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Abstract 
We investigate gender-stereotyped beliefs about children’s academic abilities among parents. 
Leveraging survey and school administrative data, we document that parents underestimate girls’ 
mathematical skills and overestimate their reading skills, while the opposite biases are observed for 
boys. Employing quasi-experimental evidence, we show that providing parents with information about 
their children’s abilities, in the form of national standardised test scores, eliminates gender bias in 
mathematics. Our findings further reveal that parents’ underestimation of girls’ mathematical abilities 
contributes to a widening gender gap in mathematics during late childhood, highlighting how exposure 
to gender biases can hinder girls from achieving their full academic potential. 
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1 Introduction

Gender stereotypes, such as the idea that boys are better than girls at mathematics, can lead

to self-fulfilling prophecies. Exposure to such preconceived ideas adversely impacts girls’ self-

confidence and career aspirations, contributing to the persistent gender gap in mathematics

and the under-representation of women in STEM (Science, Technology, Engineering, and

Math) occupations (Goldin et al., 2006; Alan et al., 2018; Avitzour et al., 2020; Bertrand,

2020). This underrepresentation raises equity concerns, as STEM occupations typically offer

higher wages (Black et al., 2008; Blau and Kahn, 2017), as well as efficiency concerns, due to

the potential misallocation of talent that limits economic and societal progress (Hsieh et al.,

2019).

Parents hold gender stereotypes and play a central role in transmitting them to their children

through recommendations, cultural transmission (Ichino et al., 2019; Olivetti et al., 2020;

Farré et al., 2022), role modeling (Farré and Vella, 2013; Johnston et al., 2014; Chise et al.,

2021) and resource allocation (Doepke and Zilibotti, 2017; Doepke et al., 2019). These

stereotypes can affect parental beliefs about their children’s abilities in mathematics and

non-mathematics intensive tasks, leading to gender biases. Nevertheless, empirical evidence

on gender biases in parents’ beliefs about their children’s abilities remains scarce. Tackling

this question in real-world settings has proven difficult due to the limited availability of

comprehensive datasets that combine parental beliefs with objective measures of children’s

skills in subjects stereotypically linked to males or females.

In this paper, we address this issue by presenting the first empirical evidence on whether

and how parental beliefs about a child’s mathematical and reading skills vary based on the

child’s gender. We also examine whether gender-biased beliefs can be reduced by providing

parents with information on their child’s actual skill level and whether these beliefs influence

the child’s future skills.

To investigate the existence of parental gender biases, we use survey data from the Longitudi-

nal Study of Australian Children (LSAC), which captures parents’ self-reported beliefs about

their child’s skills, linked to administrative records of child performance on national stan-

dardized tests (NAPLAN, National Assessment Program – Literacy and Numeracy). Our

empirical strategy exploits the fact that while parental beliefs may be influenced by gender

stereotypes, blindly graded standardized tests provide an objective measure of children’s

cognitive skills free from gender biases. We identify parental gender bias using a difference-

in-difference (DiD) approach, similar to that of Lavy (2008), Breda and Ly (2015), Lavy

and Sand (2018), and Terrier (2020), but applying it for the first time to measure parents’
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rather than teachers’ gender biases. The first difference compares parents’ perception of their

child’s skills with blindly graded tests and measures the bias in parental beliefs.1 The sec-

ond difference captures the gender gap in this bias (gender bias), reflecting parental gender

distortions, net of the effect of children’s abilities.

Additionally, we employ a triple difference estimation, similar in spirit to Breda and Ly

(2015), by computing the differential parental gender bias between a male-stereotyped sub-

ject (mathematics) and a female-stereotyped subject (reading). This measures the gender

bias in parents’ perception of their child’s comparative advantage in mathematics relative

to reading, a factor shown to influence STEM specialization in high school (Goulas et al.,

2022).2 The main advantage of the triple difference approach is that it controls for gender

differences in formal examination performance and for distortions in standardized tests or

parental assessments, provided these differences and distortions are invariant either across

subjects or across gender.

Our results show that parents’ perception of their child’s skills varies across subjects and

gender of the child. Specifically, parents tend to overestimate boys’ and underestimate girls’

mathematical skills, while the opposite pattern emerges for reading. This leads to a gender

bias favoring boys in mathematics - a subject traditionally perceived as ”male” - and girls in

reading. Using a triple-difference approach, we confirm a bias favoring boys in mathematics

relative to reading by 22.5% of a standard deviation. These findings are consistent with the

predictions of the social cognition approach, according to which people form beliefs about

others relying on stereotypes (Bordalo et al., 2016; Bordalo et al., 2019). More particularly,

this approach suggests that stereotypes exaggerate true differences in skills or traits that are

perceived to mostly differentiate the genders (Eyal and Epley, 2017 Bertrand, 2020).

We also observe significant variation in gender biases across mothers’ characteristics that

have been found to be related to gender stereotypes. Higher-educated mothers display a

smaller bias against girls in mathematics but tend to overestimate girls’ reading skills relative

to boys’, perpetuating an overrated perception of girls’ comparative advantage in reading

over mathematics. Similarly, mothers exposed to more egalitarian gender norms at home

or in the workplace exhibit a smaller gender bias against girls in mathematics, whereas

their perception of girls’ advantage in reading relative to mathematics is not statistically

1To address differences in the measurement scales between parental beliefs and NAPLAN tests

scores, we adopt an anchoring approach (Cunha et al., 2021).
2As explained in Section 3, our measures of test scores and parental beliefs are expressed in

relative terms, based on comparisons with the child’s schoolmates. This definition of comparative

advantage in mathematics relative to reading aligns with what used by Goulas et al. (2022).
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significantly overrated compared to girls’ actual advantage.

Next we provide quasi-experimental evidence on whether releasing national standardized

test scores to parents reduces gender biases in their evaluation of their child’s skills. In the

LSAC survey, some parents are interviewed before the release of the national standardized

test results (NAPLAN), while others are interviewed afterwards. The assignment of parents

to the groups with and without information on their child’s test results depends on the

interview date relative to the NAPLAN release date and it is as good as random.3 Our

results indicates that providing parents with readily accessible and easily understandable

information about their children’s skills in the form of national standardized test scores,

effectively eliminates the parental gender bias against girls in mathematics. However, it

does not affect the magnitude of the bias against boys in reading.

Finally, we evaluate the effect of the parental premium (i.e. the difference between parents’

beliefs and NAPLAN test scores) in Grade 3 (age 8-9) on standardized test scores in Grade

5 (age 10-11). To achieve this, we adopt a value-added model and use a child fixed-effect

estimation, which leverages variation across subjects for a given child to control for any

unobserved, subject-invariant characteristics, such as parents’ tendency to overestimate their

child’s skills because overly optimistic.4 We find that the widening in the advantage of boys

in mathematics and girls in reading during childhood can be partly attributed to parental

gender bias. Based on the estimation results of our valued added model, we predict a gender

gap in mathematics of 9.5% of a standard deviation in grade 5, with 16.8% of this gap

explained by parents’ underestimation of girls’ mathematical skills compared to boys’.

Our study contributes first and foremost to the emerging economic literature that explores

the role of stereotypes in explaining gender differences (Guryan and Charles, 2013; Bertrand,

2020), particularly in educational achievements. Much of this research compares teachers’

evaluations with blind assessment results to examine the impact of teachers’ gender-biased

beliefs on student outcomes (see, e.g., Lavy, 2008; Van Ewijk, 2011; Hanna and Linden,

2012; Burgess and Greaves, 2013; Botelho et al., 2015; Breda and Ly, 2015; Lavy and Sand,

2018; Terrier, 2020 and Lavy and Megalokonomou, 2024). In the context of parents, existing

economic studies predominantly explored the intergenerational transmission of gender norms

and stereotypes (Nollenberger et al., 2016), and their impact on the gender gap in mathe-

3A similar approach has been adopted by Greaves et al. (2023) to assess the impact of informa-

tion on school quality on parental time investments, and by Cobb-Clark et al. (2021) to examine how

information on standardized test performance influences parental beliefs and investment decisions.
4This identification strategy is similar to the within-pupil between-subject estimation, com-

monly used in the education literature (see, e.g., Dee, 2005; Dee, 2007; Clotfelter et al., 2010;

Slater et al., 2012; Altinok and Kingdon, 2012; and Nicoletti and Rabe, 2018).
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matics and educational choices (Rodŕıguez-Planas and Nollenberger, 2018; Dossi et al., 2021;

Carlana and Corno, 2024). In contrast, we examine parents’ gender-biased beliefs about their

children’s mathematical and reading skills and we investigate the role of information in shap-

ing these beliefs. By demonstrating that parents’ gender-biased beliefs are directly linked

to the widening gender gaps in skills, we also highlight the importance of shaping parental

beliefs to design effective policies aimed at promoting gender equality in education and the

labor market.

This paper also adds to the literature exploring the role of information frictions in the

beliefs formation process (Bernheim et al., 2019). Cunha (2015) discusses the “subjective

rationality model” of parenting, explaining that while parents are rational agents with specific

objectives to optimize, they often lack the information they need and thus rely on their own

heuristic assessments to guide their decision-making processes. Empirical evidence based on

behavioral interventions corroborates the view that parents are not fully-informed agents

and their investment decisions change as a result of increasing their information set on

the efficacy of their investments or on their children’s skills and effort at school (Boneva and

Rauh, 2018; Dizon-Ross, 2019; York et al., 2019; Barrera-Osorio et al., 2020; Bergman, 2021;

Bergman and Chan, 2021). While previous studies have relied on experimental evidence to

demonstrate that providing assessors with accurate information -whether about children’s

skills or on their own stereotypes- can reduce gender biases (e.g., Reuben et al., 2014; Dizon-

Ross, 2019; Alesina et al., 2024), we use real-world data to show that informing parents

about their child’s skills reduces the gender bias in their beliefs, allowing them to improve

their parenting behaviors and investments and supporting their child’s true potential.

The final contribution of our paper is methodological. We extend the difference-in-differences

(DiD) approach proposed by Lavy (2008) to a triple differences framework, providing a mea-

sure of gender bias in parents’ perceptions of children’s comparative advantage in a STEM

subject versus a non-STEM subject (mathematics versus reading). This estimator of rela-

tive gender bias is robust to distortions caused by gender differences in exam performance or

other distortions in standardised test scores that are consistent across subjects. Additionally,

we are the first to adapt the identification strategy of Lavy (2008) to evaluate gender bias in

parental beliefs, which are not directly comparable to standardised test scores. Specifically,

we address differences in scale between beliefs and test scores and account for the fact that

parental beliefs reflect children’s skills relative to their peers.

The rest of the paper is organized as follows. Section 2 provides details on the institutional

context, while Section 3 describes the data used in this study. Section 4 outlines our econo-

metric approach and presents evidence of a gender bias in parental beliefs about their child’s
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academic skills. Section 5 tests the hypothesis that this gender bias is driven by information

frictions and Section 6 assesses whether the gender bias affects children’s future academic

performance and its implications for the widening gender gap in skills. Section 7 concludes.

2 Institutional Context

The main responsibility for school education in Australia falls on the six states and two

internal territorial governments. School is compulsory for children by the time they turn

six. Most children start when they are between four-and-a-half and five-and-a-half years of

age, and attend primary school until they are 11 or 12. Most primary schools offer programs

from kindergarten (foundation) to Grades 6 or 7.

Since 2008, Australian students enrolled in Grades 3, 5, 7, and 9 take part in the Na-

tional Assessment Program - Literacy And Numeracy (NAPLAN), a series of non-high-stakes

standardized tests in reading, writing, language (spelling, grammar and punctuation), and

mathematics (numeracy). NAPLAN tests are considered an important tool for measuring

students’ progress and helping schools and parents to understand and improve students’

outcomes. Test difficulty and scales are consistent across school years and subjects, allowing

to compare results across cohorts, successive years, and learning subjects.5

NAPLAN tests generally take place the second week of May. They are conducted in school

and administered by classroom teachers, school deputies, or principals. As depicted in Figure

A1 in Appendix A, a preliminary summary report including information at the national level

and by state or territory on NAPLAN results for each Grade and subject is published by the

Australian Department of Education and Training in August. Parents receive an individual

student report between August and September. The information enclosed in the student

report is identical for all students across the country and details their performance level and

relative performance compared to the national average in each subject (see Figures B1 and

B2 in Appendix B for an example report).6

NAPLAN tests in reading and mathematics are written assessments. For the reading as-

sessment, the child is asked to read a text and answer some close-ended questions. For

mathematics, the child is asked to solve a set of numeracy problems by answering close-

5A more detailed description of the NAPLAN tests can be found at

https://web.archive.org/web/20160713190329/http://www.nap.edu.au/naplan.
6Depending on the state and territory where the school is located, individual student reports

may include more information, in particular how the child answered each test question and the

proportion of students who selected the correct answer.

5



ended questions.7 All tests are blindly graded by independent markers who are required to

complete a mandatory training developed in conjunction with the Australian Curriculum,

Assessment and Reporting Authority.

3 Data

We use data from the Longitudinal Study of Australian Children (LSAC) linked with admin-

istrative records on children’s performance on NAPLAN standardized tests. The LSAC is

an ongoing biannual survey that collects information on two nationally representative sam-

ples of Australian children aged 0-1 (B cohort) and 4-5 (K cohort) in the first wave of the

study in 2004 (Soloff et al., 2005 and Gray and Smart, 2009). Table A1 describes the sample

structure by age of the child, year of the interview, and school year.

In the majority of cases, the parent who answers the main questionnaire is the mother. For

the purpose of this study, we focus on parents whose children are 8-9 years old and enrolled

in Grade 3. As mentioned in Section 2, as children sit for standardized tests for the first

time in Grade 3, this is also the first time that parents receive information on their child’s

performance on these tests.

From the original sample of children who took part in the study, we removed those who did

not sit for NAPLAN tests in Grade 3 (5% of the sample), because they were withdrawn

from the NAPLAN testing program by their parent/carer (0.3%), exempted (1%) or did

not attend school on the days of the tests. Among those with a valid NAPLAN score,

the majority of cohort K (80%) took the Grade 3 tests in 2008 and Grade 5 tests in 2010

(2012 and 2014 for cohort B). Differences in the school year of enrollment (and therefore the

calendar year when NAPLAN tests are taken) are due to (a) variation in school starting age

regulations across States and Territories (Taylor and Fiorini, 2011), (b) parents’ or preschool

teachers’ decision to delay starting school for children who are considered not ready (Hanly

et al., 2019), and (c) children having to repeat the year (although this event is quite rare).

After removing observations with missing information on the key variables of interest, we

are left with a sample of 2,916 children from cohorts B and K living in intact families and

enrolled in Grade 3.

7Examples of these close-ended questions are provided in Figures B3 and B4 in Appendix B.
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3.1 Parental Beliefs

Parental beliefs about their child’s skills are measured using their answers to the following 
question, asked separately for reading and mathematics: “Compared to other children in 
their class, how well do you think your child is progressing in reading/mathematics?”. Par-
ents choose their answer along a 5-point scale, ranging from much worse to much better. We 
re-scale this variable so that 0 corresponds to children who are as good as their classmates, 
according to parents. Positive values indicate that parents perceive a child’s performance 
to be better (1) or much better (2) than that of the other children, while negative values 
indicate that a child’s performance is perceived as worse (-1) or much worse (-2) than that 
of the other children.

Our measure of parents’ beliefs defines how parents perceive their child’s skills relative to the 
child’s peers. In this context, a relative measure can be considered more appropriate than an 
absolute measure. Beliefs about relative academic abilities with respect to peers have been 
found to be important to explain educational choices such as subject specialization (e.g., 
Goulas et al. 2022). Furthermore, previous studies show that parents are unable to correctly 
assess the absolute skill levels of their child, and have locally distorted beliefs that depend 
on the skills of their child’s peers (Kinsler and Pavan, 2021), so parental beliefs about their 
child’s skills relative to peers are more reliable measures.

Figures 1 and 2 show that the majority of parents in our sample perceive their child’s skills 
to be better than those of other children in the same class, and this is true regardless of 
the child’s gender or the subject considered (reading or mathematics). The measure of 
parental beliefs has a meaningful zero point, indicating that a child’s skills are as good as 
their classmates, and should be symmetric around zero if parents do not overestimate or 
underestimate their child’s skills. Yet, the distribution of parental beliefs is left-skewed. The 
proportion of parents who think their child’s skills are “better” or “much better” than their 
peers is 60-70% (depending on the subject), whereas the proportion of parents who think 
that their child’s performance is “worse” or “much worse” is 7-13%. This asymmetry in 
parental beliefs aligns with evidence from other studies, which find that parents tend to be 
over-confident when evaluating their children’s skills (Dizon-Ross, 2019; Bergman, 2021 and 
Kinsler and Pavan, 2021).

There are, however, some striking differences when comparing parental beliefs about boys’
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and girls’ skills, depending on the subject considered. While 64.1% of parents think that boys 
are better than their peers in mathematics, this figure drops to 54.8% for g irls. The reversal is 
true for reading skills, with parents being more likely to report comparatively better reading 
skills for girls than for boys. Specifically, 70.4% of girls are considered better than the other 
children, as opposed to 60.2% for boys. These gender differences are statistically significant.

3.2 Children’s Skills

We construct a measure of children’s skills that is comparable to our measure of parental 
beliefs by calculating the difference between a  child’s NAPLAN test score in a  given subject 
and the corresponding average test score for all students in the same grade and school who 
took the test in the same calendar year. Throughout the remainder of this paper, we refer 
to this relative measure of a child’s skills as ”NAPLAN test scores.”

We use school-level rather than class-level data, due to a lack of information about class 
composition. The choice of relying on school-level averages is not, however, an issue, as 
in Australia there tend to be no systematic differences in c lass composition within schools. 
Primary schools have a policy of forming classes that are balanced in terms of gender com-

position, children’s skills, nationalities, and cultures. We also use an alternative dataset, 
namely the TIMSS 2007 International Database (Olson et al., 2008), to show that the vari-
ation in the class average test score is mainly explained by variation across schools (64%) 
rather than variation between classes within schools (36%). Hence, the school average is a 
decent proxy for the class average.

Figures 3 and 4 depict the distribution of boys’ and girls’ NAPLAN test scores in reading 
and mathematics, defined as d ifference fr om their school peers’ average te st sc ores. In  line 
with previous studies (e.g., Fryer and Levitt, 2010 and Breda and Napp, 2019), we find 
that girls outperform boys in reading, while the opposite is true for mathematics. Though, 
girls’ advantage in reading is larger than boys’ advantage in mathematics. Specifically, girls 
outperform boys in reading by 18.1% of a standard deviation (Table A2), whereas boys 
outperform girls in mathematics by 10.3% of a standard deviation.

Taken together, this descriptive evidence shows that whereas parents overestimate girls’ 
reading scores and boys’ math scores by a similar magnitude, boys’ advantage in mathematics 
over girls’ is smaller than girls’ advantage in reading over boys. In Section 4, we formalise
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this comparison by quantifying gender differences in parents’ premium, i.e., the difference

between the (standardized) measures of parental beliefs and test scores.

3.3 Anchoring of Parental Beliefs

Our key variables of interest, parental beliefs and NAPLAN test scores, have different scales.

To address the lack of comparability between the two measures, we anchor parental beliefs

to the NAPLAN test scores (Cunha et al., 2021). We perform this anchoring by regressing

the standardised NAPLAN scores on a set of dummy variables corresponding to each level

of the parental beliefs,

NAPLANi,k =ϑ0,k + ϑ1,k1(Beliefsi,k = −2) + ϑ2,k1(Beliefsi,k = −1)
+ ϑ3,k1(Beliefsi,k = +1) + ϑ4,k1(Beliefsi,k = +2) + ξi,k,

(1)

where the subscript i denotes the child and the subscript k takes the value 1 for reading and 2

for mathematics. 1(Beliefsi,k = j) is a dummy equal to 1 if the parental belief about a child’s

skill in subject k is j and 0 otherwise. The error term is denoted by ξi,k. ϑ0 represents

the intercept, and ϑ1 . . . ϑ4 represent the differential intercepts associated with the levels

of parental beliefs -2, -1, +1 and +2, relative to the reference category 0. The predicted

NAPLAN score, ̂NAPLAN i,k, obtained using the estimated coefficients from Equation 1, is

our measure of anchored parental beliefs.

The estimation results for the anchoring approach are presented in Table 1. The intercept

captures the expected NAPLAN score for parents who believe their child is performing as well

as their peers (the reference category). As the NAPLAN score is defined in relative terms, as

the deviation from a child’s school peers’ scores, a zero intercept would suggest that parents

neither overrate nor underrate their children’s skills. However, our findings reveal a negative

intercept for both reading and mathematics, suggesting that parents tend to overestimate

their children’s academic skills. This overestimation aligns with recent literature indicating

that individuals often overrate their own skills and those of others (Moore and Healy, 2008),

including their own children (Dizon-Ross, 2019; Bergman, 2021; Kinsler and Pavan, 2021).

The anchoring accounts for and corrects potential biases in parents’ interpretation of the

beliefs scale, making the NAPLAN and beliefs scales comparable and cancelling out parents’

tendency to overestimate their child’s skills. Nevertheless, as the anchoring is not gender

specific, it does not affect our ability to identify a gender bias in parental beliefs. Further-

more, as we estimate Equation 1 separately by subject, it allows for differences in the way
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parents use the beliefs scale between mathematics and reading.8

The estimated coefficients reported in Table 1 reveal that parental beliefs are asymmetric 
around the zero when anchored to the child’s actual skills. For mathematics, parents per-
ceive their child’s skills as ”much worse” than their peers’ if the NAPLAN score is 1.609 
standard deviations below the school peers’ mean, and ”as somewhat worse” if the score 
is 1.041 standard deviations below the mean. Conversely, children whose skills are rated 
as ”better” or ”much better” tend to have NAPLAN scores only 0.134 and 0.607 standard 
deviations above the school peers’ mean, respectively. A similar pattern is observed for read-
ing. Moreover, the increase in NAPLAN scores required to shift parental beliefs from 1 to 
2 is smaller than that needed to move from -2 to -1, indicating that the distance between 
these belief points is not directly comparable (see testing results at the bottom of Table 1). 
Overall, this highlights the importance of anchoring parental beliefs to NAPLAN test scores.

4 Parental Gender Bias

We investigate whether parents’ perceptions of their children’s skills are influenced by the 
child’s gender (referred to as ”gender bias” throughout the paper), comparing parents’ beliefs

− a non-blind assessment of their child’s skills, which may be subject to gender biases − with
their child’s NAPLAN test scores, which are theoretically free from such biases.9 In the

following section we first provide details on our identification strategy and then present the

estimation results.

4.1 Estimation Strategy

Let Assessmenti,k,b be the measurement of the child i’s cognitive skills in subject k based

on the blind (b = 0) or non-blind (b = 1) assessment. Following Lavy (2008), we allow these

assessments to depend on a set of observed and unobserved characteristics (captured by an

8The anchoring approach, however, does not account for potential heterogeneity across parents

in how they use the beliefs scale. As explained in Section 4.1, we address this issue by considering

an additive bias that may vary across children and parents.
9As explained in Section 2, NAPLAN tests are written assessments consisting of a set of close-

ended questions (see Figures B3 and B4 for examples of the close-ended questions used for reading

and mathematics). NAPLAN grading is anonymous, and because the answers to the close-ended

questions involve minimal handwriting, it is virtually impossible for graders to identify a student’s

gender. Furthermore, Breda and Napp (2019) provide evidence that it is unlikely to correctly guess

a child’s gender from their hand writing.
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individual-by-subject fixed effect, τi,k), on the gender of the child (Girlsi, taking a value of

1 for girls and zero for boys) and on the type of assessment (NBi,b taking a value of 1 for the

non-blind parental assessment and 0 for the blind NAPLAN score):

Assessmenti,k,b = λ0 + λ1Girlsi + αk
0NBi,b + αk

1(Girlsi ⋅NBi,b) + τi,k + ωi,k,b, (2)

The subscript for subject k is equal to 1 for reading and 2 for mathematical skills. Parental

beliefs and NAPLAN test scores are the non-blind and blind assessments, Assessmenti,k,1

and Assessmenti,k,0, respectively. The NAPLAN test scores are measured as the deviation

from the school peers’ average and are standardized to have a variance of 1. The parental

beliefs are anchored to the NAPLAN test score, as explained in Section 3.3. Both NAPLAN

and parental beliefs are therefore measured in NAPLAN standard deviations. ωi,k,b is an

idiosyncratic error term, λ0 is the intercept, and λ1 and αk
0 are parameters capturing the

effect of the child’s gender and the differences between parental beliefs and NAPLAN score

respectively.

Our parameter of interest, αk
1, measures the differential effect of the child’s gender on the

non-blind assessment score with respect to the blind assessment, for subject k. Given that

parents’ beliefs can be affected by gender distortions, while NAPLAN test scores are not,

αk
1 captures the subject-specific gender bias in parental beliefs. A coefficient of αk

1 equal to

zero indicates that, on average, there is no gender bias in parental beliefs about their child’s

skills in subject k. A negative value of αk
1 indicates that parents tend to favor boys, while

the opposite is true for positive values of αk
1.

Equation 2 is equivalent to a Difference-in-Difference (DiD) estimation, where the treat-

ment is the child’s gender, the control outcome is given by the NAPLAN test score, which

is theoretically unaffected by gender biases, and the treatment outcome is the non-blind

parental assessment, which is likely to be affected by such biases. The DiD can be imple-

mented by adopting a child-by-subject fixed effect estimation of Equation 2 or, equivalently,

by taking the difference between the non-blind and the blind assessments, Premiumi,k =
(Assessmenti,k,1 − Assessmenti,k,0), and estimating by ordinary least squares the following

equation:

Premiumi,k = αk
0 + αk

1Girlsi + ϵi,k, (3)

where Premiumi,k measures the parental premium, i.e., how much parents’ beliefs over- or

under- estimate their child’s skills relatively to the NAPLAN test scores, and ϵi,k = ωi,k,1 −
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ωi,k,0.

By controlling for τi,k and NBi,k, the DiD estimation of αk
1 accounts for any unobservable

and observable characteristics that differ between girls and boys, and for any distortion in

the assessment measures, as long as the distortion is on average identical for boys and girls.

For example, it accounts for the fact that NAPLAN test scores overestimate students’ skills

if schools adopt a “teaching to the test” approach, focusing more on preparing students to

pass the exams, rather than helping them to understand the subjects, and for differences in

innate ability in mathematics and reading between girls and boys.

The DiD estimates may be inconsistent if gender-specific factors influence children’s perfor-

mance on standardised tests. For instance, NAPLAN test scores could overestimate boys’

true skills if girls’ performance on school exams is more adversely affected by a lack of self-

confidence compared to boys’. Conversely, girls skills could be overestimated compared to

boys if boys’ performance on NAPLAN tests is more negatively impacted by attention and

hyperactivity disorders than that of girls. Additionally, the DiD estimation may be incon-

sistent if parents differ in how they interpret the beliefs scale. For example, varying levels

of optimism among parents when assessing their child’s skills could result in an upward or

downward bias in their assessments.

To address these two issues, we extend the approach proposed Lavy (2008) and modify

Equation 2 by including an assessment-specific individual fixed effect πi,b,

Assessmenti,k,b = λ̃0 + λ̃1Girlsi + α̃k
0NBi,b + α̃k

1(Girlsi ⋅NBi,b) + τ̃i,k + πi,b + ω̃i,k,b, (4)

where we use ̃ to distinguish between the new coefficients and the ones in Equation 2. πi,1

captures any additive parental bias in their assessment of children’s skills that varies across

parents but is constant between subjects. Similarly, πi,0 captures any distortion in the NA-

PLAN assessment that differs across children but is identical between mathematics and read-

ing. In other words, we are able to control for biases in the blind and non-blind assessments

that can be heterogeneous across children (and parents) by allowing for individual-specific

additive biases in the parental beliefs and in the NAPLAN assessments.

As before, by taking the difference between Assessmenti,k,1 and Assessmenti,k,0, the Equation

4 can be rewritten as

Premiumi,k = α̃k
0 + α̃k

1Girlsi + πi,1 − πi,0 + ϵ̃i,k, (5)

where ϵ̃i,k = ω̃i,k,1 − ω̃i,k,0.
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We control for the unobserved effects (πi,1 −πi,0) taking the difference between the premium

in mathematics and reading,

Premiumi,2 −Premiumi,1 = (α̃2
0 − α̃1

0) + (α̃2
1 − α̃1

1)Girlsi + (ϵ̃i,2 − ϵ̃i,1), (6)

and estimating by ordinary least squares the differential gender bias for mathematics rela-

tively to reading (α̃2
1−α̃1

1) (hereafter, differential gender bias). Such estimation of (α̃2
1−α̃1

1) is
similar to the triple difference (DDD) approach adopted by Breda and Ly (2015). The first

difference is between parental beliefs and NAPLAN test scores, the second between boys and

girls and the third is between mathematics and reading.

The advantage of the DDD estimation lies in its ability to control for any observed and

unobserved factors that differently influence blind and non-blind assessments, even when

these factors have a different impact on boys and girls, provided the impact is the same

across subjects. This implies that we can rule out the possibility that the differential gender

bias is driven by gender differences in performance on formal assessments (Iriberri and Rey-

Biel, 2021; Griselda, 2022). The DDD estimation also accounts for the potential influence

of boy’s higher self-confidence relative to girls on parental beliefs, as long as such effect does

not vary across subjects.

Interestingly, the differential gender bias (α̃2
1 − α̃1

1) measures the gender bias in the parental

perception of the comparative advantage in mathematics with respect to reading relative

to peers. The perception of comparative advantage in STEM with respect to non-STEM

subjects relative to peers has been found to be important in explaining specialization in

STEM fields (Goulas et al., 2022).

A final remark is that the estimation of (α̃2
1 − α̃1

1) using Equation 6 yields analytically iden-

tical results to estimating αk
1 separately for reading (k = 1) and mathematics (k = 2) using

Equation 3 and then taking the difference (α2
1 −α1

1). To demonstrate it, consider estimating

the parameter αk
1 using the miss-specified Equation 3, instead of the correct model (Equation

6). Since Equation 3 fails to control for (πi,1 − πi,0), the ordinary least squares estimation of

αk
1 will be inconsistent and

plim α̂k
1 = α̃k

1 +
Cov(Girlsi, πi,1 − πi,0)

V ar(Girlsi) , (7)

where plim denotes the probability limit and Cov and V ar indicate the covariance and

variance respectively. However, by taking the difference between mathematics and reading

in Equation 7, the second addend in the right hand side
Cov(Girlsi,πi,1−πi,0)

V ar(Girlsi)
does not change
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across subjects and cancels out,

plim α̂2
1 − α̂1

1 = α̃2
1 − α̃1

1, (8)

so the differential gender bias can be consistently estimated using Equation 3.

4.2 Results on the Gender Bias

Table 2 report the estimated average parental premium for boys (α0
k) and girls (α0

k + α1
k), the 

subject-specific gender bias (α1
k) and the differential gender bias in mathematics relatively to 

reading (α1
2 − α1

1) obtained using a sample of parents who have not yet received information 
on their child’s NAPLAN results. The findings i ndicate t hat parents t end t o overestimate 
boys’ mathematical skills and girls’ reading skills, while underestimating boys in reading 
and girls in mathematics. Examining the gender differences by subject, we observe a  gender 
bias of 10% of a standard deviation in favour of girls in reading and 12.4% of a standard 
deviation against girls in mathematics. These subject-specific gender biases are statistically 
significant a t t he 1 % l evel. C onsidering t hat a  f ull y ear o f e ducation t ypically r esults in 
approximately a 30% standard deviation increase in test scores (Woessmann, 2016), our 
results imply that parents underestimate girls’ mathematics skills and boys’ reading skills 
by an amount equivalent to about one-third of a year’s academic progress.

Using the DDD approach, we find a strongly statistically significant differential gender bias 
of -22.5% of a standard deviation, i.e., a higher parental premium for boys over girls in 
mathematics relative to reading.10 This implies that parents overestimate the comparative 
advantage in mathematics with respect to reading for boys by 22.5% of a standard deviation 
relative to girls.

These results are robust to the inclusion in the equation of additional covariates which may 
influence parental beliefs and NAPLAN scores differently across subjects and genders (Table 
A4 in Appendix A). The average premiums are less precisely estimated, but there is still a 
statistically significant and substantial gender bias against boys in reading and against girls

10In a sensitivity analysis, we replicate the estimation using non-anchored parental beliefs, which 
do not account for parents’ general tendency to overestimate their children’s skills, regardless of 
gender. As expected, the non-anchored beliefs result in a substantial average premium for both boys 
and girls in reading and mathematics, approximately 50-60% of a standard deviation. However, 
the differential gender bias remains consistent with our main results, showing a bias of 15.7% of a 
standard deviation. Due to the lack of comparability between the NAPLAN scores and the beliefs 
scale in the non-anchored data, we conduct all subsequent analyses using the anchored beliefs.
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in mathematics. The differential gender bias does not vary when we include these additional 
controls as the DDD approach controls for any subject-specific unobserved characteristic.11

We explore whether gender biases vary across mothers’ characteristics that are known to be 
associated with gender stereotypes. We focus on mothers’ characteristics because, in the vast 
majority of cases, parental beliefs in our sample are reported by mothers. Significant differ-
ences emerge based on mothers’ educational levels, with higher-educated mothers exhibiting 
a smaller bias against girls in mathematics and tending to overestimate girls’ reading skills 
relative to boys’. Similarly, mothers who work longer hours than their partners display a 
smaller gender bias against girls in mathematics (Table 3).

When examining the influence of mothers’ work environments, we find that those employed 
in strongly female-dominated occupations exhibit no gender bias against girls in mathe-

matics, as opposed to those in less female-dominated occupations. Conversely, mothers in 
predominantly male-dominated occupations display a gender bias against girls in mathe-

matics that is twice as pronounced as that of mothers in less male-dominated occupations 
(Table 4). These findings suggest that women in female-dominated occupations may be 
exposed to work environments more conductive to gender equality. In contrast, those in 
male-dominated fields may be more susceptible to adopting and internalizing the entrenched 
gender stereotypes prevalent in these environments. Looking at the differential gender bias 
in mathematics relative to reading, we find that mothers tend to statistically significantly 
underestimate the comparative advantage in mathematics relative to reading of girls, except 
for mothers that work in female-dominated occupations or that work more hours than the 
father.

We finally explore how parental gender bias varies across different family and school com-

position, but we find no statistically significant variation (see Tables C1 and Table C2 in 
Appendix C for more details).

Overall our results showing that a parental gender bias favoring boys in mathematics − a 
subject often viewed as stereotypically ”male” − and girls in reading − typically considered

11In Table A4 we present our benchmark results (column 1) alongside the results obtained from 
estimating the same equation with the addition of the children’s and parents’ characteristics listed 
in Table 5 (column 2). Due to missing data for some control variables, the sample size in column 
2 is smaller. To ensure transparency, column 3 reports the results of our benchmark estimation 
without control variables, using the reduced sample size from column 2.
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more ”female” − align with current research on gender stereotypes. Stereotypes serve as

cognitive shortcuts to evaluate skills based on traits perceived to differ significantly between

genders (see Bordalo et al., 2016; Bordalo et al., 2019). While such stereotypes may reflect

true gender differences in skills, they frequently lead to an overestimation of these disparities.

For example, the belief that boys excel in mathematics more than girls is rooted in real

gender differences in this subject (see Table A2). However, parents’ tendency to associate

mathematical skills more strongly with boys than girls can amplify the perceived gender gap

in this subject (Bordalo et al., 2016; Eyal and Epley, 2017; Bordalo et al., 2019; Bertrand,

2020).

Parents’ perceptions of their children’s mathematics and reading skills may stem from their

own stereotypes, which they may consciously decide to rely on, or they may be influenced

by unconscious biases shaped by external environments, such as their workplace (as noted

earlier in the discussion of occupational influences) or their children’s school. In Appendix

D we provide evidence of a strong link between the gender bias in parents’ beliefs and the

gender bias in teachers’ beliefs. More precisely, we show that teachers exhibit a gender bias

against girls in mathematics and against boys in reading which closely mirrors the biases

observed among parents. Moreover, we find a strong correlation between parents’ premium

and teachers’ premium (Table D2).

5 Exploring the Effect of Information on Parental Gen-

der Bias: a Quasi-Experiment

Previous studies show that parents lack information on their children’s academic skills, and

when they are provided with new information on those skills, they update their beliefs.12 For

example, Dizon-Ross (2019) and Barrera-Osorio et al. (2020) show in experimental settings

that new information on children’s reading and mathematics achievements helps closing the

gap between parental beliefs and child skills. If the parental bias is the result of cognitive

heuristics (based on stereotypes), providing parents with new information on their child’s

skills should reduce, and perhaps even eliminate, such bias (Hilton and Fein, 1989; Reuben

et al., 2014). If, instead, parents do not correct the bias in their beliefs when presented

12There is also a large literature in economics that looks at imperfect information and parental

expectations about the return on parental investments (Attanasio, 2015; Fitzsimons et al., 2016;

Boneva and Rauh, 2018; Attanasio et al., 2022; Biroli et al., 2020; Cunha et al., 2020) and school

quality (Greaves et al., 2023). Other studies use behavioral tools to document that parents also

have incomplete information on their offspring’s effort at school (Rogers and Feller, 2018; Bergman,

2021 and De Walque and Valente, 2023).
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with new information, it suggests that parental bias is not driven by a lack of information

but rather by strong gender stereotypes or enduring beliefs. In this section, we leverage a

quasi-experiment that exploit exogenous variation in parents’ exposure to new information

about their child’s skills to examine whether such information can reduce gender bias in

parents’ beliefs.

Our quasi-experimental methodology leverages an exogenous difference in parents’ interview

date with respect to when NAPLAN test scores were revealed to parents, following a similar

approach to (Greaves et al., 2023). Parents participating in the LSAC are interviewed

throughout the year, but they receive individual reports detailing their child’s performance

on the NAPLAN tests between late August and late September (Figure A1). This allows

us to compare the beliefs of parents who were interviewed before receiving their child’s

NAPLAN scores (control group) with those of parents who were interviewed afterwards

(treated group).

We extend Equation 3 to allow for the gender bias to differ depending on the amount of

information that parents have at the time of the interview:

Premiumi,k = αk
0 + αk

1Girlsi + γk
0Afteri + γk

1Afteri ⋅Girlsi + ϵi,k, (9)

where Afteri is a dummy variable that takes a value of 1 if parents of child i were interviewed

after the release of the NAPLAN tests scores (treated group) and 0 otherwise (control group).

γk
0 captures how the new information changes the premium in parental beliefs for boys,

whereas (γk
0 + γk

1) indicates the corresponding change for girls. αk
1 denotes the gender bias

for parents in the control group, whereas (αk
1 + γk

1) is the gender bias for parents in the

treatment group.

Because we do not have information on the exact date when parents receive the NAPLAN

report, we adopt a conservative approach and assign a parent to the treated group if the

interview took place in October or later, and to the control group if they were interviewed

before October. By doing so, the probability of incorrectly rejecting the null hypothesis of

no beliefs change from before to after the release of the NAPLAN is smaller than the actual

nominal level of significance.

Our identification strategy relies on the assumption that the interview timing is exogenous;

namely, that it is uncorrelated with observed parents’ and children’s characteristics. We

provide evidence that the treatment assignment is as good as random by testing that the

treatment and control group do not differ across a range of household, child, and parental
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characteristics. Table 5 shows that there are no statistically significant d ifferences at  5%
level between the two groups. The only exceptions are the proportion of children with 
hyperactivity problems, which is higher for the treatment group, and the probability of 
residing in New South Wales and Victoria, which is caused by the survey design. While this 
could potentially be a problem for the estimation of the subject-specific g ender b iases, we 
have already showed in Table A4 that results are robust to the inclusion of these additional 
variables listed in Table 5.13 Moreover, any differences b etween t reated and control groups 
are not a concern for the estimation of the differential g ender b ias, a s t he DDD approach 
controls for the omission of any characteristic that vary across children, parents, areas or 
households as far as they are invariant across subjects.

Table 6 shows that providing parents with new information about their child’s test scores 
eliminates gender bias in mathematics against girls. The parental overestimation of boys’ 
mathematical skills and underestimation of girls’ skills decreases substantially − by about 90% 
− when comparing parents’ perceptions before and after receiving their child’s NAPLAN 
results. On the contrary, the gender bias in reading does not seem to decrease from before to 
after the release of information. However, the results for the gender bias in reading are less 
precisely estimated so it is more challenging to draw a firm conclusion. When looking at the 
differential gender bias between mathematics and reading, we find a reduction of about 20% 
but again the bias is very imprecisely estimated.14

Overall, these results support the hypothesis that gender bias in mathematics stems from 
cognitive heuristics, with parents relying on stereotypes due to a lack of accurate information 
about their child’s skills. The lack of change in gender bias in reading, despite the provision 
of new information, could indicate that parents prioritize mathematics over reading when 
updating their beliefs. This might be because parents perceive mathematics as more closely 
tied to future career and labor market success, making them more responsive to information 
in this domain. In contrast, reading may be viewed as less critical to long-term outcomes,

13Later, in Table A5, we will also show that the results obtained allowing for the gender biases to 
differ for the treated and control groups do not change when we include additional controls listed 
in Table 5.

14As some parents interviewed in September may have already received their child’s NAPLAN 
report, our estimation strategy might underestimate the effect of parents’ reception of the NAPLAN 
information. However, when we estimate Equation 9 using a “donut” sample, where we drop all 
parents who were interviewed in August and September from the estimation sample, the results do 
not change (see Table A6).
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leading parents to be less likely to revise their perceptions based on test results.

Our findings also demonstrate that providing parents with information can help them cor-

rect gender biases, enabling them to support their children’s educational choices based on

actual abilities rather than gender stereotypes. A key question is whether the provision of

information has a lasting impact on the formation of parental beliefs. By examining parental

beliefs about their child’s skills in Grade 5—before receiving information on Grade 5 but

after receiving information on Grade 3 test scores—we find gender biases of similar magni-

tude to those observed in Grade 3 for parents who lacked information on grade 3 results (see

Appendix E). This evidence suggests that eliminating parental gender bias requires repeated

updates about their child’s skills.

6 Gender Bias in Parental Beliefs and the Gender Gap

in Future Skills

Previous research demonstrates that exposure to teachers’ gender stereotypes negatively

impacts girls’ academic performance, by lowering their self-confidence (Alan et al., 2018),

increasing the likelihood of choosing less demanding high school tracks (Carlana, 2019), and

reducing their participation in mathematics courses (Lavy and Sand, 2018).

As outlined in Section 4, we define gender bias in parental beliefs as the average difference in

the premium between girls and boys. Since in our sample parents provide skills’ assessments

for only one child, we cannot measure gender bias at the individual level. However, we can

observe the premium for each parent and assess whether a larger premium — indicative of

parents’ overestimation of their child’s skills — affects children’s future skills. Specifically,

we evaluate the impact of the parental premium in Grade 3 on NAPLAN scores in Grade

5. If a higher premium positively influences skill development, then the observed gender

bias against girls in mathematics, reflected in a lower average premium for girls compared

to boys, would result in smaller improvements in mathematics skills for girls.

We estimate the impact of parental premium in Grade 3 on children’s skills in Grade 5,

allowing for the self-productivity of skills (Cunha and Heckman, 2007) and controlling for

inputs and characteristics as follows:

Assessment5i,k,0 =η0 + η1Premiumi,k + η2Girlsi ⋅Premiumi,k + η3Girlsi+
+ ρAssessmenti,k,0 + µi + ui,k,

(10)
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where Assessment5i,k,0 represents child i’s NAPLAN test score in Grade 5 for subject k (k = 2
for mathematics and 1 for reading) and it is defined as the difference between child i’s

NAPLAN test score in Grade 5 and the corresponding school average, in standard deviations.

Premiumi,k is the difference between the anchored parental beliefs in Grade 3, Assessmenti,k,1,

and the NAPLAN test scores in Grade 3, Assessmenti,k,0. Girlsi is a dummy variable equal to

one if the child is a girl, µi is an individual effect capturing child-specific and parent-specific

inputs and characteristics that are invariant across subjects and relevant to explaining the

NAPLAN test scores in Grade 5, and ui,k is an idiosyncratic error.

We adopt a child fixed effect estimation of Equation 10 that exploits variation between sub-

jects within a child, similar to the within-pupil between-subject estimation implemented in

the education literature (Dee, 2005; Dee, 2007; Clotfelter et al., 2010; Slater et al., 2012;

Altinok and Kingdon, 2012; and Nicoletti and Rabe, 2018) The fixed effect estimation con-

trols for any bias caused by unobservables that are parent specific and subject invariant, e.g.

parents tendency to overestimate their child’s skills because overly optimistic or because

thinking about potential skills progress rather than current skills.

The results indicate that a 1 standard deviation increase in the parental premium when

the child is in Grade 3 leads to a statistically significant increase in the standardized test

scores in Grade 5 of approximately 10% of a standard deviation for boys and girls (Table

7).15 This positive effect of the parental premium on Grade 5 test scores, combined with the

tendency of parents to overestimate boys’ skills in mathematics, contributes to the widening

of gender gaps in this subject as children progress. Based on the estimation results, we

predict a gender gap in mathematics in grade 5 of 9.5% of a standard deviation and 16.8%

of this gap explained by parents’ underestimation of girls’ mathematics skills with respect

to boys.16 In Appendix F, we show that our results are robust and do not change when we

account for the potential association between gender difference in the parental premium and

gender-stereotypical investments made before age 8-9.

15The consistency of the fixed effect estimation depends on the assumption that Equation 10

applies equally to mathematics and reading. We provide supporting evidence for this by separately

estimating Equation 10 for reading and mathematics using OLS, as shown in columns 2 and 3

of Table 7. The results suggest that the parental premium has a statistically significant effect of

similar magnitude on Grade 5 test scores in both subjects.
16With an average parental premium in math in grade 3 of 0.063 for boys and -0.062 for girls

(Table 2), the predicted effect of parental premium on the gender gap in math in grade 5 is

[0.111 ⋅ 0.063 − 0.146(−0.062)] = 0.016; while the predicted effect of NAPLAN in grade 3 is [0.771 ⋅

(0.319−0.216)] = 0.079, where 0.319 and 0.216 are the averages of the NAPLAN grade 3 test score

for boys and girls respectively from Table A2. Hence the predicted gender gap in mathematics in

grade 5 is 0.095 i.e. 9.5% of a standard deviation.
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These results are consistent with a recent literature showing greater gender gaps in math-

ematics in families with more gender stereotypical roles. In particular, Doss et al. (2019) 
find that girls growing up in a “boy-biased” family score worse on mathematics exams than 
those raised in other family types. Similarly, a recent paper by Brenøe (2022) shows that the 
transmission of stereotypes about gender roles is particularly strong in families with mixed-

sex children, leading to a lower likelihood of girls completing a STEM degree, and a higher 
likelihood that they marry a more traditional partner. This empirical evidence also aligns 
with the idea that children internalize parental expectations of their skills and adjust their 
educational effort in response (Dhar et al., 2019). The effect of parental gender biases and 
stereotypes in mathematics may also operate thorough a decrease in girls’ self-confidence and 
a reduction in investment, making girls less likely to choose mathematics as their specialty 
subject (Giuliano, 2020).17

7 Conclusions

In this study, we explore how a child’s gender influences parental perceptions of their aca-
demic skills in reading and mathematics. Our findings reveal a distinct gender bias: parents 
tend to underestimate girls’ mathematical skills and boys’ reading skills. By leveraging ex-
ogenous variation in the timing of parental interviews, we compare beliefs expressed before 
and after parents received their child’s standardized test scores. We show that providing 
parents with additional information significantly reduces the gender bias in mathematics 
lowering it to one-tenth and making it statistically insignificant. This suggests that in the 
absence of accurate information, parents may rely on gender stereotypes when assessing their 
child’s mathematical skills. However, the bias against boys in reading does not decrease in 
magnitude, indicating that parents may be less incline to update their beliefs in this subject. 
One reason could be that parents see mathematical skills as more crucial for future career 
and labor market success, so they put more effort in checking the exam performance of their 
child in mathematics than in reading.

We also find that positive parental beliefs about their child’s skills lead to improved aca-
demic performance two years later. Consequently, parents’ tendency to underestimate girls’

17Unfortunately, we cannot directly test these mechanisms, as our data do not include infor-
mation on children’s self-confidence. Moreover the investments measures we have are obtained at 
the same time as we measure parental beliefs, and therefore we cannot use them to test whether 
parents’ biases affect children’ skills through changes in their investments.
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comparative advantage in mathematics relative to reading, compared to boys, contributes

to the widening gender gap between mathematics and reading, and more broadly, between

STEM and humanities subjects.

While our findings support the hypothesis that gender stereotypes shape parental beliefs, we

cannot rule out the possibility that these biases arise from other factors or reflect spillovers

from the biased beliefs of teachers, colleagues, or peers to whom parents are exposed. This

is evidenced by the strong association between parental gender biases and gender norms

in their workplace, as well as the correlation between parents’ and teachers’ gender biases.

Moreover, part of parental bias may stem from gender differences in children’s confidence.

If girls exhibit lower self-efficacy or self-concept in mathematics, or experience higher levels

of math anxiety (Twenge and Campbell, 2001; Heckman and Kautz, 2012; Lubienski et al.,

2013; OECD, 2015; Azmat et al., 2016; Iriberri and Rey-Biel, 2021; Burgess et al., 2022), and

these behaviours are perceived by parents, they may reinforce the underestimation of girls’

mathematical abilities. Unfortunately, our data do not allow us to isolate these channels,

leaving this as an open question for future research.

Overall our study highlights the importance of providing parents with accurate and acces-

sible information about their children’s mathematical skills, especially given the significant

impact these beliefs can have on future academic achievements. Information about student

performance has been increasingly used by policymakers for school accountability (Hanushek

and Raymond, 2004; Figlio and Loeb, 2011; Hanushek, 2019) and by parents in school se-

lection (Figlio and Lucas, 2004; Hastings and Weinstein, 2008; Burgess et al., 2015). The

widespread adoption of standardized testing in many countries, including England, Norway,

Italy, Japan, China, Australia, South Africa, Brazil, Mexico, and India, presents a promising

policy tool for supporting parents and reducing biased parenting practices. However, infor-

mation alone is not a complete solution for the underlying causes of gender bias, especially

for reading. Moreover, the effects of information may be short-lived, suggesting that to ef-

fectively address gender bias, parents may need regular updates on their child’s academic

performance.
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Figures

Figure 1: Parental Beliefs about Children’s Reading Skills

Notes: This figure shows the distribution of parental beliefs about their children’s reading skills. Beliefs are
measured using a 5-point scale answer to the following question: “Compared to other children in their class,
how well do you think your (study) child is progressing in reading?”. Sample includes parents who were
interviewed before the release of the NAPLAN results. Data Source: Grade 3, Cohorts K and B.
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Figure 2: Parental Beliefs about Children’s Mathematical Skills

Notes: This figure shows the distribution of parental beliefs about their children’s mathematical skills.
Beliefs are measured using on a 5-point scale answer to the following question: “Compared to other children
in their class, how well do you think your (study) child is progressing in mathematics?”. Sample includes
parents who were interviewed before the release of the NAPLAN results. Data Source: Grade 3, Cohorts K
and B.
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Figure 3: Reading Skills by Child’s Gender

Notes: This figure shows the distribution of children’s reading skills, defined as the difference between
individual raw NAPLAN scores and averages scores at school-year level in this subject. A positive (negative)
value indicates that the child performs better (worse) than their school peers. Sample includes children whose
parents were interviewed before the release of the NAPLAN results. Data Source: Grade 3, Cohorts K and
B.
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Figure 4: Mathematical Skills by Child’s Gender

Notes: This graph shows the distribution of children’s mathematics skills, defined as the difference between
individual raw NAPLAN scores and averages scores at school-year level in this subject. A positive (negative)
value indicates that the child performs better (worse) than their school peers.Sample includes children whose
parents were interviewed before the release of the NAPLAN results. Data Source: Grade 3, Cohorts K and
B.
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Tables

Table 1: Anchoring Parental Beliefs to the NAPLAN Score

Reading Mathematics
k = 1 k = 2

BELIEFS = -2, (ϑ1,k) -0.804*** -1.233***
(0.121) (0.191)

BELIEFS = -1, (ϑ2,k) -0.567*** -0.665***
(0.061) (0.071)

BELIEFS = +1, (ϑ3,k) 0.474*** 0.510***
(0.046) (0.042)

BELIEFS = +2, (ϑ4,k) 0.996*** 0.983***
(0.042) (0.043)

Constant -0.445*** -0.376***
(0.032) (0.029)

Testing p-value p-value
(a) H0 ∶ ϑ1,k − ϑ2,k = ϑ3,k − ϑ4,k 0.035 0.643
(b) H0 ∶ ϑ2,k = −ϑ3,k 0.295 0.093
Joint (a) and (b) 0.099 0.154

No. Observations 2,576 2,576
R-squared 0.286 0.265

Notes: These results are obtained estimating Equation 1 separately for reading and mathemat-
ics. The dependent variable, namely children’s skills in Grade 3, is the NAPLAN test scores
in reading and mathematics defined as difference from the school peers’ average test score and
standardised to have variance 1. The explanatory variables are a set of dummies for each of the
values of the parental beliefs -2,-1,+1, and +2 with 0 as reference category. The sample includes
parents who have not received information on the NAPLAN test scores. The bottom part of
the table reports the p-values obtained to test whether the effect of beliefs are ”symmetric”,
i.e. ϑ1 − ϑ2 = ϑ3 − ϑ4 and ϑ2 = −ϑ3 (the reference category is Beliefs = 0). Data Source: Grade
3, Cohorts K and B. *** p < 0.01, ** p < 0.05, * p < 0.1.

27



Table 2: Gender Bias in Parental Beliefs

Parental Premium
Reading Mathematics

Average premium for boys (αk
0) -0.050** 0.063**

(0.023) (0.025)
Average premium for girls (αk

0 + αk
1) 0.050** -0.062***

(0.023) (0.022)
Subject-specific gender bias (DiD) (αk

1) 0.100*** -0.124***
(0.033) (0.034)

Differential gender bias (α2
1 − α1

1) -0.225***
(0.047)

Controls
No. Observations 5,152 5,152

Notes: The dependent variable measures the “anchored” premium in parental beliefs, i.e. the
gap between the anchored parental beliefs about their child’s skills and the NAPLAN test
scores, both measured using the NAPLAN score scale in standard deviation. Results are ob-
tained estimating Equation 5 by OLS. The sample includes parents who have not yet received
information regarding their child’s NAPLAN scores. Data Source: Grade 3, Cohorts K and B.
*** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 3: Gender Bias in Parental Beliefs:
Heterogeneity by Mother’s Education and Working Hours

Parental Premium
Reading Mathematics Reading Mathematics

A. Mother’s education
High Education Low Education

Average premium for boys -0.182*** -0.064* 0.046 0.155***
(0.035) (0.038) (0.031) (0.034)

Average premium for girls 0.003 -0.138*** 0.084*** -0.006
(0.035) (0.034) (0.031) (0.029)

Subject-specific gender bias (DiD) 0.185*** -0.075 0.038 -0.161***
(0.049) (0.051) (0.043) (0.044)

Differential gender bias (DDD) -0.260*** -0.199***
(0.071) (0.062)

No. Observations 5,152 5,152

B. Mother’s hours worked
More than father Less than father

Average premium for boys -0.119 0.006 -0.044* 0.068**
(0.088) (0.083) (0.024) (0.027)

Average premium for girls 0.039 -0.034 0.051** -0.065***
(0.081) (0.074) (0.024) (0.023)

Subject-specific gender bias (DiD) 0.158 -0.040 0.095*** -0.132***
(0.119) (0.111) (0.034) (0.035)

Differential gender bias (DDD) -0.198 -0.228***
(0.163) (0.049)

No. Observations 5,152 5,152

Notes: Estimation details are identical to Table 2. Heterogeneity analysis by mother’s level
of education (high education corresponds to a university degree) and mother’s working hours
relative to the father’s (more specifically, if the mother works more hours than the father). The
sample includes parents who have not yet received information regarding their child’s NAPLAN
scores. Data Source: Grade 3, Cohorts K and B. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 4: Gender Bias in Parental Beliefs:
Heterogeneity by Mother’s Gender Norms Exposure

Parental Premium
Reading Mathematics Reading Mathematics

A. Exposure to Gender Norms
Female Dominated No Female Dominated

Occupation Occupation
Average premium for boys 0.086 0.076 -0.074*** 0.063**

(0.060) (0.066) (0.027) (0.029)
Average premium for girls 0.087 -0.031 0.040 -0.066***

(0.060) (0.059) (0.027) (0.025)
Subject-specific gender bias (DiD) 0.002 -0.106 0.114*** -0.129***

(0.082) (0.088) (0.038) (0.039)
Differential gender bias (DDD) -0.108 -0.243***

(0.120) (0.054)
No. Observations 4,716

B. Exposure to Gender Norms
Male Dominated Not Male Dominated

Occupation Occupation
Average premium for boys -0.043 0.075 -0.051* 0.062**

(0.057) (0.066) (0.027) (0.029)
Average premium for girls -0.046 -0.140** 0.068*** -0.043*

(0.060) (0.057) (0.027) (0.025)
Subject-specific gender bias (DiD) -0.003 -0.214** 0.120*** -0.106***

(0.082) (0.087) (0.038) (0.039)
Differential gender bias (DDD) -0.212** -0.225***

(0.119) (0.054)
No. Observations 4,716

Notes: Estimation details are identical to Table 2. Heterogeneity analysis by mother’s exposure
to gender norms defined based on the type of occupation she is employed in. Female- (Male-)
dominated occupations refer to those occupations where, according to the 2016 Australian
Census, at least 80% (70%) of workers are women (men). The sample includes parents who
have not yet received information regarding their child’s NAPLAN scores. Data Source: Grade
3, Cohorts K and B. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 5: Balancing Test

Treated Controls Difference
Mean SD Mean SD

Household Income 2573.71 1655.24 2398.05 1500.17 -175.661
University degree or above (M) 0.418 0.494 0.422 0.494 0.005
University degree or above (F) 0.365 0.482 0.355 0.479 -0.01
Mother working more than father 0.088 0.284 0.089 0.284 0
Employed (M) 0.818 0.387 0.799 0.401 -0.018
Employed (F) 0.968 0.177 0.971 0.167 0.004
Financial hardship 0.13 0.337 0.109 0.312 -0.021
Governmental School 0.644 0.479 0.618 0.486 -0.026
Boy 0.521 0.5 0.498 0.5 -0.023
Number of siblings 1.612 0.929 1.595 0.919 -0.017
Only child 0.047 0.212 0.054 0.227 0.007
Hyperactivity Problems SDQ Scale 3.301 2.388 2.919 2.297 -0.382**
Peer Problems SDQ Scale 1.307 1.471 1.161 1.39 -0.146
Emotional Problems SDQ Scale 1.641 1.647 1.468 1.692 -0.174
Conduct Problems SDQ Scale 1.207 1.355 1.084 1.285 -0.123
New South Wales 0.221 0.415 0.359 0.48 0.138***
Victoria 0.341 0.475 0.241 0.428 -0.100***
Queensland 0.115 0.319 0.153 0.36 0.039*
South Australia 0.103 0.304 0.068 0.252 -0.035*
Western Australia 0.147 0.355 0.095 0.294 -0.052*
Tasmania 0.029 0.169 0.039 0.194 0.01
Northern Territory 0.021 0.142 0.009 0.094 -0.012
Australia Capital Territory 0.024 0.152 0.035 0.184 0.011
N. Observations 340 2576 2916

Notes: Comparison of sample means by treatment group. Treated (control) parents are defined as those
whose beliefs about their children’s skills have been measured after (before) they receive information
about their child’s performance in standardized tests (NAPLAN). The last column reports the difference
in each measure between the treated and control group, with stars indicating the p-value obtained from
a two-side t-test (where *** p < 0.01, ** p < 0.05, * p < 0.1). Data Source: Grade 3, Cohorts K and B.
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Table 6: Response of Parental Beliefs to Information

Parental Premium
Reading Mathematics

Panel A: No Information (Control Group)

Average premium for boys (αk
0) -0.050** 0.063**

(0.023) (0.025)
Average premium for girls (αk

0 + αk
1) 0.050** -0.062***

(0.023) (0.022)
Subject-specific gender bias (DiD) (αk

1) 0.100*** -0.124***
(0.033) (0.034)

Differential gender bias (DDD) (α2
1 − α1

1) -0.225***
(0.047)

Panel B: With Information (Treated Group)

Average premium for boys (αk
0 + γk

0) -0.080 0.006
(0.067) (0.064)

Average premium for girls (αk
0 + γk

0 + αk
1 + γk

1) 0.087 -0.007
(0.067) (0.062)

Subject-specific gender bias (DiD) (αk
1 + γk

1) 0.167* -0.013
(0.095) (0.089)

Differential gender bias (DDD) (α2
1 + γ2

1 − α1
1 − γ1

1) -0.180
(0.130)

No. Observations 5,832

Notes: The dependent variable measures the “anchored”premium in parental beliefs, i.e. the gap between
parental beliefs about their child’s skills and the NAPLAN test scores, both measured using the NAPLAN
score scale. Results are obtained estimating Equation 9 by OLS. Panel A shows the results for parents
in the control group, namely those who have not received new information on their children’s NAPLAN
scores at the time of the interview. Panel B, instead, shows the results for parents who received the
information on their children’s skills before the interview (treated group). Data Source: Grade 3, Cohorts
K and B. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 7: The Effect of Parental Gender Bias on Future Children’s Skills

Grade 5 NAPLAN

Grade 3 Premium, (η1) 0.111***
(0.033)

(Grade 3 Premium) * Girls, (η2) 0.035
(0.033)

Grade 3 NAPLAN, (ρ) 0.771***
(0.030)

Constant, (η0) 0.005
(0.007)

No. Observations 4,444
R-squared 0.404

Notes: The dependent variable, namely children’s skills in Grade 5, is defined as the difference between
child i ’s NAPLAN test score in Grade 5 and the school average and it is expressed in standard deviations.
Grade 3 NAPLAN is similarly defined but using Grade 3 NAPLAN scores rather than Grade 5. Premium
is the difference between anchored parental beliefs and NAPLAN test scores in Grade 3. The sample
includes parents who have not received information on the NAPLAN test scores in Grade 5 nor in Grade
3 at the time of the interview. Results are obtained from a child fixed effect estimation which exploits
variation within child across subjects. Data Source: Grade 3 and 5, Cohorts K and B. *** p < 0.01, **
p < 0.05, * p < 0.1.
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Table A1: Cohorts B and K: child’s age, interview years and school Grades

2004 2006 2008 2010 2012 2014
Cohort B
Child age 0-1 2-3 4-5 6-7 8-9 10-11
School Grade 3 5

Cohort K
Child age 4-5 6-7 8-9 10-11 12-13 14-15
School Grade 3 5 7 9

Table A2: Parental beliefs, children’s skills and parental premium:
summary statistics by child’s gender - Grade 3

BOYS GIRLS
Mean Std. Dev. Mean Std. Dev.

Panel A: Parental beliefs
Reading 0.778 1.038 0.984 0.950
Mathematics 0.935 1.002 0.713 0.986
Panel B: Children’s skills (NAPLAN results)
Reading 0.187 1.014 0.368 0.978
Mathematics 0.319 1.062 0.216 0.931
Panel C: Parental Premium (Beliefs-Skills)
Reading 0.590 1.038 0.616 0.950
Mathematics 0.616 1.002 0.497 0.986
No. Observations 1,460 1,456

Notes: Descriptive statistics computed using the full sample (Grade 3), separately by gender. Beliefs are
defined using a 5-point scale answer to the following question:“Compared to other children in their class,
how well do you think your (study) child is progressing in reading/mathematics?” with the scale going
from ”much worse” (-2) to ”much better” (+2). Children skills are defined as the difference between
individual raw NAPLAN scores and averages scores at school-year level in each subject. Both beliefs
and skills are standardized, i.e. defined as the raw beliefs (skills) measure divided by their standard
deviation (and without demeaning). Data Source: Grade 3, Cohorts K and B.
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Table A3: Parental beliefs, children’s skills and parental premium:
summary statistics by child’s gender - Grade 5

BOYS GIRLS
Mean Std. Dev. Mean Std. Dev.

Panel A: Parental beliefs
Reading 0.827 1.032 0.987 0.961
Mathematics 0.873 1.005 0.685 0.986
Panel B: Children’s skills (NAPLAN results)
Reading 0.151 0.99 0.335 1.002
Mathematics 0.320 1.055 0.147 0.934
Panel C: Parental Premium (Beliefs-Skills)
Reading 0.676 0.960 0.652 0.958
Mathematics 0.554 0.950 0.539 0.945
No. Observations 1,465 1,463

Notes: Descriptive statistics computed using the full sample (Grade 5), separately by gender. Beliefs are
defined using a 5-point scale answer to the following question:“Compared to other children in their class,
how well do you think your (study) child is progressing in reading/mathematics?” with the scale going
from ”much worse” (-2) to ”much better” (+2). Children skills are defined as the difference between
individual raw NAPLAN scores and averages scores at school-year level in each subject. Both beliefs
and skills are standardized, i.e. defined as the raw beliefs (skills) measure divided by their standard
deviation (without demeaning). Data Source: Grade 5, Cohorts K and B.
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Table A4: Gender Bias in Parental Beliefs: Controlling for Parents’ and
Children’s Characteristics

Parental Premium
(1) (2) (3)

Average Premium - Boys (Reading) (α1
0) -0.050** -0.088 -0.055**

(0.023) (0.102) (0.024)
Average Premium - Girls (Reading) (α1

0 + α1
1) 0.050** 0.037 0.044*

(0.023) (0.101) (0.024)
Average Premium - Boys (Mathematics) (α2

0) 0.063** 0.023 0.056**
(0.025) (0.103) (0.026)

Average Premium - Girls (Mathematics)(α2
0 + α2

1) -0.062*** -0.082 -0.075***
(0.022) (0.100) (0.023)

Subject Specific Bias (Reading) (α1
1) 0.100*** 0.126*** 0.099***

(0.033) (0.034) (0.034)
Subject Specific Bias (Mathematics) (α2

1) -0.124*** -0.105*** -0.131***
(0.034) (0.035) (0.035)

Differential Gender Bias (α2
1 + α1

1) -0.225*** -0.230*** -0.230***
(0.047) (0.048) (0.048)

No. Observations 5,152 4,830 4,830
Controls No Yes No

Notes: The dependent variable measures the “anchored” premium in parental beliefs, i.e. the
gap between the anchored parental beliefs about their child’s skills and the NAPLAN test scores,
both measured using the NAPLAN score scale in standard deviation. Results are obtained
estimating Equation 5 by OLS. In Column (1) we report our benchmark results. In Column
(2), we control additionally for the set of parents’ and child’s characteristics listed in Table 5.
Column (3) reports the results for our benchmark specification without additional controls, but
using the same sample as in Column 2, where some observations are dropped due to missing
control variables. The sample includes parents who have not yet received information regarding
their child’s NAPLAN scores. Data Source: Grade 3, Cohorts K and B. *** p < 0.01, ** p < 0.05,
* p < 0.1.
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Table A5: Response of Parental Beliefs to Information:
with and without Additional Control Variables

Parental Premium
(1) (2)

Panel A: No Information (Control Group)
Average premium for boys (Reading) -0.084 -0.055**

(0.094) (0.024)
Average premium for girls (Reading) 0.036 0.044*

(0.093) (0.023)
Average premium for boys (Mathematics) 0.027 0.056**

(0.095) (0.026)
Average premium for girls (Mathematics) -0.083 -0.075***

(0.092) (0.023)
Subject-specific gender bias (Reading) 0.120*** 0.099***

(0.034) (0.034)
Subject-specific gender bias (Mathematics) -0.110*** -0.131***

(0.035) (0.035)
Differential gender bias -0.230*** -0.230***

(0.048) (0.048)

Panel B: with Information (Treated Group)
Average premium for boys (Reading) -0.181 -0.105

(0.113) (0.069)
Average premium for girls (Reading) 0.012 0.108

(0.112) (0.068)
Average premium for boys (Mathematics) -0.105 -0.029

(0.111) (0.065)
Average premium for girls (Mathematics) -0.082 0.014

(0.110) (0.064)
Subject-specific gender bias (Reading) 0.193** 0.213**

(0.096) (0.097)
Subject-specific gender bias (Mathematics) 0.023 0.043

(0.091) (0.091)
Differential gender bias -0.170 -0.170

(0.132) (0.133)

No. Observations 5,470 5,470
Control Variables Yes No

Notes: The dependent variable measures the ”anchored” premium in parental beliefs, i.e. the gap
between parental beliefs about their child’s skills and the NAPLAN test scores, both measured using
the NAPLAN score scale. Results are obtained estimating Equation 9 by OLS. Panel A shows the
results for parents in the control group, namely those who have not received new information on their
children’s NAPLAN scores at the time of the interview. Panel B, instead, shows the results for parents
who received information on their children’s skills before the interview (treated group). In Column (2)
we control for the same set of covariates as listed in Table 5, while in Column (2) we do not control for
such variables, but we use the same sample as in Column (1). Data Source: Grade 3, Cohorts K and B.
*** p < 0.01, ** p < 0.05, * p < 0.1.
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Table A6: Response of Parental Beliefs to Information: Donut Sample

Parental Premium
Reading Mathematics

Panel A: No Information (Control Group)
Average premium for boys -0.052* 0.069**

(0.028) (0.031)
Average premium for girls 0.038 -0.061**

(0.027) (0.027)
Subject-specific gender bias 0.089** -0.131***

(0.039) (0.041)
Differential gender bias -0.220***

(0.057)

Panel B: With Information (Treated Group)
Average premium for boys -0.075 0.051

(0.068) (0.065)
Average premium for girls 0.093 0.046

(0.066) (0.062)
Subject-specific gender bias 0.168* -0.006

(0.095) (0.089)
Differential gender bias -0.173

(0.130)
No. Observations 4,282

Notes: The dependent variable measures the ”anchored” premium in parental beliefs, i.e. the gap
between parental beliefs about their child’s skills and the NAPLAN test scores, both measured using
the NAPLAN score scale. Results are obtained estimating Equation 9 by OLS. Panel A shows the
results for parents in the control group, namely those who have not received new information on their
children’s NAPLAN scores at the time of the interview. Panel B, instead, shows the results for parents
who received information on their children’s skills before the interview (treated group). The sample
excludes parents interviewed in August and September. Data Source: Grade 3, Cohorts K and B. ***
p < 0.01, ** p < 0.05, * p < 0.1.
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B NAPLAN reports
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Figure B3: Example of questions for mathematics NAPLAN tests in 2008

Notes: These are the tests taken by children in Cohort K
when enrolled in Grade 3. Cohort B children took Grade 3
NAPLAN tests in 2012. Full list of test papers is available
at: https://www.acara.edu.au/assessment/naplan/naplan-2008-2011-test-
papers (2008) and https://www.acara.edu.au/assessment/naplan/naplan-
2012-2016-test-papers (2012).
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Figure B4: Example of questions for reading NAPLAN tests in 2008

Notes: These are the tests taken by children in Cohort K
when enrolled in Grade 3. Cohort B children took Grade 3
NAPLAN tests in 2012. Full list of test papers is available
at: https://www.acara.edu.au/assessment/naplan/naplan-2008-2011-test-
papers (2008) and https://www.acara.edu.au/assessment/naplan/naplan-
2012-2016-test-papers (2012).
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C Heterogeneity in the Parental Gender Bias

We explore how parental gender bias varies across different family and school composition.

Our analysis shows no statistically significant variation in gender bias between families with

same-sex children and those with mixed-gender siblings (Panel A of Table C1). Similarly, we

do not observe significant differences between families with multiple children and those with

only one child (Panel B of Table C1). Additionally, despite the expectation that parents

with older children might have more informed and accurate expectations regarding the skills

of their younger children, our findings indicate no differences.

We also find that the gender bias in reading against boys is absent in single sex schools, while

the gender bias in mathematics against girls does not seem to decrease, though it becomes

statistically insignificant (Table C2).
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Table C1: Gender Bias in Parental Beliefs: Heterogeneity by Family
Composition

Parental Premium
Reading Mathematics Reading Mathematics

A. Siblings Gender Composition
Same sex sibling(s) Different sex sibling(s)

Average premium for boys -0.080** 0.054 -0.047 0.059*
(0.040) (0.045) (0.030) (0.032)

Average premium for girls 0.007 -0.051 0.066** -0.069**
(0.039) (0.038) (0.030) (0.028)

Subject-specific gender bias 0.087 -0.105* 0.113*** -0.128***
(0.055) (0.059) (0.043) (0.043)

Differential gender bias -0.192** -0.241***
(0.081) (0.060)

No. Observations 4,872

B. Only Child
Other Children Only Child

Average premium for boys -0.059** 0.057** 0.090 0.146
(0.024) (0.026) (0.094) (0.099)

Average premium for girls 0.046* -0.063*** 0.131 -0.048
(0.024) (0.023) (0.096) (0.091)

Subject-specific gender bias 0.105*** -0.120*** 0.041 -0.194
(0.034) (0.035) (0.134) (0.135)

Differential gender bias -0.225*** -0.235
(0.048) (0.190)

No. Observations 5,152

C. Older Siblings
Older Siblings No Older Siblings

Average premium for boys -0.022 0.102*** -0.111*** -0.006
(0.032) (0.035) (0.037) (0.039)

Average premium for girls 0.108*** -0.048 -0.051 -0.086**
(0.030) (0.030) (0.039) (0.036)

Subject-specific gender bias 0.129*** -0.150*** 0.060 -0.080
(0.044) (0.046) (0.053) (0.053)

Differential gender bias -0.280*** -0.140*
(0.063) (0.075)

No. Observations 4,872

Notes: Estimation details are identical to Table 2. Heterogeneity analysis by siblings gender
composition (Panel A), birth order (Panel B) and number of siblings (Panel C). The sample
includes parents who have not yet received information regarding their child’s NAPLAN scores.
Results in Panels A and C only includes families with more than one child. Data Source: Grade
3, Cohorts K and B. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table C2: Gender Bias in Parental Beliefs:
Heterogeneity by School Composition

Parental Premium
Reading Mathematics Reading Mathematics

Mixed Sex Schools Single Sex Schools

Average premium for boys -0.100*** 0.029 0.036 0.341
(0.032) (0.036) (0.207) (0.264)

Average premium for girls 0.014 -0.078** -0.013 0.031
(0.032) (0.032) (0.198) (0.203)

Subject-specific gender bias 0.115** -0.107** -0.049 -0.310
(0.046) (0.049) (0.287) (0.333)

Differential gender bias -0.221*** -0.261
(0.067) (0.439)

No. Observations 2,562

Notes: Estimation details are identical to Table 2. Heterogeneity by school gender composition.
Data Source: Grade 3, Cohort K. *** p < 0.01, ** p < 0.05, * p < 0.1.
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D Teachers’ and Parents’ Gender Bias

In this appendix we explore the link between parents’ and teachers’ biases. We construct a

measure of teachers’ beliefs, which mirrors our parental beliefs measure and is elicited using

the same questions asked to parents.

When we apply the same methodology used to estimate parents’ biases (see Section 4), we

find that teachers exhibit a gender bias against girls in mathematics and against boys in

reading which is statistically significant at the 1% level and closely mirroring the biases

observed among parents (Table D1).

We also estimate the relationship between teachers’ and parents’ beliefs by regressing parents’

premium on teachers’ premium, controlling for teachers’ gender and their interaction (Table

D2). We find a strong correlation exceeding 0.8 and an R2 greater than 0.6. While we cannot

make causal claims due to the lack of exogenous variation, these findings strongly support

the idea of a close link between parents’ and teachers’ perceptions.
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Table D1: Gender Bias in Teachers’ Beliefs

Teachers’ Premium
Full Sample Male Teacher Female Teacher

Average premium for boys (reading) -0.081*** -0.005 -0.095***
(0.026) (0.070) (0.028)

Average premium for girls (reading) 0.079*** 0.066 0.081***
(0.024) (0.058) (0.026)

Average premium for boys (mathematics) 0.052* 0.067 0.049
(0.028) (0.065) (0.031)

Average premium for girls (mathematics) -0.051** -0.067 -0.047*
(0.024) (0.057) (0.026)

Subject-specific gender bias (reading) 0.159*** 0.070 0.176***
(0.035) (0.091) (0.038)

Subject-specific gender bias (mathematics) -0.102*** -0.134 0.043
(0.036) (0.086) (0.218)

Differential gender bias -0.261*** -0.205 -0.133
(0.051) (0.125) (0.211)

N. Observations 3,924 3,924

Notes: The dependent variable measures the“anchored” premium in teachers’ beliefs, i.e. the
gap between anchored teachers’ beliefs about a child’s skills and the NAPLAN test scores in
deviation from the school mean and standardized to have variance 1. Results are obtained
estimating Equation 3 by OLS replacing parental beliefs with teachers’ beliefs. Columns 2
and 3 show the results obtained estimating the same equation, but allowing the premiums and
gender biases to differ by teacher’s gender. The sample includes teachers who have not yet
received information regarding their child’s NAPLAN scores. Data Source: Grade 3, Cohorts
K and B. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table D2: Parents’ and Teachers’ Biases in their Beliefs

Parental Premium
Reading Mathematics

Teacher’s Premium 0.839*** 0.862***
(0.020) (0.021)

Teacher’s Premium * Girls 0.027 -0.029
(0.028) (0.030)

Girls -0.033 -0.038
(0.022) (0.023)

Constant 0.007 0.015
(0.016) (0.017)

No. Observations 1,962 1,962
No. Children 3,924
Residual Variation 0.339 0.361

Corr(Teacher Premium, Parent Premium) for Boys 0.839*** 0.863***
(0.020) (0.021)

Corr(Teacher Premium, Parent Premium) for Girls 0.866*** 0.830***
(0.020) (0.021)

Notes: The dependent variable measures the“anchored” premium in parents’ beliefs, i.e. the
gap between anchored parents’ beliefs about a child’s skills and the NAPLAN test scores in
deviation from the school mean and standardized to have variance 1. Teacher’s premium is
defined in the same way, but using teachers’ beliefs, instead of parents’ ones. The residual
variation is the variation in parental premium left after controlling for teachers’ premium and
the girl dummy and it is computed as 1 −R2. In the bottom part of the table, the correlation
between teacher’s and parents’ (anchored) premiums are reported by child’s gender. The sample
includes teachers and parents who have not yet received information regarding their child’s
NAPLAN scores. Data Source: Grade 3, Cohorts K and B. *** p < 0.01, ** p < 0.05, * p < 0.1.
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E Long-term Effects of Information on Parents’ Gen-

der Bias

In Section 5 we showed that providing simple and easy-to-understand information about a

child’s skills, specifically NAPLAN test scores, can reduce, if not eliminate, parents’ gender

bias against girls in mathematics. However, for this type of intervention to be effective in

permanently reducing gender biases, the impact of the information must be long-lasting.

To assess whether the effect of the information lasts over time, we examine the persistence of

gender bias in parents’ beliefs two years post-intervention - specifically when children are in

Grade 5. We focus on parents who were interviewed in Grade 5 before receiving information

about their child’s performance on the Grade 5 NAPLAN tests and estimate Equation 3 but

using NAPLAN test scores obtained in Grade 5 rather than in Grade 3.

Our findings indicate that the gender bias in parental beliefs about their child’s skills in Grade

5 is large and statistically significant (Table E1). The average parental premiums, subject-

specific gender biases and the differential gender bias are very similar in magnitude to those

observed in Grade 3 among parents interviewed before receiving the Grade 3 NAPLAN results

(Table 2). These results suggest that the effect of information is short-lived, implying that

parents may need to receive updated information about their child’s skills more frequently

if we want to reduce their gender biases.
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Table E1: Gender Bias in Parental Beliefs: Grade 5

Parental Premium
Reading Mathematics

Average premium for boys (αk
0) -0.041* 0.050**

(0.023) (0.025)
Average premium for girls (αk

0 + αk
1) 0.043* -0.051**

(0.025) (0.025)
Subject-specific gender bias (DiD) (αK

1 ) 0.084** -0.101***
(0.034) (0.033)

Differential gender bias (DDD) (α2
1 − α1

1) -0.185***
(0.047)

No. Observations 5,068

Notes: The dependent variable measures the ”anchored” premium in parental beliefs, i.e. the
gap between parental beliefs about their child’s skills and the NAPLAN test scores, both mea-
sured using the NAPLAN score scale. Results are obtained estimating Equation 1 by OLS, but
considering skill assessments in Grade 5 rather than 3. The sample includes parents who have
not yet received information regarding their child’s NAPLAN scores in Grade 5. Data Source:
Grade 5, Cohorts K and B. *** p < 0.01, ** p < 0.05, * p < 0.1.
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F The effect of parents’ gender bias on future skills: a

robustness check

If the gender difference in the parental premium is associated with gender-stereotypical

investments made before age 8-9, estimating the impact of parental premium in Grade 3 on

future skills could lead to biased estimates due to endogeneity caused by unobserved past

investments. Our fixed effect estimation of Equation 10 mitigates this concern by accounting

for any past investments that do not vary across subjects. Additionally, by controlling for

children’s skills in Grade 3, we account for the effect of any past subject-specific investments

that influence Grade 5 skills through Grade 3 skills. Endogeneity would only be a concern

if past subject-specific investments had differing effects across subjects and did not operate

through Grade 3 skills. To address this potential residual endogeneity, we control in Equation

7 for past parental investments: male-gendered parental investments to explain mathematical

skills and female-gendered investments to explain reading skills. Using time-use diaries from

the LSAC survey, we track parental time investments during their child preschool period

(ages 4-5). We define female-gendered investments as the time a child spends with their

mother on activities such as reading, colouring, quiet play and household chores, and male-

gendered investments as the time a child spends with their father on outdoor playing. Both

investment measures are standardized to have a variance of 1. In our extension of Equation

7 the past investment Ii.k is included in the right hand side and is identical to the female-

gendered investment for child i when k = 1 (reading) and to the male-gendered investment

for child i when k = 2 (mathematics). When we control for these additional investment

measures, we find no change in the main results with the premium still having a positive

and statistically significant effect on NAPLAN scores in Grade 5 (Table F1).
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Table F1: The effect of parental gender bias on future children’s skills
controlling for past investments

Grade 5 NAPLAN

Premium 0.146***
(0.036)

Premium (Grade 3) * girls -0.043
(0.036)

NAPLAN (Grade 3) 0.765***
(0.033)

Past Investments 0.018*
(0.010)

Constant 0.006
(0.008)

No. Observations 3,786
No. Children 1,893

Notes: The dependent variable, namely children’s skills in Grade 5, is defined as the difference
between child i NAPLAN test score in Grade 5 and the school average and expressed in standard
deviations. Grade 3 NAPLAN is similarly defined but using Grade 3 NAPLAN scores rather
than year 5. Premium is the difference between anchored parental beliefs in year 3 and the year
3 NAPLAN. Control variables include past investments, defined as the time (in minutes in a
week) spent with parent in formative activities when they were 4-5 years old. More specifically,
for reading skills the investment version 1 measure the time the child spent with their mother
reading, colouring and engaging in quiet play and household chores, while for mathematics the
investment is defined as the amount of time that a child spent with their father playing outdoor.
The investment measures are standardised to have variance 1. The sample includes parents who
have not received information on the NAPLAN test scores. Results are obtained from a child
fixed effect estimation. Data Source: Grade 3 and 5, Cohorts K and B. *** p < 0.01, ** p < 0.05,
* p < 0.1.
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