
Appendix A. Predictors Included in Machine Learning Algorithms 

 

Table 1: Predictors of School Dropout Included in Machine Learning Algorithms 

Average Grade Year t Urban/Rural 
Attendance (%) Year t Same Gender School 
Relative Grade Year t Age (Years) at the End of Academic Year t 
Relative Attendance Year t Male 
Promoted Year t Indigenous Background 
Mobility Year t Household Number of Rooms 
Average Grade Year t–1 Head of Household (HH) is Female 
Attendance (%) Year t–1 Head of Household Lives with a Partner 
Relative Grade Year t–1 HH Years of Schooling 
Relative Attendance Year t–1 HH Employed and with Social Security 
Promoted Year t–1 Relationship with HH 
Mobility Year t–1 Household Ownership 
Average Grade Year t–2 Number of Less Than Six Years Olds 
Attendance (%) Year t–2 Real Household Income per Capita ($CLP) 

Relative Grade Year t–2 
Average HH Years of Schooling in the 
Academic Cohort Year t 

Relative Attendance Year t–2 
Average HH Years of Schooling in the 
Academic Cohort Year t–1 

Promoted Year t–2 
Average HH Years of Schooling in the 
Academic Cohort Year t–2 

Number of Students in the Cohort Year t Index 1 Management of Schools 
School Size Year t Index 2 Management of Schools 
School Dropout Rate Year t Index 3 Management of Schools 
School Dropout Rate Year t–1 Index 4 Management of Schools 
School Type Index 5 Management of Schools 
Grade Index 6 Management of Schools 
School Administrative Dependency School SIMCE in Mathematics 
School Region School SIMCE in Language 

 
  



Appendix B. Indicators Derived from a Classifier of School Dropout 

 

Table 2: Examples of Indicators Derived from a Classifier of School Dropout 
Formula Names 
FN / D False Negative Rate, Miss Rate, Type II Error Rate 
TP / D True Positive Rate, Sensitivity, Recall, Power, 1–Type II Error Rate 
TN / ND True Negative Rate, Specificity 
FP / ND False Positive Rate, 1–Specificity, Type I Error Rate, False Alarm Rate 
FP / P False Discovery Rate 
TP / P Positive Predicted Value, Precision, 1–False Discovery Rate 
FN / N False Omission Rate 
TN / N Negative Predicted Value 
(TN+TP) / T Accuracy 

 

Table 16 shows examples of indicators for a classifier of school dropout. These indicators, 

which are derived from the nine shaded cells in Table 1, have various names depending on the 

discipline. Some can be compared to the ones commonly found in the social policy targeting 

literature. In the context of poor targeting, undercoverage is the proportion of poor households 

or individuals who do not receive an intervention targeted at the poor (Coady et al., 2004). This 

indicator is comparable to the false negative rate. In Table 16 this rate is equivalent to the 

proportion of future dropouts who are not predicted as such. In the context of poor targeting, 

the false negative rate can be calculated using the number of the poor who are incorrectly 

predicted as non-poor in the numerator and the total number of the poor in the denominator. 

 

Leakage is defined as the proportion of non-poor households or individuals that receive a 

programme among all its beneficiaries (Coady et al., 2004). This indicator can be compared to 

the false discovery rate. In Table 16 this indicator is equivalent to the proportion of adolescents 

incorrectly classified as future dropouts among all those predicted as future dropouts. In the 

context of poor targeting, the false discovery rate would be estimated using the number of non-

poor who access the programme (those who are incorrectly predicted as poor) in the numerator 

and all the recipients (all those predicted as poor) in the denominator.  

 

Undercoverage and leakage are usually referred to in the social policy targeting literature as 

the exclusion and inclusion errors, respectively. However, these last two terms have also been 

used to explain conceptually false negatives and false positives. Given the potential 

misunderstanding that could arise from using such a range of different names, I mostly use the 

terms undercoverage and leakage in the targeting assessment. 



Appendix C. Out of Time Validation for the Predictive Model 

 

This appendix contains the results of the predictive model of school dropout in the second test 

dataset (year-cohort 2014). I use this dataset to assess the quality of the predictions over time. 

Table 17 shows the AUC for six MLA (similarly than Table 8). Table 18 presents the true 

positive rate, false positive rate and accuracy for two different scenarios (as in Table 9). 

 
Table 3: Area Under the ROC Curve for Models Predicting School Dropout 

Machine Learning 
Algorithms 

School Dropout Measures 
Dropout in Year 

t+1 or t+2 
Dropout in Year 

t+1 
Dropout in Year t+2 

glmnet 0.878 0.906 0.876 
gam 0.875 0.904 0.873 
gbm 0.870 0.901 0.870 
lasso 0.872 0.899 0.868 
svm 0.866 0.862 0.832 
rf 0.860 0.886 0.861 

Source: own calculations using administrative datasets, Chilean ME & MSD 
 

The elastic net algorithm (glmnet) also prevails in this dataset. The AUC in the second test 

dataset reaches 0.878 for dropout_t12 and 0.906 for dropout_t1. The generalised additive 

models (gam) reach the second highest area under the curve in all three measures. The third 

highest AUC is provided by the boosted trees algorithm (gbm) or lasso. Conversely, the random 

forest (rf) and support vector machines (svm) algorithms have the worst performances in all 

measures.  

 

From Table 18 we can distinguish a similar pattern to the results in Table 17. For example, in 

the case of dropout_t12, the glmnet algorithm repeats the best performance, finding future 

dropouts at a rate of 531 out of 1000 in the setting where 10% of adolescents are classified as 

future school dropouts. In this context, the elastic net algorithm incorrectly classifies non-

dropouts at a rate of 56 cases out of 1000 and correctly classifies 90.6% of adolescents. Like 

in Table 17, gam is among the best performers (in many cases the highest), while svm and rf 

are the worst performing algorithms in respect to the true positive rate and accuracy. 

 

Overall, the results in this appendix show similar tendencies as in the body of the paper. The 

relative performance of the MLA does not vary between the two test datasets. Hence, the results 

in the body of the paper are not sensitive to using information only from the most recent cohort.  



Table 4: True Positive Rate (Sensitivity), False Positive Rate (1–Specificity) and Accuracy for Models Predicting School Dropout 

Machine Learning 
Algorithms 

Scenario 1: 10% of Adolescents Classified as Dropouts Scenario 2: 30% of Adolescents Classified as Dropouts 

True Positive Rate 
(Sensitivity) 

False Positive 
Rate 

(1–Specificity) 
Accuracy 

True Positive Rate 
(Sensitivity) 

False Positive 
Rate 

(1–Specificity) 
Accuracy 

Panel A: Dropout in Year t+1 or t+2 
glmnet 0.531 0.056 0.906 0.829 0.246 0.761 
gam 0.530 0.056 0.906 0.834 0.246 0.762 
gbm 0.521 0.057 0.904 0.824 0.247 0.760 
lasso 0.512 0.058 0.902 0.832 0.246 0.761 
svm 0.512 0.058 0.902 0.818 0.247 0.759 
rf 0.506 0.058 0.902 0.806 0.245 0.760 
Panel B: Dropout in Year t+1  
glmnet 0.648 0.067 0.917 0.904 0.264 0.745 
gam 0.662 0.066 0.918 0.899 0.264 0.745 
gbm 0.635 0.068 0.915 0.882 0.265 0.743 
lasso 0.635 0.068 0.915 0.887 0.265 0.744 
svm 0.568 0.072 0.908 0.808 0.270 0.735 
rf 0.622 0.069 0.914 0.871 0.262 0.746 
Panel C: Dropout in Year t+2 
glmnet 0.556 0.063 0.908 0.845 0.256 0.751 
gam 0.546 0.064 0.907 0.849 0.256 0.752 
gbm 0.541 0.065 0.906 0.842 0.256 0.751 
lasso 0.532 0.065 0.905 0.837 0.257 0.750 
svm 0.510 0.067 0.902 0.757 0.263 0.738 
rf 0.531 0.065 0.905 0.811 0.250 0.754 

Source: own calculations using administrative datasets, Chilean Ministry of Education and Ministry of Social Development 
 

Notes: I link each student in primary and secondary education who concluded their academic year t and did not graduate from their secondary 
studies with itself in years t+1 and/or t+2. Using this procedure, I identify the students that dropped out of school after year t (in year t+1, year t+2 
or either in year t+1 or t+2). Dropping out of school means failing to enrol or enrolling but withdrawing before the end of the academic year. 



Appendix D. Summary Statistics for Other Measures of School Dropout 

 
Table 19 provides bivariate summary statistics. Its structure is like Table 10. The rows contain 

the different quintile groups of the targeting mechanisms. While Panel A focuses on the quintile 

groups of household income per capita, Panel B and Panel C concentrate on SPF scores and 

the predictive model of school dropout, respectively. The columns show the mean value and 

relative frequency of school dropout for two measures (dropout_t1 and dropout_t2). 

 

Table 5: Mean Values and Relative Frequency for School Dropout in Years t+1 and t+2 

Quintile Groups 
Dropout t+1 Dropout  t+2 

Mean Rel. Freq. (%) Mean Rel. Freq. (%) 
Panel A: By Quintile Groups of Income per Capita 

1 0.09 27.74 0.13 28.84 
2 0.07 22.89 0.10 23.46 
3 0.07 19.98 0.09 19.63 
4 0.06 17.16 0.07 16.61 
5 0.04 12.23 0.05 11.45 

Total 0.07 100 0.09 100 
Panel B: By Quintile Groups of SPF Scores 

1 0.08 25.39 0.11 25.94 
2 0.08 23.30 0.10 23.79 
3 0.07 20.91 0.09 20.97 
4 0.06 17.57 0.08 17.21 
5 0.04 12.83 0.05 12.09 

Total 0.07 100 0.09 100 
Panel C: By Quintile Groups of the Predictive Model of School Dropout 

1 0.25 77.92 0.31 71.78 
2 0.05 14.59 0.08 17.49 
3 0.02 4.96 0.03 6.84 
4 0.01 1.87 0.01 2.86 
5 0.00 0.66 0.00 1.03 

Total 0.06 100 0.09 100 
Source: own calculations using administrative datasets, Chilean ME & MSD 

 

Similar patterns as in Table 10 are observed in Table 19. Among them, there is a negative 

correlation between income per capita or SPF scores and school dropout. Table 19 also 

confirms that the predictive model outperforms the SPF in terms of identifying future school 

dropouts. There are minor differences in the relative frequency of school dropouts in Panels A 

and B. However, there are substantive differences in the relative frequency of school dropouts 

in Panel C. Other new findings emerge from Table 19. A higher relative frequency of school 

dropouts can be found in the first quintile group of the predictive model when the measure of 

school dropout considered in the analysis is dropout_t1 instead of dropout_t2. 



Appendix E. Sensitivity Analysis for Total Leakage Targeting Assessment 

 

I present four distinct types of sensitivity analyses in this appendix. In the first type, I change 

the methodological approach to measure poverty. On the left side of Table 20 I use a higher 

poverty line (I define a student as poor if within the poorest 40% in the sample). Applying a 

higher poverty line has the effect of reducing leakage (as more adolescents are classified as 

poor, it is more likely that poor students will be found among the recipients). In all cases at 

least one combined mechanism is more effective than the best independent mechanism.  

 

The right-hand part of Table 20 presents the results for an alternative definition of income. In 

this case I replace income per capita with household income over an index of needs. This index 

considers economies of scale of households with multiple members. The first member of the 

household accounts as 1, then each additional member accounts for 0.7. The outcomes of the 

targeting assessment are almost unresponsive to these modifications. I observe minor changes 

in total leakage for the mechanisms that rely primarily on the Social Protection File.   

 

Table 6: Total Leakage: Sensitivity Analysis by Poverty Line and Income Definition 

Targeting Mechanisms 
Using a Higher Poverty Line Using a Needs Index 

The Budget Allows a CCT to Reach x% of Adolescents 
x=5% x=20% x=40% x=5% x=20% x=40% 

0% SPF; 100% Model 0.154 0.298 0.390 0.232 0.444 0.563 
25% SPF; 75% Model 0.105 0.246 0.379 0.158 0.417 0.552 
75% SPF; 25% Model 0.043 0.270 0.308 0.224 0.440 0.507 
100% SPF; 0% Model 0.120 0.283 0.314 0.403 0.490 0.543 

Source: own calculations using administrative datasets, Chilean ME & MSD 
 

The targeting assessment in the body of the paper considers dropout_t12. The next sensitivity 

analysis assesses whether the results vary when I use dropout_t1 and dropout_t2 in the 

prediction of the MLA and as an outcome in the assessment. Table 21 presents these results. 

 
Table 7: Total Leakage: Sensitivity Analysis by Measure of School Dropout 

Targeting Mechanisms 
Dropout in Year t+1 Dropout in Year t+2 

The Budget Allows a CCT to Reach x% of Adolescents 
x=5% x=20% x=40% x=5% x=20% x=40% 

0% SPF; 100% Model 0.344 0.542 0.635 0.295 0.486 0.592 
25% SPF; 75% Model 0.240 0.504 0.621 0.209 0.457 0.583 
75% SPF; 25% Model 0.272 0.494 0.560 0.257 0.471 0.534 
100% SPF; 0% Model 0.439 0.523 0.575 0.427 0.510 0.561 

Source: own calculations using administrative datasets, Chilean ME & MSD 



 

Compared to Table 13 total leakage increases in every case. This is an expected result because 

dropout_t12 corresponds to a higher population relative to dropout_t1 and dropout_t2. 

Accordingly, each targeting mechanism has higher difficulties in finding future dropouts. 

Despite these changes, a combined approach remains more effective relative to an independent 

approach. For example, as shown in the first column, assigning 75% of the resources through 

the predictive model reduces total leakage to 0.240. Conversely, if only the predictive model 

had been used total leakage would have reached 0.344 while using only the SPF would have 

made this indicator 0.439. 

 

In the third type of sensitivity analysis I test a new version of the combined approach. Table 

22 focuses on these modifications. The new mechanism uses a composite score that I create 

through the combination of the PMT and the predictions of the glmnet algorithm. I assign 

different weights to each instrument. The left side of the table presents results that are 

comparable to Table 13. For example, the fourth row in Table 22 is the same as in Table 13. 

This can be explained by the fact that using a composite score relying 100% upon the SPF is 

equivalent to distributing the budget using the SPF exclusively. In the second and third rows 

total leakage increases relative to Table 13. Moreover, composite scores are not always more 

effective than an independent mechanism. In the scenario with the lowest budget using only 

the predictive model produces a total leakage of 0.232. Total leakage for the two composite 

indexes I test reaches 0.234 and 0.329, respectively. 

 

The right-hand side of Table 22 shows the results with an additional change. In this case, total 

leakage corresponds to the proportion of students who are not simultaneously poor and future 

school dropouts. Under this definition the composite scores I present are more effective than 

the independent approach. This result illustrates the relevance of using a targeting mechanism 

that is consistent with the definition of the target group(s) of a CCT. When finding the poor or 

school dropouts matters, using a mechanism that takes the best information available from both 

sources produces better results than allocation through a composite index. When the target 

group is adolescents who are both poor and future dropouts, a composite index is better suited.  

 

 

 

 



 
Table 8: Total Leakage: Sensitivity Analysis Using a Composite Score 

Targeting Mechanisms 
(% of Weight in 

Composite Index) 

Target: Poor or Dropout Target: Poor and Dropouts 
The Budget Allows a CCT to Reach x% of Adolescents 

x=5% x=20% x=40% x=5% x=20% x=40% 
0% SPF; 100% Model 0.232 0.444 0.563 0.786 0.883 0.929 
25% SPF; 75% Model 0.234 0.400 0.533 0.733 0.874 0.927 
75% SPF; 25% Model 0.329 0.443 0.523 0.825 0.900 0.932 
100% SPF; 0% Model 0.412 0.493 0.544 0.914 0.926 0.939 

Source: own calculations using administrative datasets, Chilean ME & MSD 
 

In the last type of sensitivity analysis, I exchange glmnet for two other MLA. The left side of 

Table 23 focuses on one of the best performing models: boosted trees (gbm). The right-hand 

side gives the results for lasso, a model that is never the better or the worst predictor in the 

previous section. The results from gbm are like the ones in Table 13. This is consistent with 

the equivalent performances of glmnet and gbm as predictors of school dropout. In the case of 

lasso, total leakage is slightly higher in all contexts relative to glmnet. Despite the latter, the 

two combined mechanisms are generally more effective than every independent mechanism. 

 

Table 9: Total Leakage: Sensitivity Analysis by Machine Learning Algorithm 

Targeting Mechanisms 
Boosted Trees Lasso 

The Budget Allows a CCT to Reach x% of Adolescents 
x=5% x=20% x=40% x=5% x=20% x=40% 

0% SPF; 100% Model 0.233 0.450 0.566 0.259 0.467 0.574 
25% SPF; 75% Model 0.156 0.424 0.555 0.176 0.437 0.563 
75% SPF; 25% Model 0.230 0.443 0.509 0.236 0.449 0.513 
100% SPF; 0% Model 0.412 0.493 0.544 0.412 0.493 0.544 

Source: own calculations using administrative datasets, Chilean ME & MSD 
  



Appendix F. Targeting Assessment Including Administrative Costs 

 

The paper has relied on an unrealistic assumption, the inexistence of targeting costs. The social 

policy targeting literature has identified different families of costs for targeted programmes, 

among them administrative, incentive, private, social and political (Besley & Kanbur, 1990). 

Accounting for all these costs is beyond the scope of this paper; however I do consider 

administrative costs. Within the context of implementing targeted transfers, Coady et al. (2004) 

associate administrative costs with expenses related to collecting information or building a 

poverty map.  

 

Given three fixed budgets, this appendix assesses what proportion of the budget goes to 

students that are non-poor and non-dropouts or is spent on administrative costs. I consider two 

types of administrative costs. These are a fixed cost of using the predictive model and a variable 

cost per student selected through the predictive model. The logic behind this design is that 

using the model is associated with fixed costs such as organising the administrative information 

and running the model (which is independent of the number of students selected with the 

instrument) and variable costs (such as outreach through channels other than the ones used by 

the PMT). No costs are associated with using the PMT score. This assumption is justified on 

the basis that generally these PMTs are country-level instruments that would not see their cost-

structure affected when one programme, out of many, changes its targeting design. 

 

Most formally, for each targeting mechanism I estimate the “leaked budget” as follows: 

 

𝐿𝑒𝑎𝑘𝑒𝑑 𝐵𝑢𝑑𝑔𝑒𝑡 =
𝐵𝑢𝑑𝑔𝑒𝑡 𝑅𝑒𝑐𝑒𝑖𝑣𝑒𝑑 𝑏𝑦 𝑁𝑜𝑛˗𝑃𝑜𝑜𝑟 & 𝑁𝑜𝑛˗𝐷𝑟𝑜𝑝𝑜𝑢𝑡𝑠 + 𝐴𝑑𝑚𝑖𝑛. 𝐶𝑜𝑠𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝐶𝐶𝑇 𝐵𝑢𝑑𝑔𝑒𝑡
  

 

The leaked budget indicator can range between zero and one. The targeting mechanism with 

the lowest value is preferred in this exercise. Table 24 presents the results for the leaked budget 

indicator. Panel A and Panel B differ by the fixed cost related to implementing a targeting 

mechanism that includes the predictive model. The left and right-hand sides of each Panel are 

differentiated from each other by the variable cost of reaching each student with the 

information from the predictive model. I analyse all these scenarios for the usual three 

hypothetical budgets. 

 



Table 10: Leaked Budget by Administrative (Fixed and Variable) Costs 
Panel A: Fixed Cost of Implementing the Model is 0.5% of the Cost of Universal Coverage 

Targeting Mechanisms 
Variable Cost is 2% Variable Cost is 4% 

Budget Allows to Reach x% of Adolescents (if no adm. costs) 
x=5% x=20% x=40% x=5% x=20% x=40% 

0% SPF; 100% Model 0.310 0.461 0.571 0.322 0.469 0.577 
25% SPF; 75% Model 0.237 0.435 0.560 0.246 0.441 0.564 
75% SPF; 25% Model 0.319 0.459 0.514 0.321 0.462 0.515 
100% SPF; 0% Model 0.412 0.493 0.544 0.412 0.493 0.544 
Panel B: Fixed Cost of Implementing the Model is 1.0% of the Cost of Universal Coverage 

Targeting Mechanisms 
Variable Cost is 2% Variable Cost is 4% 

Budget Allows to Reach x% of Adolescents (if no adm. costs) 
x=5% x=20% x=40% x=5% x=20% x=40% 

0% SPF; 100% Model 0.377 0.470 0.575 0.388 0.478 0.580 
25% SPF; 75% Model 0.307 0.445 0.564 0.315 0.451 0.568 
75% SPF; 25% Model 0.406 0.474 0.518 0.406 0.476 0.519 
100% SPF; 0% Model 0.412 0.493 0.544 0.412 0.493 0.544 

Source: own calculations using administrative datasets, Chilean ME & MSD 
 

When no administrative costs exist and when the transfers are equal for every recipient the 

leaked budget is equivalent to the total leakage. In fact, the results for the rows in Table 24 

where I only use the SPF are the same as in Table 13 (because no fixed and variable costs are 

associated with this option). However, for all the rest of the rows the results are higher relative 

to Table 13. The addition of administrative costs explains this. These costs reduce the amount 

of resources that can be directed towards the beneficiaries. Logically, the higher these 

administrative costs are, the higher the proportion of leaked budget is. 

 

Table 24 provides one key finding. A combined approach remains predominant relative to an 

independent approach. This is true despite the addition of administrative costs when using the 

predictive model. When the budget of the programme allows for reaching 5% or 20% of the 

sample, assigning 25% of the budget with the SPF and 75% with the predictive model is the 

optimal mechanism. This holds for all the combinations of fixed and variable costs that I 

consider. In the case where the budget allows for reaching 40% of students in the sample, 

selecting 75% of the recipients first with the SPF and the rest with the predictive model 

minimises the leaked budget. 

 
 


