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Abstract 
 

This essay investigates the effects of a same-sex teacher assignment on female and male 8th 

grade students in Australia and New Zealand using data from the Trends in Mathematics and 

Science Study (TIMSS). I employ the first difference (FD) method introduced by Dee (2007) 

to analyze the impacts on students' math and science academic achievements, as well as their 

attitudes toward these subjects. TIMSS has the appealing aspect of providing observations of 

students attending both subjects and their teachers in the corresponding disciplines, allowing 

to account for unobservable subject-invariant student characteristics.  

 

When restricting the assessment to the knowing cognitive domain part, I find that girls’ test 

scores increase significantly by around 0.040 SD when assigned to a female teacher and that 

this effect is driven by advantaged girls. This effect is smaller when using the standard test 

scores, but these outcomes seem more likely to cause biased estimates due to spillovers. 

The gender match effects I find on students' subject perceptions are larger and mostly 

positive. The comparison with previous estimates shows that the gender match effects on 

academic performance are not primarily caused  by a change in students’ attitudes toward the 

disciplines. 

 

Overall, my findings show that boys do not experience any strong and significant positive 

effects of gender match on academic achievement and that the effects on students’ subject 

perceptions are also observed predominantly on girls. Therefore, my results provide little 

support  for policies that are based on this argument to encourage the recruitment of male 

teachers to attenuate the growing feminization of the teaching profession. 
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1 Introduction 

The preponderant role of the teacher on students’ academic success has been a large focus of 

attention in economics of education. For instance, Hanushek (1971) questions whether teachers 

count in the achievement of students and which of their characteristics are of relevance. Aiming 

to improve the efficiency of the educational system, he was among the firsts providing 

experimental evidence of a teacher’s effect on student achievement. However, further research 

evaluating the significance of different teacher determinants is needed, as the exact 

characteristics that matter remain unclear.1 

These past decades, decision-makers have implemented policies to encourage the recruitment 

of male teachers due to the feminization of the teaching profession. This was intended to limit 

the potential negative consequences on boys caused by a lack of male role models. For example, 

the state of Queensland in Australia developed a plan to increase the rate of male teachers in 

2002.2 

Such initiatives have led researchers to focus on the effects of gender interactions between 

students and teachers. For instance, Dee (2007) finds a positive effects of student-teacher 

gender match in his paper, supporting the importance of a same-sex teacher on student 

performance. Even so, it remains elusive to what extent the assignment to a same-gender teacher 

would influence students’ achievements as the literature provides mixed results. 

 

This paper explores the effects of teacher gender match on female and male 8th grade students 

in Australia and New Zealand. I use the first difference (FD) method introduced by Dee (2007) 

to investigate the impact on students’ math and science test scores but also their attitudes 

towards the subjects. The Trends in Mathematics and Science Study (TIMSS) provides 

observations of students following both subjects and their teachers in the respective disciplines. 

This enables me to remove student subject-invariant characteristics that could be a large source 

of bias. 

I first find small and insignificant effects of same-sex teacher assignment on students’ academic 

outcomes even when allowing for subject specific effects. However, the first difference method 

relies on within-student variation in gender match across subjects. This means that I difference 

out math and science test scores to identify the gender match effects. One identifying 

 
1 Studies exploring the appropriate matching between individuals are not limited to the student-teacher interactions. In fact, 
some studies have, for example, investigated the effects of physician-patient racial concordance on patient satisfaction and 
quality of  care (Strumpf 2011; Laveist and Amani 2002). 
2  See: Education Queensland, 2002. 
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assumption of the model is that those test scores are only affected by the teacher of the assessed 

discipline. This assumption might not hold as the student could transfer the skills acquired with 

one teacher to the other subject. To limit the effects of these spillovers, I restrict the assessment 

to the knowing cognitive part.3 I consider subject-specific facts and concepts to be more 

resilient to such academic overlapping. With the restricted test scores, the results show that 

girls’ science test scores improves by 0.042 standard deviation on average when assigned to a 

female teacher. This estimate is significant at the 10-percent level and is driven by advantaged 

girls. 

I also evaluate the influence of gender interactions on students’ non-cognitive outcomes 

(enjoyment, valuation, and confidence in the subject).4 I find stronger positive effects of 

student-teacher gender match, which I observe predominantly on girls. For instance, the results 

show that girls’ subject confidence index increases significantly by just over 0.130 standard 

deviations on average in both math and science when assigned to a female math teacher. The 

comparison with the gender match effects on academic performance suggests that an increase 

in non-cognitive outcomes does not necessarily lead to an improvement of students’ test scores. 

This paper contributes to the literature by providing new evidence using the latest available data 

from the TIMSS study.  This research goes into greater depth than previous ones using TIMSS 

data as I focus on the different cognitive parts of the assessment to limit spillover effects and 

improve the robustness of the results. Moreover, my study presents findings on both students’ 

cognitive outcomes and non-cognitive outcomes, while also exploring potential heterogeneous 

effects. 

 

In this paper, I first provide an overview of previous research on this topic followed by a 

presentation of the student fixed effects model. The TIMSS data is then introduced before 

reporting the results observed on students’ academic outcomes with OLS regressions and the 

first difference model. In the robustness check section, I examine the consistency of using only 

one of the five plausible test score values, compare the student characteristics means between 

the two subgroups with and without teacher gender differences, and present the results found 

when restricting the achievement outcomes to the knowing cognitive part of the assessment. 

After, I explore potential heterogeneous effects of gender match on students’ academic 

 
3 The assessment is divided into three cognitive part: knowing, applying and reasoning that will be better explained in the data 
section. The main intuition is that the applying and reasoning methods learned could be more easily transferable across 
disciplines, disturbing the identification of the gender match effects. 
4 These variables will be measured through multiple surveys items. 
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performances. I also present estimates assessing the impact on students’ perceptions of the 

subjects. Finally, the observed results are discussed, conclusions are drawn, and limitations of 

the method are presented. 

 

2 Previous Research 

Numerous studies have investigated the effects of the gender match between teachers and 

students in the past decades. This interest in the subject has intensified with the changing gender 

differences in educational outcomes. 

In fact, it was widely considered in most countries that girls generally underperform boys in 

both math and science while outperforming them in language and reading skills (Xin Ma 2008). 

However, as girls started to catch up with boys in math and science during the late 20th century 

(see: Baker and Jones 1993), attention turned toward the significant role that teachers’ genders 

could hold.5 The feminization of the teaching profession, which was thought to benefit girls, 

was especially suspected to be the reason for this decrease in the gender gap. 

Sommer (2000) supports this theory, which interprets such a trend as a failure of male 

education. In her book, she even goes as far as calling this a “war against boys”. This directly 

contradicts the work of Myra and David Sadker (1995), who argue that gender bias results in 

girls receiving a worse education than boys. 

 

The literature provides various explanations for the relevance of gender interactions between 

students and their teachers. One suggested mechanism is the phenomenon of stereotype threat, 

where students may experience a decline in performance if they consider themselves at risk of 

being judged based on stereotypes. Spencer, Steele and Quinn (1999)6 demonstrates that the 

apprehension of negative stereotypes for girls in math affects their performance. In their study, 

women performed better when keeping the stereotype threat low by presenting the examination 

as having no gender differences and significantly worse when presented with gender 

differences. It is possible to assume that a same-gender teacher would contribute to lower this 

stereotype threat. 

 
5 For the most recent trend see: Meinck and Brese, 2019. 
6 See also: Steele, 1997. 
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We might also observe a Pygmalion effect, where teachers would express different academic 

expectations for boys and girls, depending on their own gender. This would become a self-

fulfilling prophecy with students reacting to these expectations (Rosenthal and Jacobson 1968). 

However, the role model effect is certainly the mechanism that has received the most attention 

to explain a possible positive effect of a same-gender teacher (Almquist and Angrist 1971; 

Basow and Howe 1980). Assuming that students perceive teachers as role models and that they 

identify more closely with a teacher of the same gender, having the teacher’s gender match the 

student’s gender could help improve students’ academic achievement and their global 

perceptions of the discipline. González-Pérez, Mateos de Cabo and Sáinz (2020) provide 

evidence of a role model effect in the specific case of women in STEM (science, technology, 

engineering, and mathematics) fields. Using the participation of women with STEM careers 

who volunteered to present their field to teenage girls in schools, they find a significant positive 

impact on girls’ appreciation and consideration for these disciplines when they experience such 

role model sessions. 

 

A variety of alternative methodologies have been used in previous research investigating the 

effects of same-sex teacher on students. 

The simplest and probably the most intuitive method is to conduct studies using data where the 

assignment of students to teachers is random. In this case, a simple linear regression provides 

reliable results. The effort is then focused on verifying that the assignment is truly random. For 

instance, Lim and Meer (2020) employ the 2010 Seoul Longitudinal Study of Education 

(SELS2010), which includes data on middle school students and teachers who are randomly 

assigned to a class. Other studies exploiting random assignment in different settings are done 

by Carrell, Page and West (2009), Antecol, Eren and Ozbeklik (2014), and Gong, Lu and Song 

(2018). However, this type of data could be rather rare, and this technique is therefore restricted 

to a limited number of cases. 

These studies show positive and sizable effects of same-sex teacher on female students, with 

the exception of Antecol, Eren and Ozbeklik (2014) who find negative effects of gender match 

on female students in disadvantaged neighborhoods. The positive results are observed on both 

students’ cognitive outcomes (e.g., standardized test scores) and non-cognitive outcomes (e.g., 

attitudes towards a discipline, choice of courses and major).7 

 
7 Interestingly, Bettinger and Long (2005) use an instrumental variable to estimate the impact of same-gender faculty members 
on student’s choice of major in college and find positive effects. However, this method does not appear to be commonly used 
for this question. 
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Alternatively, one of the most popular approaches to address the endogeneity problem is 

presented by Dee (2007)8, where he uses a fixed effects method to eliminate the fixed 

unobservable student characteristics. This enables to contain part of the bias caused by the non-

random assignment of students to teachers. The strategy is similar to the one used for data on 

monozygotic twin pairs (Ashenfelter and Krueger 1994; Ashenfelter and Rouse 1998; and 

Rousse 1999), but this time instead of observing one pair of twins, the same student is observed 

in two academic disciplines. To conduct this research, he uses the 1988 National Education 

Longitudinal Study (NELS:88), which provides middle school students’ outcomes in two 

academic subjects (math or science and English or history) where their teachers are also 

surveyed. This approach has also been applied, sometimes with some variations, in many other 

studies (Ammermueller and Dolton 2006; Hoffman and Oreopoulos 2007; Holmlund and Sund 

2008; Neugebauer, Helbig and Landmann 2011; Cho 2012; Paredes 2014; Alfa and Hermann 

2017), becoming the most standard method in this literature.9 

These studies’ findings lead to mixed results, with some reporting positive and sizable effects 

of gender match (Dee 2007; Ammermueller and Dolton 2006; Paredes 2014) while others detect 

little or no effects (Hoffman and Oreopoulos 2007; Holmlund and Sund 2008; Neugebauer, 

Helbig and Landmann 2011).10 Positive effects are also observed more frequently on female 

students. Much of this research focuses on how students are currently impacted by their present 

teacher, whereas the studies mentioned in the previous paragraphs exploiting random 

assignment also take interest in the long-term effects. 

In general, all these findings are essentially contributing to the enrichment of the literature as 

they occur in different contexts (countries, time periods, school level) and employ diverse 

methodologies. Table A1 provides an overview of these various studies.11 

 

Recent studies have used TIMSS data to test the potential universal teacher gender match effects 

by examining several countries. For example, Cho (2012) assesses the impact on 4th and 8th 

graders in fifteen OECD countries with a similar first difference model to Dee (2007). As either 

math or science is paired with English or history in Dee’s model, the identifying assumption is 

 
8 See also : Dee, 2005. 
9 This method has also been used to study the effects of teacher characteristics other than gender (E.g. Bietenbeck, 2014). 
10 Ehrenberg, Goldhaber and Brewer (1995) actually use the same data as Dee (2007), but employ a simple linear regression 
with controls. They report no impact of student-teacher gender match, whereas with the method controlling for unobservable 
student characteristics, positive effects are found. 
11 Table A1 briefly summarizes the data used by indicating the country, year of collection and students school level. It also 
presents the methods used in the empirical analysis and the key results found. This table is presented in the Appendix. 
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that unobservable student characteristics (e.g., skills and preferences) are the same across those 

academic subject pairs. Cho argues that unobservable student traits are more accurately 

removed considering math and science can be paired with TIMSS data and the abilities required 

in those disciplines are more alike. It actually seems reasonable to consider math and science 

as a better control for each other than would be math with any other social science subject (see: 

Gardner and Hatch, 1989), and so I will also prefer this pair of disciplines for my analysis. 

Using this pairing, Cho finds that in eight countries out of fifteen a same-sex teacher has no 

significant effects on students’ achievement, while there is a positive impact for boys in four 

countries and for girls in three countries. 

Alfa and Hermann (2017) also use TIMSS 2003, 2007 and 2011 waves to investigate gender 

match effects for 8th graders in twenty European countries, performing some modifications to 

improve the reliability of their results. For example, they focus only on 8th graders because the 

teaching profession is generally highly dominated by females in 4th grade and does not allow 

for the necessary variation in the fixed effects model. They also restrict their data by eliminating 

observations of students in advanced level groups that they suspect of being more prone to 

selection bias. They find positive effects of gender match on student’s academic achievement 

in half of the countries. 

 

This paper offers new evidence from Australia and New Zealand using TIMSS 2011, 2015 and 

2019 waves. I replicate the method employed by Dee to eliminate unobservable student 

characteristics while attempting, like other researchers before, to refine the model by adding 

certain precisions. 

I compare the results found by using only students’ performances on the knowing cognitive 

domain part of the assessment with that of the standard test scores. This means that I use the 

items assessing the pure knowledge of the basic concepts and facts that are specific to each 

discipline and ignore those requiring application or reasoning. This additional precision 

contributes to limiting suspected spillovers between subjects, thus increasing the reliability of 

my findings. 

In this paper, I provide estimates evaluating the gender match effects on students’ standardized 

test scores, but also on their global perceptions of the discipline based on multiple survey 

responses. I also investigate heterogenous effects using an index measuring students’ home 

resources as a proxy for socioeconomic background. 

This study uses only observations of lower secondary students in math and science classes. 

Moreover, I conduct my analysis on a limited number of countries that might have specific 
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gender interactions.12 It is therefore important to remain cautious when generalizing these 

findings. 

 

3 Student fixed effects method 

As previously discussed, I use the first difference (FD) method proposed by Dee (2007) to 

investigate the effects of student-teacher gender match. In the first specification, I assume that 

the academic achievement of the student i for math subject m is a function of observable student 

characteristics (Si), whether the student’s gender is the same as the teacher’s (GMim), observable 

teacher and classroom characteristics (Tim), unobservable student fixed effects (ηi) and a mean-

zero error term (εim): 
 

Yim = αm + βGMim + γSi + δTim + ηi + εim                                (1) 
 

Assuming a similar specification for student observed in science subject s, I also derive the 

following equation: 
 

Yis = αs + βGMis + γSi + δTis + ηi + εis                                      (2) 
 

Those simple linear models are estimated separately for girls and boys, the gender match 

variable (GMim) can therefore be interpreted as a simple teacher gender dummy (equal to 1 if 

female and 0 if male when observing girls, while the opposite is true for boys). A positive β 

coefficient would indicate that gender match improves student test performances on average. 

 

However, exploring the effects of teacher gender on student test scores with a simple OLS 

regression is likely to yield biased results due to endogeneity. In fact, the gender match variable 

may actually be correlated with the unobserved student fixed effects (ηi) that affect students’ 

academic outcomes. For example, it is possible to imagine that the most troublesome students, 

who typically have lower academic achievement, are more likely to be placed by the school 

direction with a male (or female) teacher. This non-random assignment of teachers to students 

 
12 The gender match effects could potentially depend on the level of gender inequalities in the students' environment. In 
comparison to the world average, Australia and New Zealand can be considered as low gender inequality countries. For 
example, in the seventh round of the World Values Survey (2017-2020), the inhabitants of Australia and New Zealand appear 
to strongly support gender equality in education. To the question “ A university education is more important for a boy than 
for a girl?” only 2.3% of the surveyed participants agree or strongly agree in Australia and 2.7% in New Zealand. These are 
the two lowest rates among the 57 countries surveyed. This trend can also be observed on the numerous other survey 
questions. 
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will not lead to the correct identification of the causal relationship between test scores and 

teacher gender, as the estimates will be downward biased for male teachers in this case. 

 

However, by using the math and science test scores I have two observations that allow me to 

address unobservable student characteristics that are fixed across subjects. Since it is the same 

student taking both subjects, I can subtract these two observations from each other to remove 

student fixed effects. This means that I implicitly control for all fixed individual-specific factors 

(ηi), potentially removing a large source of omitted variable bias. It is important to emphasize 

that this within-student estimation controls only for subject-invariant effects, which means only 

those student characteristics (e.g., ability, preferences) that similarly impact achievement in 

both subjects. The proximity between disciplines is therefore essential to properly remove the 

student fixed effects, which is the reason for selecting TIMSS data with math and science as 

subject pairs. The first difference model (FD) is derived by differencing out equations (1) and 

(2) as follows: 
 

Yim -Yis = αm + βGMim + γSi + δTim + ηi + εim - (αs + βGMis + γSi + δTis  + ηi + εis)   

=  αm - αs + β(GMim - GMis) + δ(Tim - Tis) + εim - εis                            (3) 
 

The estimations generated with the first difference model are identical to the fixed effects model 

as there are only two observations for each student. A positive coefficient for the gender match 

variable (GMim - GMis) would suggest that assigning a teacher of the same gender leads to 

positive effects on students’ educational outcomes. 

It should be noted that with this model the effect is only identified for students who actually 

change treatment status (students with different teacher genders in the two subjects) as the 

parameter β is identified due to within-student variation in gender match across subjects. This 

could result in difficulties in comparing the results with OLS estimates, since the latter uses 

both between and within-individual variation. It is not evident that these students with teachers 

of different genders are representative as they may have characteristics that are on average 

substantially different from the group of students with no teacher gender difference. It is thus 

necessary to verify that these subgroups are indeed similar before generalizing the estimation 

results. 

In the fixed effects model, measurement errors in the variable of interest could be an issue as it 

can be shown that the downward bias is amplified due to the within dimension (see: Griliches 

and Hausman 1986). However, if I assume that gender is binary (either male or female) and I 
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ignore the fact that some individuals may consider themselves to be of another gender identity, 

then it seems reasonable to presume that the gender of teachers and students were correctly 

reported. 

 

The previous model assumes that the effect of teacher gender does not depend on the subject 

although this may be the case. For instance, it could very well be conceivable that the role-

model effect is stronger in science than in math for girls if for some reason a female teacher can 

break down some of the negative stereotypes more strongly in that subject. To investigate this 

type of heterogeneity the following transformation of equations (1) and (2)  allow for subject 

specific effects of gender match:13 
 

 

Yim = αm + βmGMim + γSi + δTim + ηi + εim                             (4) 
 

Yis = αs + βsGMis + γSi + δTis + ηi + εis                                (5) 
 
 

And first differencing these equations again to remove student fixed effects: 
 

Yim -Yis = αm - αs + βmGMim + βs(- GMis) + δ(Tim - Tis) + εim - εis            (6) 
 

The effect of teacher gender differs across subjects if the math coefficient βm differs 

significantly from the science coefficient βs. In all first difference regression models, the 

standard errors are clustered at the school level to allow for heteroscedasticity14 and intra-school 

correlation country x subject x year dummies are included to control for time and country 

trends. 

 

The main identifying assumption for this research is that unobservable student characteristics 

are identical across subjects and have the same influence on math and science test scores. There 

are several reasons why this assumption might not hold. It is conceivable that the assignment 

to a teacher of the same gender is correlated with student unobservable subject-specific 

characteristics (contained in the error term, εim and εis). If those subject-specific characteristics 

also impact student educational outcomes, the internal validity of the model could be 

threatened. For this reason, I decided to restrict the observations by dropping those where the 

 
13 The model with subject specific effects was also introduced in Dee’s (2007) paper. 
14 In TIMSS data most of the schools are represented by only one of their class, thus this is similar to cluster at the class level. 
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class size appeared abnormally low, suggesting that the students could potentially be following 

a specific advanced track where selection based on subject-specific skills is more common. 

It can also be the case that some unobserved teacher and classroom characteristics (e.g., teacher 

quality) are correlated to the student outcome and the variable of interest, which would bias my 

results. 

Another potential concern is that the overlap between math and science could actually enable 

students to transfer knowledge gained from one subject with its associate teacher to solve 

problems in the other subject. The identification of student-gender match effects would be 

further challenged by these spillovers. As a solution to decrease these undesired effects, I 

propose to replace the standard test scores by those achieved when restricting to the knowing 

cognitive area of the assessment. The acquisition of methods for applying theory and 

constructing complex thinking seems much more transferable between subjects than simple 

facts and basic concepts. The knowing domain items are purely subject specific facts and thus 

can be used with greater confidence as student educational outcomes. To the best of my 

knowledge, this strategy has not been used before to identify student gender match effects with 

TIMSS data. 

 

In this research, I will investigate the effects of same teacher gender on student outcomes by 

restricting my analysis to Australia and New Zealand. The geographical proximity of these two 

countries allows me to provide results on a region with a similar educational culture when 

regrouping the observations. This data expansion is ideal for the desired study as the student 

fixed effects method requires a considerable number of observations due to the identification 

being based on within-student variation. This also enables the exploration of heterogeneous 

effects while relying only on the most recent TIMSS study waves. 

 

I also present results employing this same model but with student self-perceptions of the subject 

as the dependent variable. I use the indices provided by the TIMSS survey assessing students’ 

liking, confidence, and valuation of the disciplines. These indices are constructed through 

multiple item responses. The same identifying assumption applies as once again only the 

unobservable student characteristics that are fixed across subjects are accounted for. However, 

this time these characteristics should similarly impact student subject perceptions instead of test 

scores. The correlation between teacher and classroom characteristics with the assignment of a 

same-gender teacher may again be an issue. As well as the potential spillovers problem, where 
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for instance students would also start liking math more if positively influenced by a teacher role 

model in science. 

 

4 TIMSS data 

The Trends in International Mathematics and Science Study is an international comparative 

study that assesses fourth and eighth grade students’ academic achievement in mathematics and 

science. This program conducted by the International Association for the Evaluation of 

Educational Achievement (IEA) was launched in 1995 and has been conducted every four years 

since then. This study, in which more than 60 countries have collaborated over the years, 

provides the opportunity to improve teaching and learning by interpreting the differences 

between educational systems. 

 

TIMSS employs a stratified two-stage cluster sample design. In the first stage, a sample of at 

least 150 nationally representative schools are drawn with probabilities proportional to their 

number of students taught. In the second stage, one or more complete classes are randomly 

selected from within these sampled schools. Students from these classes will then be 

incorporated into the study’s data set. The sampling process is jointly developed by the 

country’s National Research Coordinator (NRC) and TIMSS sampling experts who will 

monitor, in particular, the targeted population and permitted exclusions, the sampling size and 

precision, the participation rates as well as the attribution of sampling weights.15 

The interesting feature of this study is the possibility of having public access to data on students’ 

academic performances and perceptions of mathematics and science, for which we also have 

background information on the teacher of each discipline. We can therefore consider math and 

science as subjects pairs in a fixed effects model using within-student variation.  

One implication of this approach is that sufficient variation in teacher gender across disciplines 

is necessary to estimate the effects of student-teacher gender match. The data on 4th graders 

(around 10 years old) is therefore inadequate for our purposes for two reasons. First, it is quite 

common that at this level students are taught math and science by the same teacher, whereas 

this is no longer the case for 8th graders (around 14 years old). Second, in most countries the 

teaching profession is heavily dominated by women in 4th grade while it is more equally 

 
15 For further details on TIMSS sampling process see: Methods and Procedures in TIMSS 2015.  
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distributed between men and women in lower secondary school level.16 As a result, my study 

will focus only on 8th grade students as we do not observe enough variation of teacher gender 

in elementary school math and science classes. Dee (2007) demonstrates in his paper that 

gender gaps in educational outcomes actually widen in 8th grade. Furthermore, existing research 

suggests that students start to realize and apply gender stereotypes around this age (e.g. Ruble 

and Martin 2004). Therefore, this specific choice of school year seems to be highly relevant for 

my evaluation. 

 

Considering that in this study I desire to conduct a more in-depth analysis than the previous 

papers using TIMSS data, it seems necessary to restrict the estimations to a limited number of 

countries. After careful consideration, Australia and New Zealand appeared to be the ideal 

candidates for several reasons. Firstly, these two countries have participated regularly in the 

study waves, which is not always the case with some countries participating only occasionally. 

The number of student observations for these nations tends to be quite large with also a 

reasonable number of missing values compared to other participants. Furthermore, due to the 

proximity of these two countries, I will be able to analyze the effects of same-sex teacher on 

students’ outcomes in that specific region by combining the observations. This will further 

increase my capacity for precision, which is highly necessary for the various investigations I 

wish to perform. 

Some reasons are specific to the Australian and New Zealand education systems, such as the 

compulsory education until the age of 16, which ensures that the students being assessed are 

representative of the whole population.17 Students also have different teachers for math and 

science and the ratio of female teachers is about 55% in these countries. Moreover, unlike some 

countries where teachers teach exclusively to students of the same gender, here strong gender 

segregation in the classroom is not observed, which allows me to apply student fixed effects. 

In this study, I therefore use data for Australia and New Zealand from the 2011, 2015 and 2019 

waves of TIMSS. This ensures that I have results based on recent developments and can benefit 

from the latest set of variables added to the study. 

 

 
16 Most countries have more than 80% of female teachers in 4th grade, whereas it is closer to 60% in 8th grade. For further 
details about female teacher ratio by country in 2015 also see: TIMSS 2015 Fourth Grade Almanacs and TIMSS 2015 Eighth 
Grade Almanacs.  
17 Details on compulsory school can be found on the following government education websites: 
https://www.studyaustralia.gov.au/english/study/education-system 
https://www.education.govt.nz/our-work/our-role-and-our-people/education-in-nz/#primary 
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The fact that students take standardized tests independent of their teachers that could have 

biased the results is a clear advantage of this study. Furthermore, it is important to highlight 

that student assessment can be separated into different content areas. In mathematics the four 

sections tested are number, algebra, geometry, and data and chance while in science the students 

should be familiar with biology, chemistry, physics, and earth sciences. The examination is also 

divided into three different cognitive domains. The first one, knowing, requires the student to 

know the basic facts and concepts of the subject. The other two focus on the student’s applying 

and reasoning skills.18 

Given the similarities between the two disciplines, students might use abilities learned in one 

discipline with its associated teacher to solve questions from the other subject. However, it 

seems intuitive that these spillovers would be primarily caused by items requiring the 

application of knowledge to solve a problem or the development of complex reasoning since 

these skills seem to be more easily transferable than simple discipline-specific facts. For 

instance, a student could recondition the application or reasoning skills acquired with his or her 

math teacher for the science class, but it seems unlikely that his or her knowledge of basic math 

facts and concepts would be of any help in that science course. Therefore, in this study, I will 

compare the results achieved using the scores of the whole assessment with those restricting 

the scores to the knowing cognitive domain. 

 

However, in order to limit the burden on students while ensuring comparable information on 

students’ knowledge and capacities across different domains, TIMMS did not administer all 

items to every student. Instead, they responded to only a fraction of the assessment’s items. 

These scores were then transformed into plausible values during the scaling process. These 

plausible values can be considered as multiple random draws from a distribution of score values 

derived from the students’ responses on the limited test items and its background characteristics 

information. 

Taking only one plausible value would result in unbiased estimates, as opposed to using the 

mean of plausible values as the test score, but the standard errors would certainly be 

underestimated. Aparicio, Cordero and Ortiz (2021) still recommend the adoption of a single 

plausible value to conduct exploratory research as the difference in results when using one or 

 
18 More precisely, in mathematics the test items concern the number part at 30%, algebra at 30%, geometry at 20%, and data 
and chance at 20%, while for science it is biology at 35%, chemistry at 20%, physics at 25% and earth science at 20%. For the 
cognitive skills needed to solve the items, in mathematics 35% knowing 40% applying and 25% reasoning, while in science 
35% knowing 35% applying and 30% reasoning. Further details on the assessment can be found in: TIMSS 2015 Assessment 
Frameworks.  
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multiple plausible values in a large sample is minor. However, it is suggested to use all plausible 

values to increase the accuracy of the estimates. 

The plausible values procedure was introduced by Mislevy (1991), where he actually applies 

the multiple imputation methodology developed by Rubin (1987). This approach consists in 

collecting the estimates individually for each plausible value and then computing the average 

of those estimates.19 

In my case, I have five plausible values for the students’ scores in each domain as well as for 

the whole assessment, which is adequate according to Bibby (2020).20 In this paper, I will 

present the main tables using only one plausible value while showing the robustness of the 

results by using five plausible values in the Appendix.21 
 

I thus reach a total of 46483 student observations without imposing any restrictions. I eliminate, 

however, some observations with missing values, 785 with unknown student gender, around 

1800 with students having not exactly one (different) teacher in each subject, and 8000 with 

unknown teacher gender. I also remove around 4800 observations where all students and 

teachers in the classes are of the same gender. The purpose here is to typically exclude 

segregated schools (e.g. church schools) that do not permit in any case a first difference 

estimation with teacher-student gender match varying across subjects. Finally, the observations 

with a class size smaller than 6 have also been dropped as there could be some missing 

observations of students in these classes which are bigger in reality, or those students could be 

part of a specific program. This results in a total of 28045 student observations coming from 

978 different schools. 

TIMSS provides a large amount of information about students’ home environments and school 

lives, as well as teacher characteristics and classroom conditions, which are all gathered through 

questionnaires. The fixed effects model used in this research includes the following teacher and 

classroom characteristics: Teacher age measured by 6 categorical dummies, years of 

experience, formal education level measured by 4 categorical dummies, teacher self-perception 

of disruption and disinterest in classroom measured by 3 categorical dummies, teacher self-

perception of safety, satisfaction, and emphasis on academic success in school measured with 

 
19 Details of the plausible values procedure is also available in: Methods and Procedures in TIMSS 2015. 
20 Bibby, who questions in his paper the potential effect of increasing plausible values beyond five, demonstrates that the sample 
size has a larger impact on the estimations than the number of plausible values. Therefore, considering our large number of 
observations, five plausible values seem quite sufficient. 
21 For more details on how to use plausible values in Stata see: Macdonald, 2008. 
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indices constructed from multiple questionnaire responses22, class size, female students ratio in 

classroom, and student born in the country ratio in classroom. This model also includes country 

x subject x year dummies. 

I also use some student characteristics in the OLS regressions I perform, which are not relevant 

in the fixed effects estimation using within-student variation. I have included variables 

describing the age of the student, whether they were born in the country or not, a home resources 

index and other indices for subject liking, confidence, and value.23 These variables are also 

calculated through the questionnaire questions. 

Summary statistics of these variables are reported in Table A2 that can be found in the 

Appendix. In this table, we can observe that math seems to be more valued than science, both 

for students and students’ parents. It is noteworthy that teacher characteristics are fairly similar 

between subjects except for the age, years of experience and formal education. Math teachers 

tend to be on average a bit older, with more experience and with lower formal education. Table 

A3 also indicates that gender differences in teacher characteristics are small compared to those 

observed between subjects. 

 

The appropriateness of identifying gender as solely male or female can be debated, as  a broad 

range of gender identities could be possible. The simple separation into conventional gender 

identities possibly does not represent self-perceptions of gender differences well. My gender 

match effects analysis does therefore depend on gender interactions between teachers and 

students, which might sometimes not be representative of their self-identification. 

For this reason, it would be very useful to have more information on the actual gender 

identification of students and teachers in order to conduct more accurate research. Studies 

collecting such data are rather rare for the moment but could emerge in the near future.24 The 

possibility of elaborating data with non-binary gender options still involves many challenges. 

For instance, there could be inconsistency between schools on the different options presented, 

but also difficulties of recognizing all students’ gender identities that would vary strongly 

depending on the level of inclusiveness in schools. Moreover, it seems probable that an 

 
22 The teacher self-perception variables will be added in a different column as these control could themselves be outcomes of 
the treatment variable and thus be considered as bad controls. However, the teacher perception of disruption relies on the 
whole class behavior so the gender match variable would have at best only a minor effect on the teacher perceptions of the 
class. I therefore consider relevant to include them in my tables. 
23 For instance, to measure the home resources index questions such as whether the student has his or her own room, a study 
desk, or a computer tablet are asked. Therefore, I consider that home educational resources can actually be interpreted as a 
good proxy for students’ socio-economic background. 
24 Herold (2022) and Ujifusa (2021) in their respective article illustrate well the gain of interest in this topic in Pennsylvania 
and the challenges associated with it. 
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international study like TIMSS would face political reluctance in various parts of the world 

with such data collection. 

Therefore, my analysis based simply on binary genders matching independent on self-

identification appears to be the best approach at this time. After all, there are still major 

differences in outcomes between both of these genders. Many researchers also discovered 

significant effects of gender match which provide valuable lessons. However, it must be 

recognized that the results I find ignore the participants’ own possible sense of non-affiliation 

to the attributed gender. 
 

 
Note : The means of test scores are measured for each country, subject and gender in all study waves using only one plausible 
value.25 The standard deviations are lower than when all plausible values are used because the uncertainty from the distribution 
is ignored here. 

 
25 In the Appendix, Table A4 presents the results found with all 5 plausible values. 
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Table 1 exhibits a clear gender gap in test scores, with boys performing better on average in 

both countries and subjects for all study waves. This gap does not necessarily disappear over 

time. Males test scores seem to persistently have greater standard deviations which is consistent 

with the results of Hedges and Nowell (1995) who find an overrepresentation of boys in the 

extremes of the distribution.26 A substantial overlap in the distribution of female and male test 

scores is still observed. 

 

5 Results 

5.1 Pooled OLS Regression 
As discussed earlier, when performing a simple analysis using OLS regressions, the estimates 

could be biased because of omitted variables. This method is unable to control for unobservable 

student characteristics, ηi, from equation (1) which can be correlated to the variable of interest 

(GMim - GMis). It is nevertheless worthwhile to observe the results produced with this method 

and especially the impact of adding student characteristics on the estimated gender match 

coefficients. 

 

Therefore, I pool all test scores together as if there was a unique assessment and run an ordinary 

least squares regression. I include the subject as a control in the regression with a dummy 

variable. The model analyzes how the assessment scores are impacted on average if the teacher 

is of the same gender. Some student characteristics are added as controls to evaluate the extent 

of possible omitted variable bias. Included in this regression are the age of the student, a dummy 

variable determining whether the student was born in the country or not and two indices 

calculating student’s home educational resources and the bullying experienced at school. In 

order to better interpret the magnitude of these effects to facilitate comparison with previous 

research, I standardized the test scores in all my tables. I therefore subtract the mean from the 

educational outcomes and divide over the standard deviation so the mean is equal to 0 and the 

standard deviation equal to 1. The following table presents the results of this regression. 

 
26 In the Appendix, Table A5 presents kernel densities of student’s performance in math and science by gender. There, we can 
easily observe that the curve is more concentrated at the center for girls. 
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Note: The science subject variable is equal to 1 if the test score is in science and 0 if in math. Robust standard errors clustering 
at school level are reported in parentheses. The test scores are standardized as to have a 0 mean and a standard deviation of 1. 
Sampling weights specific to each student are also used. Results are achieved by using of the first plausible value.27 
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 
 

 

 

Table 2 shows small and insignificant coefficients of gender match, although to boys it is close 

to being significant at the 10-percent level when regressed without controls. Both for girls and 

boys, the size of the coefficient becomes smaller when controls are added. This shift is 

especially notable for boys where the coefficient falls from 0.062 SD to 0.046 SD.28 

 

The non-negligible influence of these controls on the estimates confirms that the assignment is 

not perfectly random. It is reasonable to suspect that other student characteristic variables that 

I have omitted from the regression or that are simply not observable could bias the results due 

to their correlation with the variable of interest. Worth noting in this table is also the expected 

importance of the home educational resources on test scores: a one-unit increase in the home-

resource index is associated with a 0.25 SD increase in test scores.29 

 
27 Estimates found using all plausible values can be seen in Table A6 from the Appendix. 
28 It is precisely results of this magnitude that Dee (2007) finds in his paper, hence the importance of seriously considering 
these effects, even though insignificant in my case. He finds in fact that same-gender teacher assignment improves girls test 
scores in history by 0.075 standard deviations and decrease math test scores by 0.066 standard deviations. While for boys he 
finds that the gender match improves both math and science test scores by 0.078 and by 0.048 standard deviations respectively. 
29 This index has a mean of 11.105 and goes from 4.323 to 14.018, as showed in Table A2. 
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5.2 Fixed effects model 

To overcome the endogeneity of the OLS model, I now employ a first difference method 

(eq.(3)) to control for all subject invariant student characteristics. Differencing out over 

mathematics and science removes a potential important source of omitted variable bias. 

 

The following teacher and classroom characteristics are included in the model: Teacher age, 

experience, formal education level, perception of classroom disturbance and disinterest as well 

as school safety, satisfaction and emphasis on academic success, class size, classroom female 

ratio and classroom native born ratio. Each math teacher variable is thus subtracted by the 

equivalent science teacher variable. When there is a dummy variable such as teacher age (6 

categorical dummy variables), each categorical dummy variable in math is subtracted by the 

corresponding one in science. The controls based on teacher self-perception will be added to a 

third column over concerns that these are bad controls. The variables could actually be 

outcomes of same-gender teacher assignment. For example, if the gender match would cause 

the teacher to judge that the classroom is more disruptive. However, since the teacher’s 

perceptions are formed at the classroom or school level, the individual effects of same-gender 

assignment are likely to be small. The cautious inclusion of these variables can therefore be of 

interest. 
 

 
 

Note: Teacher and classroom controls listed in the data section are used in this model. Those resulting from the teacher’s 
perception of the classroom (disruption, disinterest) or school (focus on academic achievement, safety, satisfaction) are added 
in an additional column because of the risk of bad control problem. Country x subject x year dummies are included for time 
and country trends. Robust standard errors clustering at school level are reported in parentheses. Only the first plausible value 
is used and test scores are standardized. Sampling weights are also applied.  
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 
 

The results of this estimation are shown in Table 3. It must be remembered that the gender 

match effects are only identified for students with two teachers of different genders. This is due 
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to the design of the model that uses within-student variation in gender match across subjects. 

These results are thus driven by 7023 observations for girls and 6625 for boys. Moreover, this 

method only removes subject-invariant effects and therefore does not control for possible bias 

coming from student abilities that differ across subjects. 

 

In Table 3, the coefficients of gender match are small and insignificant when student fixed 

effects are accounted for. The inclusion of teacher and classroom controls prevents a possible 

correlation between these and the gender match variable to bias the results. In this case, these 

controls have only a minor effect on the coefficients. 

However, it would be reasonable to consider the possibility that the effects of teacher gender 

depend on the subject. If this were the case, the insignificant estimates observed in the table 

could actually hide some interesting heterogenous effects. For example, a female teacher might 

have a positive impact on girls’ math scores but an equivalent negative impact in science. In 

the following, I explore this potential heterogeneity. 

 

5.3 Subject specific effects 
Table 4 reports the estimated effects of gender match on test scores that allow for subject 

specific effects. The same method as previously is employed, but this time it is assumed that 

the coefficients for same-sex teachers are different between subjects when differencing out both 

equations (eq.(6)). If the effect of teacher gender varies by the subject being taught it should be 

observed that the coefficients βm and βs are significantly different. 

 

The estimates in Table 4 do differ slightly depending on the subject. Student-teacher gender 

match appear to have a positive effect on math test scores and a negative effect on science test 

scores for both genders. However, these effects remain small and not significant. These opposite 

coefficient signs explain why the effects were even weaker in the previous table, which did not 

account for subject specific effects. 

To evaluate if there is a significant difference between estimates, I conduct an F-test with the 

hypothesis that both coefficients are equal. I do find that this difference is significant at the 10-

percent level for girls, but not for boys since the effects are smaller for them. This exemplifies 

how relevant it can be to control for the subject specific effects. 

It is also noteworthy to observe that the controls do not have a strong impact on the estimates 

which could suggest that there would not be a strong bias coming from omitted teacher and 
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classroom characteristics. This is encouraging as it might also apply to unobservable 

characteristics that we cannot control with this model. 

 

 
 

Note: This model allows gender match coefficients to be different for math and science. Teacher and classroom controls listed 
in the data section are again used. Country x subject x year dummies are included for time and country trends. Robust standard 
errors clustering at school level are reported in parentheses. Only the first plausible value is used and test scores are 
standardized. Sampling weights are also applied. The p-value is calculated with an F-test testing that the two coefficients are 
equal. 
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level 
 
 

6 Robustness check 

6.1 All plausible values 
As previously discussed, students do not answer to all assessment items. That is why this 

analysis uses plausible value of test scores as a dependent variable. Although the use of a single 

plausible value may be considered satisfactory in large samples as it leads to unbiased estimates, 

it is still recommended to consider all of the plausible values to improve the precision of the 

estimates. The method to adopt when results with all plausible values are desired is simple since 

it requires only to perform the estimations separately for each plausible value and average them 

together. The calculation of the standard errors takes into account the variation of the estimates 

found with all the different plausible values, which will typically result in larger standard errors. 

I use the Stata module proposed by Macdonald (2019) to conduct my estimations with all 

plausible values. In this program standard errors are calculated with a Jackknife procedure 

specific to TIMSS data. 
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Note: A Jackknife bootstrapping method specific to TIMSS data is applied to calculate standard errors. All plausible values are 
used after being standardized. This model is otherwise identical to the previous tables. 
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 
 

Table 5 presents the results of this estimation using all five plausible values. The reported 

estimates are closely similar to those seen previously in Table 3 and 4. The differences are 

minor and do not reverse my conclusions. This confirms that the use of a single plausible value 

would be sufficient to perform this analysis with reliability. In the following, I will therefore 

present my findings using only one plausible value while still providing a table using all 

plausible values as a robustness test in the Appendix. It will be noted that each time the 

estimates are similar. 

 

6.2 The mean comparison between two subgroups 

Since the main student fixed effects model employs within-student variation across subjects, 

the gender match estimate is actually identified for students that have two teachers of different 

genders. It is fundamental to explore if those students are representative of the whole sample. 

For this purpose, I compare the means of student characteristics to examine potential subgroup 
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differences. In Table 6, the means of the following variables are compared for each gender 

separately: student age, home resources, bullying experienced, math and science liking, 

valuation and confidence, native born, as well as mother and father native born. 
 

 
Note: This Table presents means for both boys and girls of selected student characteristics by two subgroups determined by 
whether the teacher gender changes across subjects or not. The third and sixth column shows the p-value testing the difference 
between means. 
 

Table 6 shows that for girls the variable measuring home resources, student age, bullying, 

science liking, and science valuation are all significantly different at the 5-percent level at least, 

while this is only the case of student age, home resources, and science liking for boys. This may 

appear to threaten the possibility of results generalization. It would be problematic if the effects 

of gender match were to vary for students with diverse home resources as this variable’s 

subgroup means are significantly different for both genders.30 However, these differences 

remain quite small. For example, the student age mean difference for boys is 0.016 which is 

equivalent to less than 6 days. Overall, while there are a few significant differences between 

the students driving the variation and the general sample, these differences are small, so the 

results can be considered to be generalizable. It must be remembered that the data has been 

considerably restricted due to lack of observations or gender segregation in the schools, which 

 
30   This is actually explored later in the section on heterogeneous effects. 
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may have altered the students’ characteristics slightly between subgroups. Moreover, although 

the number of student observations is large, the number of schools and teachers is much smaller. 

This facilitates the creation of observable differences between students. 

 

6.3 Knowing cognitive domain test scores 

Considering the connections between math and science, potential spillovers could as previously 

mentioned further complicate the identification of student-teacher gender match effects. If the 

skills learned can be transferred across subjects, then the gender of the math teacher could, for 

example, affect the students’ science test score. I make the assumption that the instruction of 

theory application and development of sophisticated reasoning is more frequently shared 

between disciplines than are subject-specific facts. Table 7 displays the estimates I find when 

only considering student responses to the assessment’s knowing cognitive domain section. 

These test scores are also measured with plausible values that I standardize prior to the analysis. 

Except for this modification, the model remains identical. 

 

The economic magnitude of the estimates shown in Table 7 without subject-specific effects is 

stronger than observed before (in Table 3), with female teachers improving both boys and girls 

test score on average. However, these effects remain minor since the coefficients do not exceed 

0.017 SD. Still, this change may indicate that the previous results did not precisely identify the 

influence of female teachers on test scores due to spillovers. If we assume that female teachers 

improve learning acquisition for both male and female students on average, then the assignment 

to a female teacher could have positive effects not only on her discipline but also on the 

discipline of the second teacher, who may be male. If this is the case the positive effects of 

female teacher on both girls and boys will be underestimated. Thus, these findings based on 

questions about subject-specific facts provide greater reliability. 

 
The results found with subject specific effects are even more interesting since I find that the 

assignment to a female teacher improves girls’ science test scores by 0.042 SD on average with 

teacher and classrooms controls.31 It is the only effect that is statistically significant at the 10-

 
31 Possible heterogeneity across countries and years was explored for this effect. I found no significant heterogeneity across 
countries, as the effect is present in both Australia and New Zealand. However, this effect appear to be driven by the 2011 and 
2015 study waves. 
Interestingly, when analyzing New Zealand with TIMSS study waves from 1995 to 2007, Cho (2012) already finds that the 
gender match effects are strongest for girls in science, with an estimate of 0.030 SD. This could indicate that this effect is 
persisting over time. 
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percent level.32 The difference between math and science estimates (βm - βs) is also significant 

for girls. It is noticeable that the impact of controls on the estimates is stronger in this table, 

although no drastic change is observed.  
 

 
Note: This model uses the student test scores on the knowing cognitive area of the assessment. These test scores are also 
evaluated with plausible values that I standardize. This model is otherwise identical to the previous tables. 
    * Statistically significant at the 10-percent level. 
  **Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 
 

These results can be compared with those found with standard test scores (in Table 4) to 

examine the impact of spillover effects. The estimates in Table 7 indicate that a female teacher 

in math is better for boys. As the skills acquired in math can improve science test scores, we 

can assume that in Table 4 the gender match coefficient for boys in science is biased by the 

female math teacher positive spillovers. When focusing only on the knowing cognitive domain, 

we observe an estimate reporting smaller effects of gender match. This is therefore consistent 

 
32 In Table A7 from the Appendix, these results are even more noteworthy when using all plausible values, 0.046 SD with the 
first set of controls and 0.054 with teacher perception controls. 
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with my interpretation of spillover effects. This logic, however, does not seem to apply to girls. 

Although Table 4 shows that male math teachers are better for girls, their gender match effects 

in science increase when positive spillovers are removed. 

Still, these interactions remain difficult to interpret as it is also plausible that a transfer of 

learned abilities is easier from one subject to another. For instance, skills from math could be 

more transferable to science than vice versa. This could explain why the results are consistent 

with my interpretation when the gender effects in math are larger.33 

 

7 Heterogenous effects 

I believe the estimates found with knowing test scores capture the effects of gender match with 

less bias as they limit spillovers disturbance. Therefore, I will explore heterogenous effects 

using these achievement outcomes. 

The effects observed so far are small and of little significance except for girls’ assignment to a 

female science teacher. I explore now if certain categories of the population experience effects 

of different intensity and direction. According to the role model hypothesis, it could be assumed 

that girls from lower socioeconomic backgrounds with mostly poorly educated mothers would 

be most affected by a female role model teacher. In order to test this hypothesis, I investigate 

the effects of gender match on students from low and high socioeconomic backgrounds. Since 

I do not have any variable measuring students’ socioeconomic background directly, I use the 

home resources index calculated with multiple answers to the survey as a proxy. I would 

therefore expect students with the lower home resources to have stronger positive effects of 

same-sex teacher assignment. I apply the same methodology but restricting the observations to 

those with a home resources index below 10.5 and then above 11.5.34 In Table 8, the results are 

shown directly with subject specific effects. 

 

 
33 The difference of these results compared to Table 3 and 4 might also be caused by different gender match effects between 
cognitive domains. For example, female teachers could be better at improving students’ knowledge for both genders, whereas 
male teachers would be better at improving reasoning skills. This would explain why, when focusing solely on the knowledge 
domain, I find more positive gender match effects for girls and more negative effects for boys. When conducting the same 
analysis for the applying and reasoning domains separately I find no significant effects and the estimates are closely similar for 
both domains. This seems to confirm that the results do not vary depending on cognitive domains but rather due to spillover 
effects. Jan Bietenbeck (2014) finds that traditional teaching practices increase students’ knowledge domain and applying 
domain test scores, whereas modern teaching practices improve their reasoning skills. Assuming that male teachers are more 
likely to employ modern teaching than female teachers (or the other way around), I would expect to observe different estimates 
between the applying and reasoning domain which is not the case here. 
34 This is equivalent to analyzing the effects on two groups with a little more than 10’000 observations. These groups are not 
equally sized due the fact that many students share the same home resources index number. The choice of cutoff points is set 
as close as possible to the 35th percentile and the 65th percentile. 
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Surprisingly, Table 8 does not indicate that students with lower home resources experience any 

positive gender match effects. On the contrary, female math teachers seem to significantly 

decrease disadvantaged girls’ test scores by 0.059 SD with the first set of controls and 0.073 

when adding teacher self-perception controls. The only exceptions are disadvantaged boys in 

math where a small and insignificant positive effect remains. 
 

 

 
Note: This model allows subject specific effects and uses the first plausible value of student knowing test scores. Panel A 
evaluates the estimates for students with low home resources (index lower than 10.5) and panel B for student with high home 
resources (index higher than 11.5). This model is otherwise identical to the previous tables. 
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 

 

Significant positive effects of a same-gender teacher are observed on girls with high home 

resources, with an estimate in the second column of 0.095 SD in science significant at the 1-

percent level. Such positive effects do not occur on boys with high home resources, a significant 
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decline in their academic performance can be observed when they are paired with a male math 

teacher.35 Moreover, this time there are no significant differences between math and science 

estimates as the effects across subjects seem to follow the same direction when a significant 

estimate is found in one of the disciplines. Although this difference is close to being significant 

for advantaged girls. Overall, female teachers appear to be beneficial for students with a high 

socioeconomic background while mostly detrimental for low socioeconomic background 

students. 

 

The decrease in the number of observations on which our results are based makes it more 

relevant to use all plausible values to provide the most accurate estimates. Table A8 reports the 

estimates found using the five plausible values. In this table, the previously observed significant 

effects are slightly weaker, causing the estimates to become insignificant.36 Only the positive 

effects of gender match for girls in science remains strongly significant. Moreover, the positive 

estimate of disadvantaged boys in math disappears, showing even more clearly that there are 

no positive gender match effects for low home resources students. 

This undermines my original hypothesis that girls from disadvantaged backgrounds are more 

positively influenced by the assignment to a female teacher due to a lack of female role models 

in their environment. However, it would be possible to imagine an alternative hypothesis 

consistent with my findings. Perhaps since privileged girls are more likely to pursue long 

academic careers, the influence of a female role model teacher could help deconstruct the 

stereotypes of a male dominated field, which would enhance the motivation of those students 

who see themselves persisting to study that subject. Given the age of students approaching the 

end of compulsory school, this hypothesis would eventually make just as much sense.37 

 

8 Student non-cognitive outcomes 

In this study, I extend student outcomes beyond the classical standardized test scores to also 

include students’ attitudes toward the discipline. It is likely that these non-cognitive outcomes 

are correlated to academic achievements. For example, students who perform well are more 

 
35 In the heterogeneity analysis, the same effects are captured with standard test scores as dependent variable although these 
effects are of lower intensity. The results are presented in Table A9 from the Appendix. 
36 This is also partially due to an increase in standard errors caused by the variation in estimates found with all the different 
plausible values. 
37 Further heterogeneous effects were explored to examine other hypotheses, such as the possible positive effect of a same-
gender role model when a student is victim of bullying at school. No significant effects were found. 
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prone to enjoy the subject. However, a teacher could still greatly inspire his or her students 

without causing an immediate improvement in their performance. Without examining students’ 

perceptions of the subject these effects would not be captured. 

To investigate the possible effects on students’ non-cognitive outcomes, I apply the same 

methodology as in the previous models, but I use students’ self-perceptions of subject liking, 

valuation, and confidence as dependent variables. These variables are an aggregated measure 

generated by multiple survey items. Only the student characteristics fixed across subjects that 

affect perceptions in the same way will be removed. One positive feature is that since all 

students respond to the entire set of questions, I no longer have to rely on plausible values.  

However, the number of items used to measure these indices is now much smaller than that of 

the test scores.38 The variables also depend on students’ own feelings toward the subjects, which 

could potentially lead to measurement errors if not reported representatively. 

 

Table 9 presents the estimated effects of gender match on students’ perceptions that allow for 

subject specific effects. The results depicted in this table indicate that the assignment to a same-

gender teacher improves students’ non-cognitive outcomes as most estimates are positive. The 

most notable findings are again observed on girls, with the subject confidence index increasing 

by just over 0.130 SD in both math and science. These estimates are significant at the 1-percent 

level. For boys the gender match effects on subject confidence are small. However, they do 

show higher estimates than girls on subject valuation, with coefficients close to 0.050 SD. The 

magnitude of the estimates evaluating the effects on subject liking is notable for both boys and 

girls. Girls’ science liking and boys’ math liking indices increase by around 0.090 SD with 

gender match. 

There are no statistically significant differences between the estimates for math and science, 

although girls appear to benefit from stronger gender match effects in science, while the gender 

match effects for boys are stronger in math. This is not surprising for girls considering the 

positive effects of gender match on science test scores observed in the previous tables. 

However, this was less expected for boys since they have lower estimates in math than in 

science when using academic achievement as dependent variable. This might indicate that the 

effects of same-gender teacher assignment on educational achievement are therefore not solely 

driven by a change in students’ attitudes towards disciplines. These effects are also of greater 

magnitude than those previously detected on educational achievement which suggest that 

 
38 The principal purpose of TIMSS study is to asses student achievement in science and mathematics. The indices measuring 
students' perceptions of the subjects should not be considered as precise as the test scores. 
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teacher gender has a larger impact on students’ non-cognitive outcomes than on their cognitive 

outcomes. 

 

 

Note: This model uses student perceptions of math and science produced by multiple answers to the survey items. The three 
indices for students liking, valuation, and confidence are standardized and used as dependent variables. This model is otherwise 
identical to the previous tables. 
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 
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I also conduct a heterogeneity analysis for home resources to compare to the results observed 

in Table 8 with academic achievement. Table 10 presents the estimates found with a model 

allowing for subject specific effects that I estimate separately for students with lower and higher 

home resources. 

It is noteworthy that disadvantaged girls have larger gender match effects than advantaged girls 

in science for subject liking, value, and confidence. In particular, they experience the most 

notable effect with the subject confidence index increasing significantly by 0.151 SD in science 

when using controls. This may seem rather curious when reconsidering my findings in Table 8. 

In that table, the significant positive impact of female teacher on science test scores is detected 

on girls with higher home resources, while negative estimates are observed on girls with lower 

home resources. This confirms that the effects of same-gender teacher assignment on 

educational performances are therefore not entirely driven by a change in students’ attitudes 

towards disciplines. 

For boys, students from higher socioeconomic backgrounds appear to have stronger gender 

match effects in science than math, while the opposite is true for students from lower 

socioeconomic backgrounds. However, this does not explain the significant negative coefficient 

observed in math for advantaged boys in Table 8. Especially since the estimates with students’ 

perceptions remain mostly positive in this subject. Therefore, the results for boys are also 

inconsistent with the hypothesis that academic achievement is driven by non-cognitive 

outcomes. 

 

Interestingly, in this table the controls appear to have a greater influence on the coefficients 

than in previous tables. However, this seems more likely due to the number of observations 

eliminated because of variables’ missing values. This was also occurring before, but here the 

observations are already strongly reduced at the time of the analysis due to the exploration of 

heterogenous effects. 

It is worth noting that the results reported with this model could be biased by a correlation with 

the gender match variable and teacher and classroom characteristics, although I try to mitigate 

these effects with controls. Moreover, there could be possible spillovers, where for example 

students would start liking both subjects because of one teacher. 

However, these results do offer important insights into the possible effects that occur in the 

classroom. Although I do not have information on long-term impacts, it is quite possible to 

imagine that the observed patterns could further influence students’ achievements and choices 

of career in the future (e.g., girls’ aspirations in STEM). 
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Note: This model uses student perceptions of math and science produced by multiple answers to the survey items. The three 
indices for students liking, valuation, and confidence are standardized and used as dependent variables. The estimations are 
separated for students with low home resources (index lower than 10.5) and student with high home resources (index higher 
than 11.5). This model is otherwise identical to the previous tables. 
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 
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9 Conclusion 

In this paper, I examine the effects of same-sex teacher assignment on students’ academic 

performance and non-cognitive outcomes in Australia and New Zealand using TIMSS data. I 

find that girls’ knowing test scores increase significantly by around 0.040 SD when assigned to 

a female teacher. This effect is less pronounced when standard test scores are used as dependent 

variable. However, these outcomes are more likely to cause estimates to be biased due to 

spillovers, and thus misidentify the true causal effect. 

Compared to previous findings, the economic magnitude of this effect remains rather moderate. 

For example, Dee (2007) finds significant gender match effects on test scores that are nearly 

twice as large. Moreover, in his paper, significant effects are noted for both boys and girls, as 

well as in different subjects, whereas all of my estimates, with the exception of girls in science, 

are small and insignificant. 

The gender match effects I find on students' subject perceptions are larger. These effects are 

mostly positive and observed for both boys and girls, although the most notable effects are 

again observed on girls, with subject confidence increasing by just over 0.130 SD in both 

classes. The magnitude of these effects is more in line with previous research finding a 

significant impact of same-gender teacher assignment. This suggests that a same-sex teacher 

could more easily influence their students’ attitudes toward the discipline than their academic 

performance. 

Overall, the positive impacts of female teachers on girls’ cognitive and non-cognitive 

outcomes are consistent with previous literature, as positive effects tend to be reported for 

girls. This may indicate that having a same-gender teacher role model is relatively more 

important for girls. 

 

The heterogeneity analysis results suggest that students with lower socioeconomic background 

do not experience positive gender match effects on their test scores for both genders, despite 

showing mostly positive effects on their subject enjoyment, valuation, and confidence. In 

particular, it is noteworthy that in science, disadvantaged girls have larger gender match effects 

on subject perceptions than advantaged girls, although the previously mentioned significant 

positive effect of female teacher on girls’ test scores is driven by high home resources girls. 

These results are therefore inconsistent with the hypothesis that the effects of same-gender 

teacher assignment on academic achievement are caused mainly by a change in students’ 

attitudes toward the disciplines. 
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This contrasts with previous studies that generally find similar gender match effects on both 

cognitive and non-cognitive outcomes. For instance, Gong, Lun, and Song (2018) find that a 

same-sex teacher increases girls’ test scores by nearly 0.140 SD, while improving mental stress 

with a similar magnitude. 

These results are found using a fixed effects model depending on the following identifying 

assumption. Unobservable student specific characteristics are identical for math and science. 

Considering the similarities between the subjects, this could be regarded as conceivable. 

However, my findings could still be biased due to the teacher and classroom characteristics 

correlation with teacher’s gender. I try to limit these effects by including some controls in my 

first difference regressions, which does not eliminate the possible bias caused by unobservables. 

 

Policies to increase the proportion of male teachers have been justified on the grounds that boys 

may suffer from a lack of male role models in school. My results provide little support for this 

theory as boys do not experience any strong and significant positive effects of gender match on 

academic achievement and that the effects on students’ subject perceptions are also observed 

predominantly on girls. 

Therefore, this argument does not appear to be a legitimate reason for recruiting more male 

teachers in Australia and New Zealand. Such recruitment policy would also most likely result 

in a decrease in teacher quality due to the shortage of qualified male teachers. However, other 

reasons can be suggested. For instance, gender parity in the teaching profession could help 

students deconstruct gender-based stereotypes, which could have a long-lasting positive impact 

on society. 

 

It is worth recalling that this paper investigates the effects of student-teacher gender match in 

math and science. In these subjects, there is a gender gap in test scores that favors boys. The 

gender interactions between students and their teachers may vary depending on the subjects. 

Further research could examine the effects of gender match in subjects in which girls 

outperform boys (e.g., reading and language subjects) to provide more clarity on these gender 

interactions in schools. 

Moreover, my study is limited to Australia and New Zealand while the student-teacher gender 

interactions may differ by country. For instance, Alfa and Hermann (2017) and Cho (2012) 

conduct their analysis on multiple countries and find no universal teacher–student gender match 

effect. In addition, I only observe 8th grade students, meaning that my research focuses on the 
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impacts of teacher gender in the lower secondary level. It would therefore be wise not to over-

generalize these results. 

Nevertheless, this study provides valuable insight into the influence of teacher gender on 

students’ outcomes. Although my estimation only shows the effects on students over the course 

of one year, it is reasonable to assume that these impacts would not fade over time, resulting in 

long-term effects. The inclusion of longitudinal data in the TIMSS dataset in the future would 

allow to estimate such effects. The survey could also include more gender identification options 

to ensure the accurate collection of all students' and teachers’ gender identity. We might then 

observe estimates of greater economic magnitude when students are paired with a teacher who 

has the same gender self-identification. 
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Appendix 

Table A1 : Previous research summary  

 
 
 

Paper 

 

Data Method Results 
Lim and Meer (2020) 
 

Secondary school level: Seoul Education 
Longitudinal Study of 2010 (SELS2010) 

Linear regression with students and teachers 
randomly assigned in classrooms 

Positive effects of female teachers on female students’ 
standardized test scores (even 5 years later) and their 
aspiration to a STEM degree. 

Carrell, Page and West (2009) College level: U.S. Air Force Academy (USAFA) 
2007 

OLS with random assignment 

 

Positive effects of gender interaction for females. Strong 
effects on their math and science performance and on their 
decision to pursue courses in those fields as well as their 
aspiration to a STEM degree. 

Antecol, Eren and Ozbeklik 
(2014) 

Primary school level: The Mathematica Policy 
Research, Incorporated (MPR), National Evaluation 
of Teach for America (NETFA) 2001-2003 

OLS with random assignment Negative effects of female teachers on female students in 
disadvantaged neighborhoods’ math test scores. 

Gong, Lu and Song (2018) 
 

Secondary school level: 2014 China Education 
Panel Survey (CEPS) 

OLS with random assignment 

 

Positive effects for girls that have a female teacher on their 
academic achievement and non-cognitive outcomes (e.g., 
mental stress, school satisfaction). 

Bettinger and Long (2005) 
 

College level: 12 public four-year colleges in Ohio 
1998-1999 

Instrumental variable method Positive effects of same-gender faculty members on 
students’ interest on a field and choice of major. 

Ehrenberg, Goldhaber and 
Brewer (1995) 

Secondary school level: National Education 
Longitudinal Study of 1988 (NELS:88) 

Linear regression with controls No effects of gender interaction on students’ test scores, 
but a positive impact on teachers’ subjective evaluations. 

Dee (2007) Secondary school level: National Education 
Longitudinal Study of 1988 (NELS:88) 

Student Fixed effects model (first difference 
across two academic subjects) to differences 
out unobservable student traits 

Positive effects of same-gender teacher for both boys’ and 
girls’ academic achievement and teachers’ perception of 
the student. 

Ammermueller and Dolton 2006 
 

Primary and secondary school level: PIRLS 2001 
and TIMMS data from 1995, 1999, 2003 

Similar Fixed effects method Positive effects of student-teacher gender interaction in 
England for math but not in the United States. 

Hoffmann and Oreopoulos 
(2007) 

College level: University of Toronto’s Arts and 
Science Faculty 1996 to 2005 

 

Similar Fixed effects method (also obtaining 
results with within instructor variation) 

 

Little or no effects of gender interactions on students’ 
academic achievement and choice of courses. Those minor 
effects still indicate that gender match matter for some 
students. 
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Note: This table present the data used in the previous research with indication of the students’ educational level, the methods employed and their various results. 
 
 
 
 
 
 
 
 
 
 

Holmlund and Sund (2008) 
 

Secondary school level: Municipality of Stockholm 
2002-2003 

Similar fixed effects method (using measures 
of the student two years apart instead than 
with two academic subjects the same year) 

No effects of same-sex teacher on students’ outcomes are 
detected. 

Neugebauer, Helbig and 
Landmann (2011) 

Primary school level: Large-scale data from IGLU-
E in 2001, an expansion of PIRLS in Germany 
(with more precision on the assignment of teachers 
and their teaching durations) 

Similar Fixed effects method  No effects of same-sex teacher on students’ objective test 
scores and subjective teacher’s grades for both boys and 
girls. 

Cho (2012) Secondary school level: Fifteen OECD countries 
using data from TIMSS in 1995, 1999, 2003 and 
2007 

Similar Fixed effects method (using different 
subject pairs with TIMSS data, here math and 
science are compared instead of 
English/history with math/science) 

 

No effects of gender matching on students’ achievement in 
eight countries, positive impact for boys in four countries 
and for girls in three countries. It is also found that those 
positive effects may be driven by differences in teacher 
quality. 

Paredes (2014) Secondary school level: Chile Education Quality 
Measurement System (SIMCE) 1998 

Similar Fixed effects method (adding a 
theoretical framework to explore whether the 
positive effects is caused by role model or  
teacher bias effect) 

 

Positive effects of gender matching on girl’s test scores. 
The paper also provides some evidence that it is due to 
role model effects and not teacher bias effects 

Alfa and Hermann (2017) 
 

Secondary school level: Twenty European countries 
using data from TIMSS in 2003, 2007 and 2011 

 

 

Similar Fixed effects method (also adding 
interaction terms and detecting specific class 
level with hours spent teaching) 

 

Positive effects of gender interaction on student’s test 
scores in only half of the countries. These effects are more 
observed with girls and in Western Europe countries. 
It is also found that the female teacher effects may be 
driven by selection into the teaching profession. 
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Table A2: Descriptive statistics   
 

     

        Variables 
 

Definition 
 

Mean SD Min/Max   
 

Student characteristics: 
# of students  
 

  
28,045 

  
    

  

studsex 1 if student gender is female, 0 otherwise 0.498 0.500 0/1   
studage Student age with 2 decimals precision 14.027 0.394 10.42 /17.833   
studborn 1 if student born in country, 0 otherwise 0.843 0.363 0/1   
motherborn 1 if mother born in country, 0 otherwise 0.700 0.458 0/1   
fatherborn 1 if father born in country, 0 otherwise 0.668 0.471 0/1   
Parents valuation of Mathematics 
Parentsmatvalue1 
Parentsmatvalue2 
Parentsmatvalue3 
Parentsmatvalue4 

 
1 if parents agree a lot, 0 otherwise 
1 if parents agree a little, 0 otherwise 
1 if parents disagree a little, 0 otherwise 
1 if parents disagree a lot, 0 otherwise 
 

 
0.633 
0.292 
0.058 
0.017 

 
0.482 
0.455 
0.234 
0.129 

 
0/1 
0/1 
0/1 
0/1 

  

Parents valuation of Science 
Parentsscitvalue1 
Parentsscivalue2 
Parentsscivalue3 
Parentsscivalue4 

 
1 if parents agree a lot, 0 otherwise 
1 if parents agree a little, 0 otherwise 
1 if parents disagree a little, 0 otherwise 
1 if parents disagree a lot, 0 otherwise 

 

 
0.413 
0.378 
0.159 
0.050 

 
0.492 
0.485 
0.366 
0.218 

 
          0/1  
          0/1 
          0/1 
          0/1 

  

home_ressources_coeff Index increasing with student home resources 11.105 1.580   4.323/14.018   
bullying_coeff Index decreasing with student bullying experienced 9.626 1.884   1.953/13.040   
mat_liking_coeff Index increasing with student Math liking 9.484 1.851   4.968/13.978   
mat_confidence_coeff Index increasing with student confidence in Math 10.077 2.061   3.178/15.925   
mat_value_coeff Index increasing with student valuation of Math 9.865 1.906   2.999/13.707   
sci_liking_coeff Index increasing with student Science liking 9.643 2.032   3.771/13.621   
sci_confidence_coeff Index increasing with student confidence in Science 9.737 1.950   2.821/15.296   
sci_value_coeff Index increasing with student valuation of Science 

 
 

9.549 1.946   4.136/13.158   

Teacher characteristics: 
# of teachers 
 

  
3256 

    

Mathematics 
mat_yearsteach 

 
Number of years teaching 

 
16.093 

 
11.630 

 
          0/53 

  

mat_sex 1 if teacher gender is female, 0 otherwise 0.524 0.499           0/1   
mat_FF 1 if female student and teacher , 0 otherwise 0.257 0.437           0/1   
mat_MM 1 if male student and teacher , 0 otherwise 0.234 0.424           0/1   
Teacher’s age 
mat_age1 
mat_age2 
mat_age3 
mat_age4 
mat_age5 
mat_age6 

 
1 if teacher age is under 25, 0 otherwise 
1 if teacher age is between 25-29, 0 otherwise 
1 if teacher age is between 30-39, 0 otherwise 
1 if teacher age is between 40–49, 0 otherwise 
1 if teacher age is between 50–59, 0 otherwise 
1 if teacher age is 60 or more, 0 otherwise 
 

 
0.030 
0.115 
0.233 
0.248 
0.281 
0.093 

 
0.171 
0.319 
0.423 
0.432 
0.450 
0.290 

 
          0/1 
          0/1 
          0/1 
          0/1 
          0/1 
          0/1 

  

Teacher’s formal education 
mat_educ1 
mat_educ2 
mat_educ3 
mat_educ4 

 
1 if some tertiary completed, 0 otherwise 
1 if Bachelor completed, 0 otherwise 
1 if Master completed, 0 otherwise 
1 if Doctor completed, 0 otherwise 
 

 
0.041 
0.616 
0.328 
0.015 

 
0.199 
0.486 
0.469 
0.123 

 
          0/1 
          0/1 
          0/1 
          0/1 

  

Disruptive students in class 
mat_disruptive1 

 
1 if teacher considers not at all, 0 otherwise 

 
0.271 

 
0.444 

 
          0/1 
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mat_disruptive2 
mat_disruptive3 

1 if teacher considers some, 0 otherwise 
1 if teacher considers a lot, 0 otherwise 
 

0.560 
0.170 

0.496 
0.375 

          0/1 
          0/1 

Uninterested students in class 
mat_uninterested1 
mat_uninterested2 
mat_uninterested3 

 
1 if teacher considers not at all, 0 otherwise 
1 if teacher considers some, 0 otherwise 
1 if teacher considers a lot, 0 otherwise 
 

 
0.213 
0.654 
0.132 

 
0.410 
0.476 
0.339 

 
          0/1 
          0/1 
          0/1 

  

mat_emphasucc_coeff Index increasing with teacher perception of school 
emphasis on academic success 
 

10.098 2.129   0.626/18.095   

mat_safe_coeff Index increasing with teacher perception of school safety 
and order 
 

10.525 2.302   4.214/14.062   

mat_satisfac_coeff Index increasing with teacher job satisfaction 9.726 2.111   1.819/13.802   
Science 
sci_yearsteach 

 
Number of years teaching 

 
13.801 

 
10.819 

 
         0/48 

  

sci_sex 1 if teacher gender is female, 0 otherwise 0.549 0.498           0/1   
sci_FF 1 if female student and teacher , 0 otherwise 0.269 0.444           0/1   
sci_MM 1 if male student and teacher , 0 otherwise 0.221 0.415           0/1   
Teacher’s age 
sci_age1 
sci_age2 
sci_age3 
sci_age4 
sci_age5 
sci_age6 

 
1 if teacher age is under 25, 0 otherwise 
1 if teacher age is between 25-29, 0 otherwise 
1 if teacher age is between 30-39, 0 otherwise 
1 if teacher age is between 40–49, 0 otherwise 
1 if teacher age is between 50–59, 0 otherwise 
1 if teacher age is 60 or more, 0 otherwise 

 

 
0.037 
0.136 
0.256 
0.271 
0.220 
0.080 

 
0.188 
0.343 
0.437 
0.444 
0.414 
0.271 

 
          0/1 
          0/1 
          0/1 
          0/1 
          0/1 
          0/1 

  

Teacher’s formal education 
sci_educ1 
sci_educ2 
sci_educ3 
sci_educ4 

 
1 if some tertiary completed, 0 otherwise 
1 if Bachelor completed, 0 otherwise 
1 if Master completed, 0 otherwise 
1 if Doctor completed, 0 otherwise 

 

 
0.013 
0.527 
0.426 
0.034 

 
0.112 
0.499 
0.495 
0.181 

 
          0/1 
          0/1 
          0/1 
          0/1 

  

Disruptive students in class 
sci_disruptive1 
sci_disruptive2 
sci_disruptive3 

 
1 if teacher considers not at all, 0 otherwise 
1 if teacher considers some, 0 otherwise 
1 if teacher considers a lot, 0 otherwise 
 

 
0.249 
0.558 
0.193 

 
0.432 
0.497 
0.395 

 
          0/1 
          0/1 
          0/1 

  

Uninterested students in class 
sci_uninterested1 
sci_uninterested2 
sci_uninterested3 

 
1 if teacher considers not at all, 0 otherwise 
1 if teacher considers some, 0 otherwise 
1 if teacher considers a lot, 0 otherwise 
 

 
0.199 
0.664 
0.137 

 
0.399 
0.472 
0.344 

 
          0/1 
          0/1 
          0/1 

  

sci_emphasucc_coeff Index increasing with teacher perception of school 
emphasis on academic success 
 

10.013 2.067 3.305/18.095   

sci_safe_coeff Index increasing with teacher perception of school safety 
and order 
 

10.309 2.273 4.214/14.062   

sci_satisfac_coeff Index increasing with teacher job satisfaction 
 

9.634 2.065 1.819/13.802   

Classroom characteristics: 
 

      

mat_csize 
sci_csize 
 

Number of students in Math class 
Number of students in Science class 

22.262 
21.083 

6.152 
6.910 

         6/59 
         6/61 

  

mat_cfemaleratio 
sci_cfemaleratio 
 

Proportion of girls in Math class 
Proportion of girls in Science class 

0.497 
0.497 

0.208 
0.211 

          0/1 
          0/1 

  

mat_cbornratio 
sci_cbornration 
 

Proportion of students born in country in Math class 
Proportion of students born in country in Science class 

0.843 
0.843 

0.131 
0.133 

          0/1 
          0/1 

  

Note: those summary statistics are calculated based on the remaining observations (28045) that meet the restrictions 
mentioned in the data section. 
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Note: The variables Age, Education, Disruptive and Uninterested were all transformed into a dummy variable taking the value 
1 if the condition mentioned is respected and 0 otherwise. 
 
 

 

 

 

 

 

 



 46 

Note : The standard deviations are higher than when only one plausible value is used because the variation between the various 
estimates is taken into account here. 
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Table A5: Kernel Density Of Math And Science Test Scores By Gender 
  
 
 
 

 

 

 

 

 

Note : The kernel density is measured using only the 1st plausible value. 
 

 

 

 

  
 

Note: This table presents results using all plausible values. A Jackknife bootstrapping method specific to TIMSS data is applied 
to calculate standard errors. The test scores are standardized as to have a 0 mean and a standard deviation of 1. Sampling 
weights specific to each student are also used. 
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 
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Note: This model uses the student test scores on the knowing cognitive area of the assessment. These test scores are also 
evaluated with plausible values that I standardize. This model is otherwise identical to the previous tables. 
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 
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Note: This model allows subject specific effects and use all plausible values of student knowing test scores. Panel A evaluates 
the estimates for students with low home resources (index lower than 10.5) and panel B for student with high home resources 
(index higher than 11.5). This model is otherwise identical to the previous tables. 
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 
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Note: This model allows subject specific effects and use the first plausible value of student standard test scores. Panel A 
evaluates the estimates for students with low home resources (index lower than 10.5) and panel B for student with high home 
resources (index higher than 11.5). This model is otherwise identical to the previous tables. 
    * Statistically significant at the 10-percent level. 
  ** Statistically significant at the 5-percent level. 
*** Statistically significant at the 1-percent level. 
     

 


