
Appendix I: Results for Other Outcomes and Household Members 
It is also of interest to look at the effect of the program on outcomes for other individuals living in a 

beneficiary household. Table 12 shows the results for other adult household members. The potential 

for the endogeneity of treatment here is far smaller because we are not looking at the actual beneficiary, 

but at someone else. Yet, it cannot be completely ruled out that unobserved household-level 

characteristics act as omitted variables. The effect is positive and statistically significant for all four 

OLS estimations. The inclusion of the additional control variables has only a marginal effect on our 

estimates. While statistically much less significant, the point estimates on the full sample are only 

slightly lower under the IV estimation. The lack of statistical significance can be explained by larger 

standard errors. However, there is some concern about instrument validity, as shown by the OIR test, 

once the sample is divided according to gender. Overall, these results indicate that the program had a 

positive effect on other adults in the household, similar to its effect on the actual beneficiaries. 

 
 
Table A1: Results of Labor Force Participation among Other Adults Living in a Household 

with a Potential Beneficiary 

Variable 
(1) (2) (3) (4) (5) (6) (7) (8) 

OLS OLS OLS OLS IV IV IV IV 
All All Males Females All All Males Females 

Colombia Mayor 0.024*** 0.027*** 0.020*** 0.037*** 0.020 0.043** 0.035* 0.066 
0.007 0.006 0.006 0.013 0.017 0.020 0.020 0.044 

Dependent variable by year 0.724*** 0.579*** 0.285*** 0.829*** 0.724*** 0.578*** 0.285*** 0.828*** 
0.025 0.026 0.034 0.046 0.025 0.027 0.034 0.046 

Dependent variable by area 0.763*** 0.664*** 0.268*** 0.960*** 0.763*** 0.664*** 0.269*** 0.957*** 
0.025 0.028 0.041 0.064 0.025 0.028 0.041 0.063 

Observations 19,628 17,907 9,157 8,391 19,628 17,907 9,157 8,391 
R-squared 0.188 0.323 0.374 0.171 0.188 0.323 0.374 0.170 
Municipalities, number 269 267 245 250 269 267 245 250 
F 316.6 501.2 1799 147.1 316.0 496.2 1818 147.3 
Partial R-squared     0.0655 0.0733 0.0797 0.0665 
Kleinbergen-Paap statistic     752.1 767.4 532.9 412.0 
OIR test     0.866 0.866 0.0693 0.0313 
Endogeneity test     0.820 0.419 0.434 0.488 
First stage         

Dependent variable by year     0.002 0.005 0.008 0.000 
    0.044 0.044 0.057 0.055 

Dependent variable by area     0.004 -0.001 -0.005 0.000 
    0.044 0.044 0.066 0.053 

Instrument from probit     0.966*** 0.997*** 1.006*** 0.983*** 
        0.035 0.036 0.044 0.048 

Note: The table illustrates a linear probability model on a dependent variable indicating participation in the labor force. 
The IV specification uses a three-stage procedure for binary treatment variables. Only the OIR test is derived from a two-
step procedure. Columns (1) and (5) do not include additional control variables. Standard errors are clustered at the 
municipal level and shown in italics. 
 
 



The results on labor force participation among 13–17-year-olds, shown in table 13, can be dealt with 

quickly. There is not a hint of evidence on any effect because all the results are statistically insignificant 

and small in magnitude. All the IV test statistics are strong, making us more confident in the absence 

of an effect. However, the sample size is somewhat reduced given the higher incidence of 

municipalities with no variation in the outcome among this subgroup. This is so because of the smaller 

number of minors in our sample (and, hence, the fewer observations in each municipality) and the 

high incidence of zeros in the outcome variable because most minors do not work. 

 

 
Table A2: Labor Force Participation, 13–17-Year-Olds in Households with a Potential 

Beneficiary 

Variable 
(1) (2) (3) (4) (5) (6) (7) (8) 

OLS OLS OLS OLS IV IV IV IV 
All All Males Females All All Males Females 

Colombia Mayor -0.003 -0.005 0.002 -0.018 0.037 0.036 0.018 0.070 
0.012 0.012 0.019 0.015 0.025 0.026 0.041 0.043 

Dependent variable by year 0.733*** 0.731*** 0.858*** 0.523*** 0.736*** 0.734*** 0.860*** 0.525*** 
0.030 0.031 0.045 0.063 0.029 0.029 0.045 0.061 

Dependent variable by area 0.707*** 0.700*** 0.856*** 0.514*** 0.709*** 0.701*** 0.858*** 0.507*** 
0.032 0.032 0.059 0.062 0.032 0.032 0.059 0.064 

Observations 6,326 6,323 3,105 2,749 6,326 6,323 3,105 2,749 
R-squared 0.215 0.218 0.266 0.110 0.213 0.216 0.266 0.096 
Municipalities, number 224 224 185 172 224 224 185 172 
F 208.3 120.7 73.50 10.92 214.0 120.1 73.42 11.10 
Partial R-squared     0.0612 0.0730 0.0932 0.0696 
Kleinbergen-Paap statistic     291.4 339.7 264.4 162.1 
OIR test     0.351 0.263 0.419 0.820 
Endogeneity test     0.143 0.144 0.667 0.0391 
First stage         

Dependent variable by year     -0.003 -0.004 0.004 -0.007 
    0.047 0.044 0.064 0.075 

Dependent variable by area     0.000 0.004 -0.004 -0.001 
    0.063 0.062 0.086 0.096 

Instrument from probit     0.969*** 1.006*** 1.028*** 1.018*** 
        0.057 0.055 0.063 0.080 

Note: The table illustrates a linear probability model on a dependent variable indicating participation in the labor force. 
The IV specification uses a three-stage procedure for binary treatment variables. Only the OIR test is derived from a two-
step procedure. Columns (1) and (5) do not include additional control variables. Standard errors are clustered at the 
municipal level and shown in italics. 
 
 

We are also interested in whether the increase in labor force participation among the elderly in 

response to the benefit reduces other activities, in particular household-related work. In table 14, we 

present the results for our model with the binary dependent variable indicating that potential 

beneficiaries declared that household-related work was their primary activity during the week prior to 

the interview. This outcome is not mutually exclusive with labor force participation. Nonetheless, the 



results are almost a mirror image of the results on labor force participation. We find a statistically 

significant positive effect in the OLS, but a negative one in the IV results, though the latter are not 

statistically significant among the gender-specific samples and are associated with generally lower point 

estimates, which is to be expected if some respondents spend only a few hours a week on paid work. 

Overall, these results are in line with our principal findings. 

 

 
 
 

Table A3: Household Work as the Primary Occupation among Potential Beneficiaries 

Variable 
(1) (2) (3) (4) (5) (6) (7) (8) 

OLS OLS OLS OLS IV IV IV IV 
All All Males Females All All Males Females 

Colombia Mayor 0.027*** 0.031*** 0.022*** 0.024*** -0.049*** -0.029* -0.003 -0.056** 
0.006 0.006 0.007 0.008 0.018 0.017 0.022 0.026 

Dependent variable by year 0.733*** 0.593*** 0.522*** 0.618*** 0.736*** 0.596*** 0.524*** 0.620*** 
0.022 0.022 0.038 0.035 0.022 0.022 0.039 0.035 

Dependent variable by area 0.701*** 0.598*** 0.460*** 0.577*** 0.711*** 0.607*** 0.464*** 0.588*** 
0.031 0.028 0.044 0.047 0.031 0.028 0.045 0.0480 

Observations 27,605 27,535 11,572 15,862 27,605 27,535 11,572 15,862 
R-squared 0.318 0.426 0.099 0.322 0.314 0.424 0.098 0.317 
Municipalities, number 288 288 276 285 288 288 276 285 
F 581.8 856.6 32.24 959.9 561.4 849.5 32.42 958.4 
Partial R-squared     0.0892 0.0956 0.102 0.0941 
Kleinbergen-Paap statistic     2529 2573 1456 1692 
OIR test     0.17 0.17 0.189 0.0396 
Endogeneity test     4.02e-05 0.000449 0.227 0.00204 
First stage         

Dependent variable by year     0.002 0.003 0.001 0.003 
    0.023 0.025 0.036 0.030 

Dependent variable by area     0.006 0.005 0.006 0.006 
    0.026 0.029 0.042 0.041 

Instrument by year     0.984*** 0.999*** 0.997*** 1.000*** 
        0.020 0.020 0.026 0.024 

Note: The table illustrates a linear probability model on a dependent variable indicating household work as a primary 
occupation. The IV specification uses a three-stage procedure for binary treatment variables. Only the OIR test is 
derived from a two-step procedure. Columns (1) and (5) do not include additional control variables. Standard errors are 
clustered at the municipal level and shown in italics. 
 
 

A large part of the literature on noncontributory pensions concerns the question of whether such a 

benefit crowds out the receipt of transfers from other family members or close friends. In table 15, 

we show the results for our standard estimation on the binary outcome of whether a potential 

beneficiary receives any monetary transfers from other households or organizations such as 

nongovernmental organizations or churches. A comparison of the OLS and the IV results shows a 

clear selection. The elderly who receive such third-party transfers are more likely also to receive the 



Colombia Mayor benefit. The IV results show a mostly negative effect, which is, however, small in 

magnitude and statistically insignificant. While small, it is in line with other research showing that the 

negative point estimate is driven by women. Taken together, this probably indicates that the third 

parties that help the elderly financially also help them by informing them about the Colombia Mayor 

benefit and, perhaps, assist in the application process. Yet, the third parties do not reduce their own 

transfers. 

 

 
 

Table A4: The Receipt of Monetary Transfers from Third Parties to Potential Beneficiaries 

Variable 
(1) (2) (3) (4) (5) (6) (7) (8) 

OLS OLS OLS OLS IV IV IV IV 
All All Males Females All All Males Females 

Colombia Mayor 0.043*** 0.051*** 0.058*** 0.043*** -0.002 0.001 0.028 -0.010 
0.007 0.006 0.010 0.009 0.011 0.013 0.024 0.020 

Dependent variable by year 0.803*** 0.770*** 0.661*** 0.838*** 0.807*** 0.775*** 0.665*** 0.841*** 
0.025 0.026 0.038 0.036 0.026 0.026 0.038 0.036 

Dependent variable by area 0.862*** 0.805*** 0.776*** 0.787*** 0.868*** 0.813*** 0.778*** 0.798*** 
0.020 0.023 0.048 0.044 0.020 0.023 0.048 0.044 

Observations 27,605 27,535 11,572 15,862 27,605 27,535 11,572 15,862 
R-squared 0.078 0.108 0.104 0.110 0.076 0.106 0.103 0.108 
Municipalities, number 288 288 276 285 288 288 276 285 
F 262.7 139.0 53.47 100.3 262.6 137.1 52.44 95.94 
Partial R-squared     0.0890 0.0952 0.101 0.0934 
Kleinbergen-Paap statistic     2597 2632 1463 1710 
OIR test     0.454 0.454 0.821 0.318 
Endogeneity test     0.000100 0.000131 0.174 0.00869 
First stage         
Dependent variable by year     -0.002 -0.003 0.002 -0.004 

    0.021 0.022 0.031 0.027 

Dependent variable by area     0.008 0.007 0.012 0.005 
    0.025 0.026 0.049 0.039 

Instrument from probit     0.983*** 0.999*** 0.995*** 1.000*** 
        0.019 0.019 0.026 0.024 

Note: The table illustrates a linear probability model on a dependent variable indicating receipt of monetary transfers 
from third parties. The IV specification uses a three-stage procedure for binary treatment variables. Only the OIR test is 
derived from a two-step procedure. Columns (1) and (5) do not include additional control variables. Standard errors are 
clustered at the municipal level and shown in italics. 
 
 
 
Another question of interest revolves around whether the benefit changes the living arrangements of 

the elderly, in particular whether they are either more or less likely to live with other family members 

in multigenerational households. If this was the case, the results on labor force participation may be 

indirectly driven by the program’s effect on household composition. In table 16, we thus show the 

results for the binary dependent variable of whether a potential beneficiary lives in a household with 



at least one adult below the program eligibility age. Using OLS, the effect is negative and mostly 

statistically significant. Probably because elderly people who live with younger household members 

are less likely to enroll in the program. In the IV specification, point estimates turn positive, but are 

small in magnitude and statistically insignificant, except in the first column. We therefore rule out that 

household composition may be the driver behind our prior results. 

 
 
 
 

Table A5: Living with Another Adult below the Eligibility Age of Potential Beneficiaries 

Variable 
(1) (2) (3) (4) (5) (6) (7) (8) 

OLS OLS OLS OLS IV IV IV IV 
All All Males Females All All Males Females 

Colombia Mayor -0.046*** -0.014** -0.005 -0.019*** 0.035** 0.006 0.025 -0.011 
0.010 0.006 0.007 0.007 0.015 0.018 0.023 0.020 

Dependent variable by year 0.783*** 0.342*** 0.332*** 0.354*** 0.779*** 0.341*** 0.331*** 0.354*** 
0.029 0.023 0.029 0.026 0.028 0.023 0.029 0.026 

Dependent variable by area 0.898*** 0.368*** 0.356*** 0.372*** 0.905*** 0.369*** 0.358*** 0.373*** 
0.018 0.021 0.030 0.025 0.018 0.021 0.031 0.025 

Observations 27,605 27,535 11,572 15,862 27,605 27,535 11,572 15,862 
R-squared 0.070 0.578 0.606 0.559 0.065 0.578 0.605 0.559 
Municipalities, number 288 288 276 285 288 288 276 285 
F 295.2 256.1 250.4 173.2 285.0 254.0 254.5 170.7 
Partial R-squared     0.0893 0.0963 0.102 0.0948 
Kleinbergen-Paap statistic     2602 2683 1514 1744 
OIR test     0.626 0.626 0.0957 0.711 
Endogeneity test     3.51e-07 0.259 0.158 0.704 
First stage         

Dependent variable by year     0.003 0.002 0.004 0.000 
    0.019 0.021 0.026 0.029 

Dependent variable by area     -0.006 -0.003 -0.006 -0.002 
    0.018 0.019 0.029 0.028 

Instrument from probit     0.983*** 0.998*** 0.996*** 0.999*** 
        0.019 0.019 0.026 0.024 

Note: The table illustrates a linear probability model on a dependent variable indicating that an adult below eligibility age 
lives in the same household. The IV specification uses a three-stage procedure for binary treatment variables. Only the 
OIR test is derived from a two-step procedure. Columns (1) and (5) do not include additional control variables. 
Standard errors are clustered at the municipal level and shown in italics. 
 
  



Appendix II: Evaluating the Program 
Colombia Mayor presents a number of formidable obstacles in a rigorous ex post impact evaluation, 

all of which may be reduced to the lack of a clearly identifiable control group. In this appendix, we 

discuss three possible approaches that, based on the program design, seem feasible, but turn out not 

to be so. 

 
In theory, the Sisben eligibility criterion should be amenable to evaluation through an identification 

strategy involving a comparison across households within some range to the left and right of the cutoff 

in a design inspired by regression discontinuity (RD). We would not necessarily believe that the cutoff 

is followed strictly (as in a sharp RD design) because there may be differences between the ENCV 

data and a household’s characteristics at the time of the Sisben interview. (For instance, the program 

benefit may have lifted a marginal household across the eligibility line.) However, this would not pose 

any major problems as long as the probability of program receipt were still to change discontinuously 

at the cutoff (as in a fuzzy RD design). A couple of unpublished working papers on the predecessor 

of Colombia Mayor, the Programa de Protección Social al Adulto Mayor, attempt an RD approach 

based on estimated Sisben scores and thresholds, but do not find any results (Rubio 2014; Rubio, 

Hessel, and Avendano 2015). Analyzing the effect of a different social protection program for which 

eligibility is based on Sisben scores (Régimen Subsidiado, a public health insurance program), Miller, 

Pinto, and Vera-Hernández (2013) use a similar strategy, but find only weakly significant results. We 

are able to observe the actual Sisben scores implied by the ENCV data and find that the official 

thresholds are not enforced in practice. This should not come as too much of a surprise, given 

municipalities’ incentives and ability to manipulate the Sisben (see Camacho and Conover 2011). 

Moreover, below, we also provide statistics on municipality-specific prioritization, which would be the 

principal reason to estimate municipality-specific thresholds, and show that, at least for Colombia 

Mayor, there is not a lot of variance across municipalities. 

 
In Table 1A, we present the results of a simple RD-inspired spline regression with standard errors 

clustered at the municipal level. We regress the binary outcome variable of a household receiving 

Colombia Mayor according to whether it is Sisben eligible (another binary variable) and measure the 

absolute value of its distance to the cutoff, which we capture using two separate variables depending 

on whether the household is Sisben eligible (that is, to the left of the cutoff) or not (to the right of the 

cutoff). In additional specifications, the squared values of these distance measures are included. This 

analysis is carried out for households with at least one age-eligible member within a neighborhood of 



either 5 points from the cutoff (columns 1 and 2), or 10 points (columns 3 and 4). This setup 

corresponds roughly to a first-stage regression in a fuzzy RD design, and, for the approach to be valid, 

one would need a strong positive effect of the binary variable Sisben eligible (which would be 

interpreted as showing that the probability of program receipt changes discontinuously at the cutoff). 

It can be easily seen that the variable of interest is all but insignificant statistically as well as in 

magnitude. If we add the squared terms, it also becomes clear that the relation between the distance 

to the threshold and actual program receipt is best captured by a linear trend. In addition, figure 1A 

gives a graphical impression of the probability of receiving the benefit within the five-point window 

in the Sisben score around the corresponding threshold value. We ran a simple kernel regression of 

program receipt on the Sisben score in the +/- 5 point interval around the eligibility cutoff. Figure 1A 

confirms the results shown in the table, that is, there is no significant change around the threshold. 

 
Table A6: RD Spline Regression of Program Receipt on Distance to the Sisben Cutoff 

Dependent variable: receipt of Colombia Mayor (1) (2) (3) (4) 
Within 5 points Within 5 points Within 10 points Within 10 points 

Sisben eligible 0.005 0.128 0.002 0.018 
0.042 0.157 0.018 0.041 

Distance to cutoff, left −0.009 0.063 −0.009*** −0.002 
0.011 0.095 0.003 0.015 

Distance to cutoff, right 0.009*** 0.019*** 0.009*** 0.011*** 
0.003 0.005 0.001 0.004 

Distance to cutoff, left squared  0.010  0.001 
 0.014  0.001 

Distance to cutoff, right squared  0.003**  0.000 
 0.001  0.000 

Constant 0.234*** 0.227*** 0.231*** 0.232*** 
0.010 0.010 0.009 0.009 

Observations 10,859 10,859 21,049 21,049 
R-squared 0.013 0.013 0.028 0.028 
F 13.66 11.56 30.85 23.41 
Note: The table shows the results of a linear probability model on a dependent variable indicating receipt of Colombia 
Mayor. Standard errors are in italics 
 

 
 
 
 
 
 
 
 
 

Figure A1: Kernel Regression of Program Receipt on Distance to the Sisben Cutoff 



 
 
A second route to evaluation is offered through prioritization. In cases in which the number of eligible 

applicants in a municipality exceeds the number of available slots in a given year, applicants are ordered 

by a number of vulnerability criteria, each of which adds or subtracts a given amount to a numeric 

score. Applicants with the highest such score are then enrolled first, giving rise to a municipality-

specific threshold value below which enrollment in the program is postponed. The score ranges from 

a minimum of 7 to a theoretical maximum of 22. The only component that adds negative values is age 

for individuals 64 years old or younger. In theory, this mechanism allows identification to be based on 

a comparison between closely similar households living in different municipalities with different 

thresholds. Closer examination, however, reveals that the prioritization score is only binding in a few 

cases and almost only for the relatively young (that is, applicants in their 50s or early 60s), given that 

age is the single most important element in the score. Table 2A shows that, of the 1,105 municipalities 

on which we have 2013 prioritization data, only 78 did not apply prioritization at all. However, almost 

all the other municipalities had low threshold values; the lion’s share was between −4 and −7 (a score 

that can only correspond to a person in his 50s), and only 18 municipalities had a positive threshold 

value. The bottom line is that the prioritization threshold does not yield sufficient variance to act as a 

feasible identification strategy. 
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Table A7: Distribution of the Prioritization Threshold across Municipalities 
Threshold value Municipalities, number 

Did not apply prioritization 78 
−7 258 
−6 267 
−5 186 
−4 133 
−3 86 
−2 42 
−1 27 
0 9 
1 13 
2 1 
3 1 
4 1 
5 1 
6 1 

 
 
Lastly, the program’s staggered rollout in municipalities could potentially be used as a source of quasi-

exogenous variation. The program was implemented initially in all municipalities more or less 

simultaneously without any clear selection criteria. By the time the Consorcio Colombia Mayor was 

established, pretty much all municipalities had some beneficiaries. Unfortunately, according to the data 

made available to us by the consorcio, the subsequent expansion of the program with the aim of 

enrolling the entire target population proceeded in a parallel fashion across municipalities (meaning 

that there was no clearly identifiable subgroup of municipalities or other criteria that determined the 

speed of the expansion). Given that no objective estimate of the number of individuals in the target 

population—that is, individuals who fulfill the age and Sisben requirements—is available at the 

municipal level, we calculated an estimate of coverage by dividing the number of beneficiaries reported 

by the consorcio by the number of people who are age eligible according to Colombia’s population 

projections.1 We have complete yearly data on 1,101 municipalities in 2010–14. The first observation 

is that, of the 5,505 individual observations, 55 are larger than 1 and, in many cases, by a substantial 

amount (the largest value is over 12). This points to the unreasonably large number of beneficiaries in 

 
1 The National Administrative Department of Statistics of Colombia provides population projections for five-year 
groups. (See “Demografía y Población: Proyecciones de Población” (database), National Administrative Department of 
Statistics, Bogotá, Colombia, http://www.dane.gov.co/index.php/poblacion-y-demografia/proyecciones-de-poblacion.) 
The total number of age-eligible residents per municipality has been constructed by assuming a constant age distribution 
within each group. 



the consorcio data. (Keep in mind that the denominator also includes noneligible individuals of the 

appropriate age.)  

 

We have run a simple regression of the estimated coverage—the share of beneficiaries in the age-

eligible population—on a set of year-specific dummy variables and a set of municipality-specific 

dummy variables. This yields an R2 value of 0.7305. With almost three-quarters of the variation 

explained by municipality and year fixed effects, the remainder may be too weak to act as a statistically 

strong source of variation. This problem can be visualized in figure 2A for the 298 municipalities that 

are included in any of the ENCVs over 2010–13 and that are used in our analysis. With the exception 

of a few sudden spikes in some municipalities, which are likely to be caused by errors in the data on 

beneficiaries made available to us by the Consorcio, the trends over time are almost parallel in all 

municipalities.  

This lack of municipality- and year-specific variations can be highlighted by a simple regression 

analysis. Table 3A shows the result of a simple regression of the binary variable indicating receipt of 

Colombia Mayor—taken from the four rounds of the ENCV during 2010–13—on the proportion of 

age-eligible residents enrolled based on administrative data. The first column runs the regression using 

all age-eligible observations, and the second column only shows those observations that also fulfill the 

Sisben criterion (which will be the sample in our analysis below). In the first group, the municipality 

proportion of beneficiaries is at least a statistically significant predictor of the actual receipt of the 

benefit (at the 5 percent level, the standard errors are clustered on the municipality), but it ceases to 

be a statistically significant predictor if we focus on the actual population of interest. Moreover, even 

in the former group, a 1 percentage point rise in the proportion of beneficiaries would only raise the 

likelihood of actual receipt by 0.173 percent. Among the second group, the corresponding likelihood 

is only 0.09 percent. 

 
 
 
 
 
 
 
 
 
 
 
 



Figure A2: Rollout of Colombia Mayor across 298 ENCV 2009–13 Municipalities 

 
 

Table A8: Regression of Program Receipt on the Municipal Rollout Level, Controlling for 
Municipal and Year Fixed Effects 

Binary dependent variable (1) (2) 

Beneficiaries, share 0.173** 0.090 
0.073 0.109 

Observations 48,271 20,172 
R-squared 0.003 0.010 
Municipalities, number 298 294 
F 16.87 25.09 
Sample Age eligible Age and Sisben eligible 
Note: The table shows the results of a linear probability model on a dependent variable indicating the receipt of 
Colombia Mayor; fixed effects are omitted from the output. Standard errors are in italics. 

 

There is a certain contradiction in the results arising from the last two approaches. If the rollout, that 

is, the assigned number of beneficiaries, really evolved in a parallel fashion, one would expect to see 

wide variation in the prioritization score of the last person entering the program because there ought 

to be differences in the number and characteristics of eligible applicants. In our conversations with 

officials at the Consorcio, we were told that the number of assigned beneficiaries is partially adjusted 

by the number of applicants a municipality is able to produce. This would explain the similarity in the 

minimum prioritization scores, but it should also result in more variation in the rollout. In our 

identification strategy presented in the next section, we partially assume that the official enrollment 

data do not properly represent actual enrollment levels, and we proceed to derive proxies for actual 

enrollment directly from the ENCV data. 
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Appendix III: Results for Control Function Approach on IV 
In this appendix, we present results for an alternative approach to our instrumental variable strategy. 

This addresses the concern that program roll-out at the levels of aggregation used for the instrumental 

variables may have been directly driven by labor market outcomes. We employ a control function 

approach on our two instrumental variables by regressing them first on all the observed labor market 

outcomes in the data, their squared terms, and also their pairwise interaction terms. We then use the 

residuals from that regression as our new IVs. The rational behind this methodology is that we want 

to purge our IV from all possible correlation with labor market outcomes. By including the squared 

and interaction terms, we extent this purge to possible non-linear relationships. We use the averages 

of beneficiaries over the outcomes presented in table 9 in the main text, leaving out, where necessary, 

one category as baseline. Additionally, we divide labor force participation up into being occupied and 

being unemployed. A number of the resulting pairwise interaction terms are subsequently dropped to 

avoid perfect collinearity.  

 

In table A4 below we show the results from this exercise for the whole sample and the six subgroups 

from table 8. It has to be kept in mind that by using the residuals we end up with a considerably weaker 

instrument than we had before. Their standard deviation drops from 0.18 and 0.17, to 0.12 and 0.14, 

respectively. Referring to table A4, the statistics capturing instrument strength are reduced accordingly. 

The Kleinbergen-Paap statistic is in some cases cut in half, and the partial R-squared is also 

considerably reduced (comparing table A4 to column 6 in table 7 and to table 8). Reduced strength in 

the instruments translates into larger standard errors in the estimations. Comparing the results below 

to those in the paper it, the point estimates for the whole sample and for younger males are almost 

identical. The results for beneficiaries 70 years of age or older continue being statistically insignificant. 

The larger standard errors reduce the level of statistical significance for males younger than 70, our 

principal result of interest, though the point estimate is even slightly higher than before. For women 

of the same age, results lose their marginal significance (before at the 10%-level) and the point 

estimates are slightly lower. However, the bottom line is that this approach does not alter our principal 

findings. 

  



 

 

Table A9: Results for estimation with control function. 

  All Younger than 70 70 or older 

All Male Female All Male Female 

Colombia 
Mayor 

0.072*** 0.054 0.085* 0.055 -0.014 0.053 -0.022 
 

0.020 0.036 0.045 0.048 0.027 0.045 0.036 
Dependent 
variable by 
year 

0.559*** 0.715*** 0.362*** 0.746*** 0.474*** 0.527*** 0.339*** 

 
0.029 0.042 0.065 0.058 0.045 0.066 0.051 

Dependent 
variable by 
area 

0.672*** 0.822*** 0.488*** 0.773*** 0.678*** 0.677*** 0.354*** 

 
0.025 0.038 0.056 0.075 0.046 0.071 0.069 

        

Observations 27,535 15,109 5,436 9,226 12,159 5,667 6,262 
R-squared 0.319 0.114 0.317 0.122 0.194 0.336 0.069 
Municipalities
, number 

288 274 231 260 282 259 264 

F 408.7 212.1 489.4 97.06 93.75 109.7 22.48 
Partial R-
squared 

0.0641 0.0713 0.0833 0.0692 0.0615 0.0618 0.0602 

Kleinbergen-
Paap statistic 

1285 846.0 422.4 635.7 531.4 284.0 420.0 

OIR test 0.119 0.224 0.528 0.0382 0.987 0.426 0.587 
Endogeneity 
test 

9.59e-05 0.0105 0.107 0.311 0.760 0.249 0.769 

First stage 
       

Dependent 
variable by 
year 

0.005 0.004 0.002 0.003 0.007 0.007 0.003 
0.041 0.041 0.062 0.047 0.060 0.071 0.079 

Dependent 
variable by 
area 

-0.002 0.003 0.003 -0.000 -0.005 -0.003 -0.006 

0.038 0.045 0.069 0.053 0.060 0.078 0.091 

Instrument 
from probit 

1.001*** 1.013*** 1.007*** 0.996*** 0.995*** 0.994*** 0.980*** 

0.028 0.035 0.049 0.04 0.043 0.059 0.048 

 

 

 

 


