PBRF
assessment. Trend line shows the expected score for a 50-year old. Error bars show the median and interquartile range for
men and women for score (vertical) and number of outputs (horizontal). B) Mean number of outputs by gender for each
discipline against gender balance of the discipline. Trend line from individual level analysis (N = 384), gender was not
significant. C) Expected score of a 50-year-old man and women with the expected number of outputs for a discipline of that
gender balance (25%, 50%, 75% men respectively).
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Finally, we test the relationship of our previous analysis relating Score to Gender and gender
balance, pyep, but now we add the best bibliometric predictor Noyputs

Score~Age + Gender * Ppyen + log(NoutputS).

After using this model to account for the difference in publication norms across disciplines with
different gender balance, the proportion of men in the discipline is still a significant predictor of
score (coefficient and interaction p < 0.05, see Table E3), but now the relationship is more intricate.

In a female-dominated (py,en = 25%) discipline, like Nursing or Education, the expected number of
outputs is low for both genders (Fig 2B @) and scores are correspondingly low. But given that a
man and a woman have the same expected number of outputs for their discipline (as predicted by
Fig 2B (@), the man’s expected score of 412/700 is higher than the woman’s of 361/700 (Fig 2CZ,
left bars). When we consider a male-dominated (pye, = 75%) discipline, like Physics or Philosophy,
given gender-equal (but now likely to be high) publication rates, overall scores are much higher, a
man’s score is predicted to be 467/700 and a woman’s is higher still at 505/700 (Fig 2C @, right
bars). In short, even after accounting for variations in publication rates, researchers in female-
dominated disciplines still have lower expected research scores.

In this detailed look at PBRF scores compared to bibliometric measures, the gender minority has
an advantage over the majority at both ends of the gender balance spectrum. If those in the
gender minority of a discipline have the same number of publications as their majority colleagues
(as our findings suggest they usually do), the gender minority will, on average, receive a higher
research evaluation score.

Here we have presented a more detailed analysis which accounts for publication differences.
Whilst differences between the gender minority and majority in a discipline continue to exist, the
key point remains: when women are in the majority, the scores are lower for everyone (Figure
2C3@).

Far more men work in male-dominated disciplines (PBRF 2018: 74% of men in disciplines with
Pmen > 50%) than women (PBRF 2018: 47% of women in disciplines with p,e, > 50%). Hence men
will benefit overall from a pattern of evaluating research in male-dominated disciplines as higher
quality than research in female-dominated disciplines.

Research funding success rates

We examine funding success rates using three independent datasets. Table 1@ describes the
datasets and shows summary statistics including the number of individuals each data set covers
and the resulting sample size. The raw data in Table 12 suggest women have lower success rates
than men across all the datasets.

We use three independent datasets from: the Australian Research Council (ARC), the Canadian
Institute of Health Research (CIHR) and the European Institute of Gender Equality (EIGE). Each
dataset gives aggregated data on the number of applicants and the number of successes, by gender
and discipline, for research funding. For the ARC and CIHR this is over a number of years, for EIGE
this is in a single year. For EIGE the gender balance of each discipline was available separately for
over 80% of the dataset and covered all researchers in the discipline nationally, in the remaining
cases it was approximated with the applicant gender balance. For ARC gender balance was
available separately (see Supp Mat for details) and again covered the whole population though it
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was only for a single year (2018). Data is also available for 2015 but as no discipline changed by
more than 2 percentage points between 2015 and 2018 it was not used here. For CIHR we used an
approximation based on the number of applicants.

We analyse each dataset separately and use a logistic regression model to predict the funding
success rate. As our three datasets vary considerably rather than choose a model a priori we start
with a maximal model that includes the key variables Gender, py,en, and, when available, Time
with up to two-way interactions between all variables. Any additional available variables are
included as linear terms (see Table 2(%). We compare all candidate models up to the maximal
model and choose by minimising AIC. Analysis was done on raw data so each group was weighted
by sample size. Detailed data descriptions are given in Supplementary Materials.

Australian Research Council (ARC)

The data included applicant numbers and successes across 22 disciplines, corresponding to the
Australian Fields of Research classifications, over the 10 years from 2010 to 2019. See
Supplementary Material for a more detailed data description. Full output from all models tested is
in Table E2 and data are available supplementary material. The best fit model was

logit(P(success))~(gender + pmen) * Year.
All predictors and interactions are highly significant (p < 0.001, see Model ARC2 Table E2).

In 2010, there was a fairly constant disadvantage for women. Gender-balance of the discipline had
a relatively minimal effect on success; for example, in female-dominated (pp,e, = 25%) disciplines
like Nursing a man’s chance of success was 32.6% and hers 30.1%. Similarly, in a male-dominated
discipline (py,en = 75%) like Philosophy a man’s success rate would have increased marginally to
33.1% and a woman’s to 30.5% (solid lines, Figure 3A(%). In 2010, women’s disadvantage in grant
applications was affected more by their gender than by their discipline.

By 2019, overall success rates were much lower (dashed lines Figure 3A@). The effect of gender
was now reversed, giving marginally higher success rates to women but only when compared to
men in the same discipline. In other words, a male Psychology researcher (p,e, = 50%) has a
19.6% success rate compared to a female researcher in the same field at 20.4%. But now the
discipline’s gender balance has a much larger effect. A male Philosopher’s (pye, = 75%) success
rate has increased to 22.4% and a female Philosopher’s success rate is even higher at 23.3%.
However, in Nursing (p,en = 25%), a female applicant has only a 17.8% probability of success; this
is slightly higher than the male applicant’s 17.0% probability of success. Compared to 2010, the
gender disadvantage has been replaced by the larger disadvantage of being in a female-
dominated discipline.

Canadian Institute of Health Research (CIHR)

This dataset was published in [6(%2 ] and includes the number of applications and success rates by
gender from 23,000 applicants to the CIHR in four sub-disciplines of Medical Science (Clinical,
Biomolecular, Public Health, and Health Sciences). However, this is aggregated data so the number
of datapoints is much smaller (see Supplementary Material Table S1). The time period used was
before and after a change in funding model in 2013. See Supplementary Material for a more
detailed data description. Full output from all models tested is in Table E2 and data is available in

Supplementary Material. The best model (model CIHR2 Table E2) was

logit(P(Success))~Time + Gender + ppen.
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Researchers in male-dominated disciplines have a higher chance of funding success.

A) ARC (2010-2019): Points - funding success rates by gender in 20 disciplines over 10 years against proportion of men in the
discipline in 2018. Lines - expected success rates of men and women in 2010 (solid lines) and 2019 (dashed lines). B) CIHR
(2011-2013), C) CIHR (2014-2016): Points - funding success rates by gender for each discipline against proportion of men in
the discipline (estimated from application numbers) error bars are binomial 95% CI. Lines - expected success rate from
combined analysis of all grant types in both time periods. D) EIGE (2020): Points - funding success rates by gender in 8
disciplines and 27 countries against proportion of men in the discipline in that country. Lines - expected success rates of men
and women.
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The original study, which accounted for age, found the discipline with the highest proportion of
men (Biomedical, 77% men) had significantly higher odds of success than the three other
disciplines, with 41% - 59% men Witteman, Hendricks (6) at Tables 27 and 3]. We do not have
the age data controlled for in the original study, but we do find that there is a significant
relationship (p < 0.001) between grant success and the proportion of men in the discipline. Unlike
the ARC data men are slightly more likely to be successful overall. In both time periods Canadian
health sub-disciplines that are more male-dominated have a higher chance of funding success
(before the funding change - Fig 3B, after the funding change — Fig 3C#). Our model predicts
that the advantage of working in the most male dominated discipline (Biomedical 77% male)
compared to the most female dominated (Public Health, 41% men) is almost three times the size of
the direct advantage of being male.

European Institute of Gender Equality (EIGE)

This dataset contains the number of applications and success rates by gender and country of
origin from over 135,000 applicants to Government research funds predominantly in the EU but
also including the UK, Israel and Turkey in 2019. Applications are divided into broad research
areas, e.g. Science, Engineering, Humanities etc. Data was not available for all 8 disciplines in
every country. See Supplementary Material for a more detailed data description. Full output from
all models tested is in Table E2 and data is available in Supplementary Material. The best model
(model EIGE3 Table E2) was

logit(P(Success))~Country + Gender * pPpen.

All variables are significant (p < 0.05). In male-dominated fields women have a slightly lower
success rate in male dominated disciplines and, as with the other funding data sets, there is an
overall increase in success rates as the discipline becomes more male-dominated. Once again, the
effect on success rate of the applicant’s gender is small compared to the effect of the gender
balance of the applicant’s discipline (Figure 3D (@). In the most male dominated disciplines (80%
male) a man has a two percentage point advantage over female colleagues; by comparison a man
has an 11 percentage point advantage over all researchers working in the most female dominated
discipline (20% female). In relative terms this results in researchers in male dominated disciplines
being 50% more likely to be successful in funding applications than researchers in male
dominated disciplines.

Discussion

We present two similar, yet separate, findings: 1) gender balance in a discipline correlates with
research quality scores; and 2) gender balance in a discipline correlates with research funding
success rates. These findings do not identify a causal relationship in which gender balance causes
low research scores or funding success or vice-versa. But we can highlight and explore some
possible explanations and theories that might link gender balance and research score/funding
success. Further, even without establishing causality, these paired findings offer another piece of
the academic gender puzzle.

Feminization

discipline feminised the evaluation of research quality in that discipline also changed, we would

need extensive longitudinal data. We cannot do that with the available data. But it is possible that
the finding that research in female-dominated disciplines is evaluated as less good than research
in male-dominated disciplines is an outcome of feminisation over time.
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Individual Gender Bias

One possible explanation of our findings is simply that reviewers (of research portfolios in NZ, and
of research proposals in Australia, Canada, and the EU and UK) are biased against women. Indeed
the effects of unconscious bias on academics are theorised thoroughly [35(%, 367 ]. Although

metrics and practices such as h-index, citation, authorship, and peer- review, as well as hiring and
progression [38 (Z].

The PBRF datasets offer the most granular data and hence the best opportunity to explore gender
bias on an individual level. For example, if the PBRF was dominated by individual bias this would
manifest itself in Education having lower average scores than Physics but a woman in Education
would have the same score as a woman in Physics on average. We see the former, but not the
latter. However we do see that across all disciplines women have lower scores than men and this
is more pronounced in female-dominated disciplines which is suggestive of gender bias but far
from conclusive due to the many factors at play.

Further, the bibliometric subnational dataset suggests that a man and a woman with the same
number of outputs (the best bibliometric predictor of score) have the same expected score Figure
2B[@). But when we include discipline gender bias (Figure 2C(%) the picture is less clear
suggesting that if we compare a man and a woman with the same number of outputs the person in
the minority gender is likely to have a higher score.

Women do lower quality research

A small elephant in the room that might explain our findings is simply that women do lower
quality research than men. Our findings do not show this. In 2018 in a male-dominated subject like
Physics, a woman’s score is expected to be the same as a man’s (Figure 12 ). Similarly, an
Australian woman has a slightly higher funding rate than a man in the same discipline in the ARC.
These point to men and women having very similar research quality after accounting for
discipline.

We do see that researchers, both male and female, in female-dominated disciplines have fewer
research outputs on average. This could be due to cultural norms in these disciplines being driven
by women who overall have fewer outputs; or it could be that women are attracted to disciplines
with lower publication norms.

Pre-allocation of and quotas for research funds

For research funding datasets (ARC, CIHR, EIGE), quotas or pre-allocation of funds towards certain
types of research (e.g. public health funding increasing during the Covid pandemic) could explain
some of our findings. But these pre- allocations would need to be towards male-dominated
disciplines. Such a gendered pattern of pre- allocation suggests it would be more of a different
mechanism for our findings, rather than an explanation of them. But we examine the datasets in
turn against this explanation.

Most ARC applications are to the Discovery Project fund. Here, applications are scored
independently and there are no pre-allocation decisions to value or fund one discipline over
another [31 2 ]. Application success rates in 2023 are similar across the five very broad fields of
research. This supports ARC’s claim that the process does not overtly pre-allocate by discipline.
However, when we consider applicant success rates over the more detailed 22 disciplines, female-

dominated disciplines have lower success rates.
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There is little detailed data about the underlying processes that lie behind the EIGE data. Every
country has its own internal rules and priorities for funding allocation. If local policy prioritises
funding to Engineering and Physical Science, this could result in higher funding success rates in
these areas; although it could also result in these areas having more researchers and the success
rate being unaffected. Similarly we have no information on the Canadian funding system.

Conversely, in PBREF, this effect of pre-allocation is negligible or even non-existent. Every
individual is scored independently. A surfeit of high scoring individuals in Physics does not stop
high scores in Education. Overall, the pre-allocation of funds cannot explain all our results; and
our results appear robust to this explanation.

Job choice

This is frequently offered as an explanation of the gender pay gap. Women choose to work in job
fields that, coincidently, are paid less [39 (4 ]. It is a possibility that discipline choice, as opposed to
job choice, is at play here, where women choose to work in disciplines where research is seen as
less good. In academia, women tend to choose research areas and academic disciplines that the

educational system undervalues [40 (2 ]. Additionally, within a discipline, women tend to choose

excellence can correspond with an underrepresentation of women in certain disciplines, resulting
in a higher perceived genius status for that discipline [20 3 ]. Our results find a correlation but not

the causation for female-dominated disciplines having lower evaluations of research quality.
Hence we can neither support nor reject an explanation of job choice.

Bias against female-dominated disciplines

A simple explanation for our findings is that evaluations of research are biased but not against
individuals as considered above earlier. Rather this explanation posits a bias against research
disciplines dominated by women. Again as our findings are correlation not causation, we cannot
accept or reject this explanation with certainty. Instead we can point to other research that
suggests that we perceive male-dominated disciplines to require “brilliance”, while female-
dominated disciplines require “hard work” [20 (2 ]. If these discipline specific perceptions spill

over into evaluations of research and funding applications, it could produce a gender-based
discipline bias very similar to our findings.

Another simple explanation is that research in female-dominated disciplines is of lower quality
than research in male-dominated disciplines. Research varies widely across disciplines from the
quantitative “hard sciences” to the qualitative “soft sciences” but to categorize the efforts of whole
disciplines as lower quality rather than different is an extreme step. This explanation also raises
the question of why disciplines perceived as lower quality are more likely to be female-dominated.

Speculation aside, our findings do not show that research done in disciplines dominated by
women is of lower quality. They do suggest that we consistently evaluate research from female-
dominated disciplines as lower quality than research from male-dominated disciplines. This has a
detrimental effect on everyone in those disciplines, but will adversely affect more women than
men.

These findings will have implications in labour environments where research funding or research
score affect salary or rank of individuals [1 2 ]. Future research could include modelling of

gendered patterns observed.
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Our datasets do have limitations. They cover a range of countries but are not representative of all

of academia worldwide. And neither research evaluation nor funding success is a perfect measure
of academic quality.

Conclusion

We present two separate findings: gender balance of the discipline is strongly related to research
quality evaluations and to funding success. We cannot claim to establish causality nor combine the
two findings. Instead we seek possible explanations for our findings in others’ work.

Our findings suggest that what is perceived as women’s research is valued less, whether it is a man
or a woman doing the research and whether or not overt bias is to blame. Regardless of causality,

our findings suggest that patterns of devaluing women’s work affect all who do it, regardless of
gender. And our findings point to areas that are ripe for further exploration.
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Reviewer #2 (Public Review):

Summary:

The authors used four datasets spanning 30 countries to examine funding success and
research quality score for various disciplines. They examined whether funding or research
quality score were influenced by majority gender of the discipline and whether these affected
men, women, or both within each discipline. They found that disciplines dominated by
women have lower funding success and research quality score than disciplines dominated by
men. These findings are surprising because even the men in women-dominated fields
experienced lower funding success and research quality score.
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Strengths:

- The authors utilized a comprehensive dataset covering 30 countries to explore the influence
of the majority gender in academic disciplines on funding success and research quality
scores.

- Findings suggest a systemic issue where disciplines with a higher proportion of women have
lower evaluations and funding success for all researchers, regardless of gender.

- The manuscript is notable for its large sample size and the diverse international scope,
enhancing the generalizability of the results.

- The work accounts for various factors including age, number of research outputs, and
bibliometric measures, strengthening the validity of the findings.

- The manuscript raises important questions about unconscious bias in research evaluation
and funding decisions, as evidenced by lower scores in women-dominated fields even for
researchers that are men.

- The study provides a nuanced view of gender bias, showing that it is not limited to
individuals but extends to entire disciplines, impacting the perception and funding and
quality or worth of research.

- This work underscores the need to explore motivations behind gender distribution across
fields, hinting at deep-rooted societal and institutional barriers.

- The authors have opened a discussion on potential solutions to counter bias, like adjusting
funding paylines or anonymizing applications, or other practical solutions.

- While pointing out limitations such as the absence of data from major research-producing
countries, the manuscript paves the way for future studies to examine whether its findings
are universally applicable.

- The study carefully uses the existing data (including PBRF funding panel gender diversity) to
examine gender bias. These types of datasets are often not readily accessible for analysis.
Here, the authors have used the available data to the fullest extent possible.

The authors have addressed the concerns I had about the original version.

https://doi.org/10.7554/eLife.97613.2.sa2

Reviewer #3 (Public Review):

This study seeks to investigate one aspect of disparity in academia: how gender balance in a
discipline is valued in terms of evaluated research quality score and funding success. This is
important in understanding disparities within academia.

This study uses publicly available data to investigate covariation between gender balance in
an academic discipline and:

individual research quality scores of New Zealand academics as evaluated by one of 14
broader subject panels.

[ii] funding success in Australia, Canada, Europe, UK.

The authors have addressed the concerns I had about the original version

https://doi.org/10.7554/eLife.97613.2.sa1

Author response:

The following is the authors’ response to the original reviews.

Public Reviews:
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Reviewer #2 (Public Review):
Summary:

The authors used four datasets spanning 30 countries to examine funding success and
research quality score for various disciplines. They examined whether funding or
research quality score were influenced by majority gender of the discipline and whether
these affected men, women, or both within each discipline. They found that disciplines
dominated by women have lower funding success and research quality score than
disciplines dominated by men. These findings, are surprising because even the men in
women-dominated fields experienced lower funding success and research quality score.

Strengths:

- The authors utilized a comprehensive dataset covering 30 countries to explore the
influence of the majority gender in academic disciplines on funding success and research
quality scores.

- Findings suggest a systemic issue where disciplines with a higher proportion of women
have lower evaluations and funding success for all researchers, regardless of gender.

- The manuscript is notable for its large sample size and the diverse international scope,
enhancing the generalizability of the results.

- The work accounts for various factors including age, number of research outputs, and
bibliometric measures, strengthening the validity of the findings.

- The manuscript raises important questions about unconscious bias in research
evaluation and funding decisions, as evidenced by lower scores in women-dominated
fields even for researchers that are men.

- The study provides a nuanced view of gender bias, showing that it is not limited to
individuals but extends to entire disciplines, impacting the perception and funding and
quality or worth of research.

- This work underscores the need to explore motivations behind gender distribution
across fields, hinting at deep-rooted societal and institutional barriers.

- The authors have opened a discussion on potential solutions to counter bias, like
adjusting funding paylines or anonymizing applications, or other practical solutions.

- While pointing out limitations such as the absence of data from major research-
producing countries, the manuscript paves the way for future studies to examine
whether its findings are universally applicable.

Weaknesses:

- The study does not provide data on the gender of grant reviewers or stakeholders,
which could be critical for understanding potential unconscious bias in funding
decisions. These data are likely not available; however, this could be discussed. Are grant
reviewers in fields dominated by women more likely to be women?

- There could be more exploration into whether the research quality score is influenced
by inherent biases towards disciplines themselves, rather than only being gender bias.

- The manuscript should discuss how non-binary gender identities were addressed in the
research. There is an opportunity to understand the impact on this group.
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- A significant limitation is absence of data from other major research-producing
countries like China and the United States, raising questions about the generalizability of
the findings. How comparable are the findings observed to these other countries?

- The motivations and barriers that drive gender distribution in various fields could be
expanded on. Are fields striving to reach gender parity through hiring or other
mechanisms?

- The authors could consider if the size of funding awards correlates with research
scores, potentially overlooking a significant factor in the evaluation of research quality.
Presumably there is less data on smaller 'pilot’ funds and startup funds for disciplines
where these are more common. Would funding success follow the same trend for these
types of funds?

- The language used in the manuscript at times may perpetuate bias, particularly when
discussing "lower quality disciplines,” which could influence the reader's perception of
certain fields.

- The manuscript does not clarify how many gender identities were represented in the
datasets or how gender identity was determined, potentially conflating gender identity
with biological sex.

Reviewer #3 (Public Review):

This study seeks to investigate one aspect of disparity in academia: how gender balance
in a discipline is valued in terms of evaluated research quality score and funding success.
This is important in understanding disparities within academia.

This study uses publicly available data to investigate covariation between gender balance
in an academic discipline and:

i) Individual research quality scores of New Zealand academics as evaluated by one of 14
broader subject panels.

ii) Funding success in Australia, Canada, Europe, UK.

The study would benefit from further discussion of it limitations, and from the
clarification of some technical points (as described in the recommendations for the
authors).

Recommendations For The Authors:
Reviewer #2 (Recommendations For The Authors):

This is a very nice study as-is. In the following comments, I have mainly put my thoughts
as I was reading the manuscript. If there are practical ways to answer my questions, I
think they could improve the manuscript but the data required for this may not be
available.

Are there any data on the gender of grant reviewers or stakeholders who make funding
decisions?

The research quality score metrics seem to be more related to unconscious bias. The
funding metrics may also, but there are potentially simple fixes (higher paylines for
women or remove gender identities from applications).

We have included some details about PBRF funding panel gender diversity. These panels are
usually more gender balanced than the field they represent, but in the extreme cases
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(Engineering, Education, Mathematics) they are skewed as would be expected. Panels for
other award decision makers was not available.

I'wonder if the research score metric isn't necessarily reflecting on the gender bias in the
discipline but rather on the discipline itself? Terms like "hard science" and "soft science”
are frequently used and may perpetuate these biases. This is somewhat supported by the
data - on line 402-403 the authors state that women in male-dominated fields like
Physics have the same expected score as a man. Could it be that Physics has a higher
score than Education even if Physics was woman-dominated and Education was man-
dominated? Are there any instances in the data where traditionally male- or female-
dominated disciplines are outliers and happen to be the opposite? If so, in those cases,
do the findings hold up?

Overall we would love to answer this question! But our data is not enough. We mention these
points in the Discussion (Lines 472-466). We have extended this a little to cover the questions
raised here.

How are those with non-binary gender identities handled in this article? If there is any
data on the subject, I would be curious to know how this effects research score and
funding success.

These data were either unavailable or the sample size was too small to be considered
anonymously (Mentioned on Lines 74-76).

A limitation of the present article is a lack of data on major research-producing countries
like China and the United States. Is there any data relevant to these or other countries? Is
there reason to believe the findings outlined in this manuscript would apply or not apply
to those countries also?

We would be very excited to see if the findings held up in other countries, particularly any
that were less European based. Unfortunately we could not find any data to include. Maybe
one day!

What are the motivations or other factors driving men to certain fields and women to
certain fields over others? What are the active barriers preventing all fields from 50%
gender parity?

Field choice is a highly studied area and the explanations are myriad we have included a few
references in the discussion section on job choice. I usually recommend my students read the
blog post at

https://www.scientificamerican.com/blog/hot-planet/the-people-who-could-have-done-science
-didnt/

It is very thoughtful but unfortunately not appropriate to reference here.

The authors find very interesting data on funding rates. Have you considered funding
rates and the size of funding awards as a factor in research score? Some disciplines like
biomedical science receive larger grants than others like education.

A very interesting thought for our next piece of work. We would definitely like to explore our
hypothesis further.

There are instances where the authors writing may perpetuate bias. If possible these
should be avoided. One example is on line 458-459 where the authors state "...why these
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lower quality disciplines are more likely..." This could be re-written to emphasize that
some disciplines are "perceived" as lower quality. Certainly those in these discipline
would not characterize their chosen discipline as "low quality".

Well-spotted! Now corrected as you suggest.

Similar to the preceding comment, the authors should use care with the term "gender".
In the datasets used, how many gender identities were captured? How many gender
identity options were given in the surveys or data intake forms? Could individuals in these
datasets have been misgendered? Do the data truly represent gender identity or
biological sex?

We know that in the PBRF dataset gender was a binary choice and transgender individuals
were able to choose which group they identified with. There was no non-binary option (in
defence the latest dataset there is from 2018 and NZ has only recently started updating
official forms to be more inclusive) and individuals with gender not-stated (a very small
number) were excluded. ARC did mention that a small number of individuals were either
non-binary or gender not stated, again these are not included here for reasons of anonymity.
This is now mentioned on Lines 74-76. The effects on this group are important and
understudied likely because, as here, the numbers are too small to be included meaningfully.

Reviewer #3 (Recommendations For The Authors):
Major revisions:

Could you add line numbers to the Supplementary Materials for the next submission?
Yes! Sorry for the omission.

(1) In the main text L146 and Figure 1, it is not clear why the expected model output line
is for a 50 year old male from University of Canterbury only, but the data points are from
disciplines in all eight universities in New Zealand. I think it would be more clear and
informative to report the trend lines that represent the data points. At the moment it is
hard to visualise how the results apply to other age groups or universities.

As age and institution are linear variables with no interactions they are only a constant
adjustment above or below this line and the adjustment is small in comparison to the linear
trend. Unfortunately, if they were included graphically they do not aid understanding. We
agree that indluded raw data with an adjusted trend line can be confusing buy after a lor of
between-author discussion this was the most informative compromise we could find (many
people like raw data so we included it).

(2) Does your logistic regression model consider sample size weighting in pmen?
Weighting according to sample sizes needs to be considered in your model. At the
moment it is unclear and suggests a proportion between 0 and 1 only is used, with no
weighting according to sample size. If using R, you can use glm(cbind(nFem, nMalFem).

Yes. All data points were weighted by group size exactly as you suggest. We have updated the
text on Lines 317 to make this clear.

(3) For PBRF, I think it is useful to outline the 14 assessment panels and the disciplines
they consider. Did you include the assessment panel as an explanatory variable in your
model too to investigate whether quality is assessed in the same manner between
panels? If not, then suggest reasons for not doing so.

Alex James et al., 2024 eLife. https://doi.org/10.7554/eLife.97613.2 24 of 27


https://doi.org/10.7554/eLife.97613.2

7 eLife

We have now included more detail in main text on the gender split of the panels. They were
not included as an explanatory variable. In theory there was some cross-referencing of panel
scores to ensure consistency as part of the PBRF quality assurance guidelines.

(4) There are several limitations which should be discussed more openly:

Patterns only represent the countries studied, not necessarily academia worldwide.
Mentioned on Line 485-487.

Gender is described as a binary variable.
Discussed on Line 74-76.

The measure of research evaluation as a reflection of academic merit.

This is acknowledged in the data limitations paragraph in the discussion, at the end of the
discussion

Minor revisions:

(1) L186. Why do you analyse bibliometric differences between individuals from
University of Canterbury only? It would be helpful to outline your reasons.

Although bibliometric data is publicly available it is difficult to collect for a large number of
individuals. You also need some private data to match bibliometrics with PBRF data which is
anonymous. We were only able to do this for our own institution with considerable internal
support.

(2) How many data records did you have to exclude in L1917 because they could not be

linked? This is helpful to know how efficient the process was, should anyone else like to

conduct similar studies.

We matched over 80% of available records (384 individuals). We have mentioned this on Line
194.

| (3) Check grammar in the sentence beginning in L202.
Thank-you. Corrected.

(4) Please provide a sample size gender breakdown for "University of Canterbury (UC)
bibliometric data", as you do for the preceding section. A table format is helpful.

Included on Line 194.

| (5) L377 I think this sentence needs revision.

Thank you, we have reworked that paragraph.
(6) L389-392 Is it possible evaluation panels can score women worse than men and that
because more women are present in female-biassed disciplines, the research score in

these are worse? Women scoring worse between fields, may be a result of some scaling
to the mean score.
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No. This is not possible because women in male-dominated fields score higher.

(7) L393 Could you discuss explanations for why men outperform women in research
evaluation scores more when disciplines are female dominated?

Unfortunately, we don’t have an explanation for this and can’t get one from our data. We
hope it will be an interesting for future work.

(8) Could the figures be improved by having the crosses, x and + scaled, for example, in
thickness corresponding to sample size? Alternatively, some description of the sample
size variation? Sorting the rows by order of pmen in Table ET would also be helpful for
the reader.

As with the previous figure we have tried many ways of presenting it (including tis one).
Unfortunately nothing helped.

We have provided Table E1 as a spreadsheet to allow readers to do this themselves.

| (9) Please state in your methods section the software used to aid repeatability.

This is now in Supplementary Materials (Matlab 2022b).
(10) It is great to report your model findings into real terms for PBRF and ARC. Please can
you extend this to CIHR and EIGE. i.e. describing how a gender skew increase of x

associates with a y increase in funding success chance.

We have added similar explanations for both these datasets comparing the advantage of
being male with the advantage of working in a male dominated discipline.

(11) I would apply care to using pronouns "his" and "her" in L322-L324 and avoid if at all
possible, instead, replacing them with "men" and "women".

We have updated the text to avoid there pronouns in most places.

The article in general would benefit from a disclosure statement early on conceding that
gender investigated here is only as a binary variable, discounting its spectrum.

See Line 74-76.

Please also report how gender balance is defined in the datasets as in the data summary
in supplementary materials, within the main text.

Our definition of gender balance (proportion of researchers who are men, ) is given on Line
103.

(12) The data summary Table 51 could benefit from explaining the variables in the first
column. It is currently unclear how granularity, size of dataset and quotas/pre-
allocation? are defined.

These lines have been removed as they information they contained is included elsewhere in
the table with far better explanations!

(13) There are only 4 data points for investigating covariation between gender balance
and funding success in CIHR. This should be discussed as a limitation.
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The small size of the dataset is now mentioned on Line 348.
| (14) L455 "Research varies widely across disciplines” in terms of what?
This sentence has been extended

(15) L456 Maybe I am missing something but I don't understand the relevance of
"Physicists' search for the grand unified theory" to research quality.

Removed.

(16) Can you provide more discussion into the results of your bibliographic analysis and
Figure 2? An explanation into the relationships seen in the figure at least would be
helpful.

Thank you we have clarified the relationships seen in each of figures 2A (Lines 226-235), 2B
(Lines 236-252), and 2C (lines 260-268).

(17) It would be helpful to include in the discussion a few more sentences outlining:

- Potential future research that would help disentangle mechanisms behind the trends
you find.

- How this research could be applied. Should there be some effort to standardise?

We have added a short paragraph to the discussion about implications/applications, and
future research (Lines 481-484).

(18) The introduction could benefit from discussing and explaining their a priori
hypotheses for how research from female-biassed disciplines may be evaluated
differently.

While not discussed in the introduction, possible explanations for why and how research in
female dominated fields might be evaluated differently are explored in some detail in the
Discussion. We think once is enough, and towards the end is more effective than at the
beginning.

(19) L16 "Our work builds on others' findings that women's work is valued less,
regardless of who performs that work." I find this confusing because in your model, there
is a significant interaction effect between gender:pmen. This suggests that for female-
biassed disciplines, there is even more of a devaluation for women, which I think your
lines in figure 1 suggest.

Correct but men are still affected, so the sentence is correct. What is confusing is that the
finding is counter to what we might expect.

https://doi.org/10.7554/eLife.97613.2.sa0
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