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Motivation: High-quality data for constructing predictive models of |dentifying Common Variables: we have identified 4 common child  Assessing Bias in the GLSS7 Data: We trained an XGBoost classifier on
forced and child labor is scarce, and existing large-scale surveys often do labor outcome variables and have cleaned 40 common predictive  the NORC data and generated predictions of 7-day child work for both the
not include interviews with children. We focus on child labor in Ghana as features between the datasets. NORC test holdout as well as the filtered GLSS7 datasets (Figure 4). As
a case study, combining two datasets. o Child Labor Outcomes bredictive Features expec.ted, the model predicts a hi gh percent of false positive cases of child
Cor.e Research Idea: To develop a more. robust pred.lctl.v.e model at the . 7-Day (7D) Child Work . 10 Household e yvork in the GL§S? (see red box), l.lkel.y due to the underreporting of actual
national level, we plan to leverage 1) the increased reliability of the NORC . 12-Month Child Work e 3 Child Level X instances of child work observed in Figure 2.
child labor outcome variables and 2) the larger sample size and nationally  Child Labor* « 21 Agricultural £% Testing on NORC Testing on GLSS7
representative nature of the GLSS7 data (Figure 1). » Total Hours Worked * 6 Economic @ ‘ a0
Outcomes: After filtering for cocoa-producing households, important B
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|Assess Bias: Make Prediction = e SHAP Value (Impact on likelihood of child work)
on GLSS Using NORC Model > 0.050 > 0.10- Figure 5: SHAP values for the NORC XGBoost model when making predictions on the
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Future Work: Preprocessing . . .
and Sample Weighting GLSS 000, 000, Next steps: In the future, we will 1) explore sample weighting and pre-

5 Chillg A;eS I(-)IouseholldOSize orocessing approaches to ‘de-bias’ the GLSS7 dataset and 2) train a larger

oredictive model using the de-biased GLSS7 data that will include a
oroader range of predictive features with the goal of creating a more
oeneralizable model for the occurrence of child work.

Figure 1: Project pipeline summarizing our work to date and anticipated next steps.
Figure 3: Comparison of child age and household size distributions for the GLSS7 and
NORC datasets. Both datasets are filtered to focus on cocoa producing households.

* Child labor is an engineered feature for the GLSS7 dataset, calculated according to the ILO common
definition, which refers to hazardous conditions and thresholds of allowable working hours
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