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Abstract

Socio-economically disadvantaged students who nonetheless reach solid proficiency in mathematics
and science (“STEM-resilient” students) show that disadvantage does not preclude STEM success, and
identifying the factors that accompany such resilience is a policy priority. Machine learning studies of
international large-scale assessment data have begun to address related questions, but existing work
pools students without respecting the assessments’ complex survey design, evaluates models only on
in-distribution splits, applies a single outcome definition, and has not yet examined whether models err
evenly across student groups. Guided by an ecological, contextually situated account of academic
resilience, this study used PISA 2022 data from 143,573 disadvantaged adolescents (weighted bottom
socio-economic quartile within each of 79 systems) to predict STEM resilience, defined as proficiency
Level 3 or above in both mathematics and science, treating all ten plausible values as multiple
imputations, weighting estimation and evaluation, and grouping cross-validation by school. STEM
resilience characterized 12.5% of disadvantaged students internationally (population-weighted; SE =
0.3%), with system rates ranging from below 0.1% to 62%. A gradient-boosting model predicted
resilience accurately and with excellent calibration (AUC = 0.912; 95% cluster-bootstrap Cl 0.909-0.914;
PR-AUC = 0.688; slope = 0.996), against 0.862 for logistic regression and 0.801 for a system-base-rate-
only baseline. Mathematics self-efficacy was the strongest predictor, and rankings were nearly invariant
across plausible values (T =.90). Models transported imperfectly to unseen systems (median held-out
AUC = 0.847), and system-specific factor hierarchies diverged from the pooled hierarchy (median 1 =.30)
beyond a sampling-noise benchmark (t = .45), although self-efficacy ranked first under every outcome
definition. At a prevalence-matched threshold, the model detected resilient girls (59.4% vs 65.6%) and
rural students (53.9% vs 66.1%) less often than their counterparts; an attribute-blind refit removed the
gender gap but not the rural gap. Ignoring weights or clustering changed results little; changing the
outcome definition changed them most. Protective factors associated with STEM resilience are only
partly universal, and single-threshold screening uses would overlook resilient girls and rural students.
The study offers a design-consistent, transport-tested, fairness-audited template for machine learning
with international assessment data.

Introduction

The association between students’ socio-economic background and their performance in mathematics
and science is among the most consistently replicated findings in education research (OECD, 2023b; X.
Wang et al., 2023). Because competence in these domains anchors access to science, technology,
engineering, and mathematics (STEM) study and careers, socio-economic gaps in mathematics and
science proficiency at age 15 foreshadow unequal participation in the STEM pathways that societies
increasingly depend on (Caspi & Gorsky, 2024; Sevilla et al., 2023; Vooren et al., 2022; Zhao & Perez-
Felkner, 2022). Yet the association is far from deterministic. In every education system that participates
in the Programme for International Student Assessment (PISA), some students from the least
advantaged quarter of households nonetheless perform at levels that prepare them for continued STEM
learning. The Organisation for Economic Co-operation and Development (OECD) calls such students
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academically resilient and treats their prevalence as a key equity indicator (OECD, 2011, 2023b).
Understanding what accompanies this “beating the odds” is a question of clear policy relevance for
STEM education: unlike socio-economic origin itself, several of the factors implicated (self-efficacy,
anxiety, engagement, school climate, instructional exposure) are at least partly malleable (Agasisti et al.,
2021; Garcia-Crespo et al.,, 2021; H. Huang et al., 2026).

Two research streams motivate the present study. The first is the rapidly growing application of machine
learning (ML) to international large-scale assessments (ILSAs). ML methods accommodate many
correlated predictors and nonlinear, interactive relationships, and, coupled with explainable-Al tools such
as Shapley additive explanations (SHAP), they can rank large candidate sets of factors by their
contribution to predictions (Gabriel et al., 2018; Gamazo & Martinez-Abad, 2020; Lezhnina & Kismihok,
2022; Masci et al., 2018; Yoo, 2018; F. Wang et al., 2026). Within STEM education specifically, this
approach has been used to identify determinants of science achievement across 53 systems (J. Hu et
al., 2022), of reading and mathematics proficiency in single systems (Bernardo et al., 2021; Y. Huang et
al., 2024; H. Liu et al., 2022), and of anxiety-related predictors via ML variable selection (Immekus et al.,
2022), and, at the largest scale, of a binary “STEM competency” outcome among 522,802 adolescents in
PISA 2022 (J. Liu et al., 2026). A smaller strand has turned ML toward academic resilience: random
forests with SHAP applied to mathematics resilience in the pooled PISA 2022 data (Cheung et al., 2024),
support vector machines for digital-reading resilience in seven Asian economies (Zheng et al., 2024),
analyses within single systems (Jin et al., 2022), and a regional explainable-ML preprint comparing
resilience definitions across nine Latin American countries (Delprato & Sandoval-Hernéndez, 2025).

The second stream is a longer, mostly regression-based literature on academic resilience itself. This
work has established that resilience prevalence differs sharply across systems; that truancy, self-
efficacy, emotional stability, aspirations, and orderly, supportive school climates are recurrent correlates
(Agasisti et al., 2018, 2021; Garcia-Crespo et al., 2021; Sandoval-Herndndez & Biatowolski, 2016); and,
critically, that conclusions can shift with the operational definition of resilience adopted, of which the
literature contains dozens (Rudd et al., 2021; Ye et al., 2021).

Reading these streams together exposes four unresolved problems that this study addresses.

First, a design problem. ILSAs are not simple random samples: PISA uses two-stage stratified sampling
with final student weights, balanced repeated replication (BRR) weights for variance estimation, and ten
plausible values (PVs) that represent proficiency as a posterior distribution rather than a point score
(OECD, 2009, 2024; Rutkowski et al., 2010). The ML strand has largely set this machinery aside:
averaging plausible values or using only the first, ignoring weights, and splitting students at random
across training and test sets despite school clustering (F. Wang et al., 2026). Each shortcut has known
consequences: mishandled PVs distort measurement-error propagation; unweighted analyses describe
the dataset rather than any student population; random splits allow information to leak between
schoolmates, inflating apparent accuracy. How much these shortcuts matter for a resilience
classification task is, to date, unquantified.
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Second, a generalizability problem. Pooled multi-country models are routinely interpreted as identifying
“key determinants” writ large, yet they are validated only on in-distribution splits of the same pooled data
(Cheung et al., 2024; J. Liu et al.,, 2026). Whether a model trained on other systems predicts resilience in
a system it has never seen (and whether the protective-factor hierarchy it implies holds there) is a
different question, analogous to external validation in clinical prediction research (Steyerberg & Harrell,
2016). Education studies have examined model transfer across institutions and populations (Gardner et
al., 2023; Ocumpaugh et al., 2014), but no published ILSA study was located that performs out-of-system
validation of a student-level prediction model.

Third, an equity-of-errors problem. A classifier can be accurate on average while distributing its errors
unevenly: missing resilient girls more often than resilient boys, for example. Algorithmic-fairness auditing
is well developed for institutional learning analytics (Baker & Hawn, 2022; Deho et al., 2022; Gardner et
al., 2019; Kizilcec & Lee, 2022; Opoku et al., 2025; Yu et al,, 2021), but no fairness audit of any ILSA-based
prediction model was found. This omission matters for models whose implied use is equity monitoring:
students whom a resilience model fails to recognize are also those whom an equity policy relying on it
would fail to reach.

Fourth, a definition problem. ML resilience studies typically fix a single outcome definition, although
definitional sensitivity is one of the field’s most robust cautions (Rudd et al., 2021; Ye et al., 2021).
Whether the predictive hierarchy of protective factors is itself definition-dependent remains untested at
scale.

To date, no existing study addresses more than part of this space. The closest, Cheung et al. (2024),
models mathematics-only resilience in pooled PISA 2022 data with internal splits, without design-based
estimation, transport tests, fairness auditing, or definitional sensitivity; regional and single-system
studies narrow the scope further (Delprato & Sandoval-Hernandez, 2025; Jin et al., 2022; Zheng et al.,
2024); and the largest-scale STEM prediction study to date (J. Liu et al., 2026) concerns the full student
population and a sample-relative competency label rather than resilience among the disadvantaged. The
present study combines these elements: a STEM-specific resilience outcome (proficiency in both
mathematics and science) among disadvantaged students only, modeled with design-consistent ML,
validated across systems, audited for subgroup fairness, and stress-tested across outcome definitions.

Theoretical framework

Academic resilience is framed not as a trait but as an inference from two observations: exposure to
adversity and better-than-expected adaptation (Masten, 2001; Ungar, 2008). In Masten’s (2001) account,
such adaptation is “ordinary magic”: it arises when fundamental adaptive systems (self-beliefs and self-
regulation, attachment and family support, and effective schools) operate normally despite adversity.
This protective-factor view supplies the candidate predictors and, importantly, a warrant for focusing on
disadvantaged students specifically: the correlates of high performance in the full population need not
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be the factors that distinguish thriving from struggling among the disadvantaged, because protective
processes may be adversity-specific.

Where those adaptive systems sit is organized by Bronfenbrenner’s bioecological model (Bronfenbrenner
& Morris, 2006): person characteristics (gender, immigrant background, expectations, self-efficacy,
anxiety, dispositional attributes), proximal processes in microsystems (family support, teacher support,
cognitive activation, instructional exposure, disciplinary climate, bullying), and features of the
surrounding context (school resources, staffing, location, sector). The predictor set operationalizes each
layer with PISA 2022 measures, and the interpretive analyses ask which layers carry predictive weight.

Two further theoretical commitments generate the study’s distinctive questions rather than merely
organizing its variables. The first comes from social-cognitive theory: self-efficacy (belief in one’s
capability to organize and execute action) is hypothesized to be a proximal engine of persistence and
performance under adversity (Bandura, 1997), and motivational theory more broadly positions
competence beliefs as central to achievement choices (Eccles & Wigfield, 2020). If protective factors
have a universal core, domain-specific self-efficacy is its most likely occupant, and it should dominate
predictions under any defensible outcome definition. The second comes from Ungar’s (2008, 2011)
social-ecological account of resilience: protective processes are negotiated within cultural and
institutional contexts, so their relative importance should be contextually variable. This claim has rarely
been tested quantitatively at scale. This study operationalizes it as a transportability question: if
resilience processes are largely universal, a model trained on other systems should predict well in an
unseen system and imply a similar factor hierarchy there; if they are contextually contingent, transported
performance should degrade and hierarchies should diverge. Cross-system validation therefore tests a
theoretical prediction rather than serving only as a robustness check.

The present study
Within this framework, and given the four gaps above, this study asks:

RQ1 (Predictability under design consistency). How accurately can STEM resilience among
disadvantaged adolescents be predicted from student-, family-, and school-level factors when the PISA
survey design (final student weights, all ten plausible values, school clustering) is fully respected, and
how do design-naive shortcuts change the answer?

RQ2 (Protective-factor hierarchy). Which factors contribute most to model predictions of STEM
resilience, in which direction, and with what nonlinearities?

RQ3 (Transportability). To what extent do the model and the protective-factor hierarchy it implies
transport to education systems excluded from training?

RQ4 (Fairness). Are prediction errors distributed evenly across gender, immigrant background, home-
language, and urban-rural subgroups?
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The study contributes to STEM education research in three ways. Substantively, it provides a global,
design-consistent map of factors that accompany dual-domain STEM resilience among disadvantaged
adolescents, and a quantitative test, apparently the first at this scale, of the universality-versus-
contextuality of those factors across 79 systems. Methodologically, it demonstrates, and quantifies the
consequences of, a fully design-consistent ML pipeline for ILSA data, including a transport-validated
country-grouped cross-validation scheme and what is, to date, the first subgroup fairness audit of an
ILSA-based classifier. For policy and practice, it clarifies both what such models can offer (well-
calibrated risk stratification; identification of malleable correlates such as mathematics self-efficacy)
and what they cannot yet be trusted to do (transport unmodified across systems; screen subgroups
evenhandedly).

Methods
Data source and participants

This study analysed the public-use PISA 2022 database (OECD, 2023a), which contains nationally
representative samples of 15-year-old students drawn through a two-stage stratified design (schools,
then students within schools). The student questionnaire file comprises 613,744 students from 80
education systems and 21,629 schools. Figure 1 documents the construction of the analytic sample.
Costa Rica was excluded because the socio-economic index (ESCS) is unavailable for all of its 6,113
records in the public file, making disadvantage undefinable. In the remaining 79 systems, 19,355
students (3.2%) missing ESCS were excluded for the same reason. Following the OECD definition,
students were classified as socio-economically disadvantaged if their ESCS fell at or below the weighted
(final student weight, W_FSTUWT) 25th percentile of ESCS within their own system (OECD, 2023b). The
analytic sample comprised N = 143,573 disadvantaged students in 79 systems and 19,345 schools
(51.3% girls; 6.7% first-generation and 8.4% second-generation immigrant students; 38.2% attending
schools in villages or small towns; 12.0% in private schools). All 79 systems contributed between 711
and 6,817 students (median 1,583).

Outcome: STEM resilience

Because PISA proficiency is reported as ten plausible values (PVs) per domain (random draws from
each student’s posterior proficiency distribution), the outcome was constructed separately within each
PV, never from averaged PVs (OECD, 2009; Rutkowski et al., 2010; von Davier et al., 2009). For plausible
value m (= 1..10), a disadvantaged student was classified as STEM-resilient if they reached proficiency
Level 3 or above in both mathematics (PVmMATH = 482.38) and science (PVmSCIE = 484.14), using the
official PISA 2022 level boundaries (OECD, 2023b). This criterion-referenced definition has three
advantages over sample-relative alternatives: it is substantively interpretable (Level 3 exceeds the Level-
2 baseline that OECD regards as minimum proficiency, in both core STEM domains, indicating a
foundation for further STEM learning); it is identical across systems, so the label does not encode
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country membership; and it does not depend on the estimation sample. Because definitional choices are
known to matter (Rudd et al., 2021; Ye et al,, 2021), the core analysis was repeated under three
alternatives: S1, Level 2 or above in both domains (“baseline resilience”); S2, the OECD (2023b) national-
relative definition, scoring in the weighted top quarter of mathematics within one’s own system; and S3,
Level 3 or above in mathematics only, which isolates the contribution of the dual-domain requirement.

Predictors

Fifty-three predictors were selected a priori to operationalize the three layers of the theoretical
framework (full definitions, PISA variable names, and codings in Supplementary Table S2). Person
measures included gender, age, relative grade, immigrant background, grade repetition, expected
educational attainment, mathematics self-efficacy in formal/applied tasks (MATHEFF) and in
mathematical reasoning/21st-century tasks (MATHEF21), mathematics anxiety, effort and persistence in
mathematics, subject preference and perceived ease and motivation, self-reported test effort, and the
PISA 2022 dispositional scales (curiosity, perseverance, cooperation, empathy, assertiveness, stress
resistance, growth mindset), plus self-directed-learning self-efficacy. Microsystem measures included
family support, family support for self-directed learning, teacher support in mathematics, cognitive
activation (fostering reasoning; encouraging mathematical thinking), disciplinary climate, exposure to
formal/applied mathematics tasks and to mathematical-reasoning tasks (opportunity to learn), sense of
belonging, bullying victimization, feeling safe, student—teacher relationship quality, and out-of-school
time use (paid work, household work, study time, sport), truancy, and lateness. Context measures from
the school questionnaire included school size, mathematics class size, student—teacher and student-
mathematics-teacher ratios, proportion of fully certified teachers, material and staff shortages, school
selectivity, autonomy, sector (public/private), and community location. ESCS itself was retained as a
predictor of within-quartile socio-economic depth, together with home ICT resources; ESCS'’s own
components (HISEI, PAREDINT, HOMEPOS) were not entered separately, to avoid the composite-versus-
components redundancy that can distort importance rankings. Continuous questionnaire scales are
OECD-derived weighted-likelihood estimates standardized across OECD countries (OECD, 2023b).

Design-consistent estimation

Three design features were respected throughout. Weights. All model fitting and pooled evaluation used
senate-style weights, W_FSTUWT rescaled to sum to a constant (1,000) within each system’s
disadvantaged subsample, so every system contributes equally to pooled analyses, while within-system
descriptive statistics and per-system evaluation used W_FSTUWT itself; design-based standard errors
for descriptive quantities used the 80 BRR replicate weights with Fay’s adjustment (k = 0.5) (OECD,
2024). Plausible values. The entire pipeline (model fitting, prediction, evaluation, interpretation) was
executed ten times, once per PV, and estimates were pooled following multiple-imputation logic: point
estimates as PV means, and uncertainty combining within-PV (cross-fold) and between-PV variance with
the standard (1 + 1/M) correction (Rubin, 1987; OECD, 2009). PVs were never averaged into a single
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score. Clustering. Cross-validation was grouped by school (GroupKFold on school ID, five folds), so
schoolmates never straddled a training/test boundary; all preprocessing (imputation medians) and all
hyperparameter selection were confined to training folds.

Models, tuning, and evaluation

Five classifiers spanning the linearity spectrum were compared: logistic regression; ridge-penalized
logistic regression; random forest; histogram-based gradient boosting (scikit-learn); and LightGBM
gradient boosting (Ke et al., 2017), designated a priori as the primary model. Two reference points bound
these comparisons from below: a system-base-rate-only “model” (each student assigned their system’s
training-fold resilience rate), which quantifies how much apparent accuracy reflects geography alone,
and main-effects logistic regression, which quantifies the gain from nonlinearity. Tree-based gradient
boosting handled missing predictor values natively; logistic and random-forest models used training-fold
median imputation. Hyperparameters were selected once, before any test fold was evaluated, using only
the training partition of the first outer fold: inner two-fold school-grouped cross-validation on a 50%
school subsample, over 17 logged trials covering eight distinct LightGBM configurations (two grid
stages) and small grids for ridge (C) and random forest (minimum leaf size). Following the one-standard-
error parsimony principle (Hastie et al., 2009), the most parsimonious LightGBM configuration within one
standard error of the best was adopted (31 leaves, learning rate 0.05, 400 trees, minimum 200
observations per leaf; inner AUC 0.9086 + 0.0019 vs 0.9097 + 0.0016; full trial log in Supplementary Table
S3). Because this selection reused data that later serve as test folds 1-4, the absence of selection
optimism was verified on the fully untouched fold 0, whose test AUC (0.913, mean over ten PVs) did not
fall below the all-fold average (0.912). The primary model was evaluated across all ten PVs (50 model
fits); comparison models across PVs 1-3 (60 fits), which is sufficient because between-PV variation in
their performance proved negligible (< 0.002 AUC). ROC-AUC is reported together with the precision-
recall AUC (the informative metric given the 15.2% senate-weighted prevalence of the positive class), the
Brier score, and calibration slope and intercept from logistic recalibration of out-of-fold predictions; all
pooled metrics are senate-weighted. For the headline discrimination estimate and the fairness gaps, 95%
confidence intervals are additionally reported from a school-cluster bootstrap (200 resamples of schools
with replacement over the pooled out-of-fold predictions), which respects the clustering that
conventional binomial intervals ignore; the SE reported alongside Rubin-pooled quantities combines
between-PV and between-fold variability and should be read as such rather than as a full design-based
standard error.

Transportability analysis

To test whether models generalize to unseen systems (RQ3), country-grouped eight-fold cross-validation
was used: systems were randomly partitioned into eight groups, and each group was predicted by a
model trained on the other seven, so every student’s transported prediction comes from a model that
saw no data from their system. This is the internal—-external validation logic of clinical prediction research
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(Steyerberg & Harrell, 2016) applied at the system level. This computationally efficient scheme was
verified to approximate strict leave-one-system-out validation by also fitting strict LOCO models for 12
randomly sampled systems (PV1; 11 estimable, one excluded for a degenerate outcome distribution);
agreement was high (r = .84; mean absolute difference = .010), so country-grouped estimates are
reported for all 79 systems (PVs 1-3). To compare protective-factor hierarchies, within-system models
were additionally fitted (systems with > 300 disadvantaged students and > 20 resilient cases; 67 systems
qualified), using a lighter configuration suited to small samples (= 300 trees, minimum 20 observations
per leaf), and Kendall’s T was computed between each system’s SHAP importance ranking and the
pooled ranking. Because small-sample SHAP rankings are noisy, an explicit noise benchmark was
constructed: 30 random subsamples of the pooled data at the median system size (n = 1,583), refitted
with the same lighter configuration, yield the T distribution expected under sampling noise alone (i.e.,
with no true between-system heterogeneity); observed cross-system T values are interpreted against this
floor.

Interpretation and fairness audit

Global and local interpretation used TreeSHAP (Lundberg et al., 2020; Lundberg & Lee, 2017) applied to
the primary model refitted on the full pooled sample, separately per PV, on weighted subsamples of
15,000 students; the analysis reports PV-averaged mean absolute SHAP values with between-PV
variability, directional associations, and dependence plots, and quantifies the stability of the importance
ranking across PVs with Kendall's T. Because SHAP quantifies contributions to predictions, not causal
effects, all rankings are interpreted associationally. The fairness audit (RQ4) followed the error-rate-parity
tradition (Baker & Hawn, 2022; Gardner et al., 2019; Hardt et al., 2016): out-of-fold predictions were
thresholded at a prevalence-matched operating point (students in the top 15.2% of predicted probability
classified positive, matching the senate-weighted prevalence per PV), and true-positive rates, false-
positive rates, subgroup AUC, and subgroup calibration were compared for gender, immigrant
background (first-generation vs non-immigrant), home language (different from vs same as test
language), and school location (rural/small town vs town/city), pooled by Rubin’s logic across the ten
PVs. Because protected attributes were among the model’s features, a design choice with known
fairness trade-offs (Yu et al., 2021), the audit was repeated with an attribute-blind model (gender,
immigrant-background, and community-location features removed; PV1), and how the gaps behave
across alternative operating points (top 10%, 15%, 20%, 25%) was examined.

Design-ablation experiment

To quantify the consequences of common design shortcuts (RQ1), the primary model was re-run under a
factorial ablation holding data, features, and algorithm fixed: {school-grouped vs random student-level
splits} x {senate-weighted vs unweighted}, plus a fifth cell replacing the criterion-referenced outcome
with a benchmark-style label, binarizing the average of PV-averaged mathematics and science scores at
the pooled unweighted mean (cf. J. Liu et al., 2026), under random unweighted splitting.
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Results

STEM resilience is rare, unevenly distributed, and
predictable

Across the 79 systems, 12.52% of disadvantaged students (population-weighted; design-based SE =
0.30%, combining BRR sampling variance and between-PV variance) reached Level 3 in both
mathematics and science; weighting systems equally, the average of system rates was 15.25%.
Weighted descriptive statistics for the key variables, overall and by resilience status, appear in Table 1.
The international averages conceal an enormous range (Fig. 2; Supplementary Table S1): system rates
ran from below 0.1% in the lowest-performing systems to 62% in Singapore, suggesting that resilience
against a fixed international criterion is as much a property of systems as of students (cf. OECD, 2023c).
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Table 1
Weighted descriptive statistics of key variables, overall and by STEM-resilience status (PV1)

Variable Missing % Weighted SD Mean: Mean: not
mean resilient resilient
AGE 0 15.82 0.293 15.819 15.82
GRADE 4.238 -0.23 0.68 -0.002 -0.263
ESCS 0 -2.033 0.916 -1.294 -2.14
ICTRES 41.235 -1.684 1.268 -0.612 -1.799
EXERPRAC 5.592 4.041 3.704 3.245 4.161
WORKPAY 7.135 1.711 3.022 0.606 1.878
EXPECEDU 29.554 6.113 2.338 6.244 6.089
MATHEFF 24.525 -0.764 1.143 -0.156 -0.891
MATHEF21 22.801 -0.125 0.976 0.032 -0.152
ANXMAT 23.727 0.387 1.114 0.031 0.469
EFFORT1 16.742 8.125 1.836 7.905 8.16
STRESAGR 52.296 -0.091 0.974 -0.012 -0.111
FAMSUPSL 46.473 -0.057 1.05 -0.506 0.027
BELONG 7.936 -0.237 0.848 -0.132 -0.253
BULLIED 6.671 -0.273 1.073 -0.455 -0.246
DISCLIM 12.112 0.061 1.016 0.378 0.011
TEACHSUP 16.823 0.232 1.126 0.186 0.24
COGACRCO 16.384 -0.001 1.171 0.046 -0.008
EXPOFA 17.385 -0.018 1.069 -0.13 0
EXPO21ST 18.836 0.123 1.095 -0.074 0.157
STRATIO 15.78 18.075 11.606 14.182 18.611
SCHSIZE 12.911 939.192 1075.78 986.806 932.504
EDUSHORT 10.733 0.29 1.311 -0.112 0.346
FEMALE 0.017 0.532 0.499 0.458 0.543
REPEAT 3.74 0.167 0.373 0.048 0.182

Note. Means and SDs use final student weights (W_FSTUWT); group means condition on the PV1
outcome. Variable definitions: Supplementary Table S2.
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Variable Missing % Weighted SD Mean: Mean: not
mean resilient resilient

IMMIG3 6.02 0.038 0.192 0.054 0.036

Note. Means and SDs use final student weights (W_FSTUWT); group means condition on the PV1
outcome. Variable definitions: Supplementary Table S2.

Table 2 summarizes model comparison under the design-consistent pipeline (school-grouped five-fold
cross-validation, senate weights). The primary LightGBM model discriminated well, AUC =0.912
(combined between-fold/between-PV SE = 0.001; 95% school-cluster-bootstrap Cl 0.909-0.914), PR-
AUC = 0.688 against the 15.2% senate-weighted prevalence baseline, and was excellently calibrated
(slope = 0.996, intercept = 0.022; Fig. 3d), with a Brier score of 0.077. Histogram gradient boosting
performed equivalently (AUC = 0.910); random forest trailed (AUC = 0.887) and was poorly calibrated
(slope = 1.50); logistic and ridge logistic regression reached AUC = 0.862. Two baselines locate these
numbers. A system-base-rate-only model (no student information at all) already achieved AUC =0.801
(Table 3), so roughly speaking, much of the pooled discrimination reflects where a student goes to
school rather than student-level differences; the pooled model’s discrimination within systems (internal
out-of-fold predictions evaluated system by system) averaged 0.85. And the ~ 0.05 AUC advantage of
gradient boosting over well-tuned linear models indicates material nonlinearity and interaction structure.
Performance was almost identical across the ten plausible values (LightGBM between-PV SD = 0.0006),
and Fig. 3b—c shows the ten PV-specific ROC and precision—recall curves to be visually
indistinguishable.

Table 2
Model comparison under design-consistent evaluation (school-grouped five-fold CV, senate-weighted)
Model PVs AUC PR_AUC Brier Cal_slope Cal_intercept
LightGBM (primary)  1- 0.912 0.687 0.0766 0.996 0.022
10 (0.002) (0.010)

Histogram gradient 1-3 0.910 0.684 0.0772 0.986 0.039
boosting (0.002) (0.010)
Random forest 1-3 0.887 0.635 0.0874 1.504 0.554

(0.002) (0.008)
Ridge logistic 1-3 0.862 0.567 0.0920 1.002 0.002
regression (0.002) (0.011)
Logistic regression 1-3 0.862 0.567 0.0919 0.994 -0.007

(0.002) (0.011)
System base rate 1-3 0.801 N/A N/A N/A N/A
only (no student
data)

Note. Cells show mean (SD) across folds x PVs. The primary model additionally has a 95% school-
cluster-bootstrap ClI for AUC of [0.909, 0.914]. PR-AUC baseline = senate-weighted prevalence (0.152).
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The design-ablation (Supplementary Table S5; Supplementary Fig. S1) contextualizes these results.
Ignoring weights changed AUC modestly (0.907 unweighted vs 0.912 weighted) but changed the
estimand: performance for an equal-system population versus the pooled respondent pool. Replacing
school-grouped with random student-level splits inflated AUC by only = 0.001 in this application,
indicating that cluster leakage, though real, was minor here. The most consequential choice was the
outcome definition itself: the benchmark-style mean-split composite label yielded AUC = 0.889 on the
identical sample and features, an estimate of a different quantity. Sensitivity analyses over resilience
definitions reinforced this: predictability was high for the Level-2 variant (S1: AUC = 0.882 at 34.3%
senate-weighted prevalence) and for mathematics-only Level 3 (S3: AUC = 0.901 at 18.9% prevalence),
and lowest for the fully national-relative OECD definition (S2: AUC = 0.836 at 11.5% prevalence). The dual-
domain requirement binds: relative to mathematics-only (S3), requiring science Level 3 as well
reclassifies 3.8% of students and reduces the senate-weighted prevalence by 3.7 percentage points,
confirming that the STEM construct is not redundant with mathematics alone. The ordering across
definitions is equally informative: definitions that retain between-system variation in the label (the
primary, S1, S3) are partly predictable because systems differ, whereas the within-system definition (S2)
removes that source of signal. Pooled discrimination numbers in this literature should therefore not be
read as within-system screening accuracy, a point the baseline decomposition above and the transport
analysis below make directly.

Table 3
Estimand decomposition and cross-system transport summary

Analysis

Pooled internal CV, school-grouped + senate weights
(primary)

System-base-rate-only baseline (PVs 1-3)

Within-system discrimination of pooled model (internal,
PVs 1-3)

Pooled transported (country-grouped 8-fold, PVs 1-3)
Per-system transported AUC, median [IQR]
Strict LOCO vs grouped (11 systems, PV1)

Hierarchy consistency: system vs pooled SHAP, median T
[IQR] (67 systems)

Samp)ling-noise T benchmark (30 pooled subsamples, n =
1,583

Result

AUC 0.912 (95% cluster-bootstrap Cl
0.909-0.914)

AUC 0.801
mean AUC 0.854

AUC 0.894
0.847[0.826,0.873]
r=.84, mean |A| =.010
0.30[0.23,0.38]

median 0.451 [IQR 0.417, 0.492]; min
0.357

Note. All AUCs senate-weighted unless noted; per-system transported metrics use W_FSTUWT within

systems.

A stable global hierarchy of protective factors, dominated

by mathematics self-efficacy
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Figure 4 presents the global interpretability results. Mathematics self-efficacy in formal and applied
tasks was by a wide margin the most important predictor (PV-averaged mean |[SHAP| = 0.462), followed
by within-quartile socio-economic position (0.360), home ICT resources (0.336), and stress resistance
(0.282). Higher self-efficacy, deeper (relatively less disadvantaged) ESCS, more home ICT resources,
higher expected education, greater test effort, larger schools, higher relative grade, and more cognitive
activation in mathematics lessons were associated with higher predicted resilience; being female, paid
work, sport frequency (reflecting overall out-of-school time allocation), grade repetition, and
mathematics anxiety with lower predicted resilience. Stress resistance showed a distinctly non-
monotonic signature (Fig. 5): predictions were suppressed at low values but plateaued beyond the
middle of the scale. Family support for self-directed learning carried a negative association (plausibly a
compensatory pattern, with families mobilizing support precisely for students who struggle), which
underscores the associational, non-causal status of these rankings. Dependence plots (Fig. 5) further
show that the self-efficacy gradient is steepest in its upper range, that ICT resources matter most at the
very bottom of the resource distribution, and that even modest paid-work involvement is associated with
lower predicted resilience.

Importantly for practice, this hierarchy was essentially invariant to the plausible-value machinery: the
importance ranking’s mean between-PV Kendall’'s T was .90 (minimum .87; Supplementary Fig. S2), and
headline AUCs varied by < 0.002 across PVs. Design consistency, in other words, changed uncertainty
statements more than point conclusions. The same cannot be said of the outcome definition. Under the
national-relative definition (S2), ESCS and ICT resources dropped out of the top five (which became self-
efficacy, gender, stress resistance, expected education, paid work), while under S1 the top five remained
(self-efficacy, stress resistance, ICT resources, ESCS, gender): 9 of 10 top-decile features overlapped
between S1 and the primary definition versus 7 of 10 for S2. Mathematics self-efficacy ranked first under
every definition. Socio-economic depth and home resources, by contrast, behave partly as between-
system markers: they help predict who clears a fixed international bar, but contribute less to
distinguishing nationally exceptional performers within systems. A further check bounds how much the
model depends on self-efficacy: refitting without both self-efficacy scales reduced AUC only from 0.912
to 0.903, with ESCS, ICT resources, and stress resistance moving up to head the hierarchy; the
information self-efficacy carries is thus partially redundant with the remaining motivational and
contextual measures, even though it is the single strongest carrier of that information.

Models and hierarchies transport imperfectly across
systems

Under country-grouped transport validation (every student predicted by a model trained without any data
from their system), pooled discrimination declined from 0.912 to 0.894 (Table 3), and the per-system
picture (Fig. 6a) was markedly heterogeneous: median held-out AUC = 0.847 (IQR 0.826-0.873), ranging
from 0.598 to 0.993 across the 79 systems. The strict leave-one-system-out spot check agreed closely
with the grouped estimates (r = .84, mean |A| = .010; Fig. 6b). Thus a globally trained model remains
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useful in a typical unseen system, but with substantially lower, and highly variable, discrimination than
pooled figures suggest, and in the least favorable systems it approaches uselessness.

The hierarchy-level test was starker (Fig. 6¢). System-specific SHAP rankings (67 systems) correlated
only modestly with the pooled global ranking: median Kendall’'s T =.30 (IQR .23-.38), and on average only
1.5 of each system’s top-5 factors appeared in the global top-5. Small-sample instability cannot account
for this: the sampling-noise benchmark (random pooled-data subsamples of the median system size,
fitted identically) produced far higher agreement (median 1 = .45, IQR .42-.49, minimum .36), so the
observed cross-system divergence lies below the entire noise-floor distribution and reflects genuine
between-system heterogeneity (noise nonetheless inflates apparent divergence, so the true
heterogeneity is more moderate than the raw T suggests). The global hierarchy is thus a real but weak
template for any particular system: quantitative support for the contextual-contingency thesis (Ungar,
2008), with mathematics self-efficacy as the principal universal exception.

The model’s errors are not evenly distributed

At the prevalence-matched operating point, subgroup discrimination was uniformly high (AUC
.899-.922) and subgroup calibration nearly exact (predicted vs observed rates within 0.5 percentage
points for every group; Table 4). Error rates, however, diverged (Fig. 7). The model recognized truly
resilient boys more often than truly resilient girls (TPR = 65.6% vs 59.4%; a 6.2-point recall gap, 95%
cluster-bootstrap Cl 4.5-7.9) and urban students more often than rural students (66.1% vs 53.9%; a 12.1-
point gap, Cl 9.5-13.4); first-generation immigrant and home-language-minority resilient students were
recognized more often than their counterparts (66.9% vs 61.6%; 70.3% vs 58.9%), with correspondingly
higher false-positive rates. The gaps were not artifacts of one operating point: across thresholds from
the top 10% to the top 25% of predicted probability, the gender gap ranged from 9.1 to 3.1 points and the
rural gap from 12.0 to 9.3. Nor do they all share one mechanism. Refitting the model without the
protected attributes eliminated (indeed slightly reversed) the gender gap (attribute-blind TPR 63.7% for
girls vs 61.6% for boys) at nearly unchanged accuracy (AUC 0.909), indicating that the gender
asymmetry was largely attribute-driven: the model had learned to use gender itself against girls’
predictions. The rural gap, by contrast, persisted essentially unchanged under attribute blinding (54.4%
vs 65.6%), marking it as base-rate- and covariate-driven, the canonical impossibility pattern of fair
classification under unequal base rates (Hardt et al., 2016; Kizilcec & Lee, 2022; cf. Yu et al., 2021 on the
ambivalent effects of including protected attributes). Substantively: a single-threshold screening use of
this model, as estimated, would systematically under-identify resilient girls and resilient rural students,
and only the first of those failures is fixable by blinding the model.

Table 4 Subgroup performance at the prevalence-matched operating point (Rubin-pooled over ten PVs)
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Group n auc tpr fpr obs pred
Male 69879 0.9122 0.6562 0.0699 0.1706 0.1668
Female 73670 09106 0.5943 0.0606 0.1352 0.135
Home language = test language 103572 0.9062 0.5889 0.0602 0.1393 0.1379
Home language # test language 40001 0.9215 0.7033 0.0784 0.1864 0.1829

Non-immigrant 125253 0.9105 0.616 0.0633 0.1495 0.147
First-generation immigrant 9677 0.8993 0.6692 0.0895 0.1972 0.1984
Urban/town 83576 0.9039 0.6605 0.0845 0.1853 0.1838
Rural/small town 51671 0.9185 0.5393 0.038 0.1014  0.099

Key contrasts:

Contrast Value

TPR gap female-male (95% cluster-bootstrap ClI)  -6.2 pts [-7.9, -4.5]

TPR gap rural-urban (95% Cl) -12.1 pts [-13.4,-9.5]
Attribute-blind model (PV1): AUC 0.909

Attribute-blind TPR: female vs male 63.7% vs 61.6%
Attribute-blind TPR: rural vs urban 54.4% vs 65.6%

Note. obs = observed weighted resilience rate; pred = mean predicted probability (calibration-in-the-large).
TPR/FPR at the top-15.2% operating point; senate weights.

Robustness

Beyond the definitional and ablation analyses above, conclusions were robust to excluding the eight
rotated-module scales with the highest missingness (including ICT resources and the dispositional
scales): AUC = 0.904 (vs 0.912; Supplementary Table S5), with the remaining hierarchy unchanged in
order. Full per-system results, descriptive statistics, tuning trials, and complete SHAP tables are provided
in the Supplementary Information (Tables S1-S5).

Discussion

This study set out to learn, at global scale and under full respect for the survey design, which factors
accompany STEM resilience among disadvantaged adolescents, and whether the resulting model, its
factor hierarchy, and its errors behave in ways that would justify the uses to which such models are
increasingly put. Four findings organize the discussion.
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Resilience is predictable, and its strongest malleable
correlate is domain-specific self-efficacy

First, STEM resilience is highly predictable from questionnaire-level information alone (AUC = 0.912; PR-
AUC = 0.688), with calibration good enough (slope = 0.996) that predicted probabilities can be read at
face value, a property rarely reported in the ILSA-ML literature (F. Wang et al., 2026). The largest single
contributor was mathematics self-efficacy, ahead of every family, school, and contextual measure, and it
ranked first under every outcome definition and across all ten plausible values. This is the pattern social-
cognitive theory anticipates for an adaptive system operating under adversity (Bandura, 1997; Masten,
2001), and it extends motivational findings from general-population studies (Eccles & Wigfield, 2020;
Liou et al., 2024; Schwerter et al., 2025) to the specific population where the equity stakes are highest.
The dependence structure adds practical nuance: the self-efficacy gradient steepens in its upper range,
suggesting that consolidating already-moderate competence beliefs may accompany the largest
differences in resilience odds. Alongside it, mathematics anxiety and paid work carried negative
associations, anxiety’s role echoing gendered affect findings in STEM domains (Rozgonjuk et al., 2024),
while cognitive activation and opportunity-to-learn measures carried positive ones. The top of the
hierarchy is thus disproportionately psychological and instructional rather than structural. Two caveats
discipline this reading. Self-efficacy at age 15 partly encodes prior mastery experience, so its association
with concurrent proficiency is in part constitutive rather than antecedent (Bandura, 1997); and the model
does not depend on it: refitted without both self-efficacy scales, discrimination fell only to 0.903, with
socio-economic depth, ICT resources, and stress resistance heading the reshuffled hierarchy. Two
associations warn against causal readings: family support for self-directed learning tracked lower
predicted resilience, most plausibly because support flows compensatorily toward struggling students,
and sport frequency'’s negative association likely reflects time allocation rather than harm. These are
predictive contributions, not effects; their value is to focus scarcer causal designs (interventions,
longitudinal studies) on the most promising candidates.

Second, the socio-economic gradient does not vanish within the disadvantaged quartile: within-quartile
ESCS depth and home ICT resources ranked second and third. Even among the bottom quarter, relative
resources matter, consistent with resource-based accounts of the digital divide’s role in STEM learning
(X. Hu et al., 2018; Kastorff et al., 2025). But the baseline decomposition and the definitional sensitivity
analysis jointly qualify what such rankings mean: a system-base-rate-only model already reached AUC =
0.801 against the pooled model’s 0.912, and ESCS and ICT resources receded under the fully national-
relative outcome definition. These two factors therefore operate substantially as between-system
markers: they help predict clearance of a fixed international bar largely because they index where a
student lives and learns. Pooled “key determinants” reported without such decompositions risk
mistaking geography for psychology.

Protective-factor hierarchies are only weakly universal
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Third, the transport experiments answer this study’s central theoretical question. A globally trained
model retained useful but clearly degraded discrimination in unseen systems (median AUC 0.847, IQR
0.826-0.873, range 0.598-0.993), and system-specific protective-factor hierarchies correlated only
modestly with the global one (median 1 =.30; 1.5 of 5 top factors shared on average). Resilience
processes, as Ungar (2008, 2011) argued from qualitative and cross-cultural evidence, are contextually
negotiated: factors that distinguish resilient students in one system need not do so in another. This
study’s contribution is to quantify this contingency at scale (the divergence exceeds an explicit sampling-
noise benchmark) and to identify its limit, the near-universal top ranking of mathematics self-efficacy.
For research practice, the implication is direct: pooled SHAP rankings from multi-country ILSA models
(e.g., Cheung et al., 2024; J. Liu et al., 2026) should be read as descriptions of the pooled sample, not as
universal determinants, unless out-of-system validation is demonstrated. For theory, the finding invites
system-level moderation questions (which properties of curricula, stratification, or labor markets reorder
protective factors) that the study’s design surfaces but cannot answer.

Accurate on average, uneven at the margins

Fourth, the fairness audit (to date the first of any ILSA-based classifier) found high and similar subgroup
AUCs and near-exact subgroup calibration, yet materially uneven error rates at a single operating
threshold: resilient girls were missed 6 percentage points more often than resilient boys, and resilient
rural students 12 points more often than urban ones. The attribute-blind re-analysis revealed that these
two gaps have different anatomies. The gender gap was largely attribute-driven (the model had learned
to use gender itself against girls’ predictions), and removing protected attributes eliminated the gap at
trivial accuracy cost, a case where the answer to Yu et al.'s (2021) question (should prediction models
include protected attributes?) is clearly no. The rural gap persisted under blinding: it is carried by base
rates and correlated covariates, the textbook consequence of one threshold across groups with unequal
base rates (Hardt et al., 2016), and remediable only by threshold policy (group-aware or base-rate-
adjusted operating points, or abstention bands), not by feature hygiene. The distinction matters because
the plausible policy uses of resilience models (flagging students for enrichment, targeting programs,
monitoring equity) are threshold uses. A model that is accurate on average could still direct recognition
and resources away from resilient students who are already least visible to their systems. Such audits
are inexpensive to conduct and report, and should become standard in this literature, as they are
becoming in institutional learning analytics (Baker & Hawn, 2022; Deho et al., 2022; Kizilcec & Lee, 2022).

Methodological contributions

The design-ablation results discipline both criticism and complacency about current practice. In this
application, cluster leakage from random splits inflated AUC only trivially (+ 0.001) and unweighted
estimation shifted it moderately (- 0.005, while changing the estimand); the choices that mattered most
were the outcome definition (up to 0.076 AUC across definitions, with different top-5 factors), the
validation frame (pooled 0.912 vs median transported 0.847), and the baseline against which accuracy is
judged (geography alone: 0.801). The general lesson for ML with ILSA data is therefore not merely “use
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the weights” (though one should, and this study shows it costs nothing) but that labels, validation logic,
and baselines, the three choices least often justified in this literature, dominate the conclusions. This
study also demonstrates a practical template others can adopt wholesale: PV-parallel pipelines with
Rubin-style pooling (whose between-PV component proved reassuringly small, T =.90 rank stability, an
empirical answer to how much PV shortcuts matter for ML interpretation); school-grouped and country-
grouped cross-validation, with the grouped scheme validated against strict leave-one-system-out; senate
weighting for equal-system pooled estimands; sampling-noise benchmarks for cross-group comparisons
of importance rankings; cluster-bootstrap uncertainty for pooled metrics; and prevalence-matched,
attribute-blind-contrasted fairness auditing.

Implications for policy and practice

Three implications follow; each tied to a specific result. First, for intervention design: the top ranking and
cross-definition robustness of mathematics self-efficacy, together with anxiety’s negative and cognitive
activation’s positive associations, make competence-belief-supportive mathematics instruction the
strongest candidate this correlational evidence can nominate for intervention studies with
disadvantaged students, consistent with experimental and longitudinal evidence on self-efficacy-building
practice (Bandura, 1997; Eccles & Wigfield, 2020). Second, for system-level analytics: ministries
importing “global determinants of resilience” should first check transportability against their own data
(the per-system results, Supplementary Table S1, show where the global model is least informative) and
should prefer locally validated or locally re-fitted models for any operational use. Third, for equitable use
of prediction: any threshold-based use should be preceded by an error-parity audit with an attribute-blind
contrast, because different gaps require different remedies: feature blinding closed the gender gap here,
while the rural gap requires threshold policy; without such audits, resilience-recognition programs would
under-serve girls and rural students and would thereby reproduce the inequity such programs aim to
reduce.

Limitations

This study has several limitations. First, the data are cross-sectional; all reported relationships are
predictive associations, and some (compensatory family support; sport time; self-efficacy’s mastery-
experience component) almost certainly reflect reverse or third-variable processes. Second, predictors
are self- or principal-reports subject to reference-group and response-style effects that may themselves
vary across systems, potentially contributing to hierarchy divergence; and because mathematics was the
2022 major domain, affect measures are mathematics-specific: no science self-efficacy or science-
anxiety scales were available, which may understate science-side psychological factors in the dual-
domain outcome. Third, resilience thresholds are conventions; arbitrariness was mitigated with three
alternative definitions (with converging conclusions about self-efficacy and diverging ones about
resource variables), but other operationalizations exist (Rudd et al., 2021). Fourth, the public file
constrained the design: Costa Rica lacked ESCS entirely, rotated questionnaire modules produced high
missingness for some scales (addressed by native missing-value handling and a robustness re-analysis),
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and 12 small systems lacked support for stable within-system SHAP estimation. Fifth, country-grouped
transport estimates approximate strict leave-one-system-out validation (validated on 11 systems, r =
.84); transported-performance heterogeneity is described, not explained, and per-system estimates for
very-low-prevalence systems are unstable at the extremes. Sixth, hyperparameters were selected on one
outer fold’s training partition rather than by fully nested search; the untouched-fold check (0.913 vs
0.912) indicates negligible optimism, but nested tuning would be cleaner. Finally, findings concern 15-
year-olds’ proficiency-based resilience; other STEM outcomes (aspirations, persistence, attainment) may
behave differently (Nitzan-Tamar & Kohen, 2022; Zhao & Perez-Felkner, 2022).

Directions for future research

Four extensions follow directly. Explaining transport heterogeneity with system-level features (tracking
age, spending, stratification, cultural dimensions) in a multilevel meta-learning design; testing the self-
efficacy finding in intervention and longitudinal designs targeted at disadvantaged students; extending
the fairness audit to intersectional subgroups and to mitigation strategies (group-aware thresholds;
distributionally robust training); and repeating the design across cycles (PISA 2025) for temporal
external validation.

Conclusions

Among 143,573 disadvantaged adolescents in 79 education systems, STEM resilience (solid proficiency
in both mathematics and science despite socio-economic disadvantage) was rare (12.5% population-
weighted), highly system-dependent, and strongly predictable from student, family, and school factors,
foremost among them mathematics self-efficacy, whose top ranking survived every definitional,
methodological, and cross-system stress test imposed. Beyond that near-universal core, both predictive
accuracy and protective-factor hierarchies transported only imperfectly across systems, and a single-
threshold application of the model would have systematically under-recognized resilient girls (an
attribute-driven gap, removable by blinding) and resilient rural students (a base-rate-driven gap, requiring
threshold policy). Design-consistent estimation proved practically costless, whereas outcome
definitions, validation logic, and baselines materially changed conclusions. Machine learning can serve
equity in STEM education, but only if models are validated in the systems where they will be used,
audited for uneven subgroup errors, and interpreted as associational rather than causal evidence.
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Construction of the analytic sample from the PISA 2022 public database.
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Figure 2

Weighted STEM-resilience rates among disadvantaged students in 79 education systems. Rates are PV-
averaged and computed with final student weights; dashed lines mark the population-weighted
international rate (12.5%) and the equal-system average (15.2%)
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(a) Discrimination by model

(b) ROC, LightGBM (10 PVs)

(c) Precision-recall (10 PVs)

(d) Calibration, LightGBM (PV1)
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Figure 3

Primary model performance: (a) ROC-AUC and PR-AUC across classifiers; (b—c) LightGBM ROC and
precision—recall curves across plausible values; and (d) calibration of out-of-fold predictions.
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Figure 4

(b) Importance hierarchy, PV-combined
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Protective and risk factors: (a) SHAP beeswarm for PV1; and (b) mean absolute SHAP values across all
plausible values, with colors indicating association direction.
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SHAP value

Dependence of predicted STEM resilience on selected factors (PV1)
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(c) Protective-factor hierarchy consistency
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Transportability: (a) held-out-system AUC; (b) agreement between grouped and leave-one-system-out
estimates; and (c) similarity between system-specific and pooled SHAP rankings.
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Figure 7

0.93

Fairness audit at the prevalence-matched threshold. Rubin-pooled over ten PVs: (a) true-positive and (b)
false-positive rates and (c) subgroup AUC, for gender, immigrant background, home language, and

school location.
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