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Abstract
Gender disparities in Science, Technology, Engineering, and Mathematics (STEM) remain among the
most entrenched structural inequalities in Sub-Saharan African (SSA) secondary education, with far-
reaching consequences for human capital development and inclusive economic growth. Despite
incremental progress in achieving gender parity at the primary level, significant participation and
performance gaps re-emerge and intensify within STEM tracks at the secondary level, constraining
the region's long-term development trajectory. This study presents a rigorous, multi-method
econometric analysis of gender gaps in STEM enrollment and examination performance across five
SSA countries—Kenya, Tanzania, Uganda, Ghana, and Nigeria—using a pooled dataset of 1,423,807
upper secondary students spanning 2018 to 2023. The analytical framework integrates binary logistic
regression and probit models to estimate the probability of STEM enrollment as a function of gender
and a comprehensive set of socioeconomic and institutional covariates, alongside the Oaxaca-Blinder
decomposition technique to partition the gender performance gap in national examinations into
explained (endowment) and unexplained (structural) components. Two-way panel fixed-effects
models with country and year controls provide additional robustness. Descriptive results confirm that
female students are 23.4 percentage points less likely to enroll in STEM tracks than their male
counterparts. Logistic regression analysis yields a fully controlled log-odds estimate for the female
indicator of —0.812 (Average Marginal Effect = —18.4 percentage points; p < 0.001). Oaxaca-Blinder
decomposition reveals that 38.6% of the observed performance gap of 0.41 standard deviations is
attributable to measurable endowment differences, while the remaining 61.4% is structurally
unexplained, implicating stereotype threat, implicit teacher biases, gendered curricula, and cultural
norms. The share of female STEM teachers emerges as a significant moderator of female
performance. The study concludes with evidence-based policy recommendations directed at teacher
recruitment and gender-responsive training, curriculum reform, conditional cash transfer programmes
targeting STEM-enrolled girls, and equitable STEM infrastructure investment across rural and urban

schools.
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1. Introduction

The underrepresentation of girls and women in Science, Technology, Engineering, and Mathematics
(STEM) disciplines remains one of the most structurally persistent educational challenges in Sub-
Saharan Africa (SSA). Although the region has made measurable strides towards gender parity in
primary school enrolment over the past two decades, these gains erode sharply as students transition
to secondary education and subject specialisation becomes compulsory. Gender-differentiated
tracking into STEM streams at this critical juncture has consequences that extend far beyond the
educational system: they reproduce occupational segregation, constrain household income
diversification, and limit the region's capacity to generate the technical human capital necessary for

sustainable industrialisation and digital transformation ™, 121, 81,

Sub-Saharan Africa confronts a dual developmental imperative that makes this issue especially
acute. On one hand, the region's demographic structure—characterised by a rapidly expanding
working-age population—presents an unprecedented economic opportunity, provided that human
capital accumulation is broad-based and inclusive . On the other hand, the accelerating diffusion of
automation, artificial intelligence, and digital production technologies is reshaping global labour
markets in ways that systematically reward STEM competencies and penalise their absence . The
systematic exclusion of half the potential labour force from these pathways therefore constitutes not

merely an equity failure but a macroeconomic inefficiency with compounding long-run costs.

The existing body of literature has documented gender gaps in STEM participation across SSA
through qualitative case studies, small-scale surveys, and cross-country descriptive reports [, 17,
However, rigorous econometric analyses that exploit nationally representative examination
microdata, apply decomposition techniques to disentangle the structural sources of these gaps, and
leverage panel variation to account for country-level heterogeneity remain conspicuously scarce ®.
This analytical deficit is consequential: policy prescriptions formulated without a granular, causally
informed understanding of the mechanisms driving gender disparities are unlikely to be well-

targeted or cost-effective.
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This study addresses this gap by making four substantive contributions to the quantitative literature
on gender and STEM education in SSA. First, it applies binary logistic regression and probit models
to a large, multi-country dataset to estimate the determinants of STEM enrollment, reporting
Average Marginal Effects with standard errors clustered at the school level. Second, it employs the
Oaxaca-Blinder decomposition methodology—adapted from its origins in labour economics wage
gap analysis—to partition the observed gender performance gap in national STEM examinations into
explained endowment differences and unexplained structural components. Third, it exploits a six-
year panel structure covering five countries (2018-2023) to conduct two-way fixed-effects
estimation that absorbs time-invariant country heterogeneity. Fourth, it translates these empirical
findings into actionable, context-calibrated policy recommendations anchored in the institutional

realities of SSA education systems P!, 110,

The remainder of this paper is organised as follows. Section 2 reviews the theoretical frameworks
and empirical evidence on gender disparities in STEM education in SSA. Section 3 presents the data
sources, variable definitions, and estimation strategies. Section 4 reports the empirical results.
Section 5 discusses the implications of findings within the broader literature. Section 6 synthesises

the policy implications. Section 7 concludes.

2. Literature Review

2.1 Theoretical Foundations

Several distinct but complementary theoretical frameworks inform the analysis of gender disparities
in STEM education. Human capital theory, in the tradition of Schultz " and Becker I,
conceptualises education as an investment decision in which households allocate resources across
children based on expected future returns. When structural labour market discrimination reduces the
realised wage premium to STEM qualifications for women relative to men, rational investment
calculus will produce systematically lower household commitment to female STEM education—
even in the absence of explicit gender preferences. This demand-suppression mechanism is
compounded by credit constraints faced by poor households, which force prioritisation of male

children's education as a lower-risk investment 21,
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Gender socialisation theory complements this economic framing by foregrounding the role of
cultural norms, gendered social scripts, and institutional practices in shaping adolescent girls'
occupational aspirations and subject choices ™. From early childhood, girls in many SSA contexts
are exposed to domestic role scripts that devalue analytical and technical competencies as
inappropriate or unnecessary for women. These socialised expectations are internalised and
reinforced through interactions with parents, teachers, and peers, creating a powerful normative

barrier to STEM participation that operates independently of household resources.

Steele and Aronson's ¥ stereotype threat theory provides a psychological mechanism through which
internalised gender stereotypes about mathematical ability translate directly into measurable
performance deficits. The key insight is that when female students are made aware—implicitly or
explicitly—of prevailing cultural stereotypes about women and mathematics, cognitive resources are
redirected from task engagement towards managing evaluation anxiety, producing systematic
underperformance relative to actual ability. Experimental evidence suggests this mechanism is
particularly potent in high-stakes examination contexts, precisely the settings used to measure STEM

achievement in this study 3.

Eccles et al.'s expectancy-value model " provides a further psychological micro-foundation for
subject choice. The model posits that educational decisions are jointly determined by students'
expectancies of success in a given domain and their subjective valuation of that domain. Gendered
expectancies—shaped by stereotype threat, teacher feedback, and parental attitudes—systematically
depress female students' confidence in STEM competence, while gendered cultural values reduce the
perceived utility of STEM engagement for their projected life trajectories. Together, these forces

produce the enrollment and performance patterns observed in this study.

2.2 Empirical Evidence from Sub-Saharan Africa

UNESCO Institute for Statistics data indicate that the Gender Parity Index (GPI) for upper secondary
enrolment across SSA stood at 0.84 in 2022, reflecting a persistent aggregate deficit in female
participation "5l. However, this headline figure masks substantial heterogeneity: the GPI ranges from
0.52 in Niger to 0.97 in Rwanda, and the gap is systematically larger in STEM-specific tracks than in

overall secondary enrolment 16, ", Across the region, girls constitute approximately 34% of upper
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secondary students enrolled in science and technical streams "¢, a proportion that has remained

stubbornly stable despite improvements in overall enrolment parity.

Country-level examination data corroborate these enrolment patterns. Analyses of Kenya's Kenya
Certificate of Secondary Education (KCSE) results consistently document male advantages in
mathematics and physical sciences, with performance gaps widening substantially at the upper tail of
the score distribution ™. This upper-tail divergence is particularly consequential because entry into
tertiary STEM programmes is typically determined by scores in precisely this range. Tanzania's
National Examinations Council data reveal analogous patterns, with girls' relative performance
deficits most pronounced in physics and chemistry ™. In Ghana, West Africa Senior School
Certificate Examination data document a 14.3 percentage point gender gap in credit-level passes in

science subjects 120,

The literature identifies demand-side and supply-side drivers operating through distinct channels. On
the demand side, household poverty constrains investment in female secondary education through
direct cost and opportunity cost effects ?; geographic distance to secondary schools with qualified
science teachers creates a spatial barrier that falls disproportionately on girls due to safety concerns
about long travel distances ®; early marriage and adolescent pregnancy interrupt schooling
trajectories at rates significantly higher for girls than boys ®; and the scarcity of visible female
STEM role models limits the formation of aspirational identities among female students #4. On the
supply side, inadequate laboratory infrastructure, male-normative science textbook content, and
gender-insensitive pedagogical practices collectively reproduce an unwelcoming environment for

female STEM learners 1251, 1261,

2.3 Econometric Literature and Identified Research Gaps

The application of discrete choice models to educational participation decisions in SSA has
expanded considerably in recent years 7. Binary logistic regression and probit specifications have
been used to model school enrolment, subject selection, and examination entry, with findings
broadly confirming the negative effect of female gender on STEM-related choices. However, many
existing studies rely on school-level or district-level aggregates rather than individual-level

microdata, limiting precision and introducing ecological inference problems 8. Studies with
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individual-level data frequently lack the rich household covariate information needed to separate

gender effects from correlated socioeconomic confounders.

The Oaxaca-Blinder decomposition technique, developed originally to analyse racial and gender
wage gaps in labour economics 1, % has been adapted to educational contexts to decompose gaps
in test scores, attainment, and enrolment rates. Applications in SSA contexts remain sparse, and
existing decomposition studies typically focus on overall literacy or numeracy gaps rather than
STEM-specific performance in nationally standardised examinations ®. This study fills that lacuna
by applying the decomposition to national STEM examination scores, identifying the relative
contributions of endowment differences and structural disadvantages to the observed gender

performance gap.

Panel econometric approaches that control for country and time fixed effects have been underutilised
in the SSA educational gender gap literature relative to their prevalence in wage gap research P! The
cross-country heterogeneity documented in the preceding review highlights the potential for omitted
country-level variables—including colonial institutional legacies, cultural attitudes towards female
education, and national education financing systems—to confound cross-sectional estimates. The
two-way fixed-effects specification employed in this study addresses this concern while preserving

the efficiency advantages of pooling data across countries and years.

3. Research Methodology

3.1 Research Design

This study adopts a quantitative, explanatory cross-national panel design. The core methodological
logic is to exploit variation in gender composition across students, schools, countries, and years to
estimate the causal mechanisms through which gender shapes STEM educational outcomes. The
research design is structured around three analytically coherent and sequentially related modules: (i)
descriptive statistical characterisation of gender-disaggregated STEM enrolment and performance
indicators, including trend analysis; (ii) binary discrete choice modelling through logistic regression
and probit specifications to estimate the probability of STEM enrolment as a function of gender and

a progressive sequence of covariate sets; and (ii1) Oaxaca-Blinder decomposition of the gender
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performance gap in standardised national STEM examination scores. Two-way fixed-effects panel

estimation serves as a robustness check across all modules 1281, 5311,

3.2 Data Sources and Sample Construction
Three primary data sources are integrated in this study.

National Secondary School Examination Microdata. Individual-level examination records were
obtained from five national examination bodies: the Kenya National Examinations Council (KNEC)
for Kenya Certificate of Secondary Education (KCSE) results; the Tanzania National Examinations
Council (NECTA) for Certificate of Secondary Education Examination (CSEE) results; the Uganda
National Examinations Board (UNEB) for Uganda Certificate of Education (UCE) results; and the
West African Examinations Council (WAEC) for West Africa Senior School Certificate
Examination (WASSCE) results in both Ghana and Nigeria. Each dataset contains individual
candidate records including: candidate gender; school identifier and school-level administrative data;
subject enrolment; raw scores and grade classifications in each STEM subject; and school type
(government/private) and district. Following data cleaning, deduplication, and exclusion of records
with missing gender information, the merged dataset comprises 2,847,614 individual examination

records across five countries and six years (2018-2023).

UNESCO Institute for Statistics Data

Country-year level data on gender-disaggregated gross enrolment ratios, Gender Parity Indices,
trained teacher rates by gender, pupil-to-teacher ratios, and public expenditure on education as a
share of GDP were obtained from the UIS Data Centre "S. These country-year aggregates are merged
to the examination microdata by country and year to provide contextual covariates for the panel

fixed-effects specifications and to enable macro-level cross-validation of enrollment patterns.

Demographic and Health Survey (DHS) Data

Household-level covariates—including the parental education composite (highest level attained by

either parent), household wealth index quintile, and rural-urban residential classification—are
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derived from the most recent DHS rounds for each country ©#2. These data are merged to the
examination microdata using district (or equivalent administrative unit) identifiers, assigning
district-level median household characteristics to individual students. This district-level linkage
introduces measurement error in individual-level household characteristics, a limitation explicitly

acknowledged in Section 5.3.

The analytical sample for the logistic and probit models comprises 1,423,807 upper secondary
students (Forms 3-4 or their national equivalents) with non-missing values on all covariates. The
sample excludes Forms 1-2 students, as subject tracking and STEM-specific choice are most relevant
in the upper secondary years when subject selection has been finalised. The STEM enrolment
indicator is operationalised as enrolment in a minimum of three of the following core subjects:

mathematics, physics, chemistry, biology, and technical or applied mathematics.
3.3 Variable Definitions and Operationalization

Table 1. Variable Definitions, Operationalisation, and Data Sources

Variable Name Type Operationalisation Source
Dependent 1 = enrolled in >3 STEM subjects; 0 | KNEC/NECTA /UNEB/
STEM_Enroll (Binary) = otherwise WAEC
STEM Score Dependent Standardised aggregate STEM KNEC /NECTA /UNEB/
- (Continuous) examination score (u=0, o=1) WAEC
Female Key b= f§male candidate; 0 = male Examination records
Independent candidate
Highest parental education: O=none,
ParentEdu Control 1=primary, 2=lower secondary, DHS
3=upper secondary, 4=tertiary
WealthQuint Control gousehold weeilth 1nde>'( quintile: 1 DHS
= poorest to 5 = wealthiest
Urban Control Eu?aTChOOI located in urban area; 0 = Ministry of Education records
PublicSchool Control ! N govemment-funded school; 0= Ministry of Education records
private or faith-based
FemaleTchrRatio Control Proportion of school STEM teachers UIS / National MoE data
who are female (0—1 continuous)
. . Number of enrolled students per .
PupilTchrRatio Control qualified STEM teacher UIS / National MoE data
CountryFE Fixed Effect Country binary indicators; Kenya = Derived
reference category
YearFE Fixed Effect Examination year binary indicators; | Derived
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Variable Name Type Operationalisation Source

2018 = reference year

Note. Variable definitions are consistent across all five countries. Continuous variables are
standardised before entry into regression models. District-level DHS medians are used for household
covariates. Source: Author's compilation.

3.4 Binary Logistic Regression and Probit Specifications

Both binary logistic regression and probit models share a latent variable conceptualisation in which
the observed binary enrolment decision reflects an underlying continuous propensity that crosses a
threshold ?7. Let Y* denote this latent propensity, with ¥ = 1 observed if Y* > (). The systematic

component is:
Y: = X.ﬁ + &
Under the logistic specification, € follows a standard logistic distribution, yielding:

P(Y = 1]1X) = A(XB) = exp (XB)/[1 +exp(Xp))]

Under the probit specification, € follows a standard normal distribution, yielding:
Xp
P(Y = 1|X) = ®(X) = | o) dt

where A(:) is the logistic cumulative distribution function, ®(-) is the standard normal cumulative
distribution function, and ¢(-) is the standard normal probability density function. Both models are
estimated by maximum likelihood. Since the log-odds coefficients from the logistic model and the
index function coefficients from the probit model are not directly interpretable in terms of
probability changes, Average Marginal Effects (AMEs) are computed at each observation and
averaged, providing policy-relevant estimates of the change in the probability of STEM enrolment

associated with each predictor 231,

Five nested models are estimated. Model 1 includes only the Female indicator (baseline gender
effect). Model 2 adds household socioeconomic controls (WealthQuint, ParentEdu). Model 3 adds
school structural controls (Urban, PublicSchool, FemaleTchrRatio, PupilTchrRatio). Model 4 adds
regional (country-level) mean controls. Model 5 adds full country and year fixed effects. This
progressive specification strategy allows the evolution of the female coefficient to reveal the degree

to which socioeconomic and institutional factors account for the raw gender gap. Standard errors are

36



The Journal of Quality in Education (JOQIE) Vol.16, N°28, August 2026

clustered at the school level in all specifications to account for within-school correlation of outcomes

arising from shared teacher, infrastructure, and institutional effects 127, 1281,

3.5 Oaxaca-Blinder Decomposition Methodology

The Oaxaca-Blinder decomposition technique 1, 1 partitions the mean difference in an outcome
between two groups into a component attributable to differences in the distribution of observed
characteristics (the endowment or explained component) and a component attributable to differences
in the returns to those characteristics (the structural or unexplained component). In the context of this

study, the technique decomposes the gender gap in standardised STEM examination scores.

Let Yy and Yy denote mean standardised STEM scores for male (M) and female (F) students
respectively, with X, and X denoting the corresponding vectors of mean characteristics, and

and B the gender-specific OLS coefficient vectors. The total gap is decomposed as:

A=Yy -Yr=(Xu-Xp)p" + XuBum - ) + Xp(B* - Br)
where f* is the reference coefficient vector drawn from a pooled regression of both groups.
Following Neumark I, g* is estimated from the pooled male-female regression (with a female
indicator included), providing a non-discriminatory benchmark that minimises index number

sensitivity. The decomposition simplifies to:

A = Explained Component + Unexplained Component
= (Xm - Xp) B + [Xm(Bm - B) + Xp(B* - Bp)]

The explained component captures how much of the gap would be closed if female students had the
same observed characteristics as male students. The unexplained component captures the portion
attributable to differential returns to identical characteristics—interpreted as reflecting
discrimination, cultural norms, stereotype threat, and unmeasured structural disadvantages 1B, @3,
Heteroscedasticity-robust standard errors are reported throughout. Detailed sub-decompositions

identify the contributions of individual covariates within each aggregate component.

3.6 Panel Fixed-Effects Estimation

To address potential confounding from time-invariant country-level characteristics—including
institutional quality, cultural attitudes towards female education, colonial educational legacies, and

national curriculum design—a two-way fixed-effects specification is estimated:
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Yo = a + B,(Female;;) + B,(Female;.; X FemaleTchrRatioy) + yXict + 0, + Ay + €4
where Y, is the standardised STEM score for individual 7 in country c in year t; 6. denotes country
fixed effects; A; denotes year fixed effects; and ¢, is the idiosyncratic error term. The interaction
term Female X FemaleTchrRatio tests whether increases in female STEM teacher representation

differentially benefit female students. Standard errors are clustered at the country level, allowing for

arbitrary within-country serial correlation 1.

4. Empirical Results

4.1 Descriptive Statistics and Gender Composition

Table 2 presents descriptive statistics for all key variables by gender, pooled across the five countries
and six examination years. Female students constitute 47.3% of the upper secondary student
population represented in the analytical sample (Np = 673,560; N); = 750,247). The raw STEM
enrolment rate differs substantially by gender: 51.8% of male students are enrolled in STEM tracks
compared to 28.4% of female students, a raw gap of 23.4 percentage points. This gap is statistically
significant at all conventional levels (p < 0.001) and is consistent across all five countries, though its

magnitude varies (see Table 3).

The standardised STEM examination score exhibits a mean of 0.214 (SD = 0.981) for male students
and —0.196 (SD = 0.943) for female students, representing a raw performance gap of 0.41 standard
deviations. Male students are somewhat more likely to be enrolled in urban schools (48.2% vs
43.7%), to have parents with higher education levels (mean ParentEdu 2.31 vs 2.18), and to be from
wealthier households (mean WealthQuint 3.12 vs 2.94). These covariate differences, while
statistically significant, are modest in magnitude and are explicitly controlled for in the regression
specifications. Notably, the share of female STEM teachers does not differ significantly between
schools attended by male and female students (0.31 in both groups, p = 0.921), confirming that the

teacher gender ratio does not mechanically confound the female enrolment relationship.

Table 2. Descriptive Statistics by Gender, Pooled Sample (2018—2023, N = 1,423,807)

. Male (n = Female (n = . ..
Variable 750,247) 673,560) Difference t-statistic p-value
STEM Enrolment
Rate (%) 51.8 28.4 +23.4 pp 184.7 <0.001
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. Male (n = Female (n = . ..

Variable 750,247) 673,560) Difference t-statistic p-value
STEM Score
(ctandardised) 0.214 (0.981) 0.196 (0.943) | +0.410SD 201.3 <0.001
Parental Education 231 (1.02) 2.18 (1.09) +0.13 60.2 <0.001
(0-4)
gfg;th Quintile 3.12 (1.31) 2.94 (1.38) +0.18 65.4 <0.001
Urban School (%) 48.2 43.7 +4.5 pp 43.1 <0.001
Public School (%) 714 742 ~2.8 pp ~30.6 0.003
Female STEM
T i 0.31 (0.18) 0.31(0.18) 0.00 0.10 0.921
Pupil-Teacher Ratio 342 (11.4) 35.1 (12.0) ~0.9 ~38.0 <0.001

Note. Standard deviations in parentheses for continuous variables.

Differences are male minus female. pp = percentage points; SD = standard deviations. t-statistics
from two-sample t-tests with unequal variance assumption. Source: Computed from merged
KNEC/NECTA/UNEB/WAEC and DHS datasets.

Table 3. Country-Level STEM Enrolment Rates, Gender Parity, and Contextual Indicators (2023)

Female
Country I\E:I:Oirlggi\)/[ Ensrj(;}mz/: %) Gap (pp) (Secglf’c:ary) Tealc?lelzallleatio G(II)JI;II;;C.
Kenya 543 312 23.1 0.91 0.34 2,082
Tanzania 49.7 25.8 23.9 0.87 0.29 1,136
Uganda 472 22.4 24.8 0.85 0.27 883
Ghana 56.1 337 22.4 0.93 0.36 2,363
Nigeria 50.6 28.9 21.7 0.82 0.30 2,184
PAOV‘?;‘; 51.6 28.4 232 0.87 0.31 —

Note. GPI = Gender Parity Index (female GER / male GER); values <1.0 indicate male advantage.
GDP per capita in constant 2023 USD. Female Teacher Ratio = proportion of qualified STEM
teachers who are female. Sources: KNEC/NECTA/UNEB/WAEC; UNESCO UIS (2023); World

Bank (2023).

4.2 Temporal Trends in STEM Enrolment by Gender (2018-2023)

Table 4 and the accompanying Figure 1 (data panel) document the temporal evolution of STEM
enrolment rates by gender from 2018 to 2023. Male STEM enrolment increased from 48.2% in 2018
to 54.1% in 2023, a growth of 5.9 percentage points over the six-year period. Female STEM

enrolment grew from 24.7% to 31.8%, an increase of 7.1 percentage points. While female enrolment
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is growing at a marginally faster absolute rate, the overall gender gap has narrowed by only 1.2
percentage points—from 23.5 to 22.3 percentage points—suggesting that convergence towards
parity, at current rates, would require several decades. The year-on-year change in the gap
accelerated slightly in 2022-2023 (—0.5 pp), potentially reflecting policy interventions introduced in

the post-pandemic period, though this single-year change should be interpreted with caution.

Table 4. Annual STEM Enrolment Rates by Gender and Gender Gap, 2018-2023 (Pooled Sample)

Year Enx;‘llr‘:en ¢ E::;T;l:n ¢ Gender Gap | Annual Ain | Male Annual ifll::;el

(%) (%) (pp) Gap Growth Growth
2018 48.2 24.7 23.5 — — —
2019 49.1 25.8 233 —-0.2 +0.9 +1.1
2020 50.4 27.2 23.2 -0.1 +1.3 +1.4
2021 51.7 28.6 23.1 -0.1 +1.3 +1.4
2022 52.9 30.1 22.8 -0.3 +1.2 +1.5
2023 54.1 31.8 223 -0.5 +1.2 +1.7
g)ltaaﬁge +5.9 pp +7.1 pp 1.2 pp — — —

Note. All figures are for upper secondary science track students. Annual growth figures are absolute
percentage point changes from the preceding year. Pooled across Kenya, Tanzania, Uganda, Ghana,
and Nigeria. Source: Merged KNEC/NECTA/UNEB/WAEC datasets (2018-2023).

Figure 1. STEM Enrolment Trends by Gender and Gender Gap (Pooled Sample, 2018-2023). Bars

represent male (dark) and female (light) enrolment rates (left axis),; line represents the gender gap

in percentage points (right axis). Source: Author's computation from merged national examination
datasets.

4.3 Binary Logistic Regression and Probit Results: Determinants of STEM Enrolment

Table 5 presents the results of the five nested logistic regression models and the probit Average
Marginal Effects for the fully specified Model 5. The female indicator is negative, large, and
statistically significant at the 0.1% level across all five logistic specifications, confirming the

robustness of the gender enrolment gap to progressive covariate adjustment.

In the bivariate Model 1, the log-odds of STEM enrolment for female students relative to male
students is —1.047 (SE = 0.024, p < 0.001), corresponding to an AME of —23.1 percentage points—
closely mirroring the raw descriptive gap. As household socioeconomic controls are added in Model

2, the female coefficient attenuates to —0.961, indicating that approximately 8.2% of the raw female

40



The Journal of Quality in Education (JOQIE) Vol.16, N°28, August 2026

disadvantage is attributable to correlated socioeconomic disadvantage. The addition of school
structural controls in Model 3 further attenuates the estimate to —0.891. The fully specified Model 5,
incorporating country and year fixed effects, yields a log-odds estimate of —0.812 (AME = —18.4 pp,
p < 0.001) for the female indicator. This persistent, large negative coefficient after comprehensive
covariate adjustment and fixed-effects controls provides strong evidence that gender exerts a
substantial independent effect on STEM enrolment beyond what can be explained by observable

socioeconomic and institutional factors.

Among the control variables, household wealth quintile and parental education exert the strongest
positive effects on STEM enrolment probability. Each unit step in wealth quintile is associated with
a 3.2 percentage point increase in STEM enrolment probability (AME = 0.032, p < 0.001), while
each level of parental education increases probability by 4.7 percentage points (AME = 0.047, p <
0.001). Urban school location confers a 6.3 percentage point advantage (AME = 0.063, p < 0.001),
consistent with the concentration of qualified STEM teachers and laboratory infrastructure in urban
areas. Attendance at a public rather than private school is associated with a modest reduction in
STEM enrolment probability (AME = —0.021, p < 0.001), potentially reflecting resource
differentials favouring private school science facilities. The female STEM teacher ratio is positively
and significantly associated with enrolment probability (AME = 0.058, p < 0.01), providing
preliminary support for the role model hypothesis ?4. The probit AMEs for the fully specified model
are closely aligned with the logistic AMEs throughout, confirming that findings are insensitive to the
choice of distributional assumption. Model fit is assessed via the Hosmer-Lemeshow test (y* = 9.47,

df =8, p =0.304), indicating adequate calibration.

Table S. Binary Logistic Regression and Probit Results: STEM Enrolment (N = 1,423,807)

Variable Model 1 (Log- Model 2 (Log- Model 3 (Log- Model 5 (Log- Probit AME
Odds) Odds) Odds) Odds) M5)
Female —1.047%** —0.961%** —0.891%** —0.812%** —0.181%**
(0.024) (0.023) (0.025) (0.021) (0.011)
i 0.03]#**
Wealth Quintile — 0.218*** (0.014) | 0.196*** (0.015) | 0.189*** (0.014) (0.002)
. 0.046%***
Parental Education — 0.312%** (0.019) | 0.284*** (0.020) | 0.271*** (0.019) (0.003)
Urban School — — 0.381%** (0.028) | 0.362*** (0.027) 0.061%**
’ ' ’ ’ (0.005)
Public School — — —0.124%** —0.118*** —0.020%**
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Variable Model 1 (Log- Model 2 (Log- Model 3 (Log- Model 5 (Log- Probit AME
Odds) Odds) Odds) Odds) M5)
(0.022) (0.021) (0.004)
Female Teacher Ratio — — 0.348** (0.142) 0.334%* (0.138) 0.055** (0.022)
Pupil-Teacher Ratio — — —(200532;‘ ’ _(200(1)(6):; " _(20088 ;k i
Country Fixed Effects No No No Yes Yes
Year Fixed Effects No No No Yes Yes
fﬁ:ﬁ;&in) 0.083 0.124 0.163 0.203 0.198
Log-Likelihood —847,312 —793,204 —761,099 —725,881 —
Observations 1,423,807 1,423,807 1,423,807 1,423,807 1,423,807

Note. Standard errors in parentheses, clustered at the school level. AME = Average Marginal Effect
(logit AMEs for Models 1-5; probit AMEs reported in final column for Model 5). Model 4 (country-
level aggregate controls, not shown) yields female AME =—0.197. *** p <0.001; ** p<0.01; *p <
0.05. Source: Author's estimation from merged national examination datasets.

4.4 Oaxaca-Blinder Decomposition of the Gender STEM Performance Gap

Table 6 presents the full Oaxaca-Blinder decomposition of the gender gap in standardised STEM
examination scores. The total raw gender gap—0.410 standard deviations (male minus female)—is
statistically significant at the 0.1% level and is consistent with the descriptive findings reported in

Section 4.1.

The decomposition reveals that the explained endowment component accounts for 0.158 SD, or
38.6% of the total gap. This means that if female students possessed the same observed
characteristics as male students—identical household wealth distribution, parental education, school
location, school type, and pupil-teacher ratios—approximately two-fifths of the observed
performance gap would be eliminated. Within the explained component, household wealth is the
single largest contributor (0.058 SD, representing 14.1% of the total gap and 36.7% of the explained
component), reflecting the systematic disadvantage faced by girls from poorer households in
accessing quality STEM preparation. School location (0.041 SD, 10.0% of total gap) and parental
education (0.038 SD, 9.3%) are the next largest contributors.

The unexplained structural component accounts for 0.252 SD, or 61.4% of the total gap. This
substantial majority cannot be attributed to observable covariate differences between male and

female students; it reflects the combined operation of mechanisms including teacher gender biases in
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assessment and encouragement, stereotype threat in examination settings, gendered curriculum
content that makes STEM subjects less accessible or relatable to female students, peer dynamics that
discourage female academic assertiveness in science classrooms, and the residual effects of broader
cultural norms that devalue female technical competence ™I, 4 25 The constant term in the
unexplained component (0.187 SD, 45.6% of the total gap) represents the aggregate of all these
unmeasured structural mechanisms, while differential returns to school quality between male and

female students contribute a further 0.065 SD (15.8%).

The cross-country sub-decompositions reveal meaningful heterogeneity in the relative magnitudes of
the explained and unexplained components. Uganda and Tanzania exhibit the highest unexplained
shares (67.8% and 64.3%, respectively), consistent with weaker institutional environments and
stronger traditional gender norms in these contexts. Ghana and Kenya show comparatively higher
explained shares (44.8% and 40.3%), suggesting that observable socioeconomic inequalities between
male and female students account for a larger fraction of the gap—and are therefore more amenable

to material redistribution policies.

Table 6. Oaxaca-Blinder Decomposition of Gender Gap in Standardised STEM Examination Scores

Decomposition Component Estimate (SD % of Total 95% Confidence _value
P P units) Gap Interval P
Total Gender Gap (Male = 0.410 100.0% [0.398, 0.422] <0.001
Female)
A. Explained (Endowment) 0.158 38.6% [0.147, 0.169] <0.001
Component
al. Household Wealth Quintile 0.058 14.1% [0.051, 0.065] <0.001
a2. School Location (Urban) 0.041 10.0% [0.035, 0.047] <0.001
a3. Parental Education Level 0.038 9.3% [0.031, 0.045] <0.001
a4. School Type o
(Public/Private) 0.012 2.9% [0.007,0.017] 0.001
a5. Pupil-Teacher Ratio 0.009 2.3% [0.004, 0.014] 0.012
B. Unexplained (Structural) 0.252 61.4% [0.238, 0.266] <0.001
Component
bl. Constant (Residual o
Structural Disadvantage) 0.187 45.6% [0.174, 0.200] <0.001
b2. Differential Returns to 0.065 15.8% [0.052, 0.078] <0.001
School Quality

Note. Neumark (1988) pooled OLS coefficient vector used as the reference (p*). Heteroscedasticity-
robust standard errors. Positive values indicate male advantage. Sub-components may not exactly
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sum to component totals due to rounding. Source: Author's estimation from merged examination and
DHS datasets.

4.5 Panel Fixed-Effects Results

Table 7 presents the two-way panel fixed-effects regression results. The female gender coefficient on
standardised STEM score is —0.341 SD (SE = 0.031, p < 0.001) in the parsimonious specification
(Model A) and —0.287 SD (SE = 0.029, p < 0.001) in the fully controlled specification (Model B).
The attenuation from Model A to Model B confirms that observable covariates account for a portion
of the within-country, within-year gender gap, consistent with the decomposition findings.
Nevertheless, the large, significant residual coefficient in Model B confirms that the female
performance disadvantage persists after absorbing all time-invariant country effects and common

year shocks.

The interaction term between Female and the Female STEM Teacher Ratio is positive and
significant in Model C (B = 0.214, SE = 0.097, p < 0.01). This finding implies that a 10 percentage
point increase in the share of female STEM teachers is associated with a 2.14% of a standard
deviation improvement in female students' STEM scores, over and above any general effect of
teacher gender composition on all students. This interaction effect survives the inclusion of country
and year fixed effects and is therefore identified from within-country variation in female teacher
deployment over time, providing compelling evidence for the role model mechanism 4, Bl Year
fixed effects indicate a statistically significant secular improvement in STEM scores (average annual
improvement 0.021 SD), but country-specific tests confirm that the gender performance gap has not
narrowed significantly within any of the five countries over the panel period, underscoring the

inertia of structural barriers.

Table 7. Two-Way Fixed-Effects Panel Regression: Standardised STEM Score (N = 1,423,807)

Variable Model A (Two-Way FE) Mocd:;ln]i(les ;3 * MI‘I’I‘ti:iaCc t(il;f)+
Female —0.341%%* (0.031) —0.287%** (0.029) —0.301%** (0.033)
Wealth Quintile — 0.072%** (0.008) 0.071%%* (0.008)
Parental Education — 0.089*** (0.011) 0.088*** (0.011)
Urban School — 0.143%** (0.019) 0.141%%* (0.019)
;Z‘tri‘gle STEM Teacher — 0.187** (0.078) 0.201** (0.081)
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Variable Model A (Two-Way FE) M‘g:lllg(flr; ;3 * Ml‘l’l‘tigi t?;f;
Ezrtrilgle x Female Teacher o o 0.214%* (0.097)
Pupil-Teacher Ratio — —0.012*** (0.003) —0.012*** (0.003)
Country Fixed Effects Yes Yes Yes
Year Fixed Effects Yes Yes Yes
Within R? 0.118 0.196 0.201
F-statistic (model) 412.7%%* 298.4%** 279.1%**
Observations 1,423,807 1,423,807 1,423,807

Note. Standard errors in parentheses, clustered at the country level. *** p <0.001; ** p <0.01; * p <
0.05. Dependent variable is standardised STEM examination score (i = 0, 6 = 1). The interaction
term tests the differential effect of female teacher share on female students' scores. Source: Author's
estimation.

4.6 Country-Level Sub-Group Analysis

To examine cross-national heterogeneity, the logistic regression (Model 5 specification) and Oaxaca-
Blinder decomposition were replicated separately for each of the five countries. Table 8 summarises
the key country-specific estimates. The gender enrollment gap is widest in Uganda (AME = —25.7
pp) and narrowest in Ghana (AME = —16.2 pp). This ordering is consistent with the country-level
contextual data in Table 3: Uganda has the lowest female STEM teacher ratio (0.27), lowest GDP
per capita (USD 883), and weakest GPI (0.85), creating the most constrained environment for female
STEM participation. Ghana's comparatively stronger performance reflects both higher female
teacher representation (0.36) and sustained government investment in girl-child education through

scholarship and bursary programmes 120, ©7,

The unexplained share of the Oaxaca-Blinder decomposition is highest in Uganda (67.8%) and
Tanzania (64.3%), suggesting that structural and cultural barriers operate with greatest intensity in
these contexts where observable endowment gaps are relatively smaller as a share of the total.
Conversely, the higher explained shares in Ghana (44.8%) and Kenya (40.3%) indicate that material
resource disparities between male and female students contribute proportionally more to the gap in

these countries, pointing to the potential effectiveness of redistributive interventions.

Table 8. Country-Level Logistic Regression AME and Oaxaca-Blinder Decomposition Summary
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Country Female ?/II\S/I)E (Logit SE p-value Explai;:;g Share Unexplzzir/:«;d Share
Kenya —0.182 (0.013) <0.001 40.3% 59.7%
Tanzania —0.221 (0.015) <0.001 35.7% 64.3%
Uganda —-0.257 (0.018) <0.001 32.2% 67.8%
Ghana —0.162 (0.012) <0.001 44.8% 55.2%
Nigeria —0.198 (0.014) <0.001 39.1% 60.9%
Pooled (all ~0.184 (0.011) <0.001 38.6% 61.4%
countries)

Note. All logistic AMEs from the fully specified Model 5 with country and year fixed effects applied
at the national level. Oaxaca-Blinder uses Neumark pooled reference coefficient vector. Robust
standard errors. Source: Author's estimation from country-specific examination datasets.

5. Discussion

5.1 Interpreting the Persistence of the Enrolment Gap

The finding that female students face an 18.4 percentage point reduction in STEM enrolment
probability after comprehensive covariate adjustment (Model 5, AME) carries a critical message for
education policy: the gender STEM enrolment gap in SSA is not merely a residual of socioeconomic
inequality that will dissolve as household poverty declines. The coefficient attenuates from —23.1 pp
(bivariate) to —18.4 pp (fully controlled), meaning that only 20.4% of the raw enrolment gap is
explained by observable socioeconomic and institutional differences. The remaining 79.6% of the
raw gap persists even when male and female students are compared within the same country, in the

same year, with identical household wealth, parental education, school type, and urban location.

This finding situates the gender STEM gap primarily in the domain of structural constraints and
socialised preferences that are not captured by standard administrative and survey data. Consistent
with Eccles et al.'s expectancy-value model ", the residual gap likely reflects gendered self-efficacy
in STEM subjects—shaped by years of exposure to norms that code technical competence as
masculine—as well as the practical discouragement that female students may experience from male-
dominated classroom dynamics and from teachers whose implicit beliefs about female mathematical

capacity shape their instructional interactions "2, 126,

The significant role of the female STEM teacher ratio (AME = +5.8 pp on enrolment; interaction

coefficient +0.214 SD on performance) is particularly instructive. This finding is consistent with the
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peer and role model mechanisms documented in experimental and quasi-experimental studies 24, 151,
Female students who learn from female STEM teachers receive a counter-stereotype signal about the
accessibility of technical competence to women, and may experience a warmer and more supportive
learning environment. That this effect survives country and year fixed effects—and is therefore
identified from within-country variation in teacher deployment—substantially strengthens its causal

credibility.

5.2 Structural Interpretation of the Oaxaca-Blinder Findings

The Oaxaca-Blinder result that 61.4% of the gender STEM performance gap is structurally
unexplained is the central empirical finding of this study and the most direct evidence that the gender
gap in SSA STEM performance cannot be attributed primarily to measurable resource deficits. In the
decomposition literature, the unexplained component is often treated as an upper-bound estimate of
discrimination 1, 8%, In educational contexts, this encompasses a broad range of mechanisms: the
operation of stereotype threat in high-stakes examinations ™; implicit teacher bias in grading and
feedback "6; male-normative examination content that creates differential accessibility *5!; and the
internalised self-concept disadvantage that female students carry into the examination room as a
result of years of gendered educational socialisation 2. Taken together, these mechanisms constitute
a structural STEM deficit that is reproduced across all five countries in the sample, regardless of

their different levels of economic development and educational investment.

The cross-country heterogeneity in the unexplained share (ranging from 55.2% in Ghana to 67.8% in
Uganda) reveals that the structural component is not uniform and can be influenced by country-level
institutional factors. Ghana's lower unexplained share, combined with a higher female teacher ratio
and more active policy environment for girls' education, suggests that deliberate institutional
interventions can partially erode structural barriers over time, even if they cannot eliminate the

underlying cultural norms in the short run 120, 57,

5.3 Limitations and Caveats

This study has several limitations that qualify the interpretation of findings. First, the assignment of
household characteristics to individual students through district-level DHS medians introduces
measurement error in the household covariate vector. This will tend to bias the estimated effect of

household socioeconomic controls towards zero (attenuation bias), potentially leading to
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overestimation of the unexplained component in the Oaxaca-Blinder decomposition. Individual-level
household data linked directly to examination records would be preferable and is recommended for

future research 32,

Second, the Oaxaca-Blinder decomposition is sensitive to the choice of the reference coefficient
vector . While the Neumark pooled estimator is used to mitigate index number sensitivity, the
decomposition remains a descriptive exercise and does not establish causal identification of
discrimination or structural barriers. Third, the examination microdata do not contain information on
students' self-efficacy beliefs, classroom interactions, teacher feedback patterns, or household gender

attitudes, limiting the scope of mediation analysis.

Fourth, selection into the examination sample is not random: students who sit national examinations
are a non-random subset of all enrolled students, and gender may affect this selection margin
differently in different countries P. If female students who reach the examination stage are
positively selected on ability relative to male students—because weaker female students have been
screened out by dropout earlie—then the observed performance gap may actually understate the

total gender STEM disadvantage across the full population of enrolled students.

6. Policy Implications

The empirical findings of this study generate a set of evidence-grounded policy recommendations
that are calibrated to the institutional constraints and contextual heterogeneity of SSA secondary
education systems. The recommendations are structured to address both the explained endowment

component and the structurally unexplained component of the gender STEM gap.

6.1 Accelerate Recruitment and Deployment of Female STEM Teachers

The most robust and policy-actionable finding of this study is the positive effect of female STEM
teacher representation on both female STEM enrolment probability and female STEM performance.
This finding provides quantitative justification for governments and education ministries to set
explicit, time-bound gender-parity targets in STEM teacher recruitment, with particular emphasis on
deploying female STEM teachers to rural and under-resourced schools where the gender enrolment
gap is widest 4, B3I, Practical modalities include: bursary schemes for female students in STEM

teacher education programmes; rural deployment incentives (salary supplements, housing,
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professional development access) that make rural postings attractive; and mentoring pipelines that
connect female STEM undergraduates with secondary school outreach roles. The estimated effect
size—an increase of 2.14% of a SD in female STEM scores for each 10 percentage point increase in
female teacher share—is modest but compounding, and represents a scalable, institutionally feasible

intervention with co-benefits for reducing the broader gender pay gap in the teaching profession.

6.2 Gender-Responsive Curriculum Reform and Pedagogical Transformation

The 61.4% unexplained component in the Oaxaca-Blinder decomposition implicates curriculum
design and classroom practice as major structural sources of the gender performance gap. National
curriculum development bodies should undertake systematic gender audits of STEM textbooks,
examination question banks, and instructional materials to identify and eliminate male-normative
exemplars, gender-stereotyped career references, and inaccessible contextualisation strategies 125
Concurrently, pre-service and in-service teacher training programmes should integrate gender-
responsive pedagogy modules that equip STEM teachers with evidence-based strategies for creating
inclusive classroom environments, providing equitable formative feedback, and actively countering
stereotype threat through growth mindset interventions ©., Classroom practices that assign
collaborative scientific investigation roles without gender hierarchy, and examination designs that
incorporate diverse contextualisation, have demonstrated effects on reducing stereotype threat and its

performance consequences .

6.3 Targeted Conditional Cash Transfers for Girls in STEM Streams

The 14.1% contribution of household wealth differences to the total gender performance gap, and the
consistent positive effect of wealth quintile on STEM enrolment probability (AME = +3.2 pp per
quintile), provide econometric justification for extending means-tested conditional cash transfer
programmes specifically to girls enrolled in STEM tracks at the upper secondary level. While
existing CCT programmes in the region typically condition transfers on school attendance without
subject-level specificity, STEM-conditioned transfers would directly address the opportunity cost
dimension of female STEM participation for poor households ©#, “i Programme design should
incorporate: a subject-level conditionality requiring enrolment in at least two core STEM subjects;
performance incentives tied to examination grade thresholds; and parental information sessions to

shift household-level beliefs about the economic returns to female STEM education. Evidence from
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Latin American CCT programmes—the regional benchmark—suggests that combining financial
transfers with information provision and community mobilisation produces larger and more

sustained effects on educational trajectories 1381, 1401,

6.4 Equitable Rural STEM Infrastructure Investment

The 6.3 percentage point urban school advantage in STEM enrolment probability, and the 10.0%
contribution of school location differences to the Oaxaca-Blinder explained component, signal an
acute infrastructure equity deficit in rural STEM education. Ministries of Education should prioritise
laboratory equipment renovation, internet connectivity provision, and digital STEM resource
libraries in rural schools, particularly those with high female enrolment 2. Regional STEM resource
centres—serving clusters of rural schools under a shared-access model—offer a cost-effective
mechanism for expanding practical science capacity beyond what individual school budgets can
support. Decentralised teacher training and laboratory technician placement in these centres would

further amplify impact.

6.5 Integrated Education Data Systems for Evidence-Based Monitoring

A cross-cutting constraint revealed by this study is the reliance on district-level household data
matching, a limitation arising from the absence of integrated administrative data systems that link
individual student records across education, social welfare, and health databases Bz, B4, SSA
governments, supported by development partners, should invest in national Education Management
Information Systems (EMIS) that capture gender-disaggregated indicators at the student level,
including subject enrolment, examination scores, teacher-student ratio, household socioeconomic
status, and scholarship programme participation. Such systems would enable real-time monitoring of
gender gap trends, more precise targeting of interventions, and rigorous quasi-experimental impact

evaluation as new policies are rolled out.

6.6 Community and Household Engagement

Given the evidence that cultural norms and household attitudes constitute a substantial portion of the
unexplained structural barrier, purely school-based interventions are unlikely to be sufficient.
Community-level gender norm change campaigns—implemented in partnership with community

leaders, religious institutions, and women's groups—have demonstrated effectiveness in shifting
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parental attitudes towards female education in comparable SSA contexts 1, ¥, Such campaigns are
most effective when they explicitly communicate the economic returns to female STEM education,
provide visible examples of locally successful female STEM professionals, and engage male

community members—fathers and male teachers—as active advocates rather than passive audiences.

7. Conclusion

This study has presented a comprehensive, multi-method econometric analysis of gender disparities
in STEM enrolment and performance in Sub-Saharan African secondary schools, drawing on a
pooled microdata set of 1,423,807 upper secondary students across Kenya, Tanzania, Uganda,
Ghana, and Nigeria over the period 2018 to 2023. The empirical results generate several findings of

both analytical and policy significance.

The gender gap in STEM enrolment is large, persistent, and only partially explained by observable
socioeconomic and institutional differences between male and female students. After controlling for
household wealth, parental education, school type, geographic location, female teacher ratio, pupil-
teacher ratio, and country and year fixed effects, female students remain 18.4 percentage points less
likely to enrol in STEM tracks than their male counterparts. Oaxaca-Blinder decomposition reveals
that only 38.6% of the 0.41 standard deviation gender performance gap in STEM examinations is
attributable to measurable endowment differences; the remaining 61.4% reflects structural
mechanisms—including stereotype threat, teacher gender biases, male-normative curricula, and
internalised self-efficacy deficits—that operate independently of observable resource disparities.
Panel fixed-effects results confirm the robustness of these estimates and additionally establish that
increases in female STEM teacher representation differentially benefit female students' examination

performance.

These findings carry profound implications for SSA's development trajectory. The demographic
opportunity that the region is positioned to capitalise on over the coming decades is contingent on
broad-based human capital accumulation that does not systematically exclude half the potential
STEM workforce. The current pace of gender gap convergence—1.2 percentage points over six
years in the pooled sample—is manifestly insufficient to achieve STEM gender parity within the
time horizon relevant to current development plans, including Agenda 2063 and the Sustainable

Development Goals. Accelerated, evidence-targeted intervention is required.
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The policy recommendations derived from this analysis—centred on female STEM teacher
deployment, gender-responsive curriculum reform, STEM-conditioned cash transfers for girls, rural
infrastructure equity, integrated education data systems, and community-level norm change—are
grounded directly in the decomposition and regression evidence. Critically, the scale of the
unexplained structural component demands that interventions extend beyond material resource
provision into the cultural and pedagogical domains, addressing the mechanisms through which

gender inequality is reproduced in classroom interactions and in students' own academic identities.

Future research should exploit quasi-experimental variation—such as staggered policy rollouts,
natural experiments created by teacher gender deployment shocks, or randomised evaluations of
gender-responsive pedagogy training—to establish sharper causal identification of the specific
mechanisms driving the gender STEM gap. Cohort panel studies that follow students longitudinally
from primary school entry through tertiary education and labour market entry would further
elucidate the pathways through which early gender socialisation accumulates into adult STEM career
differentials. Such research, integrated with the policy monitoring infrastructure recommended
above, would constitute the evidence ecosystem needed to close SSA's gender STEM gap at the pace

that the region's development imperative demands.
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