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Abstract
Historic achievement gaps in mathematics favoring male students have recently started to
narrow, close, or even shift in favor of female students. Still, in many countries, male
students continue to outperform their female counterparts in international mathematics
assessments. Chile has one of the highest mathematics achievement gaps in the world, as
shown by international assessment tests, with males outperforming females. Using
nationally representative longitudinal data and multigroup latent growth modeling
(LGM), the purpose of this study was to track the gender scoring gap in mathematics
from kindergarten to grade 12. Findings showed gender differences emerged during
preschool and increasingly widened as students progressed through school. Although
the gap subsided slightly between grades 10 and 12, the initial gap almost doubled by the
end of high school, with important implications for access to higher education and choice
of major.
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1 Introduction

Gender-based gaps in mathematics achievement have historically favored male students
(Forgasz et al., 2014; Lonnemann et al., 2013). However, in the last two decades, these gaps
have narrowed, closed, or even shifted in favor of female students, especially in Western and
other developed countries (Else-Quest et al., 2010; Lai, 2010; Sarouphim & Chartouny, 2017).
Despite this progress toward gender equity in mathematics achievement, gender scoring gaps
remain stagnant across educational levels in many countries (Lubienski & Ganley, 2017; Zhu
et al., 2018). In 2015, the Trends in International Mathematics and Science Study (TIMSS) test
showed male 4th graders outperformed their female counterparts in mathematics among 36%
of participating countries, females outscored males in only 14% of countries, and there were no
statistically significant differences in achievement between genders in half of all participating
countries (Mullis et al., 2016). Similarly, the 2015 Programme for International Student
Assessment (PISA), which is used to evaluate mathematics achievement among 15-year-olds,
showed male students obtained higher scores than females in 41% of countries, females
outscored males only in 13% of countries, and in the 46% remaining countries there were
no statistically significant differences between males and females (Organisation for Economic
Co-operation and Development [OECD], 2016).

Moreover, there is evidence indicating gender gaps in mathematics carry on after high
school. For example, in the USA, males consistently score higher on the mathematics section
of the Scholastic Aptitude Test (SAT), a standardized test widely used for college admissions,
a pervasive trend that has persisted over the last five decades (Chubbuck et al., 2016). There is
also evidence of gender gaps favoring males in college admissions tests in other countries. For
example, on the Swedish Scholastic Aptitude Test, males outperform females by a third of a
standard deviation (Graetz & Karimi, 2019), while in Turkey, males outperform females in all
subjects tested, with the largest difference in quantitative subjects, including mathematics
(Saygin, 2020). Further, among 540,000 graduates from more than 200 countries who took the
Graduate Record Examinations (GRE) between 2013 and 2018, men obtained a higher
average score than women on the quantitative reasoning section of the test (Educational
Testing Service [ETS], 2018).

Among members of the OECD, Chile displays one of the largest gender gaps in mathe-
matics achievement, with male students scoring higher than female students. In the 2015 PISA
test, Chile displayed the fifth largest gender achievement gap in favor of males among 71
assessed countries (OECD, 2016). Moreover, in the 2015 TIMSS test, Chile exhibited the
largest scoring gap favoring males in mathematics performance among all OECD countries
(TIMSS, 2015). Given the large and stagnant mathematics achievement gender-based differ-
ences that still exist among Chilean students, it is of interest to explore how early the gender
gap is shown, its size, and pattern of change as students advance through their schooling years.
Although the TIMSS and PISA assessments are somewhat informative about achievement
gaps over time, they have the limitation of sampling a new group of students each year
(OECD, 2010). Therefore, the cross-sectional nature of the TIMSS and PISA data does not
allow examination of how gender gaps evolve over time within the same groups of individuals.
This limitation can be addressed using longitudinal data, which is obtained by surveying the
same group of individuals repeatedly over time.

For this study, data from Chilean school achievement and college admissions tests were
obtained and merged to build a longitudinal dataset of four time points (grades 4, 8, 10, and
12) for a nationally representative cohort of students. To explore the gender gap in
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mathematics over these points in time, a multigroup latent growth modeling (LGM) approach
was used to estimate the mathematics achievement trajectories of both female and male
students. The following research questions guided the study: (1) When does the gender gap
in mathematics scores first occur and how large is it? (2) How does the size of the gender gap
in mathematics tests change as students progress through school? (3) Do trajectories alter their
course between grades 10 and 12 due to the use of different measurement instruments? (4)
How does the gender gap in mathematics change when controlling for academic and language
abilities?

2 Literature review

Though some countries show little to no differences in mathematics achievement between
female and male students (e.g., Else-Quest et al., 2010; Lachance & Mazzocco, 2006; Mok
et al., 2015; Stoet & Geary, 2013), and a small number of countries show a difference in favor
of female students (e.g., Else-Quest et al., 2010; Lai, 2010; Sarouphim & Chartouny, 2017;
Stoet & Geary, 2013), in Chile, male students display higher mathematics scores on standard-
ized tests than their female counterparts. Therefore, our literature review focuses mainly but
not exclusively on studies referring to gender gaps in which males outperform females in
mathematics standardized tests.

2.1 Longitudinal studies on gender differences in mathematics

Longitudinal studies on gender differences in mathematics achievement have attempted to
identify how early differences between genders begin and how they change over the schooling
years. Regarding the starting point of the gender gap in mathematics achievement, studies prior
to 2000 indicated that gender differences typically emerged at the end of middle school,
beginning of high school, or even later in college (e.g., Hyde et al., 1990; Leahey & Guo,
2001; Muller, 1998). Later, other researchers (e.g., Fryer & Levitt, 2010; Husain & Millimet,
2009; Penner & Paret, 2008; Robinson & Lubienski, 2011) asserted gender gaps in mathe-
matics first occurred between kindergarten and third grade, particularly among high achievers
(Penner & Paret, 2008; Robinson & Lubienski, 2011). More recent studies have provided
evidence that gender differences in mathematics achievement likely first show at a much
earlier age, as children undergo a considerable growth in certain basic mathematical skills at
home before they start formal schooling (e.g., Barnes et al., 2016; Bonny & Lourenco, 2013;
Klein et al., 2008; Purpura & Reid, 2016).

There is not much agreement among researchers regarding how gender gaps in mathematics
evolve over time. Earlier studies found gaps tend to grow larger later in middle and high school
(e.g., Benbow, 1988; Hyde et al., 1990; Leahey & Guo, 2001), while more recent studies have
concluded the gender gap in mathematics starts widening as early as elementary school (Fryer
& Levitt, 2010; Husain & Millimet, 2009; Penner & Paret, 2008). Yet, others have found the
gender gap in favor of males is larger in elementary school and tends to fade out in middle
school (Robinson & Lubienski, 2011). These contradictory findings suggest the appearance
and change of gaps over time are highly dependent on the context in which they occur.

Longitudinal studies in academic growth are also concerned in determining whether the
growth rate is related to students’ initial levels of achievement (Mok et al., 2015). If there is a
positive relationship between the initial status and the rate of growth, for students who began
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the trajectory with higher scores, their achievement grows at a faster rate than that of students
who started out with lower scores. This pattern of association leads to a widening gap between
the initially low- and high-achieving students, which has been referred to in the literature as the
Matthew effect (Mok et al., 2015; Shin et al., 2013). Conversely, if the relationship between
the initial status and change over time is negative, this is known as a compensatory effect,
which leads to a narrowing of the achievement gap (Davis-Kean & Jager, 2014; Mok et al.,
2015). In this case, those who started out at a disadvantage are able to catch up with their
initially more proficient counterparts (Davis-Kean & Jager, 2014; Rescorla & Rosenthal,
2004).

2.2 Theories on mathematics achievement gender differences

Most current research explains gaps using theories stemming from sociological and psycho-
logical conceptual frameworks. The sociological approach focuses on how social-
environmental factors impact test performance (Else-Quest et al., 2010; Ghasemi & Burley,
2019). From a sociological viewpoint, gender-based scoring gaps are explained by gender
socialization and stereotypes ingrained in society that foment a tendency among females to
have a less positive assessment of their own mathematics abilities, which is likely due to
socially accepted beliefs that women are not as good as men in mathematics (Cvencek,
Meltzoff, & Greenwald, 2011; Forgasz et al., 2014; Zhu & Chiu, 2019). This stream of
research has also focused on how teachers’ beliefs and expectations about student performance
differ according to students’ gender, thus leading to differences in achievement, usually
favoring male over female students (Dee, 2007; Holmlund & Sund, 2008; Jaremus et al.,
2020; Mizala, Martínez, & Martínez, 2015; Moller et al., 2013; Sullivan, 2009; Sullivan et al.,
2010).

More contemporary approaches, such as queer and critical theories, pose a more complex
and dynamic social construction of gender that defy the traditional binary definition of gender
categories based on the sex of individuals (Butler, 2004; Rands, 2009). Early research studies
in mathematics achievement used the term sex differences to refer to differences between
males and females; as such, this term emphasized the “biologically” based nature of the
differences (Leder, 2019). Later, in the 1980s and 1990s, acknowledging such differences
were instead rooted in more complex and nuanced social and cultural dynamic forces, the term
gender has been increasingly used to indicate differences in performance are not likely to be
attributable to biological differences (Leder & Forgasz, 2018; Leder, 2019). In other fields,
more nuanced categories of gender identities are increasingly being recognized in social, legal,
medical, and psychological practices (Leder & Forgasz, 2018; Richards et al., 2016). How-
ever, if and how these new categorizations of gender will materialize in mathematics education
research remain to be seen (Leder & Forgasz, 2018), as many studies in this field use large-
scale assessment survey data that categorize students as either male or female, based on birth
records (Leyva, 2017). Therefore, researchers relying on standardized mathematics achieve-
ment test data have to limit their analyses to a binary conceptualization of gender.

Like studies based on sociological theories, those framed by psychological perspectives
also consider social-environmental factors, but they instead focus on how these factors interact
with individual characteristics to influence behavior and performance. One of the most widely
cited topics in the current literature in this area is the concept of stereotype threat (Davies &
Spencer, 2005; Hannon, 2012; Spencer et al., 2016; Stricker et al., 2015). According to this
concept, the prospect of confirming a negative stereotype is distracting and upsetting enough
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to undermine a person’s performance on a standardized test. However, there is no consensus
among researchers on whether stereotype threat might explain gender score differences. For
example, Good, Aronson, and Inzlicht (2003) demonstrated stereotype threat can explain
differences in mathematics test scores between males and females, while Cullen et al.
(2004); Sackett et al. (2009); and Zwick (2002) found no evidence to support the theory that
gender differences in performance on standardized tests could be due to stereotype threat.

Other psychological factors that have been attributed to gender gaps in mathematics
achievement include test anxiety (Cassady & Johnson, 2002; Hannon, 2012; Liu, 2009),
self-perception of mathematics ability (Bench, Lench, Liew, Miner, & Flores, 2015;
Cvencek et al., 2011; Radovic et al., 2018; Zhu & Chiu, 2019), attitude toward mathematics
(Choi & Chang, 2011; Markovits & Forgasz, 2017), and motivation (Attali, 2016; Cole &
Osterlind, 2008; Wise & DeMars, 2005, 2010). Following this line of research, some studies
are concerned with the potential negative effects of high-stakes tests on student performance.
In high-stakes situations, a high degree of motivation and the desire to perform well may lead
to lower than expected performance, considering examinees’ true skill level (Molsbee &
Benton, 2016; Segool et al., 2013). However, there are some researchers, mostly informed
by economic theories of behavior and human capital, who argue the higher the stakes, the
higher the performance, particularly in the case of college admissions tests (Cotton et al., 2014;
Domina, 2007; Grau, 2018). This particular stream of research has focused on the effects of
affirmative action policies that broaden opportunities to attend college on student academic
behaviors. From this viewpoint, a larger reward of performing well in college admissions tests
incentivizes students to invest more academic, effort thus leading to a better performance,
although effects differ by student performance and demographic group. Conversely, a separate
research literature (e.g., Attali, 2016; Cole & Osterlind, 2008; Finney et al., 2016; Wise &
DeMars, 2005, 2010) has focused on testing the assumption that low-stakes tests are associated
with a decrease in motivation and effort to perform well, as there are no direct consequences
for students individually in low-stakes tests. As such, these studies warn low motivation may
become a potential source of bias, thus posing a threat to validity of low-stakes tests.

2.3 Associations between mathematics and language achievement

Researchers who have studied gaps in academic achievement have increasingly explored the
relationship between mathematics and language, with some researchers suggesting language
proficiency is critical for the development of mathematics skills (e.g., Codding et al., 2015;
Grimm, 2008; Shin et al., 2013). In particular, these studies have found a strong positive
degree of association between language and mathematics achievement (e.g., Rutherford-
Becker & Vanderwood, 2009; Tartre & Fennema, 1995), because language skills heavily
mediate many mathematics tasks (Anselmo et al., 2017; Codding et al., 2015; Halpern et al.,
2007), and because mathematics and language skills require the same foundational and higher-
order thinking abilities (Shanley, 2016). For example, certain types of questions in mathemat-
ics assessments, such as word problems, require the student to have a certain level of language
and reading skills to solve them (Halpern et al., 2007; Rutherford-Becker & Vanderwood,
2009). The degree of association between verbal and mathematics achievement has been found
to be of a high magnitude for both females and males with 0.6–0.9 correlations (Tartre &
Fennema, 1995; Thurber et al., 2002).

Additionally, relying on international assessment data, other researchers have revealed a
distinctive pattern of gender gaps, with female students usually scoring higher than male
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students in language (Husain & Millimet, 2009; Robinson & Lubienski, 2011; Stoet & Geary,
2013), but scoring lower in mathematics, and vice versa for male students. For example, Stoet
and Geary (2013) analyzed one decade of PISA test data of 1.5 million 15-year-olds in 75
countries and found—systematically and across nations—male students scored lower than
females in language, but higher in mathematics.

Given the associations between language and mathematics achievement, a growing number
of quantitative studies have included language as a control variable in examining mathematics
achievement to increase the statistical fit, reliability, and validity of models and to avoid
potential model misspecifications (Anselmo et al., 2017; Codding et al., 2015).

2.4 Chilean studies on the gender gap in mathematics

We found three studies that analyzed mathematics achievement test scores among
Chilean children who were assessed at two points in time, grades 4 and 8. Bharadwaj,
De Giorgi, Hansen, and Neilson (2016), using linear regression methods, estimated a gap
in favor of male students of 0.08 standard deviations (SD) in grade 4 that widened to
0.20 SD in grade 8. The drawback of this study was that they blended together data from
different cohorts of students to estimate gaps at each point in time. Therefore, it is not
possible to tease apart if gaps estimated were due to students changing over time or to
students belonging to different cohorts.

Muñoz-Chereau (2019) conducted multilevel models to study gender differences in
mathematics in grades 4 and 8. They found a gap of 0.21 SD in favor of male students in
grade 4 and that female students made significantly less progress than boys (SD = −0.12)
between grades 4 and 8. Radovic et al. (2018) also used multilevel models to study
gender gaps and progression in mathematics achievement between grades 4 and 8. She
reported a smaller gap of 0.07 SD in grade 4 that increased to 0.20 SD in grade 8. The
drawback of the Muñoz-Chereau (2019) and Radovic et al. (2018) studies is that
estimating difference scores from just two time points may lead to imprecise and
unreliable estimates of the gender gap (Duncan et al., 2006; Newsom, 2015).

In another study, focused on gender differences in the mathematics section of the Chilean
college admissions tests, Diaz et al. (2019) used descriptive techniques to analyze cross-
sectional data from five different cohorts of students. They found the gender gap in the
mathematics section of the college admissions tests has been decreasing in the last few years
from 0.28 SD in 2014 to 0.16 SD in 2018. However, this was not the case for students who
were in the bottom and upper extreme scoring segments (i.e., 1 SD below and above the
average, respectively), where the gender gap against women remained steady or increased,
depending on school sector.

Using regression analyses, Arias (2016) estimated the gender gap in mathematics
achievement for a cohort of students who were assessed in grades 10 and 12. They
estimated the differences for the whole cohort and also for a subsample of twin brothers
and sisters. The results show significant gender gaps are observed in both grade 10 and
grade 12, with larger differences in grade 10 (SD = 0.136) than in grade 12 (SD =
0.094). However, these results did not replicate for the subsample of twins, for whom
differences were present only in grade 12 and equal in size to that of the whole sample.
Arias attributed these gender differences among twins to the high-stakes nature of the
college admissions tests in grade 12 that might have resulted in a test score that
underestimates the true abilities of females in the twin dyads. The downside of this
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study is that they used different independent models to estimate differences in grades 10
and 12, thus ignoring the longitudinal nature of the data, which may have led to the
misestimation of the gaps.

Our study overcomes limitations of prior research by using a longitudinal approach to
estimate gaps between male and female students belonging to the same cohort of students.
Unlike prior studies that used only two time points, we have four measurement points in
grades 4, 8, 10, and 12. Therefore, our study is better positioned to obtain more precise
estimates of the achievement trajectory gaps between male and female students (Newsom,
2015). Additionally, we use LGM, a more sophisticated modeling approach that poses
advantages over more traditional techniques to model change over time (e.g., repeated
measures ANOVA and ANCOVA models) and multilevel models. The LGM approach is a
much more versatile technique that allows for conducting invariance tests, convenient ways of
handling missing data; estimating a variety of error structures; and assessing these specifica-
tions with nested tests (Newsom, 2015). Moreover, a multiple-group approach was used to
estimate how female and male students differed in their growth trajectories of mathematics
achievement, which facilitates obtaining simultaneously different estimates of parameters of
interests (factor variances and covariances and residual variances of the observed indicators)
for both genders (Hancock & Lawrence, 2006; Duncan et al., 2006).

3 Methods

3.1 Data sources

This study draws from K-12 school achievement data provided by the System of Measurement
of the Quality of Education (SIMCE, as per its Spanish acronym). The SIMCE tests are
national standardized assessments of student learning of the Chilean compulsory curriculum in
mathematics, language, natural sciences, and social sciences. We obtained SIMCE results for
one cohort of students that were evaluated in grades 4, 8, and 10. Then, we merged SIMCE
data with data from the Chilean College Admissions Test (PSU, as per its Spanish acronym),
provided by the Department of Evaluation, Measurement and Educational Records (DEMRE,
as per its Spanish acronym). DEMRE is the official national agency responsible for the
construction and administration of college admissions tests in Chile. The PSU is administered
once a year nationwide to high school graduates interested in pursuing postsecondary studies.
Up until 2019, the PSU tests consisted of four standardized paper-based exams: (1) language,
(2) mathematics, (3) science, and (4) history and social sciences. The language and mathe-
matics sections of the test were mandatory, while the science and history and social sciences
sections were optional, although students were required to take at least one of the two optional
sections of the test. The mathematics section of the PSU test corresponds to the fourth repeated
measure (i.e., grade 12) for the cohort of students included in our sample.

Both SIMCE and PSU are standardized knowledge-based tests of the national curric-
ulum. However, the SIMCE is a low-stakes mandatory achievement test designed for
school accountability and assessment purposes, while the PSU is a high-stakes voluntary
test, though required for admissions to most degree-granting colleges and universities.
These tests also have different metric scales. SIMCE scale ranges from 50 to 450 score
points, with a mean of 250 and an SD of 50 score points (Agencia de Calidad de la
Educación, 2015), while the PSU ranges from 150 to 850 score points, with a mean of
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500 and a SD of 110 score points (DEMRE, 2020). For this reason, scores were
standardized before introducing them into the model (mean = 0, standard deviation
(SD) = 1).

3.2 Sample

The SIMCE and PSU datasets were merged by matching records using a masked student
identification number available in both datasets to obtain a set of four repeated measures of
achievement in mathematics, language, and grade point average (GPA) in grades 4, 8, 10, and
12. The data gathered contained sociodemographic and academic information of a cohort of
students who were first assessed in grade 4 in 2007. The sample was restricted to students who
took the SIMCE mathematics test at one or more points in time and who also took the PSU
test. The final analytical sample included 132,747 subjects, comprising 46% male and 54%
female students.

3.3 Variables

3.3.1 Mathematics test scores

The outcome variable is the individual mathematics test score, and it was measured at four
occasions, grades 4, 8, 10, and 12. Scores were entered into the model as continuous
standardized variables (mean = 0, SD = 1).

3.3.2 Gender

This variable was included in the model as a binary grouping variable based on the two gender
options identified in administrative records (1 = male; 2 = female).

3.3.3 Grade point average (GPA)

GPA is the grade point average obtained in grades 4, 8, 10, and 12. GPA is measured in Chile
on a scale from 1.0 to 7.0. The minimum passing grade for a course is 4.0. GPA was
transformed into a standardized measure (mean=0, SD=1) and included in the model as a
time-varying covariate of mathematics test scores.

3.3.4 Language test scores

Language test scores were transformed into standardized measures (mean = 0, SD = 1) and
added to the model as time-varying covariates of mathematics scores.

3.3.5 School type

Until 2018, schools in Chile fell into one of three categories: public, subsidized, and private.
This categorical variable was transformed into three binary dummy-coded indicators entered
into the model as auxiliary variables.

A summary of descriptive statistics by gender and cohort of the variables included in the
model in their original metric is presented in Table 1.
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3.4 Analytical approach

A multigroup piecewise LGM approach was used to obtain the mathematics achievement
trajectories of male and female students. In an LGM model, observed mathematics test
scores are assumed to be imperfect indicators of students’ true level of mathematics
achievement at each point in time (Hancock & Lawrence, 2006). A multigroup or
multiple-sample analysis implies splitting the sample into two groups and estimating
parameters in both groups simultaneously (Preacher et al., 2008), thus allowing to test
for differences in developmental processes across groups, including differences in initial
status, rates of change, and effects of covariates (Duncan et al., 2006). In piecewise
models, also referred to as increment/decrement models (Newsom, 2015), or added
growth models (Duncan et al., 2006), the first slope is assumed to be the base growth
rate across the full length of the trajectory, while the second one represents the extent to
which there is an increase or decrease relative to the base growth rate (Hancock &
Lawrence, 2006; Newsom, 2015).

Path diagrams corresponding to the models specified for each group are presented in Fig. 1.
Ovals correspond to latent variables, rectangles represent observed variables, and triangles
represent means. Paths represent relationships between variables. Unidirectional paths (with
one-headed arrows) represent causal relationship from a causal to an effect variable, while
bidirectional paths (with double-headed arrows) represent non-causal relationships between
connected variables. There are separate path diagrams for female and male students, each of
which corresponds to a piecewise LGM model with four repeated measures of mathematics
test scores, as models for both groups are estimated simultaneously but separately. For both
groups, the metric of growth was set out to reflect the uneven time span between grades 4, 8,
10, and 12 (represented by the paths between slope 1 and the four repeated measures of
mathematics), with a hypothetical reference point in kindergarten. Hence, the intercept is the
predicted mean score at kindergarten. Slope 1 represents the linear rate of change over the four
time points. A second slope was included in the model to assess whether the use of a different

Table 1 Summary of descriptive statistics of the sample

Gender Total

Variables Male Female
n=60,578 n=72,169 n=132,747
Mean (SD) [Min, max] Mean (SD) [Min, max] Mean (SD) [Min, max]

Math test scores
Grade 4 273.5 (50.9) [87.8, 369.6] 263.3 (49.9) [94.1, 369.6] 267.9 (50.6) [87.8, 369.6]
Grade 8 281.9 (46.8) [135.3, 395.7] 270.2 (47.3) [135.3, 395.7] 275.5 (47.4) [135.3, 395.7]
Grade 10 296.3 (60.5) [88.6, 422.2] 281.0 (61.9) [88.6, 422.2] 288.0 (61.7) [88.6, 422.2]
Grade 12 524.8 (113.4) [150.0, 85.00] 501.9 (104.8) [150.0, 850.0] 512.4 (109.4) [150.0,850.0]
Language test scores
Grade 4 273.1 (49.9) [117.3, 379.4] 275.5 (48.0) [112.3, 379.4] 274.4 (48.9) [112.3, 379.4]
Grade 8 267.5 (48.1) [104.0, 375.7] 273.4 (45.2) [103.5, 375.7] 270.7 (46.6) [103.5, 375.7]
Grade 10 266.2 (54.7) [124.4, 391.4] 272.8 (51.5) [124.8, 391.4] 269.8 (53.1) [124.4, 391.4]
Grade 12 506.7 (111.8) [156.0, 850.0] 505.3 (106.1) [150.0, 837.0] 506.0 (108.7) [150.0, 850.0]
Grade point average
Grade 4 6.1 (0.5) [3.6, 7.0] 6.1 (0.5) [3.0, 7.0] 6.1 (0.5) [3.0, 7.0]
Grade 8 5.7 (0.5) [3.3, 7.0] 5.8 (0.5) [3.1, 7.0] 5.8 (0.5) [3.1, 7.0]
Grade 10 5.6 (0.5) [1.9, 7.0] 5.7 (0.5) [1.0, 7.0] 5.7 (0.5) [1.0, 7.0]
Grade 12 5.6 (0.5) [4.1, 7.0] 5.8 (0.5) [4.3, 7.0] 5.7 (0.5) [4.1, 7.0]
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measurement instrument (PSU) in grade 12 makes the trajectory divert from its original course
set out by prior time point measures (represented by the paths between slope 2 and the four
repeated measures of mathematics). Therefore, the metric of growth for slope 2 is 0 for the
mathematics scores in grades 4 and 8, 1 for grade 10, and 3 for grade 12.

3.5 Model specification

As indicated by model-building guidelines for latent growth models (Bollen & Curran,
2006; Grimm, Ram, & Estabrook, 2017; Little, 2013; Newsom, 2015; Wickrama et al.,
2016), an unconditional or null model was first obtained, followed by the addition of
time-varying covariates to obtain a conditional model. In an unconditional longitudinal
model, time is the only predictor considered, whereas in a conditional model, additional
predictors are included in the model, so that effects are controlled for or conditioned on
the predictor variables (Bollen & Curran, 2006). The unconditional or null model is
considered a baseline model against which subsequent models are compared for fit
assessment (Grimm et al., 2017) and a necessary step to determine that there is enough
modelable information in the data (Little, 2013), as well as to test whether a linear
approach to change over time is reasonable (Wickrama et al., 2016).

Then, time-varying covariates (i.e., GPA and language test scores, which are predictor
variables measured at each point in time along with mathematics test scores) were added to the
model to explain the variation in initial levels and rate of changes, thus indicating what
conditions or factors make individuals differ in their trajectories (Wickrama et al., 2016).
Adding time-varying covariates may reduce the error in the prediction of slopes by accounting
for some of the measurement residual variance at each time point, thus partially reducing the
degree to which misfit of the slope is due to extraneous factors explained by the time-varying
covariate (Newsom, 2015).

Finally, multigroup analyses of the unconditional and conditional models were performed
to test whether the latent means and variances of the estimated intercept and slopes differed
across males and females. To test differences between corresponding parameters of interest
across groups, we followed a simultaneous univariate constraint and univariate test statistic
approach (Mann et al., 2009).

Males

Math 
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Fig. 1 Multiple-group piecewise latent growth models for females and males, with mean structure, a course
correction slope, and time-varying covariates

592 Perez Mejias P. et al.



Models were estimated using Mplus 8.1 with a robust maximum likelihood (MLR)
estimator. To assess the goodness of fit of the models, the comparative fit index (CFI), root
mean square error of approximation (RMSEA), and standardized root mean square residual
(SRMR) were used, with cutoff values of CFI≥0.96, RMSEA≤0.06, and SRMR≤ 0.09
indicating data fit the models appropriately (Hu & Bentler, 1999).

3.6 Missing data handling

To address the issue of missing data in the study sample, maximum likelihood (ML) estimation
was used. An advantage of ML is that it does not require discarding cases with incomplete
data, as it uses all of the available data to estimate the model parameters (Enders, 2011). The
downside of relying on ML techniques to handle missing data is that the missing-at-random
(MAR) assumption cannot be actually tested for. However, two strategies can be used to
improve the plausibility of MAR. First, we used a latent growth selection model (Enders,
2010, 2011), which allowed us to conclude MAR is a plausible assumption in this study. A
second strategy to improve the plausibility of MAR was the inclusion of auxiliary variables
(i.e., school type) highly correlated with the observed outcome variables and found to have a
significant association with the missing data indicators (Enders, 2015).

3.7 Limitations

The aforementioned two tests used in this study, SIMCE and PSU, have different metric
scales. To deal with this issue, scores were standardized. Because standardized scores are more
prone to measurement error, this might have biased estimated gaps toward zero (Reardon &
Galindo, 2009). However, because raw scores were not available for this study, standardization
was the only feasible approach to deal with this issue.

Another limitation of the study is the absence in our model of individual characteristics that
research has shown influences students’ performance in mathematics, such as socioeconomic
status of students (e.g., Zhu et al., 2018). However, this information was not available in our
dataset.

Finally, the information on students in our dataset comes from administrative records,
which identify students’ gender according to their sex at birth. As such, our analyses are bound
to the female-male binary categorization of students. However, we have adhered to the use of
the term gender instead of sex to emphasize differences between male and female students are
not biologically based.

4 Results

Parameter estimates for both the unconditional and conditional models are presented in Table 2.
Fit indices for each model are presented at the top of Table 2. In both cases, these indices fall
within the optimum range, indicating the hypothesis of a piecewise linear trajectory over
school years is reasonable, which allowed for further interpretation of specific model param-
eters (Hancock & Lawrence, 2006).

The R-square estimates at the bottom of Table 2 show the proportion of variance in the
indicators that is accounted for by the factor model, which ranges from 74 to 94% in the
unconditional model and from 77% to 88% in the conditional model. These high R-square
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values suggest the observed mathematics test scores are suitable indicators of the hypothesized
trajectory of mathematics achievement as specified by the latent intercept and slopes and that
the variance due to measurement error is rather small (Geiser, 2013).

Latent trajectories for male and female students obtained with both the unconditional and
conditional models are depicted in Fig. 2. Panel A shows the trajectories and gaps estimated
with the unconditional model, while panel B shows the results of the conditional model that
incorporates time-varying covariates. Solid lines represent latent trajectories estimated using
only one slope for the four repeated measures, while dashed lines denote the course correction
associated with slope 2. Darker lines with triangle markers correspond to trajectories of male
students, while lighter lines with square markers represent trajectories of female students.
Scoring gaps in mathematics are presented in standard deviation units because the models were
estimated simultaneously but separately for each group, thus resulting in different means and
standard deviations for the intercept and slopes for males and females. Therefore, to make a
fair comparison of estimates for both genders, we report the results of the completely
standardized solution.

4.1 Unconditional model

Trajectories depicted in panel A of Fig. 2 demonstrate the gender gap in mathematics
achievement started before kindergarten and then widened over time. The size of the gap
starts at 0.15 SD and it steadily increases to almost 0.30 SD in grade 12. Trajectories between
kindergarten and grade 10 are relatively flat for both males and females, as slope 1 is nearly
zero for both genders (0.003 for males and −0.008 for females). However, because slope 1 was
negative for females (−0.008) and positive for males (0.003), the average gap between the two
groups widened over time.

The covariance between the intercept and slope 1 was negative for both groups, but higher
in magnitude for male students (−0.140) than for female students (−0.049). These negative
values indicate that, for both genders, the trajectories of students with higher initial scores
tended to grow less over time than the trajectories of students with lower initial scores, whose
trajectories instead tended to increase more rapidly over time. This compensating effect was
stronger for male students.
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Between grades 10 and 12, the corrected course trajectory diverts from its original course
set out by prior time point measures (dashed line in panel A of Fig. 2), resulting in a trajectories
change of direction for both female and male students, thus reducing the gap from 0.26 SD in
grade 10 to 0.23 in grade 12.

The covariance between the intercept and the slope between grades 10 and 12 was positive
for both groups, but much higher for males (0.138) than for females (0.008). In other words,
between grades 10 and 12, students with relatively high scores at the initial point of the
trajectory tended to score higher than students with relatively lower scores at the beginning of
the trajectory, although this effect is much stronger for male students.

4.2 Conditional model

The incorporation of language test scores and GPA as time-varying covariates to the model at
each point in time produced even wider gaps than those of the unconditional model, suggesting
the mathematics achievement gap is even larger between female and male students who have
similar GPAs and language test scores.

Panel B shows the gender gap in mathematics achievement for the conditional model. After
introducing covariates to the model, gaps at each point in time increased compared to those
gaps in the unconditional model, starting with a gap of 0.19 SD in kindergarten that widened to
0.36 SD in grade 10 and that slightly subsided to 0.32 SD in grade 12.

Another important finding of the conditional model was that the strength of the relationship
between initial scores in mathematics and the growth rate disproportionately increased for
females, even surpassing slightly that of males between grades 10 and 12. In other words,
when controlling for language and academic achievement, the initial amount of mathematics
proficiency became as strong a determinant of subsequent performance in mathematics for
female students as for male students.

4.3 Statistical testing of gender differences in mathematics

One of the advantages of multigroup LGM is that it allows for testing whether differences
between male and female students are statistically significant. Estimated gender differences are
displayed in Table 3. Estimated mean differences of the intercept and slopes were all
statistically significant (p < 0.01), which means we can say with 99% of confidence that
gender differences in mathematics achievement trajectories are not due to chance.

Table 3 Gender differences between factor means and variances (females-males)

Unconditional Conditional

Parameter Estimate SE p value Estimate SE p value

Mean differences
Intercept −0.154 0.008 <0.0001 −0.192 0.006 <0.0001
Slope 1 −0.011 0.001 <0.0001 −0.017 0.001 <0.0001
Slope 2 0.027 0.002 <0.0001 0.041 0.002 <0.0001
Variance differences
Intercept −0.768 0.089 <0.0001 0.170 0.088 0.054
Slope 1 −0.010 0.001 <0.0001 0.001 0.001 0.280
Slope 2 0.010 0.002 <0.0001 0.007 0.003 0.005
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As for variance differences between genders, after controlling for academic and language
abilities, these became either not statistically significant or were very small in magnitude. This
means males and females were equally heterogeneous at the starting point of the trajectory as
well as with respect to how they change over time, when controlling for language and
academic abilities.

5 Discussion

The first research question concerns how early the gender gap in mathematics achievement
first occurs and how large it is when it appears. The results of this study revealed there was a
gender gap of 15% of a standard deviation in kindergarten that widened to 19% when
controlling for language and academic achievement. In agreement with early childhood studies
in mathematics achievement which suggest mathematics skills start developing during pre-
school years (e.g., Bonny & Lourenco, 2013; Forgasz et al., 2014; Purpura & Reid, 2016; Zhu
& Chiu, 2019), our results reveal gender differences in mathematics abilities emerge in the
home environment before children enter school. The appearance of gender differences in
mathematics achievement at such an early age may well be explained by theories of gender
socialization (Else-Quest et al., 2010; Ghasemi & Burley, 2019; Zhu & Chiu, 2019). From this
viewpoint, as suggested by Zhu and Chiu (2019), stereotyped gender roles are ingrained in
children’s home and social environments; the perception of boys being more capable than girls
in mathematics may lead parents and families to invest more efforts in fostering numeracy
skills in boys than in girls.

In reference to the second research question, on how the gender gap in mathematics scores
changes over time, results show differences among male and female students widen as students
advance through their schooling years. The gap almost doubled from kindergarten to grade 12
in both the conditional and unconditional models, which implies the schooling system is
reinforcing early gaps in mathematics achievement between genders. Although our data do not
provide evidence about the reasons behind the widening of the gender gap in mathematics
achievement, it is likely that socialization factors in schools are playing a role in reinforcing
these gaps. Prior studies provided support for this conjecture. For example, Mizala et al. (2015)
found teachers’ expectations of mathematics achievement were lower for girls than for boys in
a representative sample of Chilean schools. Stereotyped teachers’ expectations may lead all
students to believe that male students are better suited than female students to learn mathe-
matics, thus making female students less confident and less interested in mathematics than
their male counterparts, as suggested by studies in other countries (e.g., Ganley & Lubienski,
2016; Ghasemi & Burley, 2019; Zhu & Chiu, 2019).

The magnitude of estimated gaps in this study is larger than those reported in prior studies
that analyzed gaps between grades 4 and 8 among Chilean students (Arias, 2016; Bharadwaj
et al., 2016; Muñoz-Chereau, 2019; Radovic, 2018) and compared to gaps among elementary
students in other countries (Ganley & Lubienski, 2016) as well. Differences in the size of
estimated gaps are likely due to the use of data from different cohorts of students and the use of
different modeling techniques. The present study used an LGM approach, which provided
estimates free of measurement error, thus producing more accurate estimates than other
traditional linear regression and multilevel methods.

A second slope was included in the model to assess whether the use of a different test in
grade 12 altered the course of the trajectory between grades 10 and 12 set out by prior time
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points in grades 4, 8, and 10, which provided answers to our third research question. At this
point, it is opportune to remind the reader that the first three observed scores correspond to
low-stakes achievement test scores used for school accountability purposes (SIMCE test)
while the last observed score in grade 12 corresponds to high-stakes tests used for college
admissions decisions (PSU test). When the effect of the use of a different test is considered, by
including a second slope in the model, the gender gap subsided slightly between grades 10 and
12, showing female students on average tend to catch up with their male peers in this period.
These results are consistent with the findings of Arias (2016), who also found the gap
narrowed from grade 10 to grade 12. Female students display a descending trajectory up until
grade 10 and then an upward trajectory between grades 10 and 12. This pattern of change in
the direction of trajectories among female students shows this group tends to underperform in
low-stakes tests and, conversely, to perform better in high-stakes testing situations. This
evidence is in line with prior studies posing that low-stakes tests are associated with lower
levels of motivation and performance (Attali, 2016; Cole & Osterlind, 2008; Wise & DeMars,
2005, 2010) while high-stakes situations encourage higher levels of academic effort leading to
a better test performance (Cotton et al., 2014; Domina, 2007; Grau, 2018).

Based on the negative association between initial status and rate of growth until grade 10
for both genders, our study reveals students who show higher levels of performance in
mathematics initially tend to decrease their growth over the years while initial low achievers
are able to slightly narrow the gap and increase mathematics achievement over time. These
findings are consistent with that of prior studies that refer to this pattern of association between
initial status and growth rate as “compensatory effects” (Davis-Kean & Jager, 2014; Mok
et al., 2015). Prior studies have attributed compensatory effects to teachers adapting their
instruction to provide more and more active learning mathematics instruction to students
showing lower achievement in prior mathematics assessments (Nurmi et al., 2012; Mok
et al., 2015; Ottmar et al., 2014).

However, after grade 10, the relationship between the initial point of the trajectory
and the growth rate changed from negative to positive for both genders. Thus, between
grades 10 and 12, for both male and female students who were top performers at the
initial point of the trajectory, their mathematics achievement tends to grow at higher rates
in this period than their peers who obtained relatively lower scores at the beginning of
the trajectory. As mentioned earlier, the positive association between initial status and
growth is known as the Matthew effect (Mok et al., 2015; Shin et al., 2013). This effect
might be attributed to the fact that high performers, both males and females, likely have
expectations of pursuing higher education studies. As such, high-achieving students may
have the motivation to increase their academic efforts between grades 10 and 12 in
response to the high-stakes college admissions tests in grade 12 pose (Cotton et al.,
2014; Domina, 2007; Grau, 2018). Conversely, low-achieving students may have not
developed expectations of attending college and might not see the benefits of increased
effort to improve their mathematics achievement. Moreover, a more difficult curriculum
covered between grades 10 and 12 may deter low-achieving students to make significant
learning gains in mathematics in this same period (Shin et al., 2013).

In our study, the Matthew effect is slightly stronger among female students, which might
explain in part the subsiding effect of the gender gap between grades 10 and 12. The stronger
relationship between initial status and growth between grades 10 and 12 for female students
might be due to the fact that, in contrast to their male counterparts, female students have more
room to improve their mathematics achievement; as a result, the academic effort invested
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between grades 10 and 12 may result in higher learning gains for female students as compared
to that of male students.

In relation to the different instruments used, although the results revealed a different gap
size depending on the instrument used to estimate it, consistent with prior gaps in PISA and
TIMSS scores among Chilean students (Agencia de Calidad de la Educación, 2017a, b), both
SIMCE and PSU tests scores yielded substantial gaps in favor of males. Therefore, regardless
of the test used, the evidence points to a consistent and pervasive gender gap among Chilean
students favoring males across education levels and instruments used to estimate such a gap.
Although all of these instruments carry a certain amount of measurement error and are
certainly perfectible, the consistent findings across studies using different instruments rule
out the possibility that the gender gap in mathematics achievement among Chilean students is
a mere artifact of standardized testing.

Finally, time-varying covariates of academic and language achievement were entered into
the model, to ascertain whether controlling for these factors changed the gap, which provided
an answer to our fourth and last research question. The results of this study indicate gaps
estimated at each point in time significantly increased when controlling for language test
scores and GPA. Consistent with prior research showing students who have greater reading
and writing skills tend to show greater increases in mathematics achievement (e.g., Codding
et al., 2015; Grimm, 2008; Shin et al., 2013), our results indicate higher language test scores
are associated with higher achievement in mathematics for both genders. However, gains
associated with a better performance in the language test are larger for male than for female
students. In other words, the gender gap is wider when comparing female and male students at
equivalent levels of language scores and GPAs.

6 Implications for practice and future studies

The results of this study broaden the understanding of the gender gap in mathematics
achievement by using a multigroup piecewise latent growth modeling approach. Most of the
studies on gender gaps in mathematics achievement have been based on cross-sectional data
that are bound to examine gaps at a certain point in time and, as such, might overlook how
these gaps are evolving over time within cohorts of students. Moreover, to our best knowledge,
our study (in contrast to other LGM studies that have used models that test differences between
groups using dummy variables) is the only one that has used a multigroup approach to model
the mathematics achievement trajectories of male and female students. Our approach has many
advantages over more traditional longitudinal methods to study achievement trajectories, like
allowing us to model different functional form in groups’ trajectories and specifying for each
group different variances of random intercepts, random slopes, and error, as well as the
covariance between the random intercepts and random slopes (Bollen & Curran, 2006). The
ability of estimating different parameters for each group allows a more nuanced examination of
the differences between genders (e.g., how heterogeneous each group is initially, how initial
status relates to growth rate, how time-varying covariates affect trajectories) as opposed to only
comparing average scores across groups. As such, our study might be informative for
researchers interested in applying this underused but powerful tool to advance our knowledge
of gender gaps in mathematics achievement.

Prior studies show conflicting findings about whether gender differences in mathematics
achievement are persisting or dwindling (Ganley & Lubienski, 2016). Although gender gaps in

599A longitudinal study of the gender gap in mathematics achievement:...



mathematics achievement are subsiding in many countries, our findings show that in Chile,
like in many other countries (e.g., Australia, Canada, Portugal, the Slovak Republic, Spain,
Croatia, Italy; Mullis et al., 2016), female gender gaps in mathematics achievement are
stagnant and need further attention from researchers and policy-makers.

Our findings provide evidence gender differences first occur before children enter the
school system. As such, further studies might focus on identifying the home environments,
parental and schooling practices, as well as social factors that may be causing differences in the
development of mathematics skills at such an early age. The research on effective interventions
that might help reducing gender gaps among preschoolers is still scarce. More evidence would
be valuable for the design of education policy interventions aimed at reducing gender
differences during early childhood.

The study also confirmed findings of previous research studies (e.g., Fryer & Levitt, 2010;
Husain & Millimet, 2009; Penner & Paret, 2008) that gender gaps widen as students transition
from elementary to high school. As suggested by prior studies, the widening of gender gaps is
likely due to parental, teaching, and school practices that may be allowing or even reinforcing
detrimental gender stereotypes, which are harmful to female students’ achievement in math-
ematics (Holmlund & Sund, 2008; Jaremus et al., 2020; Mizala et al., 2015; Moller et al.,
2013; Sullivan, 2009; Sullivan et al., 2010). Prior studies have shown that dedicating more
instruction time to low-achieving students, coupled with high academic expectations from
parents and teachers, may help reduce gaps between low- and high-achieving students (Mok
et al., 2015; Nurmi et al., 2012; Ottmar et al., 2014). However, further studies might focus on
examining on interventions specifically tailored to narrow gender gaps in mathematics
achievement to assess their effectiveness and better inform practice and policy-making.

The gender gap is sizable by the end of high school, and thus it has important implications
for access to higher education. Lower scores in mathematics act as a barrier for women from
choosing STEM majors, since mathematics scores carry a heavy weight as an admissions
criterion for STEM majors. In the case of Chile, as indicated by Gándara and Silva (2016), in
spite of women having made important progress in the last decades in terms of access and
retention in higher education, an important gender gap in levels of participation in science and
engineering remains stalled. In turn, this participation gap of females in STEM careers may
ultimately contribute to subsequent occupational gender segregation and in gender income
disparities. In order to address these disadvantages to access to higher education for female
students, admissions policies could benefit from moving toward a more holistic evaluation of
college applicants (Hossler & Bastedo, 2019). Like in many other countries that use central-
ized college admissions systems (Saygin, 2020), colleges and universities in Chile have
traditionally relied heavily on the PSU test and GPA to select applicants. The adoption of a
more holistic approach to admissions may remove structural barriers that have negatively
affected access to higher education for women and other historically underrepresented groups.

Another issue that warrants further attention from researchers relates to the fact that the gap
estimated between genders varied depending on the instrument used to assess mathematics
achievement. Future studies could examine whether female and male test takers perform
differently on low-stakes and high-stakes tests. However, regardless of the test used, the
gender gap in mathematics achievement in favor of males is consistent across measurement
instruments. As such, it is unlikely that the gender gap in mathematics is simply a product of
test bias.

The fact that gender gaps in mathematics achievement tests have narrowed or disappeared
in several countries (e.g., Lai, 2010; Mullis et al., 2016) shows that there are no inherent
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biological differences driving the achievement gap between genders in mathematics. In fact,
this evidence gives ground to sociocultural theories that attribute gender-based differences in
mathematics achievement to social stereotypes that hinder women in developing their math-
ematics abilities to their true potential (e.g., Cvencek et al., 2011; Forgasz et al., 2014).

Finally, future developments in research and policymaking should acknowledge ongoing
social changes that have brought about a more complex conceptualization of gender identities,
one that recognizes additional categories outside the traditional male-female binarism. Educa-
tional research has shown an improvement in the understanding and conceptualization of
gender by transitioning from a biological sex-based to a more nuanced and complex gender-
based perspective to explain differences in achievement among students (Leder & Forgasz,
2018; Leyva, 2017; Richards et al., 2016). However, we may need to advance one step further
in the collection of national and international large-scale assessments to better reflect a more
current understanding of multiple gender identities.
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