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The gender and ethnicity pay gaps are well publicised for
academics. The majority of research relies on observations
representing a point in time or uses models to consider a
standard academic lifespan. We use a stochastic mathematical
model to ask what drives differences in lifetime earnings of
university academics and highlight a new question: how best
should we quantify a working lifetime? The model observes
and accounts for patterns in age when entering and leaving
the workforce, and differing salary trajectories during an
academic career. It is parameterized with data from a
national dataset in Aotearoa New Zealand. We compare the
total lifetime earnings of different gender and ethnicity
groups with and without accounting for the different lengths
of time spent in academia. The lifetime earnings gaps are
considerably larger when we account for different hiring and
leaving ages. We find that overall, for every ethnicity, women
have shorter careers and are more likely to leave academia.
All minority ethnic groups—and women—earn considerably
less than their male white, European colleagues.
1. Introduction
There are three ‘levers’ universities can pull to establish and
maintain diversity and equity in the workforce: recruitment,
promotion and retention [1]. Diversity includes variations in
culture, ethnicity, religion, age, gender and sexual orientation,
while equity includes inclusive participation and the removal of
barriers to such participation [2]. Many studies have commented
on the under-representation of women and ethnic minorities
[3,4] in the higher echelons of academia [5–7]. Gender and
cultural biases affect all three levers of change [8–10], and
present one of several argumentative avenues to explain why
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and when these levers do have an effect on diversity and equity in academia [11]. Much research focusses

on promotion patterns [4,12–14] or promotions and hiring patterns [15].
Fewer studies focus on retention, and its flip-side, attrition [16–19], and within these few, there is little

attention given to intersectionality [9]. Studies in United States-based medical faculties have found
retention of women and people of colour is considerably lower than for white men [20]. Attrition
rates, which are influenced by gender, display a varying degree of magnitude across different ranks,
fields and institutions [19]. It has been observed that the attrition rates driven by gender are more
pronounced among the tenured faculty, faculty members in non-STEM domains, and those affiliated
with lower-prestige institutions [19]. Shaw et al. [9] developed a model to simulate ‘predictions’ of the
representation they would expect of each federally categorized racial/ethnic group in each stage of
academia under the null assumption of no race/ethnicity-based differences in retention and compared
the data to actual representations in academia to identify disparities. They suggest that recruiting
under-represented scholars is not enough when academia is not equipped to retain them, which
highlights the need to identify impacts and extend to which biases affect academic institutions.
Clifton et al. [21] present a mathematical model that reveals the role that bias and homophily may
play in academic careers, and present interventions to achieve gender parity.

Our mathematical model adds to these works and examines hiring and the flip-side of retention,
attrition; we also examine intersectionality—asking if there is a different, or compounded, effect for
people who fall into two groups outside the majority European-male category (e.g. Māori and
Pasifika women). We use a dataset of research performance scores and academic ranks for each
researcher employed at every New Zealand university in 2012 and 2018. New Zealand is the only
country to score individuals in this way, though other countries score departments or groupings of
individuals [7]. We use rank to infer pay using remuneration rates from publicly available academic
collective employment agreements. Pay levels are inflation adjusted to 2018 rates. We use this national
dataset of individuals’ scores dataset to explore the comparative retention rates of European, Asian,
Māori, and Pasifika academics in New Zealand universities.

Our preliminary statistical analysis finds, as others have [3,4,15], that men and women of different
ethnicities are paid differently and start their academic career at different ages. Further, academic
workforce retention is affected by gender, ethnicity and research performance score; these
characteristics seem to be intersectional and interact with each other, creating a compounding effect.
Such interactions may pose significant challenges when it comes to interpretation and methodology
[22] and may give rise to parameter estimates that are deemed unreliable for uncommon combinations
of variables owing to the diminishing sample sizes that result from the inclusion of more interactions
in the model. While statistical analyses allow preliminary insights into parameters that might affect
attrition, the mathematical model we present separates the processes of hiring and attrition and allows
us to introduce the effects of retirement. This adds a new dimension, of temporal prediction, to
previous point-in-time studies, e.g. [3,4,7,15].

The paper proceeds as follows: after describing the data, we present our statistical analysis, including
an overview of hiring patterns and retention. We use this analysis to create a mathematical model
connecting hiring, salary and retention patterns. The model allows us to estimate the academic
lifetime earnings of an average individual from each group, accounting for gender and ethnic
differences in hiring, promotion, and attrition patterns, their compounding effects on lifetime earnings,
and any intersectionality effects present. We compare the total lifetime earnings of different gender
and ethnicity groups with and without accounting for the different lengths of time spent in academia.
The lifetime earnings gaps are considerably larger when we account for different hiring and leaving
ages. We conclude with model results, comments on model limitations, and a discussion of our findings.
2. Data
We use the Aotearoa New Zealand Performance Based Research Fund (PBRF) datasets from 2012 and
2018. This unique nation-wide dataset included all individuals (n = 6253) employed at any of New
Zealand’s eight universities in either 2012 or 2018. It contains demographic information on gender
(male, female), ethnicity (New Zealand European, Māori, Pasifika, Asian or other), age, research
performance score and job title. In Aotearoa New Zealand we use different statistical ethnic categories
than other countries owing to a different colonization process and, more recently, grounding our
constitutional understanding in the signing of the treaty of Waitangi [23]. Māori and Pasifika
ethnicities were combined as in some cases the numbers were so small as to violate anonymity.
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Research performance score (0–700) is the recommendation of a subject specific panel of experts and

claims to be holistic, emphasizing quality over quantity [24]. Scores are converted to grades (0–400: R/C,
400–600: B, 600–700: A) which are reported to individuals and the universities. Academic rank (lecturer;
senior lecturer; associate professor; professor) was inferred from job title and converted to salary using
2018 employment agreements. In other words, any salary increases between 2012 and 2018 in the
dataset are attributable to promotion (from senior lecturer to associate professor, for example), not to
annual pay rises in the collective agreement. We assumed all individuals were on the published salary
scales. An unknown number of staff do negotiate individual agreements, hence our assumption
probably underestimates the pay for some, probably at the top end. Individuals for whom a rank
could not be determined from job title at both time points, such as clinical director or research fellow,
were excluded.

Initially the data included 9652 individuals. The data collection did not include a nonbinary gender
option, and a small number of individuals had gender not stated at both time points. After removing
people for whom rank could not be determined the dataset was reduced to 7711 individuals.
Individuals with unstated, i.e. other, ethnicity were also excluded reducing the size to 6253
individuals. At this point all individuals had a stated gender either male or female for at least one
time point. If ethnicity and gender changed between time points, they were assigned as an
individual’s most recent declaration, i.e transgender individuals are included at all time points as their
last self-reported gender. Including other ethnicity as a separate category made little difference to the
analysis as this group showed results comparable to the New Zealand European group.
30615
3. Statistical analysis
3.1. Retention
Individuals who were tenured in 2012 but not present in the dataset in 2018 were assumed to have left
the workforce. Their leaving age was taken to be their age at the midpoint of 2015.

3.2. Hiring
Individuals who were tenured in 2018 but not in the dataset or of indistinguishable rank in 2012 were
assumed to have been hired in the intervening years. Their hiring age was taken to be their age at the
midpoint of 2015.

3.3. Adjusting for age, score, and gender
We know that research performance score changes with age, increasing more rapidly at the start of a
career [7] and, on average, men and women have different scores. This leads us to model the
relationship between research score and age and gender using a linear regression model:

score � age2 þ gender:

Both variables are significant ( p < 0.05) when the model is applied to the full dataset of either 2012 or
2018 data.

Following the methodology of [7] we aim to predict the expected lifetime earnings of an individual.
We infer salary from rank (available in the PBRF data) and assume that individuals with different
research performance scores may take different salary tracks through their lifetime. As with score we
allow salary to change more rapidly at the start of an individual’s career. We model the relationship
of salary with age, gender, and score in a similar fashion to score using

salary � age2 þ genderþ score:

All variables are significant ( p < 0.05) when the model is applied to either the 2012 or 2018 data.

3.4. Salary and lifetime earnings
Using the score model above we calculate an individual’s expected, i.e. mean average, score given their
age and gender. We then use this to calculate their predicted salary. This gives an individuals’ salary
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adjusted for age, gender, and score. Lifetime earnings is the total expected earnings for an individual who

starts work at age 30 and retires at age 65 having followed the expected score-salary trajectory
throughout their career using the 2018 model output.

3.5. Ethnicity
To explore the role of ethnicity we split the dataset by ethnicity group and analyse each subset separately.
Where appropriate, we test the validity of this approach by using models on the full dataset, including
ethnicity as a predictor variable, and reporting the significance. This approach, of analysing each dataset
separately by ethnicity, is akin to using ethnicity as a predictor variable with interactions. Choosing this
approach allows us to minimize our assumptions on how ethnicity interacts with other variables.

Table 1 shows a summary of the data, giving mean values of age, research score, and salary for the
entire workforce calculated from the raw data in both 2012 and 2018 separately. We also give the
expected, i.e. mean average, research score of a 50-year-old individual and the expected salary for a
50-year-old individual with the expected research score. We chose age 50 as an example age close to
the average academic. All analysis accounts for the varying age of individuals. Finally, table 1 shows
the expected lifetime earnings, expected salary, and expected research score given full employment
from age 30 to 65.

The biggest pay increases, after accounting for age and score, from 2012 to 2018 went to Māori and
Pasifika women, followed by European women. As 2012 salaries were calculated at 2018 rates, these pay
increases are owing to the average individual being employed at a higher rank rather than inflation or
similar.

Expected lifetime earnings, assuming a full-time career from age 30 to 65, increased for most groups
between 2012 and 2018. Māori and Pasifika women experienced the biggest increase in expected lifetime
earnings (5%), though they still had the lowest overall earnings. Overall, the lifetime earnings gap
between ethnicities is comparable to the gap between men and women. Asian men, followed by
European women had the smallest lifetime earnings gap; and Māori and Pasifika women and Asian
women had the largest gap compared to European men.

Between 2012 and 2018, the number of faculty in the dataset, grew by almost 4%. This growth was
coincident with an increase in diversity: the number of women increased by 12%, while the number
of men fell by 2%. European men saw the largest fall in numbers, whereas the number of Asian and
Māori and Pasifika men increased. Similarly, the largest increases of women identified as Asian, and
Māori and Pasifika. However, for every ethnicity in 2018, men are slightly older than women, have
higher research scores, and earn more. Even after accounting for age, men have higher research scores
and earn more than women of the same ethnicity.

After adjusting for age differences, all groups experienced an increase in expected research score at
age 50 between 2012 and 2018. Women increased their scores more than men; and Māori and Pasifika
saw the largest score increases, 13.5% for women and 8.8% for men, across the different ethnicities.
This most likely reflects the increased efforts of the scoring body (Tertiary Education Commission) to
recognize Māori and Pasifika research [24].

4. Hiring patterns
We now turn to the data for new hires—those who joined the workforce between 2012 and 2018 (table 2;
figure 1). The dataset does not detail which year these individuals were hired so we assume all new hires
joined the workforce in 2015. New hires are younger, have lower research scores, and are paid less than
their more established colleagues. This implies that most new hires join the workforce at the lower
(lecturer) ranks, rather than transferring from overseas at the higher ranks, though without rank when
hired (as opposed to rank in 2018 which is used here) we cannot say this conclusively.

In all ethnicity groups, women join the workforce later than men; but Asian women and men are
hired younger than European and Māori and Pasifika. Women, on average, have a lower research
score and a lower starting salary than their male counterparts. This difference is much smaller for
Māori and Pasifika men and women. After correcting for age, women have similar starting research
scores regardless of ethnicity, yet European women have a higher starting salary than Asian or Māori
and Pasifika women. Conversely, European men have higher initial scores than Asian or Māori and
Pasifika men and higher starting salaries.

In all groups the mean age when hired is surprisingly high. At first this could be read as implying that
for many individuals who are hired this is their second, or later, academic job. However, when we compare
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Figure 1. Women, people with lower research performance grades, and non-Europeans are more likely to leave the academic
workforce. (a) Hazard ratio for each co-variate effect on the likelihood of leaving the academic workforce. Error bars show the
95% confidence interval. (b) Hazard ratio for a 50-year-old individual (red, women; blue, men) with a research score typical of
their age, ethnicity and gender in comparison to a European male.

Table 2. Nationally women join the workforce later than men with a lower research score and lower salary. (Summary statistics
for individuals who joined the workforce between 2012 and 2018. Number of individuals, expected age, salary and research score
by ethnic group and gender (blue, men; red, women). Significant differences between men and women (two-sided t-test) are
shown as: (���) p < 0.001; (��) 0.001 < p ≤ 0.01; (�) 0.01 < p ≤ 0.05; (.) 0.05 < p < 0.1. Score figures in brackets are
adjusted for an individual age of 40. Salary figures in brackets are adjusted for an individual age of 40 (close to the average age
of a newly hired academic) with the expected research score for that gender/ethnicity.)

European Asian Māori and Pasifika

F M F M F M

N 614 592 105 162 92 57

mean age

when hired

43.2(
�) 41.8(

�) 37.5 36.1 43.1 41.1

research score when hired

(age adjusted at 40)

348(
���) (362) 410(

���) (422) 342(.) (365) 371(.) (388) 378 (369) 379 (374)

salary when hired

($NZ1000)

(age adjusted at 40)

104(
���) (104) 111(

���) (112) 96(
��) (101) 103(

��) (109) 101 (98) 101 (99)
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these ages with available figures for PhD graduation age (a requirement for almost all New Zealand
academic jobs) we see this may not be the case. For example, the National Science Foundation records
the median PhD graduation age in 2016 [25] as 31.6 years old (slightly higher for women). In fields like
education, 40% of PhD graduates were over 40 years old. When we consider that many academics will
have at least one postdoctoral position (not included in this study) our findings seem in line with this.
6. Attrition
We use Cox’s proportional hazard model to estimate the effect of various covariates on an individual’s
probability of leaving the academic workforce at a particular age (coxphfit, Matlab 2020b) (figure 1). We
assume individuals that were present in the 2012 data but absent in 2018 have left the workforce. As the
exact leaving date is not included in the data, we assume all individuals left in 2015. Using the full dataset
of all ethnicities, we test the effect of gender, ethnicity and research score in 2012 and report the hazard
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ratio (HR) for the covariates. The model assumes that the different covariates are all independent. This

analysis uses one continuous variable (score) and three categorical variables. Although women have
lower scores (and Asian women even more so) there are enough individuals in each group with a
range of scores that the assumption of independence is not violated. Individuals present in both
2012 and 2018 were included as right censored data. The baseline hazard function is the empirical
Kaplan-Meier estimate of the full dataset, other baseline functions were tested and the results were
not dependent on the choice.

Figure 1a shows the HRs for the covariates. Having a 200 point, i.e. approximately one grade, higher
research score was associated with an approximately 50% lower probability of leaving the workforce (HR
single point difference: 0.9979, p = 10−27). Conversely, independent of research performance score, women
were 15% more likely to leave (HR: 1.149, p = 0.016). After accounting for age, score, and gender neither
Asian nor Māori and Pasifika ethnicity was significantly different from European at the 5% level but
identifying with Asian ethnicity was significant at the 10% level (p = 0.071).

Using the Cox model, effects are assumed to be independent of each other. However, all people have
intersectional characteristics and for some, for example an Asian woman, this leads to negative effects
being compounded. For example, the average European woman’s research score is around 50 points
lower than a European man’s (table 1); this gives her a compound effect of being female and having a
lower research score.

We calculated the cumulative HR for individuals with a typical research performance score in each
group in comparison to a European man with an average score (figure 1b). Taking an Asian woman
as an example, viewed independently, being Asian raises the likelihood of leaving by 18%; and being
female raises the likelihood of leaving by 15%. Further, her expected 2012 research score at age 50 that
is far lower than that of a European male. In total, this results in an overall chance of leaving which is
almost 70% higher in each year than the comparable average (and hence higher scored) European
male. All genders and ethnicities are more likely to leave than a European male; the biggest difference
is for Asian women followed by Māori and Pasifika women.
7. Mathematical model
Our data analysis calculated the lifetime earnings of an individual assuming they were in the academic
workforce from age 30 to 65. However, our subsequent analysis on retention has shown that retention
and hiring patterns show gender and ethnic differences. Our aim here is to use a mathematical model
to connect hiring patterns, salary increases, and retention to calculate the academic lifetime earnings
of an average individual from each group; in other words, the total expected income they can expect
to receive during their career in the academic workforce. This will account for the different ages at
which individuals in these groups are hired and the different times at which they leave and uncover
the compounding effect this has on overall earnings during an academic career.

We use a discrete time and individual based, stochastic model where individuals join the academic
workforce and then have a constant probability of leaving each year. At some age, AR, which we expect
to coincide approximately with retirement, the probability of leaving each year changes and usually
increases. Note that retirement at age 65 is not compulsory in New Zealand and many academics
continue to work after this age, though often on a part-time basis (not accounted for here). After this
changeover age of 65, the probability of leaving each year is once again constant. This retention model has
three key parameters: pearly and plate the probability of leaving in any particular year for the early and late
career phases respectively and AR the age at which behaviour changes. We combine this retention model
with a hiring model for the age at which an individual enters the workforce, this has some distribution
fenter. We analyse the model with a step size of one year. The model output is a cumulative distribution
function that predicts the probability of an individual having left the academic workforce at a given age.

The model can be run as an individual-based simulation model; but it is also simple enough to be
analytically tractable. If an individual joins the workforce the probability of them leaving the
workforce after Y years, i.e. at age A1 +Y is

P(leave after Y years) ¼ (1� pearly)
Ypearly,

provided they have not reached the changeover age AR, of A1 +Y <AR. If they leave after the changeover
year the probability of leaving the workforce after Y years is

P(leave after Y years 0) ¼ (1� pearly)
AR�A1þ1(1� plate)

Y�1�(AR�A1)plate:
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Combining these, the probability an individual leaves at age A given they entered the workforce at

age A1 is

Pðleave at age Ajenter at age A1Þ ¼
(1� pearly)

A�A1pearly, A , AR

(1� pearly)
AR�A1þ1(1� plate)

A�AR�1plate, A � AR

(
:

Incorporating the probability of entering the workforce at age A1 the probability of leaving the
workforce at age A is

P(leaving at age A) ¼
XA�1

A1¼0
P(enter at age A1)� P(leave at age Ajenter at age A1) :

For completeness this is summed over age from birth but the contribution of terms with A1 < 25 is
very small. We fit the model to data by minimizing the root mean square error (RMSE) between the
model and data cumulative distribution functions for the probability of having left the workforce at
age A. For the data this is the empirical Kaplan-Meier estimate (as described in the hazard analysis
above). We fitted the model to each gender/ethnicity grouping separately. The probability of entering
the workforce at age A1 is found from a Gamma distribution fitted to the arrival ages for that
gender/ethnicity group separately. Model fitting is done over the continuous variables pearly and plate
(using Matlab 2020b, lsqcurvefit) and minimizing the RMSE over the discrete variable AR. Alternative
fitting approaches could focus on minimizing the KS-statistic, but this has a tendency to focus on
optimizing a single part of the distribution, usually the tail so was not used here. Confidence intervals
are found using bootstrapping. We ran 100 bootstrap simulations, each simulation created a new
dataset, the same size as the original by sampling individuals from the original dataset with
replacement. Confidence intervals are the 95% interval from the output of these simulations.

We define a null model with only a single probability of leaving each year, i.e. pearly = plate. This is
equivalent to using a standard Poisson process resulting in an exponential distribution of leaving times. We
use this as a reference for a modified goodness of fit definition based on the standard Pearson’s R-squared:

r2mod ¼ 1�
P

i ðydat � ymodelÞ2P
i (ydat � ynull)

2 :

Like the usual coefficient of determination, r2mod ¼ 0 if the model is only as good as the null model
and 1 if the model is a perfect fit. Negative values indicate a fit worse than the null model. As our
stochastic model has three parameters and includes the null model as a subset, we expect it to always
be a better fit than the null model.

Finally, our model can be combined with the statistical earnings model presented earlier. Previously
we calculated lifetime earnings assuming an individual entered the academic workforce at age 30 and left
at 65. Now we include an individual’s expected starting age and their predicted leaving age. This gives
the expected academic lifetime earnings which is the total salary averaged over all possible starting ages
and leaving ages:

academic lifetime earnings ¼
X65

A1¼20

X80

A2¼21
P(hired at age A1)� P(leave at age A2)� salary(A1,A2):

Where salary(A1, A2) is the expected lifetime salary of an individual entering the academic workforce at
age A1 and leaving at age A2. We assume individuals are only hired between the ages of 20 and 65, and
all individuals leave at age 80.

8. Model results
Figure 2 shows the model (dark lines) fitted to the data (light lines) split by ethnicity and gender. The
model is a good fit to the data although it predicts a slightly more abrupt change of behaviour at the
changeover age (see model limitations). For every ethnicity and at almost every age, women (red
lines) are more likely to leave the academic workforce than men (blue lines). Table 3 shows the best fit
model parameters and confidence intervals.

Before the changeover at retirement, women are more likely to leave than men in every ethnicity
group. For the largest group, Europeans, this is significant at the 95% level based on the bootstrapped
95% confidence intervals.

Using the model, we can calculate the mean leaving age for each group and the expected number of
years spent in the workforce, assuming arrival age and leaving age are independent (figure 3). Women
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have shorter careers than men in every ethnicity group. Asian people have the longest careers, mostly
owing to their early starting age. Māori and Pasifika and European women have the shortest careers.
The academic lifetime earnings, which now account for career span rather than the standard 30-65
years previously assumed, have all decreased from the original estimates, reflecting the shorter
working lifetimes predicted by the model.

Finally, we compare the lifetime earnings of each group, with and without accounting for time spent
in academia. Initially we assume all individual’s start their career at age 30 and leave at age 65. An
individual has the expected research score for their age, gender, and ethnicity and this predicts their
expected salary at each year. The total lifetime salary of each gender/ethnicity group is compared to
the expected lifetime salary of a European man. We then do the same calculation but using the hiring
and leaving distributions predicted by the model. Without accounting for time spent in the academic
workforce, i.e. everyone starts at age 30 and leaves at age 65 (figure 4b; cf. table 1), most groups earn
between 5% and 12% less than their male European colleagues. However, when we account for time
spent in academia (figure 4a) these differences increase significantly for most groups. Māori and
Pasifika women earn almost 25% less than their male European colleagues during the time that they
are working in academia, and European women almost 20% less. Conversely, Asian men now earn
more, because they are hired earlier and have a longer academic working lifetime.
9. Model limitations
A limitation of the model is that we assume joining and leaving the workforce are independent of each
other, that joining early does not correlate with leaving either early or late. Collecting this type of data
would require long term historical studies to watch individuals over their entire career. Additionally,
we would still need to assume, as our model does, that individuals joining now will follow the same
patterns as those who joined many years ago.

An alternative modelling approach would be to use a Weibull model or similar statistical function for
retention. The downside of this method is that these models may fail to account for the change in
behaviour seen around retirement age. For example, an individual hired at age 55 will probably have
a marked increase in leaving probability around 10 years after hiring, whereas an individual hired at
age 35 will see this sudden increase after 30 years. The model presented here accounts for absolute
age as well as number of years since hiring. Most ‘off-the-shelf’ statistical models are unable to do this
and would require considerable modification to capture this behaviour.

Given the limited data available we have assumed that individuals were hired or left at the middle of
the time period in 2015. There was no mass exodus or hiring of academics from any New Zealand
university in the 6 years of the study, so we feel the assumption that hiring and leaving were constant
over this period is well founded. Comparing tables 1 and 2 show that, using European females as an
example, 600 individuals were hired between 2012 and 2018 and approximately 400 left. So, this
approximation has been applied to a large number of people. An alternative approach would be to
assign individuals a leaving/hiring date from a uniform distribution over the 6 years. The
mathematics of random processes, Poisson processes in particular, predict that this would increase the
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variance of the results but is very unlikely to affect the mean [26,27]. An increase in the variance of the
model outputs would also result in an increase in the variance of the parameter estimates, i.e. the
confidence intervals presented in table 3 and figure 3 would be larger.

Most model improvements would increase the number of parameters in the model, hence were not
included owing to the limited amount of data for some groups. One obvious model improvement would
be to allow the age at which behaviour changes to vary across individuals. This would require an
additional parameter for the variance of the changeover age. Separately, the model as it stands predicts a
higher number of much older individuals remaining than is seen in the data, showing that at this very
late career stage the probability of leaving each year most likely increases in time rather than the constant
leaving probability used. This could be accounted for with a Weibull distribution to allow the probability
of leaving to increase with time after the changeover age. Again, this would add at least one additional
parameter to the model and for some groups there is only a minimal amount of data in this region.
10. Discussion
We have presented a model for earnings during an academic career that accounts for variation in starting
and leaving ages for individuals of different gender and ethnicity. The model uses national data on all
academic staff from Aotearoa New Zealand from 2012 to 2018. It accounts for different salary
trajectories based on both age and performance. We consider two definitions of lifetime earnings: total
earning assuming a career from age 30 to 65; and total earnings accounting for variation in hiring and
leaving age. When we assume a standardized lifespan of 35 years (30–65) all groups have a pay gap
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compared to European men of between 5% and 12% and women’s pay gaps are bigger than men’s. When

we adjust for variation in hiring and leaving ages the lifetime pay gap for European, and Māori and
Pasifika women compared to European men becomes significantly bigger, rising to approximately
20% and 25% respectively.

A much bigger pay gap after account for academic working life span is not necessarily a cause for
concern. If academic jobs were poorly paid and leaving early was probably owing to moving on to
more lucrative employment, or starting an academic career was associated with a pay cut for most
people, then a short academic career could be seen a good thing in terms of entire career earnings.
While this will be the case for some it is unlikely to be the majority. A starting academic salary of
$NZ80,000 is in the top 13% of earners and a mid-range position in the professoriate (∼$NZ140 000) is
in the top 4%. For women in general and Māori and Pasifika men and women these salaries would
put them in a higher percentile [28]. One limitation of this comparison is that we do not have access
to data on earning of the individuals we analyse here before and after they enter the dataset. An
additional consideration is that we have shown a lower research performance score is associated with
a higher probability of leaving. At each stage of their career, female faculty members exhibit a higher
tendency to resign from their positions in comparison to their male counterparts. This phenomenon is
particularly pronounced in institutions that are considered as lower-prestige, non-STEM fields as well
as among women who have attained tenure [19]. Moving to a more lucrative academic job outside
New Zealand would probably be an opportunity for those with higher research performance scores.

The under representation of staff from a wide range of backgrounds has an effect on students’
perception on the interplay of diversity, equity and inclusion and career pathways and options [9,29].
While racial/ethnic and gender inequalities have been discussed broadly and reported widely in the
literature, investigations on the way they interact are more recent [30,31]. We find a compounding effect
when applying an intersectionality approach to our analysis of lifetime earnings: Overall, we see earlier
exits, lower scores, lower earnings, and lower promotion prospects. Based on our data, those seem to be
inter-related. This results in a lack of representation of and loss of contributions from women from
under-represented minorities, who experience the interplay of sexism and racism [32]. Literature shows
that reasons for such dynamics can be based on broader sociological factors such as: difficulty or no
access to informal, powerful, and male-dominated networks [33] biases and stereotypes affecting
performance evaluation [34], promotion decisions and thus retention and attrition [20]. Other factors
that have an effect on career paths and diversity of academic staff include dissatisfaction with salary [7],
lack of job satisfaction i.e. owing to lack of diversity management [35], disruptive student behaviour
and evaluations [8], excessive workload [34], low turnover and lack of administrative support [36],
family involvement and role conflicts [37], recruitment channels, marketing and communication [38] and
age and experience in the field [39]. However, our dataset does not include the reason for leaving,
which in some cases could be for higher paid employment overseas so we cannot reach direct conclusions.

Our results show that women are more likely to leave academia than men and have shorter careers,
regardless of their ethnicity. Other research shows this attrition starts after the completion of the PhD and
may increase as women progress on the career ladder [7,15,40]. Women, especially tenured women, are
more likely to leave or consider leaving owing to poor workplace climate rather than concerns about
work-life balance [19]. Attrition has led to the popular descriptions of a glass ceiling and leaky
pipeline [41,42] a predominantly male academic work environment, where quality and potential are
more often doubted in female candidates than in male candidates [43,44]. The comparatively early exit
and/or late entry might be owing to dissatisfaction with pay and promotion opportunities [45] family
obligations, which fall disproportionately on women [46], and motherhood [47]. This is further
exacerbated by the isolating effects of being a minority, resulting in lack of mentoring and networks
and discrimination [45].

Our model shows that on average, women start their tenured academic career later than men with a
lower research performance score; even after accounting for the different ages, women still start with a
lower research performance score. This suggests that gendered age differences do not account for
differences in career progression or performance score, complementing previous work [7,15].
Structural reasons as well as the impact of biases might account for the differences in performance
scores and have been explored in relation to a gendered productivity gap [48], or productivity puzzle
[49]. Women expect men to perform better—and men agree [41]. They deal with a mosaic of inequity
in financial compensation, grant funding, publications, authorship, citations, and speaking roles [50],
all of which seem to be more pronounced when adding race/ethnicity characteristics [12,32].

On top of having the shortest careers, we find that Māori and Pasifika and European women earn
20% less than the average European male colleague when comparing lifetime earnings. Similar results
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on differences in salaries have been found in the United Kingdom and the United States [51]. There is

ample evidence of a persistent gender pay-gap [52] and lack of women in permanent positions [19].
Some say women earn less because they specialise less [53], or shoulder most of parenthood/care-
work [48], and are less visible owing to lower publication and promotion rates [52,53]. Although more
recent work suggests that overall parents publish more than non-parents [48], it still shows women
disadvantaged overall.

The fact that women, especially non-Europeans, are likely to have lower research scores than men,
and leave academia earlier and with lower lifetime earnings, results in highly gender-biased leaving
rates, particularly for Asian and Māori and Pasifika women. Our analysis once again shows that
contrary to the ‘myth of meritocracy’ and the gender neutrality of universities, they are, like other
organizations, gendered organizations [43,54]. That is, universities are organizations in which gender
permeates all structures, processes and relationships as a constitutive element [55], and in which
gender stereotypes, norms, institutional resistance to intersectional equity both produce and reproduce
inequality [32]. Seeing women academics from under-represented minorities plateau or leave while
European men advance their careers creates a strongly standardizing effect around male-dominated
environments, as discussed elsewhere [32,56]. Our findings add to the canon of research that,
together, underscores the need to address intersectional disadvantages and to develop effective
policies to overcome narrow, gendered hiring, promotion and attrition practices (e.g. [12,32,56,57]).
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