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Abstract

Existing research shows that socio-emotional skills are important determinants of major life
outcomes. However, evidence of their early role in supporting the acquisition of founda-
tional literacy and mathematics skills in LMICs remains scarce. This paper investigates
whether socio-emotional skills at school entry are associated with later literacy and mathe-
matics achievement in South Africa. Results indicate that higher socio-emotional skills at
school entry are positively associated with grade 2 literacy and mathematics scores, with
stronger associations observed in better-resourced schools and among learners with higher
cognitive skills at school entry. These findings underscore the potential value of integrating
socio-emotional learning into early education to support academic development and reduce
learning gaps in LMICs.
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1 Introduction

Millions of children in low- and middle-income countries (LMICs) fail to acquire foundational
literacy and mathematics skills in the early grades (World Bank, 2018). In South Africa, for
example, recent assessments show that the majority of children reach grade 4 without acquiring
the ability to read with understanding (Böhmer and Wills, 2023) or perform basic arithmetic
operations (Venkat and Roberts, 2022). This learning crisis has far-reaching consequences, as
early academic deficits tend to persist, widening learning gaps and limiting later educational
attainment and labour market prospects (Pritchett, 2013). Addressing these challenges requires
a better understanding of the factors that support early learning and the policies that can enhance
school readiness.

One important piece of this puzzle lies in the environments in which young children grow
up. Many South African children are exposed to material deprivation, violence, food insecu-
rity, and fractured family structures—all of which undermine their sense of safety, stability, and
emotional development (Samuels, Slemming and Balton, 2012). These early adversities can
have lasting effects on brain development and school readiness. While high-quality early child-
hood development (ECD) programmes have the potential to buffer children from these risks,
access remains limited, particularly for children from low-income households (Moses and Van
der Berg, 2023). As a result, many children enter school without the foundational cognitive and
socio-emotional skills needed to succeed academically (Giese et al., 2022). In such contexts,
socio-emotional competencies—such as the ability to manage emotions, avoid distractions, and
form supportive relationships with peers and adults—may play a crucial role in helping young
learners cope with adversity and remain engaged in learning. However, little empirical evidence
exists on whether socio-emotional skills at school entry predict later academic achievement in
South African or similar LMIC settings.

This paper addresses this gap by investigating whether socio-emotional skills at school en-
try predict early literacy and mathematics achievement in South Africa. Specifically, I ask: To
what extent do school-entry socio-emotional skills predict grade 2 academic outcomes, even af-
ter controlling for baseline cognitive skills? Understanding this relationship is crucial because
socio-emotional skills have been linked to a range of positive life outcomes, including educa-
tional attainment, employment, and well-being (Heckman and Rubinstein, 2001; Roberts et al.,
2007; Almlund et al., 2011; Danner, Lechner and Spengler, 2021). Establishing their role in
supporting foundational academic skills in LMIC contexts could inform efforts to strengthen
early learning interventions and improve long-term educational trajectories.

To examine this issue, I draw on longitudinal data from the Roots and Shoots study, which
follows a cohort of 400 South African learners from the start of grade R (equivalent to kinder-
garten) through grade 2. I estimate ordinary least squares (OLS) regressions to assess the associ-
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ation between school-entry socio-emotional skills and later academic achievement. The analysis
controls for a rich set of covariates, including baseline cognitive skills, socio-economic back-
ground, and indicators of school quality, in order to account for potential confounding factors.
While the results do not support causal inference, I conduct sensitivity analyses to assess how
robust the observed associations are to omitted variable bias.

My findings show that socio-emotional skills at school entry are positively associated with
later academic achievement: a one standard deviation (SD) increase in socio-emotional skills is
associated with a 0.20 SD increase in grade 2 mathematics achievement and a 0.14 SD increase
in literacy achievement. These magnitudes are comparable to the short-term impacts of class-
room quality improvements observed in early childhood settings (Chetty et al., 2011). They also
align with meta-analytic findings on socio-emotional learning (SEL) interventions, which report
average improvements in academic performance ranging from 0.18 to 0.46 SDs, with effects of
0.20 SDs or greater generally considered educationally meaningful (Durlak et al., 2011).

Sensitivity analysis suggests that the association with mathematics achievement is robust to
omitted variable bias under the assumption of equal selection on observables and unobservables,
whereas the association with literacy is more sensitive to potential unobserved confounding.
This pattern may indicate that socio-emotional skills are particularly important for acquiring
mathematical competencies, which often require sustained effort and comfort with problem-
solving under uncertainty. I also find suggestive evidence of heterogeneity: the associations are
stronger among boys, learners in better-quality schools, those from wealthier households, and
those with higher baseline cognitive skills.

This study contributes to the growing literature on skill formation by providing new evidence
on the role of socio-emotional skills in early academic achievement in Sub-Saharan Africa.
While previous research has documented the long-term importance of socio-emotional skills
for educational and labour market outcomes (Heckman and Kautz, 2012; Cunha et al., 2006;
Danon et al., 2024; Sorrenti et al., 2025), their influence during the early years of schooling re-
mains underexplored—particularly in LMICs (Wolf and McCoy, 2019; Zehner et al., 2024). By
highlighting the contextual factors that moderate these associations—such as school quality and
socio-economic background—this study offers actionable insights for policymakers seeking to
improve foundational learning. The findings also support the case for integrated early childhood
programs that combine socio-emotional and cognitive development, aligning with recent exper-
imental evidence from LMICs (Lopez Garcia et al., 2023; Díaz et al., 2023). Taken together,
the results underscore the potential of early investments in socio-emotional learning to narrow
educational inequalities and improve long-run outcomes (García et al., 2020).

The remainder of the paper is structured as follows. Details about the South African context
are presented in Section 2. Section 3 outlines the data and measurement of key variables, and
presents sample statistics as well as a brief discussion of sample attrition. Section 4 sets out
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the empirical framework. Section 5 presents the main results, including robustness checks and
heterogeneity analyses, and discusses potential theoretical mechanisms. Section 6 concludes
with a summary of key findings and their implications for policy and future research.

2 The South African context

Formal schooling in South Africa begins in grade 1 at age six, but nearly all government pri-
mary schools now include a preschool year—grade R—for five-year-olds (Pretorius, Rastle and
Mtsatse, 2022). Learners are typically taught in their home language from grades R to 3, after
which instruction shifts to English or Afrikaans. The academic year begins in January and is
broken up into four terms, each of which lasts roughly three months.

Many South African children grow up in contexts marked by poverty, violence, food inse-
curity, and fractured family structures (Samuels, Slemming and Balton, 2012). Although early
childhood development (ECD) programmes can buffer against early-life adversity, access re-
mains limited, particularly for children from low-income households (Moses and Van der Berg,
2023). Many children thus begin grade R—their first structured learning environment—without
the foundational skills needed to succeed in school (Giese et al., 2022; Richter and Samuels,
2018). While local researchers and policy makers are starting to pay attention to the cognitive
dimension of school readiness, socio-emotional skills have remained largely overlooked.

In addition, we do not know how school quality interacts with the extent to which socio-
emotional skills support early learning. This is an important question to consider in the South
African context, given sharp structural inequalities in the education system. Despite extensive
post-apartheid reforms, learners in historically black and coloured communities—still shaped
by spatial and economic exclusion—predominantly attend no-fee public schools. These schools,
which serve around 80% of learners, remain under-resourced, with large class sizes, inadequate
materials, and poor infrastructure (Spaull and Taylor, 2022). In contrast, fee-paying schools—
often formerly white schools—offer significantly better learning environments and attract more
affluent learners. Outcomes diverge sharply: in 2021, 90% of children in no-fee schools could
not read with comprehension by grade 4, compared to just 10% in fee-paying schools (Böhmer
and Wills, 2023). As a result, school fee status serves as a useful and policy-relevant proxy
for school quality in South Africa (Yamauchi, 2011), and is used in this study to control for
differences in school quality across learning environments.
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3 Data

This section presents the data used in the study. First, I detail the study design and sample
selection, then I discuss the data collection instruments, and close with summary statistics and
a brief discussion about attrition.

3.1 Study design and sample selection

This study uses data from the Roots and Shoots project, a longitudinal study designed to examine
how socio-economic and linguistic inequalities in school readiness contribute to South Africa’s
persistent learning disparities (Hofmeyr, Ardington and Spaull, 2022). The study follows a co-
hort of children from the start of grade R (kindergarten) in 2022 (wave 1) to the third term of
grade 2 in 2024 (wave 3), across 75 primary schools in the Western Cape province. A total of
556 children were assessed at baseline, and 400 learners (72%) were successfully followed up
in wave 3 with complete data on all outcome and control variables.

The sample includes schools in five education districts in and around Cape Town,1 covering
both urban and peri-urban areas. The majority of schools (73%) serve historically disadvantaged
communities and do not charge school fees. Since the Roots and Shoots project sought to in-
vestigate socio-economic disparities in school readiness, the sample also includes fee-charging
schools which are mostly located in suburban areas. Fifty schools are Afrikaans-medium and
twenty-five are isiXhosa-medium, reflecting two of the largest language groups in the province.
Although the sample is not nationally or provincially representative, it captures meaningful vari-
ation in socio-economic status (SES), school quality, linguistic background, and learner perfor-
mance in the early grades.

Roots and Shoots was embedded in a broader impact evaluation of a literacy intervention im-
plemented by the NGO Funda Wande. As co-principal investigator on that evaluation, I worked
with a team of researchers to collect learner data in grades 1 and 3. To investigate questions of
school readiness, I jointly initiated an extension of the study to assess grade R learners in the
same schools. The final sample includes learners from both treatment and control schools in the
original evaluation, as well as additional isiXhosa-medium schools selected to broaden linguistic
representation.2 Figure 1 presents a Venn diagram illustrating the overlap between schools in-
cluded in the Roots and Shoots study and those participating in the Funda Wande evaluation. 50

1 The districts are Metro Central, Metro East, Metro North, Metro South and Cape Winelands.
2 Afrikaans schools were selected from the 100 schools in the Funda Wande evaluation, with 25 treatment and

25 matched control schools drawn from districts closest to Cape Town. Stratification by district and fee status
guided selection. isiXhosa schools were drawn from the same districts but stratified by performance quintile
using systemic test scores. See the Appendix for full sampling details.
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Afrikaans schools are part of both studies, while the remaining 50 Afrikaans schools are unique
to the Funda Wande evaluation and the 25 isiXhosa schools are unique to Roots and Shoots.

Within each school, one grade R class was randomly selected, and eight learners per class
were randomly sampled, yielding a planned sample of 600 learners. Due to caregiver with-
drawal (N = 11) and unsuitable testing conditions on the day of the assessment3 (N = 33), the
final baseline sample consisted of 556 learners. Children were assessed in their home language
(Afrikaans or isiXhosa) by trained enumerators using standardized assessments. Demographic
information was collected through learner interviews and school records. Of the original sample,
410 learners were assessed again in wave 3 (73.7%). I restrict the analysis to the 400 learners
with complete data on all variables used in the analysis.

Figure 1: Overlap between schools in the Funda Wande evaluation and Roots and Shoots study

Notes: This Venn diagram illustrates the overlap in school samples between the Funda Wande evaluation and the
Roots & Shoots (R&S) study. The Funda Wande evaluation includes 100 Afrikaans-speaking schools, of which
50 also participated in the Roots & Shoots study. The Roots & Shoots sample comprises 75 schools in total:
50 Afrikaans-speaking schools that overlap with the Funda Wande study, and an additional 25 isiXhosa-speaking
schools that are unique to Roots & Shoots. Data for both studies was collected concurrently.

3.2 Survey instruments

3.2.1 School-entry cognitive and socio-emotional skills

School readiness in wave 1 was assessed using the Early Learning Outcomes Measure (ELOM)
4&5. ELOM 4&5 is a locally developed tool (Dawes et al., 2016) that makes use of one-on-

3 Conditions were deemed unfavourable if the assessor could not find a quiet space to assess the learner one-on-
one, or the assessment could not continue due to interruptions.
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one direct observation on a number of tasks administered by a trained enumerator to assess
development in five domains of school readiness, namely gross motor development, fine motor
coordination and visual integration, cognition and executive function, emergent numeracy and
mathematics, and emergent literacy and language. I make use of scores on the latter three do-
mains as my measure of school-entry cognitive skills, that is, cognition and executive function,
emergent numeracy and mathematics, and emergent literacy and language. I calculate a single
school-entry cognitive skills score for each learner by converting scores on each of the three
domains into percentages (by dividing the number of correct items by the total number of items
making up that domain), and then calculating an unweighted average across the three domains.
Scores are standardised to have a mean of zero and an SD of one.

Socio-emotional skills were measured in wave 1 using the ELOM Social and Emotional
Functioning scale (Dawes et al., 2016). This scale, administered to teachers, is intended to
capture two elements of students’ social and emotional development, namely Social Relations
with Peers and Adults and their Emotional Readiness for School. For the Social Relations with
Peers and Adults subscale, teachers were asked to rate students on six items according to how
often the student exhibited certain behaviours (“None of the time”, “A little of the time”, “Most
of the time” and “All of the time”). The items making up the Social Relations scale were drawn
from the Child Trends Teacher Rating (Child Trends, 2014) and the California Desired Results
Developmental Profile (California Department of Education, 2008, 2010). For the Emotional
Readiness for School subscale, teachers rated students according to six statements (with options
“Not true”, “Sometimes true” and “Often true”). These items were selected from the South
African Child Assessment Scales (SACAS) which is based on the Achenbach Child Behaviour
Checklist (Barbarin and Richter, 2001). The items comprising these two scales can be found in
the Appendix. Responses to the 12 items in the ELOM Social and Emotional Functioning Rating
Scale were combined by computing the sum of answers on each domain,4 and then calculating
a weighted average5 of scores across the two domains. Scores were standardised to have a mean
of zero and SD of one.

3.2.2 Achievement in literacy and mathematics

Literacy skills were assessed one-on-one by enumerators using the Early Grade Reading Assess-
ment (EGRA). The tool was developed by Research Triangle International (RTI) and adapted
for use in Afrikaans (Ardington, Mohohlwane and Barends, 2022) and isiXhosa (Ardington et

4 For the Social Relations with Peers and Adults subscale, a response of “None of the time” was coded as 0, “A
little of the time” was coded as 1, “Most of the time” was coded as 2 and “All of the time” was coded as 3. For
the Emotional Readiness for School subscale, “Not true” was coded as 0, “Sometimes true” was coded as 1 and
“Often true” was coded as 2.

5 Such that scores on each subscale contributed equally to the total score.
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al., 2020) by local experts. The adapted EGRA contained seven tasks that tests learners in letter-
sound recognition, phonemic awareness, syllable reading, word reading, passage reading (oral
reading fluency), reading comprehension and listening comprehension. Mathematics skills were
assessed in a group setting using the written Early Grade Mathematics Assessment (EGMA),
also developed by RTI and translated into Afrikaans and isiXhosa by local experts. The EGMA
contained seven tasks that tested number concept, addition and subtraction of single-digit and
double-digit numbers, pattern recognition and word sums. As was the case with literacy, each
task consisted of a number of items. For example, learners were given 20 single-digit subtraction
sums and five word sums. To construct overall scores for literacy and mathematics, I followed
a three-step procedure. First, I standardized learner scores on each task. I then averaged the
standardized task scores to obtain a composite score for each subject. Finally, I standardized the
composite scores to facilitate interpretation and comparability. This approach ensures that each
subtask contributes equally to the final subject score, regardless of its original scale. Figure 2
presents a timeline for the data collection activities of the Roots and Shoots study.

Figure 2: Longitudinal data collection timeline: Roots and Shoots study

Notes: This figure shows the three waves of data collection for the Roots & Shoots study. Wave 1 took place in Term
1 of grade R in 2022 and included 556 learners assessed using the ELOM 4&5 instrument. Wave 2 was conducted
in Term 1 of grade 1 in 2023, with 440 learners assessed using the ELOM 6&7 instrument. Wave 3 took place in
Term 3 of grade 2 in 2024, with 400 learners assessed using the Early Grade Reading Assessment (EGRA) and
Early Grade Mathematics Assessment (EGMA). The timeline reflects the longitudinal tracking of learners across
these three time points.
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3.2.3 Learner and school characteristics

In addition to cognitive skills measured at school entry, several learner and school characteris-
tics were collected for use in the analysis. Learners’ age and gender were obtained from school
records in wave 1 and confirmed by enumerators during the child assessments. Learners’ grade
level in wave 3 was similarly obtained from school records and verified during assessments.
Socio-economic status (SES) is captured through two indicators: an asset index score and a bi-
nary indicator of household social grant receipt. Asset index scores were constructed using prin-
cipal component analysis (PCA) based on learners’ responses to questions about 13 household
assets6 during the wave 3 assessments, with pictures used to aid comprehension. Information
on household social grant receipt was collected from teachers. School fee status (no-fee or fee-
paying) and the language of instruction were obtained from administrative records provided by
the Western Cape Education Department.

3.3 Summary statistics and attrition

Sample characteristics of the 400 learners who had data for both wave 1 and wave 3 are presented
in Table 1. The mean age for the sample is 5.45 years and 49% (N=195) of the sample are male.
88% of learners were in grade 2 in wave 3. By construction, the asset index has a mean value
of zero and a standard deviation of one. 55% of learners came from households that received
some kind of social grant, an indication of socio-economic disadvantage. Just over a quarter of
learners (29%, N=115) attended fee-charging schools. 33% of learners were in schools where
the language of instruction was isiXhosa. All performance variables are approximately standard
normal, with means close to zero and standard deviations near one, as expected by construction.
The range of values, however, points to meaningful differences across learners. Socio-emotional
skills at school entry show a wider left tail (min = -3.15) than cognitive skills (min = -2.55),
suggesting greater variability in children’s socio-emotional skills than cognitive skills at school
entry. Achievement in grade 2 also varies widely. Literacy and mathematics z-scores span more
than four SDs each, highlighting substantial learning inequalities by the middle of grade 2.

To assess potential attrition bias, I compare baseline characteristics of learners retained in
wave 3 to those who attrited between waves 1 and 3. Table 2 reports means and p-values for
key variables across groups. Most characteristics are balanced; however, attrited learners were
slightly younger at baseline (p = 0.040) and significantly less likely to report household so-
cial grant receipt (p = 0.000), suggesting some non-random attrition by socio-economic status.
Crucially, there are no significant differences in baseline socio-emotional skills (p = 0.649) or
cognitive skills (p = 0.266), which are the primary predictors of interest. This supports the in-

6 The assets included in the questionnaire were as follows: Cell phone, computer/tablet, electricity, refrigerator,
washing machine, television, radio, stove, bicycle, car, toilet inside the house, tap water.
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Table 1: Summary statistics

Mean SD Min Max

Learner characteristics
Age (Wave 1) 5.45 0.22 4.25 7.75
Male 48.75%
Learner is in grade 2 (Wave 3) 87.75%

Household characteristics
Asset index 0.00 1.00 −4.47 0.96
Household receives social grants 54.75%

School characteristics
School charges fees 28.75%
Language of instruction is isiXhosa 33.00%

Performance
School-entry cognitive skills (Wave 1) 0.03 1.01 −2.55 2.25
School-entry socio-emotional skills (Wave 1) −0.01 1.01 −3.15 1.64
Literacy (Wave 3) 0.00 1.00 −2.48 1.81
Mathematics (Wave 3) 0.00 1.00 −2.58 2.24

Notes: Source: Roots and Shoots. Learner age measured in years. Asset index scores are calculated using principal
components analysis (PCA) of 13 items learners indicated having in their homes. Scores are standardised to have
a mean of 0 and a standard deviation of 1. Reference categories for school characteristics are as follows: School
does not charge fees; Language of instruction is Afrikaans. Performance scores are presented as SDs.

ternal validity of the analysis, as attrition does not appear to be systematically related to key
explanatory variables.

Table 2: Balance tests between retained and attrited learners

Baseline variable Mean (retained) Mean (attrited) Difference 𝑝-value

Socio-emotional skills −0.012 0.031 −0.043 0.649
Cognitive skills 0.028 −0.078 0.105 0.266
Female 0.514 0.465 0.049 0.299
Age (years) 5.455 5.409 0.544 0.040
Social grant recipient 0.549 0.026 0.523 0.000
Afrikaans 0.668 0.606 0.062 0.170
Fee-paying school 0.287 0.252 0.035 0.407

Notes: The table shows differences between baseline characteristics of retained versus attrited learners using two-
tailed t-tests. Socio-emotional skills and cognitive skills scores are standardised to have a mean of zero and SD
of one. Results show that retained learners were significantly older and more likely to be social grant recipients,
indicating lower levels of SES.
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4 Empirical framework

To examine whether school-entry socio-emotional skills predict later academic achievement, I
estimate regressions of grade 2 literacy and mathematics scores on baseline socio-emotional
skill levels. The models control for school-entry cognitive skills, as well as a rich set of learner,
household, and school characteristics to account for observable differences that may confound
the relationship. Socio-emotional skills at school entry are shaped by early life experiences,
home environments, and individual traits, many of which are difficult to observe and may also
influence academic outcomes. While controlling for cognitive skills and other observables mit-
igates some bias, unobserved confounding remains a concern. I therefore interpret the results
as correlational, though they offer suggestive evidence on the potential role of socio-emotional
skills in shaping early learning trajectories.

To examine the effect of socio-emotional skills on foundational literacy and mathematics
skills, I estimate the following model inspired by Todd and Wolpin (2003):

𝑌𝑖𝑡 = 𝛼 + 𝛽𝑋𝑖𝑡−1 + 𝛾Z𝑖 + 𝜖𝑖 (1)

where 𝑌𝑖𝑡 represents the grade 2 literacy or mathematics score of student 𝑖, 𝑋𝑖𝑡−1 represents
student 𝑖’s socio-emotional skills score at the start of formal schooling and Z𝑖 is a vector of
controls (cognitive skills at the start of formal schooling, sex, age, social grant receipt, school
fee status, and school’s language of instruction and treatment status). The main coefficient of
interest is 𝛽. The inclusion of learners’ school-entry cognitive skills is particularly important.
Because cognitive ability is likely correlated with both socio-emotional skills and later academic
outcomes, controlling for it helps reduce omitted variable bias and better isolate the relationship
of interest.

I proceed with the OLS regression analysis in a sequential manner where I first estimate
the association between socio-emotional skills and later achievement in the absence of controls
(i.e. equation (1) without Z𝑖), and then add controls. Given the relatively limited set of controls
that relate to school quality (school fee status, language of instruction and treatment status), I
also estimate the models with school fixed effects. I employ this sequential strategy to evaluate
the stability of coefficients on socio-emotional skills and R-squared values in the absence and
presence of controls, which provides an indication of the extent to which the controls explain
the raw differences in literacy and mathematics scores of learners with different levels of socio-
emotional skills (Altonji, Elder and Taber, 2005).
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5 Results

Before proceeding to the estimation of the association between school-entry socio-emotional
skills and later literacy and mathematics achievement, I investigate the unconditional association
between these variables. Figure 3 plots the grade 2 literacy and mathematics test score associated
with each learner’s school-entry socio-emotional skills score (indicated by the blue dots). Linear
prediction is used to estimate the association between these variables, indicated by the orange
line. 95% confidence intervals around the fitted values are indicated with grey shading. The
slope of each fitted line corresponds with 𝛽 in equation (1) above, in the absence of controls (that
is, equation (1) without Z𝑖). The figure shows that both literacy and mathematics test scores in
grade 2 are highly correlated with school-entry socio-emotional skills: An SD increase in socio-
emotional skills is associated with a 0.33 SD increase in literacy scores and a 0.34 SD increase
in mathematics scores. I next proceed with the regression analysis to determine whether this
strong association holds in a multivariate context.

Figure 3: Association between socio-emotional skills and literacy and mathematics scores

Notes: The figure shows the associations between school-entry socio-emotional skills and grade 2 literacy (left
panel) and mathematics (right panel) test scores. Scores are standardised to have a mean of 0 and an SD of 1. Each
dot on the scatter plot represents the combination of school-entry socio-emotional skills score and the grade 2 test
score for each individual learner. The orange lines represent linear predictions of the association between school-
entry socio-emotional skills and grade 2 test scores. The shaded gray areas indicate 95% confidence intervals
around the fitted values.
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5.1 Main results

I now study how predictive school-entry socio-emotional skills are of early-grade literacy and
mathematics achievement. Specifically, I estimate the conditional association between school-
entry socio-emotional skills by controlling for school-entry cognitive skills and a set of additional
controls. Results from the OLS estimation are presented in Table 3. I restrict the presentation
of results to the coefficients on school-entry socio-emotional skills since this is the main effect
of interest, however coefficients on the full set of covariates are presented in Table A1 of the
Appendix. Since I used standardised variables as my measures of cognitive, socio-emotional,
literacy and mathematics skills, coefficients are presented as SDs.

The coefficients reported in the first two columns of Table 3 match the slopes of the fitted lines
in Figure 3, since Models (1) and (2) estimate the association between socio-emotional skills
and academic achievement in the absence of controls. When adding controls, these coefficients
reduce substantially, to from 0.334 to 0.141 for literacy and from 0.341 to 0.198 for mathematics.
The R-squared values also increase when adding controls, from 0.113 to 0.313 in the literacy
models and from 0.111 to 0.331 in the mathematics models. These results indicate that the
controls (particularly school-entry cognitive skills and school fee status—see Table A1 in the
Appendix) are powerful predictors of later literacy and mathematics achievement and lead to a
relatively large change in the estimated effect of school-entry socio-emotional skills. However,
it is notable that an SD increase in socio-emotional skills is still associated with a 0.141 SD
increase in literacy scores and a 0.198 SD increase in mathematics scores, even when including
controls. This is particularly noteworthy since the set of controls includes school-entry cognitive
skills, indicating that school-entry socio-emotional skills are associated with later literacy and
mathematics achievement even when conditioning on school-entry cognitive skills.

The results in Table 3 show that the estimated coefficients on socio-emotional skills increase
when school fixed effects are included: from 0.141 to 0.248 SDs for literacy and from 0.196 to
0.260 SDs for mathematics. This pattern suggests that the predictive power of socio-emotional
skills is stronger within schools than across them. One interpretation is that unobserved school-
level factors—such as average school quality—mask the within-school relationship when not
accounted for. Including school fixed effects absorbs these school-level differences, thereby
isolating variation across learners within the same school. While the inclusion of fixed effects
lowers the R-squared values (from 0.318 to 0.244 in the literacy model and from 0.335 to 0.305
in the mathematics model), this is expected, as these models no longer capture between-school
variance in achievement. Nonetheless, socio-emotional skills remain strongly predictive of later
outcomes, even when controlling for school-level heterogeneity.

To further interrogate the role of school-level heterogeneity, I next assess the extent to which
variation in academic achievement occurs between versus within schools. Following Rodriguez-
Segura and Tierney (2024), I decompose the total variance in literacy and mathematics outcomes
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into within- and between-school components using intraclass correlation coefficients (ICCs).
The ICC captures the proportion of total variance attributable to between-school differences and
is calculated as:

ICC = 𝜎2
𝐵

𝜎2
𝐵 + 𝜎2

𝑊
(2)

where 𝜎2
𝐵 denotes the variance between schools (i.e., the variance of school means), and 𝜎2

𝑊
denotes the average variance within schools. This decomposition enables me to quantify the
extent to which academic achievement is clustered at the school level. The ICCs for literacy
and mathematics are 0.22 and 0.21, respectively, indicating that only around one-fifth of the
variation in learner achievement occurs between schools, while the majority—approximately
78% to 79%—occurs within schools. This suggests that although school-level factors matter,
much of the variability in performance arises among learners attending the same school. This
finding reinforces the relevance of individual-level characteristics—including socio-emotional
skills—which are notably associated with both literacy and mathematics achievement in my
analysis.

Table 3: OLS results for the effect of school-entry socio-emotional skills on later literacy and
mathematics test scores

(1) (2) (3) (4) (5) (6)
Literacy Math Literacy Math Literacy Math

Socio-emotional skills 0.334∗∗∗ 0.341∗∗∗ 0.141∗∗ 0.198∗∗∗ 0.248∗∗∗ 0.260∗∗∗

(0.065) (0.060) (0.062) (0.055) (0.068) (0.062)
Constant 0.004 0.004 −2.688∗∗ −0.632 −0.327 0.166

(0.071) (0.072) (1.116) (0.908) (1.159) (1.095)

Controls No No Yes Yes Yes Yes
School FE No No No No Yes Yes
N 400 400 400 400 400 400
𝑅2 0.113 0.118 0.318 0.335 0.244 0.305

Notes: School-entry socio-emotional skills and grade 2 literacy and mathematics test scores are measured as stan-
dardised variables with means of 0 and standard deviations of 1. Standard errors are reported in parentheses.
Asterisks indicate statistical significance at ∗ 𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Models 3 and 4 control for
school-entry cognitive skills, student sex, age, social grant receipt, asset index scores, school fee status, language
of instruction and treatment status. Models 5 and 6 control for school-entry cognitive skills, student sex, age, social
grant receipt and asset index scores.
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5.2 Robustness checks

5.2.1 Accounting for potential attrition bias

To assess whether sample attrition between baseline and follow-up could bias the results, I re-
estimate the main models using inverse probability weighting (IPW). Although balance tests
showed no significant differences in key baseline characteristics between retained and attrited
learners, IPW adjusts for potential selection bias based on the joint distribution of observed vari-
ables, providing a more sensitive robustness check. To do so, I first estimate the probability of be-
ing retained in the sample using a logit model, regressing retention status on baseline learner and
school characteristics.7 I then calculate inverse probability weights as the reciprocal of the pre-
dicted retention probabilities. Learners who were less likely to be retained receive greater weight
in the weighted regressions. The results, reported in Table A2 in the Appendix, show that while
the coefficients on socio-emotional skills remain statistically significant after applying IPW, the
estimated magnitudes decrease notably, particularly for mathematics achievement. The coeffi-
cient on literacy achievement declines modestly from 0.14 to 0.12 SDs, while the coefficient on
mathematics achievement declines more substantially from 0.20 to 0.12 SDs. This attenuation
suggests that sample attrition was not entirely random with respect to socio-emotional skills and
later academic outcomes. After adjusting for this selection bias, however, the results still indi-
cate a positive and statistically significant association between socio-emotional skills and grade
2 achievement. This suggests that while attrition led to some upward bias in the main estimates—
particularly for mathematics achievement—the core finding that socio-emotional skills at school
entry predict later academic outcomes remains robust and statistically significant after account-
ing for observable selection associated with sample attrition.

5.2.2 Sensitivity to omitted variable bias

Beyond potential attrition bias, concerns may also arise regarding omitted variable bias within
the retained sample. That is, although the main models include many control variables that
should theoretically matter for later achievement, including school-entry cognitive skills, there
may still be unobserved characteristics of the learner/family that correlate with both socio-
emotional skills at school entry and later achievement, which would confound the estimated
effect of socio-emotional skills on later achievement. For example, parents who had dedicated
more time to activities that promoted their children’s socio-emotional development prior to
school entry were likely to have continued to dedicate time to their children’s academic achieve-
ment through helping with homework.

7 Baseline covariates used to estimate the retention model include school-entry socio-emotional and cognitive
skills, learner age, gender, socio-economic status (asset index and grant receipt), school fee status, language of
instruction and treatment status.
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I investigate the extent to which the results are sensitive to omitted variable bias by using
Oster (2019)’s method to assess the stability of the coefficients on socio-emotional skills in the
presence of unobservable selection. This method, which builds on the work of Altonji, Elder
and Taber (2005), assumes that the degree of selection on unobservables can be recovered from
the extent of selection on observables. Since the results presented in Table 3 show that the
magnitude of the coefficients on socio-emotional skills changes quite substantially when adding
controls to the regression, we know that the observed effect is at least partly driven by selection
on observables. If we assume, as Altonji, Elder and Taber (2005) argue we can, that the degree
of selection on unobservables is a function of the degree of selection on observables, then the
fact that there is observable selection implies the likely presence of unobservable selection as
well. In what follows, I conduct sensitivity analysis to assess how robust my results are to such
omitted variable bias.

Oster (2019)’s method requires making assumptions about: (i) the relative degree of se-
lection on observables and unobservables, denoted by 𝛿, and (ii) the 𝑅2 from a hypothetical
regression of the outcome on both observed and unobserved controls, denoted by 𝑅max. If later
achievement could be fully explained by the set of controls (both observed and unobserved),
then 𝑅max = 1. However, given measurement error in both the outcome and the covariates, a
more realistic value of 𝑅max is likely to be some function of the estimated 𝑅2. Following Oster,
I assume 𝑅max = 1.3 × 𝑅2

𝑓 𝑢𝑙𝑙, where 𝑅2
𝑓 𝑢𝑙𝑙 is the R-squared from the regression including the full

set of observable controls. The rationale behind this assumption is that even if I had access to
all relevant unobserved factors, they would likely increase the explanatory power of the model,
but not to an extreme degree. Oster derives this 1.3 multiplier from an empirical analysis of
randomized controlled trials, showing that the total explainable variation in an outcome is typ-
ically no more than 30% greater than what is explained by observables alone. This assumption
strikes a balance between acknowledging the existence of omitted variables and recognizing that
a substantial portion of outcome variation is driven by idiosyncratic factors, measurement error,
or randomness, which no set of controls can fully capture.

The bias-adjusted estimate is calculated using the following formula:

̂𝛽∗ = ̂𝛽𝑓 𝑢𝑙𝑙 − 𝛿 ⋅ ( ̂𝛽𝑓 𝑢𝑙𝑙 − ̂𝛽𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑) ⋅
𝑅max − 𝑅2

𝑓 𝑢𝑙𝑙
𝑅2

𝑓 𝑢𝑙𝑙 − 𝑅2
𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑

(3)

where ̂𝛽𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑 and 𝑅2
𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑 are obtained from a regression without controls (Models 1 and

2 in Table 3 above), and ̂𝛽𝑓 𝑢𝑙𝑙 and 𝑅2
𝑓 𝑢𝑙𝑙 come from a regression with the full set of controls

(Models 3-6 in Table 3). The parameter 𝛿 captures the assumed relative strength of selection on
unobservables compared to selection on observables.

I estimate bounds on the coefficient of interest for different values of 𝛿. I focus on 𝛿 = 0,
which corresponds to the original OLS estimates (assuming no selection on unobservables), and
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𝛿 = 1, which assumes that unobservables are as strongly correlated with the outcome as the
observables. Results are presented in Table 4.

The results show that under these assumptions, the lower bound of the estimated effect of
socio-emotional skills on mathematics achievement (reported in the third column of Table 4)
remains positive, suggesting that the result is robust to omitted variable bias. In contrast, the
lower bound of the effect on literacy achievement becomes negative in the model that includes
school fixed effects, indicating that—under the assumption that selection on unobservables is as
strong as on observables—the association between socio-emotional skills and literacy could be
driven by unobserved confounders and may not be robust. In other words, the positive association
observed in the baseline models could plausibly be explained away by omitted variables that are
similarly predictive as the included controls.

Since the regressions include a rich set of covariates—including school-entry cognitive
skills, language of instruction, SES, and school quality—it may be unlikely that unobservables
would explain substantially more variation in literacy achievement than the observed controls,
or exert stronger effects. Nonetheless, the sensitivity of the literacy result suggests that this
association should be interpreted with caution. The more robust findings for mathematics
achievement provide greater confidence that socio-emotional skills play a meaningful role in
supporting early mathematics development, even in the presence of potential omitted variable
bias.

Table 4: Estimated bounds of coefficients on socio-emotional skills in the presence of omitted
variable bias

Coefficient on socio-emotional skills Bounds School FE

Literacy 0.141 (0.062) [0.037; 0.141] No
Math 0.198 (0.055) [0.115; 0.198] No
Literacy 0.248 (0.067) [−0.093; 0.248] Yes
Math 0.260 (0.060) [0.158; 0.260] Yes

Notes: This table shows the results of estimating bounds (Oster, 2019) of the coefficients on socio-emotional skills
obtained in the main analysis (shown in the second column). Standard errors calculated at the school level are
reported in parentheses. The bounds are calculated at 𝑅max = 1.3𝑅2 and 𝛿 = 0 (corresponding with the origi-
nal estimates) and 𝛿 = 1 as the lower bound, which corresponds with the assumption of equal selection between
observed and unobserved variables, as suggested by Oster (2019). The results show that the models predicting math-
ematics achievement are robust to selection on unobservables, whereas the models predicting literacy achievement
are not.

5.3 Heterogeneous effects

The results presented thus far have assumed that school-entry socio-emotional skills have the
same conditional association with later literacy and mathematics achievement for all learners.
However, there is reason to believe the association between socio-emotional skills and academic

16



AFEP Working Paper Hofmeyr (2025)

achievement may differ along a number of dimensions, such as gender, school quality, learner
SES and levels of cognitive skills at school entry. To investigate this question, I estimate equation
(1) separately for boys and girls, learners in no-fee and fee-paying schools, those in the bottom
and top half of the SES distribution, and those in the bottom, middle and top terciles of cognitive
skills scores at school entry. The results point to significant differences in the magnitude of the
association between socio-emotional skills and later achievement along all of the dimensions
considered. These results are discussed in more detail below.

5.3.1 Gender

Other studies that make use of longitudinal data to estimate the effect of socio-emotional skills
on academic achievement find evidence of heterogeneous effects by gender (Duncan et al., 2007;
Li-Grining et al., 2010). This is a particularly important question in the South African context,
where girls exhibit a large and persistent educational advantage (Spaull and Makaluza, 2019).
Figure 4 shows the coefficients obtained when estimating the conditional association between
school-entry socio-emotional skills on literacy and mathematics separately for boys and girls.
The figure shows clear differences in the magnitude of the coefficients on socio-emotional skills
by gender, with a much larger coefficient estimated for boys in the case of both literacy and math-
ematics achievement. In both subjects, the coefficient on socio-emotional skills is statistically
significant for boys but not for girls. However, the absence of statistical significance among girls
may reflect limited statistical power rather than a true null effect. These findings should there-
fore be interpreted as suggestive of potential gender differences in the returns to socio-emotional
skills.

5.3.2 School fee status

Yeager and Walton (2011) argue that socio-emotional skills interventions are not “magic”, and
that socio-emotional skills can only support learning when adequate learning opportunities exist
within schools. Following this logic, one might expect school quality to mediate the association
between socio-emotional skills and academic achievement. This is an important question from a
policy perspective since efforts to foster socio-emotional skills will not result in improved learn-
ing outcomes if these skills do not raise achievement in low-quality schools. Using school fees
as a proxy for school quality, I investigate this question by estimating equation (1) separately for
learners in no-fee versus fee-charging schools. The estimated coefficients are shown in Figure
5. The results reveal important differences in the relationship between socio-emotional skills
and academic achievement across these school types. Among learners in fee-charging schools,
a one SD increase in school-entry socio-emotional skills is associated with a 0.23 SD increase
in grade 2 literacy scores. In contrast, the estimated effect is smaller and statistically insignifi-
cant in no-fee schools, at 0.13 SDs. This suggests that the academic returns to socio-emotional
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Figure 4: Conditional associations between school-entry socio-emotional skills and later
academic achievement, by gender

Notes: This figure shows the size of the coefficients on socio-emotional skills by gender. The lines indicate 90%
confidence intervals. Regressions control for school-entry cognitive skills, age, SES, school fee-charging status,
lanuage of instruction and treatment status. Socio-emotional skills predict later literacy and math scores for males
but not females, however the confidence intervals are large such that these differences are not statistically significant
at the 90% level. Sample size: 195 male, 205 female.

skills—at least in literacy—may be contingent on school-level factors such as teaching quality
or classroom environments, which tend to differ systematically across school types. In math-
ematics, however, socio-emotional skills are significantly associated with achievement in both
no-fee and fee-charging schools. This more consistent relationship may reflect the nature of
early mathematics learning, which may be more directly influenced by behavioural and atten-
tional capacities.

5.3.3 Socio-economic status

Related to the issue of whether school quality affects the productivity of socio-emotional skills
in supporting the acquisition of foundational literacy and mathematics skills is whether the pro-
ductivity of these skills differs by learner SES. By the same logic laid out by Yeager and Walton
(2011), learners from more disadvantaged backgrounds may experience smaller returns to their
socio-emotional skills if they face fewer opportunities to leverage these skills to support learning
at home. To investigate this possibility, I split the sample into two groups of SES8 and estimate
equation (1) separately for each group. The resultant coefficients are shown in Figure 6, and

8 SES is measured as composite scores on the asset index, obtained by applying principal components analysis
(PCA) to 13 assets learners indicated having in their homes.
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Figure 5: Conditional associations between school-entry socio-emotional skills and later
academic achievement, by school fee status

Notes: This figure shows the size of the coefficients on socio-emotional skills by school fee status. The lines indicate
90% confidence intervals. Regressions control for school-entry cognitive skills, age, gender, SES, language of
instruction and treatment status. The coefficient on socio-emotional skills is larger among learners in fee-charging
schools in the case of both later literacy and mathematics achievement, however the confidence intervals are large
such that these differences are not statistically significant at the 90% level. Sample size: 285 no-fee; 115 fee-
charging.

provide suggestive evidence in support of Yeager and Walton (2011)’s hypothesis, with larger
coefficients on socio-emotional skills estimated for learners in the top half of the SES distribu-
tion. It is noteworthy that the coefficients on socio-emotional skills are statistically significant
for learners in both the lower and upper halves of the socio-economic status distribution. This
indicates that socio-emotional skills are associated with academic achievement across the so-
cioeconomic spectrum and may be particularly relevant for promoting educational equity, given
their positive association with achievement among learners from less advantaged backgrounds.

5.3.4 School-entry cognitive skills

Given the scaffolding nature of cognitive skills, it could be that learners who start school at an
advantage in terms of cognitive skills may experience higher returns to socio-emotional skills as
the progress through the early grades and acquire foundational literacy and mathematics skills
(Pollack et al., 2021). Estimating equation (1) separately for learners with different levels of
cognitive skills at the start of formal schooling provides evidence in support of this hypothesis,
as shown in Figure 7: In the case of both literacy and mathematics achievement, the estimated
coefficient on socio-emotional skills is not only much smaller for learners in the bottom tercile
of baseline cognitive skills, but this association is not statistically significant for these learners.
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Figure 6: Conditional associations between school-entry socio-emotional skills and later
academic achievement, by SES

Notes: This figure shows the size of the coefficients on socio-emotional skills by SES. The lines indicate 90%
confidence intervals. Regressions control for school-entry cognitive skills, age, gender, school-fee status, language
of instruction and treatment status. While the estimated coefficients for both literacy and mathematics are slightly
larger among learners in the top half of the SES distribution, these skills also significantly predict academic achieve-
ment among learners in the bottom half of the SES distribution. Sample size: 200 bottom half, 200 top half.

By contrast, the coefficient on socio-emotional skills is large and highly significant among learn-
ers in the middle and top terciles of baseline cognitive skills. As with earlier findings, limited
statistical power warrants a cautious interpretation of this result. The results are nevertheless
suggestive that the returns to socio-emotional skills are larger for learners who enter school with
stronger cognitive foundations.

5.4 Theoretical mechanisms

There are several plausible mechanisms through which school-entry socio-emotional skills may
influence later literacy and mathematics achievement. First, there is evidence that children with
better socio-emotional skills form stronger relationships with their teachers (Birch and Ladd,
1998), leading to more individualized support and encouragement (Graziano et al., 2007). Sec-
ond, socio-emotional skills help children form supportive relationships with their peers, which
also contribute to a more supportive learning environment (Wang et al., 2019). Lastly, children
with stronger socio-emotional skills are better able to avoid distractions and persist in challeng-
ing tasks (Sorrenti et al., 2025). While these mechanisms provide valuable theoretical explana-
tions for the observed relationship between early socio-emotional skills and later achievement,
my data do not allow me to directly test these pathways. Future research with richer measures
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Figure 7: Conditional associations between school-entry socio-emotional skills and later
academic achievement, by school-entry cognitive skills

Notes: This figure shows the size of the coefficients on socio-emotional skills by tercile of cognitive skills at school
entry. The lines indicate 90% confidence intervals. Regressions control for age, gender, SES, school-fee status,
language of instruction and treatment status. The coefficients on socio-emotional skills are much larger for learners
in the middle and top terciles of school-entry cognitive skills, suggesting that a certain level of cognitive skills
is required for socio-emotional skills to be able to support the acquisition of academic skills in the early grades.
Sample size: 134 bottom tercile, 133 middle tercile, 133 top tercile.

of classroom behavior and teacher-student interactions would be needed to empirically validate
these mechanisms.
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6 Conclusion

This study contributes to the growing literature on the role of socio-emotional skills in early
learning by investigating their association with academic achievement in a longitudinal sample
of South African learners. The results show that socio-emotional skills measured at school entry
are positively associated with grade 2 literacy and mathematics achievement, even after control-
ling for baseline cognitive skills and a number of other factors. Sensitivity analysis suggests that
the association between socio-emotional skills and mathematics achievement is robust to omit-
ted variable bias under the assumption of equal selection on observables and unobservables.
However, the corresponding association with literacy achievement is more sensitive to potential
bias from unobserved confounders and should be interpreted with greater caution.

Heterogeneity analysis reveals important differences in the strength of the association
across subgroups. The results suggest that socio-emotional skills are more predictive of later
achievement for boys than girls, particularly in literacy, and for learners in better-resourced
schools. Socio-emotional skills are also more strongly associated with achievement among
learners from higher socio-economic backgrounds and those with higher baseline cognitive
skills. These patterns indicate that the extent to which socio-emotional skills support academic
development may depend on the learning opportunities available to children both at home and
at school. Nonetheless, socio-emotional skills are significantly associated with achievement
across the socio-economic distribution, underscoring their relevance for learners from diverse
backgrounds.

These findings have implications for both policy and research. They provide empirical moti-
vation for integrating socio-emotional learning into interventions aimed at strengthening founda-
tional literacy and numeracy, as has been done in other contexts (Jones, Brown and Aber, 2011;
McCormick et al., 2021). Enhancing the socio-emotional climate of classrooms may also gen-
erate positive peer spillovers (McCormick et al., 2015) and support broader efforts to improve
school quality.

Future research should examine the generalisability of these findings in larger and more di-
verse samples, ideally using experimental or quasi-experimental designs to better identify causal
effects. While emerging evidence from high-income settings points to the long-term importance
of socio-emotional skills for life outcomes, robust causal evidence from LMICs remains lim-
ited. A deeper understanding of how these skills interact with unequal educational opportunities
across childhood and adolescence is essential for informing policies that promote more equitable
learning and life trajectories.
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Appendix A: Sampling details

A.1 Afrikaans-medium schools

The 50 Afrikaans-medium schools in the Roots and Shoots study were drawn from the sam-
ple used in the Funda Wande impact evaluation, conducted in collaboration with the Western
Cape Education Department (WCED). For the evaluation, 50 treatment schools were selected
by WCED based on criteria such as the presence of effective school management and the need
to improve performance (Ardington, 2022). These schools were matched to comparable control
schools using administrative data on systemic test scores, fee status, and geographic location.

Of the 100 schools included in the evaluation, 50 (25 treatment and 25 control) located in the
five education districts closest to Cape Town—Metro Central, Metro East, Metro North, Metro
South, and Cape Winelands—were selected for participation in Roots and Shoots. To minimise
fieldwork costs, selection was restricted to these districts. Schools were stratified by district
(with Metro Central, Metro East, and Metro South combined into one stratum due to the low
number of Afrikaans-medium schools) and by fee status (no-fee vs. fee-paying), resulting in six
strata. Within each stratum, four treatment schools were randomly selected, and one additional
school was selected from Cape Winelands to obtain a total of 25 treatment schools. These were
then matched to 25 control schools based on systemic test performance to produce the final
sample of 50 Afrikaans-medium schools. The Funda Wande evaluation report shows that the
matching process resulted in treatment and control schools that were highly similar on a range of
baseline characteristics at the school, teacher, and learner levels, with no statistically significant
differences except for a few teacher-level variables (Ardington, 2022).

A.2 isiXhosa-medium schools

The 25 isiXhosa-medium schools were selected from the WCED’s list of public schools located
in Metro East, Metro Central, Metro North, and Metro South districts. All isiXhosa-medium
schools in these districts are no-fee schools, so stratification was based on district and academic
performance. Using systemic test results, schools within each district were divided into perfor-
mance quintiles. In Metro Central, Metro North, and Metro South, one school from each quintile
was selected. In Metro East, which has a larger number of schools, two schools per performance
quintile were selected. This resulted in a total sample of 25 isiXhosa-medium schools that reflect
a range of performance levels.

A.3 Learner-level sampling

Within each school, one Grade R class was randomly selected for participation. Eight children
per class were randomly selected for assessment, yielding a planned sample of 600 learners. Due
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to caregiver withdrawal of consent (N = 11) and unsuitable testing conditions (N = 33), the final
realised sample at baseline consisted of 556 learners.
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Appendix B: Items making up the ELOM Social and Emotional Function-
ing Scale

B.1 Social relations with peers and adults

• Does this child work well with peers (can wait for their turn/manage impulsivity)?

• Does the child resolve problems with peers without becoming aggressive?

• Does the child cooperate with peers without prompting?

• Does the child seek out assistance or support from familiar about events or experiences
that are interesting to the child?

• Does the child take initiative in creating cooperative activities with a familiar adult?

• Does the child take initiative in creating cooperative activities with a familiar adult?

B.2 Emotional readiness for school

• Is it easy to understand what child is saying?

• Does child express needs and feelings appropriately?

• Is child independent, does child like to do things without help?

• Does child adjust well to changes in the classroom or home routine?

• Does child approach new experiences confidently, without fear?

• Is child a self-starter?
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Appendix C: Additional tables

Table A1: OLS results for the effect of school-entry socio-emotional skills on later literacy
and mathematics test scores

(1) (2) (3) (4) (5) (6)
Literacy Math Literacy Math Literacy Math

Socio-emotional skills 0.334∗∗∗ 0.341∗∗∗ 0.141∗∗ 0.198∗∗∗ 0.248∗∗∗ 0.260∗∗∗

(0.065) (0.060) (0.062) (0.055) (0.068) (0.062)
Cognitive skills 0.381∗∗∗ 0.406∗∗∗ 0.275∗∗∗ 0.373∗∗∗

(0.055) (0.053) (0.060) (0.055)
Female 0.187∗∗ −0.116 0.136 −0.142∗

(0.080) (0.072) (0.085) (0.074)
Age 0.024 0.004 0.004 −0.001

(0.017) (0.015) (0.018) (0.017)
Social grant receipt −0.009 −0.008 −0.023 −0.031

(0.092) (0.089) (0.109) (0.106)
Asset index 0.047 0.044 −0.038 −0.050

(0.046) (0.050) (0.056) (0.050)
Language of instruction 0.372∗∗∗ −0.016

(0.133) (0.141)
Fee-charging school 0.378∗∗∗ 0.361∗∗

(0.123) (0.140)
Treatment 0.184 −0.091

(0.132) (0.133)
Constant 0.004 0.004 −2.688∗∗ −0.632 −0.327 0.166

(0.071) (0.072) (1.116) (0.908) (1.159) (1.095)

School FE No No No No Yes Yes
N 400 400 400 400 400 400
𝑅2 0.113 0.118 0.318 0.335 0.244 0.305

Notes: Standard errors in parentheses. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.
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Table A2: Inverse Probability Weighted Estimates of the Association Between School-Entry
Socio-Emotional Skills and Grade 2 Academic Achievement

(1) (2)
Literacy Math

Socio-emotional skills 0.115∗ 0.115∗∗∗

(0.066) (0.039)
Cognitive skills 0.398∗∗∗ 0.283∗∗∗

(0.056) (0.040)
Female 0.163∗∗ −0.103∗

(0.079) (0.055)
Age 0.031 −0.001

(0.020) (0.011)
Social grant receipt −0.010 −0.027

(0.097) (0.060)
Asset index 0.017 0.025

(0.050) (0.037)
Language of instruction 0.466∗∗∗ −0.005

(0.145) (0.112)
Fee-charging school 0.439∗∗∗ 0.272∗∗

(0.129) (0.105)
Treatment 0.245∗ −0.066

(0.139) (0.097)
Constant −3.419∗∗ 0.331

(1.316) (0.650)

N 400 401
𝑅2 0.331 0.315

Notes: Standard errors in parentheses. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 <
0.01.
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