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Abstract

This paper examines inconsistencies in the decision-making of a sample of 2,248 adolescents from EIl Sal-
vador when completing two classic experiments: temporal discounting and risk preferences. Inconsistency
in responses is a significant issue when collecting experimental data because it implies a loss of the sample,
as these data come from subjects who do not respond to the task as they should and could indicate, for in-
stance, a lack of understanding of the task. To mitigate this problem, we reduced the number of decisions,
designed tasks with a strong visual component, and adapted them to the context with the assistance of a local
pedagogical team. Despite these adaptations, we first observe participants’ significant difficulties in avoiding
errors such as multiple switching. Secondly, we investigate whether developmental factors (age), cognitive
skills, and task repetition improve consistency. Lastly, we explore whether inconsistency in decision-making
somehow shapes their immediate and long-term educational expectations.
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1. Introduction

In recent times, economic experiments have started to involve young populations, typically within school or
high school settings. These experimental studies with non-standard subject pools (Exadaktylos et al., 2013;
Henrich et al., 2010), fundamentally address three research questions: i) the emergence of economic prefer-
ences (Fehr et al. (2013); Brocas and Carrillo (2020b,a)); ii) the exploration of potential relations between
these preferences and academic as well as non-academic outcomes (Sutter et al., 2013); and iii) the examina-
tion of the feasibility of intervening in these preferences in early ages (Lithrmann et al., 2018).

It is important to underscore that experimental studies undertaken with students offer a unique opportunity
to gather insights beyond the conventional school metrics. Collecting supplementary data from students con-
tributes to more effective school management and the improvement of educational processes and school envi-
ronment. For instance, social network studies in schools are useful for launching alcohol and drug prevention
programs, among other initiatives (Paluck et al. (2016); Starkey et al. (2009); Valente et al. (2007)).

While the body of literature involving children and adolescents has grown rapidly in recent years, the ma-
jority of these studies rely on samples drawn from developed nations, namely the United States and Europe.
Although there are exceptions', this prevailing trend not only limits our understanding of students in different
contexts but, more importantly, hinders the applicability of findings from these settings to environments where
such knowledge could be particularly relevant.

An important limitation to transporting experimental tools to developing countries lies in the uncertainty sur-
rounding their utility in more complex socioeconomic contexts. It is well-established that many of these coun-
tries are characterized by marked educational gaps, exacerbated by economic constraints and high violence
levels that deter school attendance and human capital acquisition ((Adelman and Szekely, 2016; Dinarte-Diaz
and Egana-delSol, 2023)).

The primary objective of this paper is precisely to assess the applicability of a tool initially deployed among
5,000 Spanish students to a cohort of 2,248 Salvadoran students. These tasks were meticulously tailored to
adolescents (refer to Alfonso et al. (2023a)). The only difference between the Spanish and Salvadoran ver-
sions pertains to a linguistic adaptation process conducted by a local pedagogical team to ensure clarity of
language while preserving the integrity of the task illustrations.

To test the applicability of these experimental tools, we focused on two classical experiments: first, a task
designed to measure time preferences (as outlined in Alfonso et al. (2023a)), and second, a task intended to
measure risk preferences (see Vasco and Vazquez (2023)). Both are very simplified tasks. In each case, stu-
dents make 6 decisions on a set of vignettes where they have to decide between A and B. The success of the
portability of these tasks is measured in terms of the percentage of students who make consistent decisions in
the tasks. Inconsistency may arise due to an array of factors, including a lack of understanding of the task or
simply lack of attention.

Inconsistency poses a serious challenge; when a student responds inconsistently, it means that their decisions
fail to accurately reflect their underlying preferences. The immediate consequence of such inconsistency
lies in the loss of data reliability. Consequently, the proportion of students offering inconsistent responses
promptly translates into a segment of the sample that is unusable. This paper builds on a substantial body of

'For example, some studies have measured social preferences among children in El Salvador (Bonan et al., 2023) and Turkey
(Alan et al., 2021; Ugur, 2021); competitiveness and risk preferences in Colombia (Cérdenas et al., 2012), Perua (Castillo, 2020),
Brazil (Moreira et al., 2010), Uganda (Munro et al., 2014), and Armenia (Khachatryan et al., 2015); and cooperative behavior in
Taiwan (Fan, 2000). See Sutter et al. (2019) for a detailed review.
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literature examining inconsistent behavior in economic experiments both with standard (e.g., Amador-Hidalgo
et al. (2021)) and non-standard subject pools (e.g., Jacobson and Petrie (2009); Tymula (2019)). By extending
the analysis to a novel subject pool of Salvadoran adolescents, our study contributes to the literature by pro-
viding evidence on how experimental tools perform when applied to a less typical population than university
students, who tend to be more motivated and mathematically proficient.

The principal findings of this study can be summarized as follows: First, the percentage of students that
make inconsistent decisions in either task is nearly half of the cohort. More importantly, only one quarter
of the subjects exhibit consistent performance in both tasks. These outcomes bear significant implications
concerning sample size reduction. Furthermore, we do not observe distinctive patterns among schools, with
all institutions exhibiting comparably poor performance. Notably, there are no substantial gender differences.

Secondly, we delve into the question of whether developmental factors exert influence over the consistency
of responses, specifically whether inconsistency diminishes with age. We find that age has a negative and
significant impact on risk inconsistencies, but not on time inconsistencies.

Third, we explore the influence of cognitive skills (including reflection, financial analyses, and probability
assessment) in the consistency of their decision-making processes. We show that students with higher cogni-
tive abilities are also less likely to exhibit inconsistencies, especially in risk preferences.

Also, taking advantage of the fact that more than one thousand participants had taken part in a second wave,
we test whether repeating the tasks a few months later improves consistency. The results are not particularly
encouraging. While many become consistent, there is also a percentage who were consistent in the first wave
but cease to be in the second.

Lastly, we analyze whether this consistency problem is associated with students’ immediate and long-term
educational outcomes, namely: performance at school, the expectations to return to school next year, to attend
university, and whether they would like to go to university. We find that the inconsistent students have lower
school performance, worse expectations, and even less interest in attending university.

After this introduction, the next sections of this paper are organized as follows: the second section describes
the data collection procedures, the tasks, the sample composition, and defines the measures that underpin our
analytical framework. The third section presents the findings and the fourth section discusses the implications,
while the fifth section concludes.

2. Protocol, tasks and dataset

2.1. Protocol

The study was approved by the Ethical Committee of Universidad Loyola Andalucia and the entire experi-
ment was pre-registered. The project was funded by an international development agency. The experiment
was conducted during 2 years in 12 schools located in 5 departments of El Salvador. Subjects were students
from middle school (7t and 8t™" grades) and high school (91", 10t", 11" and 12t grades). The data was col-
lected in three waves.? While the first wave was collected between March and June 2022, the second wave was
run between March and May 2023. Respectively, we obtained 2,600 and 2,649 observations for waves 1 and 2.

*For this research, only waves 1 and 2 are analyzed. Wave 3 was running in 2023.
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Participants were recruited with the support of a local partner who had an established network with public
schools across the country. This local partner worked with a eld coordinator under the supervision of the
research team in Spain. The experiment was adapted to the context with the help of a local pedagogical team,
and the adaptations were tested with a group of students from EIl Salvador.

The recruitment process was identical for both waves. Participants were not self-selected. School direc-
tors signed an agreement to integrate the experiment into their pedagogical curriculum and to conduct it as a
class activity. This eliminated the need of parental consent for subjects under 14 years old, decreasing the non-
response rate. Experimental sessions were scheduled with the support of the local partner, and the experiment
was conducted as a lab-in-the- eld on a platform called SANit was developed to provide greater control

over data privacy and adaptability. Subjects were informed that all responses were anonymous and were pro-
vided with general information and instructions, as well as the necessary tools to complete the experiment:
a tablet, internet connection, username, and temporary password to access SAND. Once subjects logged in,
they completed the experiment by navigating through screens containing speci ¢ instructions for edch task.
Payments were hypothetical, knowing they elicit similar results to monetary payments in adolescent subject
pools (refer to Alfonso et al. (2023a)).

2.2. The truck and the gumball tasks

This study uses tailored tasks designed explicitly for the non-adult populafibe.Truck tasks a visual
version of the Multiple Price List task of Coller and Williams (1999) to elicit time preferences developed by
Alfonso et al. (2023a)The Gumball Machinés a graphic version of Holt and Laury (2002) test to measure
risk preferences introduced by Vasco and Vazquez (2023). Figure 1 shows the rst screen for participants of
the truck (top) and the gumball (bottom) tasks.

In both tasks, subjects made six consecutive decisions. For the truck task, they were asked to choose in
each scenario between 1@$norrowor 10$+# (beingx = 0;2; 4;6; 8; 10 dollars) oneweek later For the
gumball, they choose between two paired lotteries (A and B) with high and low payoffs. Lottery A is initially
better than Lottery B untibnign becomes suf ciently large, and lottery B is more attractive (and rewarding).

We explain both tasks in detail in Appendix A.

3Acronym for Social Analysis and Network Data. This platform is offered by Kampal company (https://www.kampal.com/).
“In 8 schools, participants rst completed the temporal discountifiee(Truch and then they completed risk preferencbe
Gumbal). The task order was inverted for the last 4 schools. We control for this through school xed effects.
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Figure 1:The truck and gumball tasks

Underconsistency; the truck task lets us compute several measures of time preferengederof future
allocations # F uture, from 0 to 6 choices of one week later) and three dummies: subjects who allocate all
in present AlIP resent ), future @AIIF uture ) or those who use interior allocations at least onogefior ).

Similarly, the gumball task lets us compute several measures of risk preferencesamsistency # Risky
counts from 0 to 6 the number of risky allocations (option B vs A) and three dum#wesse if the subject
chooses at least three As in the rst ve decisions —i.e. AAABBB, AAAABB, AAAAABN eutral if she/he
chooses AABBBB andlover if she/he chooses ABBBBB.

2.3. Other tasks

To study the role of individual abilities on how subjects make choices we used two different measures: cog-
nitive and probability abilities. We used two complementary tasks to study cognitive abilities: the Cognitive
Re ection Test CRT) adapted for teenagers and a nancial numeracy tst4b) comprising three math-
ematical questions related to basic operations and interest rates. To study probability abilities we used an
extended version of the Delavande test (Delavande and Kohler, 2009) adaptediby-Biarza et al. (2021)

that allows assessing subjects' accuracy and consistency when handling probabilities. Both tasks were previ-
ously tested with adolescents in Spain (Alfonso et al., 2023a). See Appendix A.3, A.4 and A.5 for detalils.

We also collected data on students' educational outcomes, expectations, and aspirations. For short-term ed-
ucational outcomes, students reported their performance from the previous academic year, speci cally indi-
cating the number of subjects in which they received excellent or good grades. They were also asked about
their likelihood of continuing their studies in school the following yéddditionally, we assessed long-term

®As we explain in Section 2.5, consistent subjects in the truck task are those who do not switch back.
®There are three types of inconsistencylaik of understandingvhen subjects selected lottery B in the rst decision, which had
no uncertainty, and B is dominated by A; 8itch backwhen subjects switched back from lottery B to A; andiiittentionwhen
subjects chose lottery A in the sixth decision which had no uncertainty, and A is dominated by B. See Section 2.5 for more details.
"As noted in 2.6, 12th-grade students were excluded from our analysis, meaning that all students in the sample were expected, in
theory, to continue studying in school the next year.
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educational expectations and aspirations by asking students to rate their likelihood of attending university and
whether they desired to go to universty.

2.4. Schools

In Table 1, we summarize the main characteristics of the 12 schools that participated in the study. All are
public institutions and are evenly distributed across urban and rural afdast schools offer both middle

and high school education, with a few exceptiohsThe total number of middle and high school students
varies signi cantly, with the smallest school having 70 students and the largest 560. Additionally, we gath-
ered data on reported violent incidents in the municipalities where the schools are located, often linked to
gang activity!

Table 1:School description

Rural/ Students Violence index*

School Urban (2022) (2011 to 2021) Municipality Department

1 R 184 0.11 Coatepeque Santa Ana

2 R 129 0.19 Chalchuapa Santa Ana

3 R 239 0.07 Tacuba Ahuachap

4 U 240 1.00 San Salvador  San Salvador
5 R 143 0.07 Tacuba Ahuachap

6 R 70 0.48 San Ana Santa Ana

7 U 381 0.51 San Miguel San Miguel

8 U 235 0.09 Acajutla Sonsonate

9 U 279 0.16 Tonacatepeque San Salvador
10 U 236 1.00 San Salvador  San Salvador
11 U 560 0.48 Soyapango San Salvador
12 U 395 0.07 El Congo Santa Ana

*Note: The Violence index is based on of cial data by the Tripartite Roundtable of El Salvador composed of the Legal
Medicine Institute, Attorney General's Of ce and the Police. This information was recorded prior to the exception
regime that began on March®72022. The index corresponds to the normalized number of violent events reported: 1
represents the greatest number of violent events (2,218) in the period 2011 and 2021. Published by La &mnsa Gr
(2021) and complemented with Instituto de Medicina Legal (2021).

2.5. De nitions

8Expectations and aspirations were measured on a scale from 0 to 100.

SInformation provided by the local partner.

95chools 10 and 12 only provide classes upfo@ade.

"These gangs, locally known asaras are part of criminal structures that dominate economic and social activities within certain
territories. Their presence in schools has various impacts: students face violence, including threats, murders, and sexual assault,
and are at risk of dropping out due to gang recruitment efforts. Furthermore, gang presence generates tensions within the school
environment. For more details, refer to Dinarte-Diaz and Egana-delSol (2023).
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Inconsistency

Along this paper we consider three types of inconsistent behavior: subjects who make wrong choiees in
risk andboth(time [ risk ). For simplicity, we do consider whether the individual makes or not an inconsistent
choice in the respective domain. Observe that we might also corietéasity(number of inconsistencies)

in the same task. For instance, in Holt-Laury elicitation we may nd at least three types of inconsistencies:
lack of understandingplaying B in the rst choice)switchingandinattention(playing A in the last choice,
strictly dominated) (see Amador-Hidalgo et al. (2021)). Therefore, a subject might be inconsigierg in

it =1,inriskil =1, orinboth I; = it + il =0;1;2. To sum up:

Time: refers to multiple switching along the temporal discounting task.
Risk: refers to choosing dominated strategies and/or multiple switching along the risk task.

Both: refers to being inconsistent in time and/or risk task.

In this paper we explore inconsistency by tagki(') and in aggregatd (). While the former measures are
useful to test whether a particular domain may impact differently, the later helps us to identify subjects with
strong problems in decision-making € 2).

Individual abilities

We constructed different indexes to study the role of individual abilities in decision-making. The rst one is
Cognitive abilities and re ects subjects' ability to think deliberately and carefully but also some analytical
skills, particularly in nancial mathsCogAb= CRT + FinAb.

On the other side, we created a Probability abilities index based on an extended version of Delavande
test (see Bridas-Garza et al. (2021)). This index is composed of the number of correct probability esti-
mations @ccuracy) and the consistent decisions between setwiplations )*%: ProbAb = accuracy +
noviolations .*® Our two measures of individual abilitie€,ogAbandP robAb, are highly correlated ( =

0:33;p = 0:00).

Finally, we built an index from 0 to 12 according to students' reports of the number of school subjects in
which they obtained excellent or good grades during the previous school year. We refer to this variable as
Self-reported GPA

2.6. Students

Along this section, we summarize the main features of the 2,248 students who participated in tHé study.
Descriptive statistics are presented in Table 2. Half of the sample (49%) were female and the mean age was
robAbscores were 1.49 and 2.5, respectively. In terms of school

12An example of a violation would be, for example, reporting that the likelihood of choosing an apple is higher when there are ten
apples in a basked than where there are ve apples in a basket.

13Both CogAbandProbAb=0;1;:::; 6.

YFrom a total of 2,600 observations obtained, the following criteria were taken to obtain the nal sample: task completion (truck,
gumball, CRT, nancial abilities and Delavande testjebetween 12 and 20 years, being in the school years fibno711" grade
and having speci ed their gender gamale(or male).
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performance, the meaself-reported GPAvas 2.05:°> The questions on long-term expectations show that the
average likelihood of going to university is 63.2% and studying next year is 86.48%. Finally, the mean desire
to go to university is 85.25%° Table 2 also shows that the proportion 8,787 and 9" grade students is
similar (approximately 25%), while 13.79% aref@raders and 13.21% arel graders.

Table 2:Descriptive statistics

Variables n Mean Min. Max.

Female 2,248 0.49
Age 2,248 15.46 12 20
CogAb 2,248 1.49 0 6
ProbAb 2,248 2.50 0 6
Self-reported GPA 2,248 2.05 0 12
Likelihood of going to university 2,248 63.2 0 100
Likelihood of studying next year 1,160 86.48 0 100
Wants to go to university 1,160 85.25 0 100
Distribution across grades:
7th grade 573 25.49%
8th grade 540 24.02%
9th grade 528 23.49%
10th grade 310 13.79%
11th grade 297 13.21%
Total 2,248

3. Results

3.1. Overview

Figure 2 shows the observed aggregate inconsistencigsfpreferencegsjsk preferences, anabth(within-
subjects). Numbers are not positive: 45% of students made at least one inconsistent choice along the truck
task (left), 57% were inconsistent when faced the gumball machine (center), and more concerning, only 27%
were consistent in both tasks (right side).

Compared to the outcomes of Spanish students who used identical tasks (see Alfonso et al. (2024)) with
average levels of inconsistency of about 15%, these results are extremely conééRawall that the only
difference between Alfonso et al. (2024) and these data is that the language of the instruments was adapted
by a local pedagogical team.

The distribution of cognitive abilities and school performance variables can be found in Appendix B.

5There are fewer observations for the questions on likelihood of studying next year and wanting to go to university because they
were included during data collection.

YInconsistency levels are also high compared to previous studies in other contexts. For time preferences, Castillo et al. (2011)
used an instrument that is different from the truck task (but can also be used to assess inconsistencies) and found an inconsistency
rate of 31% among'8 graders in the United States. Using a similar task with a sample between 5 and 16 years old, Bettinger and
Slonim (2007) found that 34% was inconsistent. For risk preferences, in a recent study Filippin and Crosetto (2016) found an average
inconsistent behavior of 14% across 41 studies. It is important to note, however, that Jacobson and Petrie (2009) found a similar level
of inconsistency in Rwanda (55%).
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Figure 2:Inconsistency across tasks

Result 1: 45% of students are inconsistent in time, 57% in risk while only 27% were consistent in both tasks.

3.2. Inconsistencies by schools

In this section, we compare results across schools. The main reason why we run this comparison is to assess
whether the previous results (Figure 2) are mostly due to certain schools with severe problems or, more con-
cerning if adolescents' dif culties when facing the tasks are general. Figure 3 shows the results.

Regarding inconsistencies time preferences (left side) we do not observe substantial differences among
schools. In most cases, the deviation from the average is not larger than 5%. The only exceptions are schools
#4 and #5, with inconsistency levels of 39% and 33% respectivelyriflopreferences (center) we observe

a similar pattern: with few exceptions, most schools show similar numbers. Interestingly, in school #5 we
observed dower level of inconsistency in time preferences, higherinconsistency in risk preferences.

Figure 3:Inconsistency across schools
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The graph on the right shows the fraction of inconsistent (within) subjects in both tasks. By inspection, we
can see that, on average, schools are pretty similar with a fraction of around 27% of students who performed
both tasks consistently.

Table 3 shows a series of models to estimate the effect of each séhttdels 1, 4 and 7 study incon-
sistencies irtime (also introducingCogAbandProbAb. Models 2, 5 and 8 analyze inconsistenciesisi

(with the same speci cations). Similarly, models 3, 6 and 9 focus on inconsistentptbrtasks (being
no-inconsistency=0, inconsistent in one task=0.5, and 1 when the subiject fails in both tasks). The reference
group is school #11.

School effects are rather limited. Similarly to results presented in Figure 3, Table 3 shows that school #5
does better iime preferencesy < 0:01) but worse inrisk preferencesg < 0:01, like schools #6, #7 and

#12) but on aggregatd@th) these differences balance each other in the majority of cases with some weak
differences like #6, #7 and #1p & 0:05). When we introduc€ogAbthese differences decrea$and when

we control forProbAbdifferential behavior across schools completely vanighes.

Result 2: The level of inconsistency across schools of our sample is not different.

We cannot generalize these results to all the schools in the country since our sample was not collected with the
aim of being representative. However, our sample is composed of 12 schools with different sizes, locations
(urban/rural), economic backgrounds, and violence exposure (presemeegasf. See Section 2.4 for details.

3.3. Inconsistencies by gender

Now, we study whether girls and boys performed the tasks differently. Figure 4 shows the fraction of incon-
sistent students fdime, risk, and both tasks. The gure suggests that girls and boys performed similarly on
thetime preferences task (graph on the left), with 45% of both groups making at least one inconsistent choice.
Models 1, 4, and 7 (Table 3) con rm this result, showing no statistically signi cant differepce Q:1 in all

cases).

For risk preferences (graph in the center) the situation differs. Girls made more errors than boys (59% vs.
549%) and the difference is strongly signi cant in model®2< 0:01) — Table 3 — but becomes weakly signif-
icant (o < 0:05) after adding controls for abilities (models 5 and 8). Finally, the right side shows that there
are no gender differences fbothtasks, as 26% (28%) of the girls (boys) were consistebbi (p > 0:1).

Models 3, 6 and 9 show that gender differencelsdthtasks vanish.

The table presents robust standard errors with clustering at the class level. As a robustness check, Table C.0.1 in the Appendix
replicates this table with clustering at the individual level. The results described in the paper are substantially the same.

1The only exception is #5 fdimewhich stays similar.

The only exceptions are: school #5 at 1% fione and school #7 at 1% faisk, schools #5, #6 and #12 at 5% fosk, and
school #12 at 5% foboth
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Figure 4:Inconsistency by gender

Result 3: Inconsistency in time preferences is not different between boys and girls, but girls are more inconsistent
in risk preferences. However, gender differences vanishes in both tasks.

3.4. Developmental consistency

Now we explore whether inconsistencies evolve with age, that is, if developmental factors exert in uence over
the consistency of responses, speci cally whether inconsistency diminishes with age.

Figure 5 shows the average level of inconsistenctirire (left), risk (center) andoth (right) by age. Ap-

parently, the performance in these tasks seems to improve with age (since inconsistency seems to decrease).
However, in order to have a more precise picture Table 3 explores the developmental side of these behaviors
in detail using regressions (with and without controls for cognitive abilities).

Models 1, 4 and 7 show that age has no impactiom inconsistenciesp( > 0:1) implying that subjects

do not learn to complete the task properly as they become more mature. Models 2 and 5 show that age has
a negative and signi cantp(< 0:01) impact onrisk inconsistencies, that is, as subjects become older (more
mature) they are more likely to make consistent choices under uncertainty. Model 8 shows that the effect of
age orrisk inconsistencies is weakgp € 0:05) when we control foProbAh

10 of 46



I I0TT

Table 3:Determinants of inconsistency

(1) () (3 (4) (%) (6) (1) (8) 9)
Vars. Time Risk Both Time Risk Both Time Risk Both
Female -0.006 0.057**  0.026* -0.008 0.047** 0.020 -0.011 0.043** 0.016
(0.021) (0.021) (0.015) (0.021) (0.021) (0.014) (0.021) (0.020) (0.014)
Year -0.011 -0.030*** -0.020*** -0.010 -0.024** -0.017** -0.008 -0.020**  -0.014**
(0.009) (0.009) (0.007) (0.009) (0.009) (0.007) (0.009) (0.009) (0.006)
CogAb -0.008 -0.032***  -0.020***
(0.010) (0.010) (0.007)
ProbAb -0.020**  -0.052*** -0.036***
(0.008) (0.008) (0.006)
School 1 0.017 0.029 0.023 0.015 0.021 0.018 0.008 0.005 0.007
(0.053) (0.049) (0.037) (0.053) (0.048) (0.037) (0.053) (0.049) (0.037)
School 2 0.059 0.021 0.040 0.053 -0.003 0.025 0.042 -0.024 0.009
(0.082) (0.052) (0.049) (0.083) (0.052) (0.049) (0.085) (0.049) (0.051)
School 3 0.041 0.099* 0.070* 0.037 0.083 0.060 0.028 0.065 0.047
(0.043) (0.057) (0.038) (0.045) (0.058) (0.039) (0.044) (0.059) (0.040)
School 4 -0.061 0.030 -0.015 -0.061 0.027 -0.017 -0.065 0.018 -0.023
(0.043) (0.043) (0.028) (0.043) (0.042) (0.028) (0.042) (0.044) (0.028)
School 5 -0.098*** 0.182*** 0.042 -0.105*** 0.156*** 0.026 -0.116***  0.134** 0.009
(0.036) (0.057) (0.032) (0.038) (0.056) (0.032) (0.037) (0.052) (0.028)
School 6 0.029 0.123**  0.076** 0.025 0.107***  0.066** 0.016 0.088** 0.052
(0.047) (0.041) (0.033) (0.048) (0.040) (0.033) (0.048) (0.042) (0.034)
School 7 -0.043 0.136***  0.046** -0.046 0.123**  0.038* -0.058 0.095***  0.019
(0.046) (0.028) (0.022) (0.047) (0.028) (0.023) (0.049) (0.027) (0.025)
School 8 -0.040 -0.031 -0.035 -0.042 -0.037 -0.039 -0.047 -0.048 -0.047
(0.045) (0.044) (0.037) (0.045) (0.044) (0.037) (0.045) (0.045) (0.037)
School 9 0.026 0.071 0.048 0.022 0.057 0.040 0.014 0.040 0.027
(0.027) (0.053) (0.033) (0.028) (0.052) (0.033) (0.027) (0.050) (0.031)
School 10 0.000 0.074** 0.037 -0.004 0.059 0.028 -0.008 0.053 0.022
(0.037) (0.036) (0.022) (0.038) (0.037) (0.024) (0.038) (0.036) (0.023)
School 12 0.029 0.079***  0.054** 0.028 0.077**  0.053** 0.026 0.071* 0.049**
(0.034) (0.028) (0.021) (0.034) (0.028) (0.021) (0.034) (0.028) (0.021)
Constant 0.428**  0.617*** 0.522***  0.440*** 0.663*** 0.551** 0.478** (0.749** 0.614***
(0.065) (0.069) (0.050) (0.067) (0.0712) (0.051) (0.067) (0.074) (0.053)
Observations 2,248 2,248 2,248 2,248 2,248 2,248 2,248 2,248 2,248
R-squared 0.009 0.023 0.016 0.010 0.028 0.019 0.012 0.044 0.033

Robust standard errors in parentheses (clustering at the class level)

**% 1) <0.01, ** p< 0.05, * p< 0.1
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Figure 5:Inconsistency across school years

Models 3, 6 and 9 (Table 3) analyze inconsistenciesati tasks and we observe that the impact of age is
again negative and signi canp(< 0:01 without controls;p < 0:05when we control for individual abilities
CogAbor ProbAb. However this effect seems to be entirely driven by the improvement in risk choices with
age — since time decisions do not improve.

Result 4: As subjects develop they are less likely to make inconsistent choice under uncertainty but do not learn
to make inter-temporal choices consistently.

3.5. The role of cognitive skills

Models 4, 5 and 6 in Table 3 analyze the impaciGaigAbon inconsistent choices. While these abilities

do not improve (worse) intertemporal decision-making, the impact on uncertain decisions is clear: subjects
endowed with these abilities are less likely to make errprs (0:01, see model 5). By extension, these
abilities also decrease the probability of making both tasks inconsistentyQ(01, see model 6). Models 7

and 8 show thaProbAbhas a negative and signi cant impact on bdithe (p < 0:05) andrisk inconsistent
decision-makingyg < 0:01).

Figure 6 presents the estimated effect€ofjAbandProbAbin the likelihood of making inconsistent choices
in time andrisk preferences. Individuals with cognitive and probability abilities are less likely to make in-
consistent choices under uncertainty. While subjects with the minifGogAbscore (zero) have a 61%
likelihood of being inconsistent in the gumball task, this probability drops 20 percentage points for those with
the maximumCogAbscore (six). The effect oProbAbon inconsistentisk choices is stronger, dropping
from a 70% likelihood of inconsistent choices in subjects with the mininfrabAbscore to 38% with the
maximumProbAbscore?l

21Given that our measures of cognitive skil®gAbandP robAb are both composed of different dimensiosRT andFinAb
in the case ofCogAb; accuracy andnoviolations in the case oP robAb), we explored whether these ndings were driven by
a speci ¢ dimension. In tables C.2 and C.3 of Section C in the Appendix, we compare the overall efzgAb andP robAb,

respectively, with the individual exploration of the dimensions that these measures are composed of. Our ndings suggest that both
CogAbmeasures have similar effectstime andrisk inconsistencies, whereas fBrobAb we do nd thataccuracy is the main
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Figure 6: Inconsistency and cognitive abilities

Result 5: Individuals with cognitive and probability abilities are less likely to make inconsistent choices under
uncertainty. Consistency in inter-temporal choices is affected by probability (not cognitive) abilities.

3.6. Task repetition

A relevant question is to determine whether repeating the task improves the results. For example, Breig and
Feldman (2024) found that inexperience with the task is a signi cant driver of inconsistent choices. In other
words, we want to understand whether a student who repeats the task for the second time performs better.
To do this, we take advantage of having two waves (with a 9-month gap) and study the behavior of 1,322
student&” who participated in both the rst and second waves.

Figure 7 examines this case. On the horizontal axis, we show how their behavior was in the rst wave
(in terms oftime, risk, both), and on the vertical axis, we have the results of the second wave. The gure
shows that 55% of the subjects who were inconsistetitria preferences in wave 1 become consistent in the
second wave. Faisk, this percentage is only 36%. The results may seem modest, but positive.

However, if we look at the subjects who were consistent in the rst wave, many of them become incon-
sistent: 32% in the case tifneand 36% in the case ofsk. In other words, students who used to perform
well are now performing poorly.

The graph on the right shows the behavior in both tasks simultaneously. The results are not positive. Out
of the subjects who did not commit any inconsistency in wave 1 (nhone), only half of them, 55%, remained
consistent in the second wave.

driver of inconsistencies itime preferences.
22 total of 1,960 students from wave 1 repeated the experiment of which 1,322 met the same selection criteria as wave 1.
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Figure 7:Inconsistency across waves

Result 6: Task repetition does not improve overall consistency.

3.7. Time and risk preferences under alternative de nitions of consistency

In previous sections, we have seen that using standard de nitions of inconsistency creates a huge loss of data.
Along this section, we will use alternative — less demanding — de nitions of consistency.

ReplacementOne inconsistent choice is replaced by the consistent one for all subjects making only one inconsistency.

Training: First choice is considered as training for all subjects. Therefore both time and risk preferences are
measured with 5 decisions.

First, we de ned eligible subjects for replacement. Among inconsistent subjects, we selected those who would
become consistent by changing only one decision: 78% of inconsistent subjgote jmmeferences and 58%

in risk preferences. Then, we replaced one decision that would lead to a re-classi cation of those subjects into
consistent ones. Fdime preferences, we replaced 611 cases of switch back decisiongskpreferences,

we replaced 415 cases of strictly dominated strategies and 296 cases of switch back dé@isions.

The use of alternative de nitions of consistency changes results substantialtimdmpreferences we see

that, compared to the standard procedure with only 55% of consistent subjects, the replacement of a single
error increases this fraction to 82%. Likewise, using the rst choice as a trial and elititiegpreferences

with the subsequent ve decisions also increases the consistent fraction to 59%.

ZFor both tasks, we replaced subject's switching back decision to the one she had made immediately before. Take the case of a
subject with the decision pattern ABABBB. In this case, the switching back took place in the third decision A and the replacement
consisted in changing it to the one she had made immediately before (second decision) B, leading to the corrected pattern ABBBBB.
We acknowledge that this replacement strategy involves non-trivial assumptions that could distort the elicitation of subjects' prefer-
ences. For a more elaborate discussion see Appendix E.
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Similar results are found forisk preferences. While the standard procedure provided 43% of consistent
subjects, the replacement increases this fraction to 75% and the use of one trial increases consistency to 54%.

Figure 8 shows the classi cation of subjectsmeserntoriented AllP resent), interior andfuture-oriented
(AllF uture ) for time preferences (Figure 8—left side) amderse neutralandlover for risk preferences (Fig-
ure 8—right side) according to the standard and alternative de nitions.

Fortime preferences, replacing one inconsistency does not affect the distribution of preferences: the fraction
of presentoriented shifts from 32% under the standard de nition to 31% (replacement), while the fraction of
future-oriented remains in 21% under both de nitions. However, elicitinge preferences with 5 decisions
(training) increases the proportion foture-oriented from 21% to 35% and redudeterior allocations from

47% to 33%.

Figure 8:Alternative de nitions of consistency

For risk preferences, the proportion @fersesubjects under the standard de nition (35%) changes slightly
when replacing one inconsistency (36%) and when the rst decision is taken as trial (33%). Under the alter-
native de nitions,neutraldecreases from 39% to 30% (replacement) and 34% (training)paadincreases

from 26% to 34% (replacement) and 33% (training).

To summarize, using alternative — less demanding — de nitions of consistency leads to a substantial increase
in the fraction of consistent subjects in the sample and slightly modi es the distribution of preferences.
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4. Implications

Along this section we explore to different implications of the problem shown across this paper. First refers
to the implication to academics or policy-makers aimed to run experiments in the eld. Second explore
how inconsistencies may have an impact on expectations, that is, whether the expectations of inconsistent
individuals differs from those consistent.

4.1. Implications for running experiments

There are two important implications from these results. First, these data bring bad news for multi-cultural
experiments with kids and adolescents. Besides the efforts we made to adapt the language (not the graphics)
to local students, our ndings suggest that these students did not understand the task as Spanish teens did.

Most likely, this problem is directly related to differences in tpgality of education. While participants

are of the same age, the level of educational achievement varies signi cantly across countries. Another poten-
tial explanation could be differences in educatiomaitivation If Salvadoran students are less motivated by
school-related activities compared to their Spanish counterparts, this lack of engagement might explain why
they did not take their choices as seriously and performed worse on the tasks. Although our data does not
allow us to directly test the extent to whichotivationis driving our results, in the next section we explore

the relationship between inconsistency and educational expectations in our sample.

We could also argue that the salience of monetary incentives may play a more signi cant role in shaping
behavior in El Salvador compared to Spain. Given the different socioeconomic contexts, the perceived value
of nancial incentives could vary, in uencing participants' engagement and decision-making processes. How-
ever, in adult populations this transportation has worked quite successfully in previous international studies,
regardless of potential context differences in the salience of monetary incentives. For exanifde; Baaza

et al. (2021) elicited risk preferences in three countries—Honduras, Nigeria, and Spain—using similar in-
structions and found negligible differences in inconsistencies across the samples. Furthermore, the authors
concluded that eliciting risk preferences with monetary incentives in the eld yields results comparable to
those obtained in hypothetical scenarios. frsGarza et al. (2023) replicate the analysis for time pref-
erences nding similar results. Future research should assess whethiersBearza et al. (2021, 2023)'s
ndings hold in adolescent subject pools.

The second problem refers to the quality of the data and the amount of observations we lost due to the lack
of understanding or/and inattention. When a participant makes inconsistent choices her data are simply not
usable since we cannot elicit her preferences from her choices. We simply do not know the implications of her
choices. For instance, her choices might be simply random. The implications for our study are overwhelming:
about half of the data are useless for time and more than half are lost for risk preferences. Most of the sample
(73%) is lost for both the elicitation of time and risk simultaneously.

4.2. Implications for educational outcomes

A relevant question is whether inconsistency is more than just a nuisance for experimentalists and represents
a deeper problem. In other words, if the inconsistencies are showing us a problem in the decision-making
fundamentals. If subjects who cannot complete a task satisfactorily are revealing other, more profound issues
with long-term implications.
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In this section, we will assume that the results obtained are not due to a failure in the transfer of tools from

one context to another, but that the results accurately re ect the situation of adolescents in El Salvador. In

other words, we assume that in another format, the results would have been similar. Under this assumption,
we will examine issues that re ect the immediate and long-term implications of inconsistency.

To simplify, we will consider the extreme cases: those without inconsistency problems (performing both
tasks well, 27% of the sample) and those with serious problems (performing both tasks poorly, 29% of the

sample), and we will show the Cumulative Distribution Functions (CDFs). Note that these comparisons are
based on the standard consistency de nitions described in 2.5.

Immediate implications
As immediate measurements of the educational implications of inconsistency, we analyzed:

» Their performance at school (self-reported GPA).

» Their expectations of continuing studying in school the following year.
The red (blue) line in Figure 9 displays inconsistent (consistent) students' CDFs for these two outcomes. As
we can see, inconsistent students have lower educational performance and expectations. For instance, while

for the 20th percentile of inconsistent students the likelihood of continuing studying the next year is 50% or
lower, for consistent students this likelihood increases to 80%.

Figure 9:Inconsistency and immediate implications

Long-term implications of inconsistency

We analyzed students' long-term educational aspirations in terms of:
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» Their expectations of going to university.

» Whether they would like to attend university.

Figure 10 shows that inconsistent students have lower expectations and aspirations of going to university. For
the 20th percentile of inconsistent students the likelihood of attending university is 20% or lower, while for
consistent students this likelihood increases to 50%.

Figure 10:Inconsistency and long-term implications

We extend this analysis to explore how risk preferences and the propensity to make mistakes in uence educa-
tional expectations** We found that neither riskiness nor the probability of making mistakes is signi cantly
correlated with any of our immediate or long-term educational expectations measures. However, the inter-
action between riskiness and the propensity to make mistakes is statistically signi cant for three of our four
measures. Conditional on a higher likelihood of making mistakes, risky individuals are less likely to believe
that they will study next year, attend university, or even desire to attend university. Nevertheless, their school
performance, as captured by their self-reported GPA, is not signi cantly correlated with riskiness, the ten-
dency to make mistakes, or the interaction between the two. More details are provided in Section G in the
Appendix.

To summarize, this section showed that students with problems in the fundamentals have clear educational
implications, both immediately and in the long term.

24\e followed Jacobson and Petrie (2009)'s approach to examine how mistakes affect nancial decisions. We employed an error
choice model to estimate the error rate in our sample using maximum likelihood estimation. Using this error rate, we then calculated
the probability of making at least one mistake for each observed choice pattern in our sample. Finally, we analyzed whether the
probability of making mistakes is correlated with subjects' educational aspirations and expectations. The estimates were obtained by
sampling with replacement 10,000 times to generate bootstrapped estimates and standard errors.
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5. Conclusion

The experiments involving young people and adolescents are scarce, and they are even scarcer in developing
countries, where paradoxically, they could be much more relevant in terms of policy implications. This work
analyzes how a large sample of adolescemts (2000 makes decisions regarding time — choosing between

a nearby prize and a distant one — and risk — choosing between two lotteries. Our primary concern is to see
if students in El Salvador are capable of performing the tasks satisfactorily, and the answer is negative. In
fact, just over a quarter of the sample completes both tasks consistently. While we do nd some differences
between girls and boys — for example, in risk consistency — the reality is that, in the end, the number of girls
and boys making mistakes is almost the same.

In the study, we address whether inconsistencies are different among the twelve schools (quite diverse among
them), and we nd that, for the most part, students from different schools do not exhibit very different behav-
iors. This implies that the problem could be general, and not a speci ¢ case of a particular school. Although
the twelve schools are not representative of the country, these ndings lead us to believe that they may repre-
sent a good number of schools of various natures.

We also analyze whether inconsistency evolves with age and nd that it does, as they get better with years.
This result is consistent with previous research, such as that of Brocas and Carrillo (2020a) and Alfonso et al.
(2024, 2023a), which shows that the ability to choose rationally improves with age. However, the improve-
ment in reasoning of our participants is only modestly positive because, on the one hand, the improvements
are not very signi cant — in fact, in the highest grade (with mean age of 17.7 years), the percentage of con-
sistent boys remains small and concerning (60%ifoe, 48% forrisk and 34% foiboth) — and, on the other

hand, because the previously mentioned works show that consistency appears at much younger ages. For
example, in Alfonso et al. (2023b), half of the 6-7-year-olds play games with private information consistently.

In parallel, we analyze the role of cognitive abilities. As expected, we nd that subjects who perform better
on the CRT (Frederick, 2005; Bias-Garza et al., 2019) are also less likely to exhibit inconsistencies. Simi-
larly, we nd that the grade on a nance test (of three questions) as well as the ability to assign probabilities
to events with true value also predict consistency in the tasks. All of this is not surprising and is perfectly
consistent with many previous works (see, for example, Vasco and Vazquez (2023); Amador-Hidalgo et al.
(2021)).

Taking advantage of the fact that many participants had taken part in a second wave, we tested whether
repeating the tasks a few months later would help alleviate the problem. The results are not particularly en-
couraging. While many subjects improve with repetition (become consistent), there is also a percentage who
were consistent in the rst wave but cease to be in the second. In summary, the aggregate result is practically
null. Therefore, as opposed to what other studies have found (Charness and Chemaya, 2023; Ert and Haruvy,
2017), repeated exposure to risk elicitation tasks, such as the Holt-Laury task, does not always result in indi-
viduals making more consistent decisions.

Only about 25% of the sample completes the tasks consistently, and this result is not speci ¢ to a particular
school but seems quite general, and repeating the tasks doesn't help much either. This number is overwhelm-
ing for two very different reasons. First, because it is much lower than the work conducted in Spain with very
similar instructions — identical graphic illustrations and minor text adaptations — and identical procedures.
Second, because these results indicate that we do not know what or how 75% of the sample has decided on
two canonical tasks. In other words, we run the risk of the collected data being useless.

We must ask ourselves what the lack of consistency in decisions means. After all, we are saying that a
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student fails to choose, for example, betwaemdA (whereA = d-a;d > 1), which means they are present-

ing a serious problem with the basics. An alternative explanation is that their problem is not with the basics
but with their attention during the experiment, i.e., whether they took it seriously or not. It seems credible
that 75% of the students in the entire sample made random decisions. But even accepting that possibility,
we have analyzed whether this consistency problem is only a theoretical concern that is not so relevant in
the empirical eld. For example, Jacobson and Petrie (2009) found that inconsistent choices in the Holt and
Laury task lead to sub-optimal nancial decisions in Rwanda. To do this, we have taken four measures: their
performance at school, their expectations to return to school next year, to attend university, and whether they
would like to go to university. The answer is straightforward: in all four cases, the CDF of the consistent
group stochastically dominates the CDF of the inconsistent group. This implies that the inconsistent students
have worse expectations and even less interest in attending university.

This result no longer seems like just a theoretical concern; rather, it re ects a fairly real problem: a prob-
lem with the development of fundamentals at a young age can have long-term consequences on people’s lives.
Itis well known that expectations are a good predictor of outcomes (Samara et al., 2021; Bandura et al., 2001;
Khattab, 2015). In this sense, this nding opens up signi cant avenues for further research. Future studies
could investigate the mechanisms behind educational expectations and assess whether targeted interventions
can address students' decision-making processes and mitigate the long-term effects of inconsistency. Longi-
tudinal research tracking the life outcomes of inconsistent decision-makers compared to their consistent peers
could provide deeper insights into how early decision-making patterns in uence long-term success, particu-
larly in educational and career trajectories. Exploring these aspects further could offer valuable contributions
to both educational policy and behavioral economics.
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Appendix

A. Experimental tasks

This section describes the tasks as they were presented to subjects. In schools 1 to 8, they completed the tasks
in the following the order: truck + CRT + Fin + gumball + Delavande. In schools 9 to 12, the order of the
truck and gumball tasks was inverted.

A.1. Truck

Screen 1.

Throughout the next 6 screens, you will have to make 6 decisions (one per screenh@boutu want to
receive a hypothetical amount of money.Your task is to choose which option you prefer, knowing that if
you choose one you will receive the morteynorrow, and if you choose the other you will receivenigxt
week As you progress through the decisions, the amount of money you will receive for waiting will get
larger and larger.

Figure A.1:Screen 2
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Figure A.2:Screen 3

Figure A.3:Screen 4

Figure A.4:Screen 5
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Figure A.5:Screen 6

Figure A.6:Screen 7

A.2. Gumball task

Screen 1.

In this task you are going to make decisions alfmababilities. Probability is the possibility of something
happening, that is, how someone is sure what is going to happen.

In each decisioyou will have to choose between two optionghere you can win ctitious money: in both
you will win, but you can be luckier and win more, or you can be less lucky and winTégsprobabilities
of winning changefrom one decision to another.

Below, you are presented with different questions Your task is to choose optiof) or optionB) in all
guestions.

To complete the task, proceed to thext screen
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Figure A.7: Screen 2

Figure A.8: Screen 3
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Figure A.9: Screen 4

Figure A.10: Screen 5
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Figure A.11: Screen 6

Figure A.12: Screen 7

A.3. Cognitive Re ection Test

Screen 1.
Please answer the following questiofifiere are correct and incorrect answers to these questions.

Screen 2.
Randomly ordered questions:
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1. In alibrary, the number of books doubles every month. If the library takes 48 months to Il, how long
will it take to Il it halfway? Indicate with a number. (re ective: 47; intuitive: 24).

2. If you are running a race and you pass the person in second place, what place are you in? Indicate with
a number. For example: 1 (rst), 2 (second), etc. (re ective: second; intuitive: rst).

3. The father of Emilia has 3 daughters. The rst two are named April and May. What is the name of the
third daughter? (re ective: Emilia; intuitive: June).

A.4. Financial abilities

Screen 1.
NOTE: In case youdo NOT know how to answer or you think this question is not for you, please answer
with this question is not for you, answer with0

1. If there are 5 people who possess the winning ticket of a lottery and the prize to be shared is 2 million
dollars, how much money will each person receive? Indicate with numbers without periods or commas.
(correct: 400000).

2. Imagine that you have $100 in a savings account. The account accumulates an interest rate of 10% by
year. How much money will you have in the account after 2 years? (correct: 121).

3. Imagine you have $100 in a savings account and the interest rate you earn on the savings is 2% by year.
If you keep the money in the account for 5 years, how much money will you have at the end of 5 years?
(This question had options to select as an answer: Less than $102, Exactly $102, More than $102 or 00.
| don't know) (correct: More than 102).

A.5. Delavande

Note that participants in schools 1 to 8 responded to the task by entering a number, while in schools 9 to 12
half of the sample entered numbers and the other half moved a slider (see Figure A.13). The instructions and
guestions were maintained in both versions.

Figure A.13:Slider

Screen 1.
In the next screen, wwill ask you about theprobability that certain things could happen. In each question,
you shouldwrite down how likely you think it is that these things will happen in reality.
If you think something will happen fasure, you should writel00. If you are fairly but not completely sure,
write a number close to 100 (but less than 100). If you think it is something thateitr happen, write.
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If you think it is unlikely, write a number close to 0 (but greater than 0). If you think @gsally likely to
happen or not to happen, wrie.

Screen 2.
EXAMPLES:
- Ifitis a sunny day and | ask you how likely it is that it will be sunny within 1 hour, you would typically say

100 or numbers very close to 100.
- If it is 12 o'clock at night, the most reasonable thing to say is that the probability that it will be sunny in 1

hour is 0.
- If I ip a coin, the probability that it will come up heads is 50.

Screen 3.
(First question format schools 1 to 8: how likely from 0 to 100 do you think it is possible to GET the GREEN

apple?)

1. Imagine | have a basket with 5 APPLES: 1 GREEN and 4 RED. If | ask you to pick ONE of the apples
WITHOUT LOOKING inside the basket, how likely is it that you will get the GREEN apple from 0 to
100?

2. Imagine | have a basket with 10 APPLEs: 1 GREEN and 9 RED. If | ask you to pick ONE of the apples
WITHOUT LOOKING inside the basket, how likely is it that you will get the GREEN apple from 0 to
1007

3. How likely are you to EAT RICE in THE NEXT WEEK from 0 to 100 (including today)?
4. How likely are you to EAT RICE in THE NEXT MONTH from 0 to 100 (including today)?

Screen 4.
5. How likely is it that you will NOT ATTEND your school any time in the NEXT MONTH from 0 to 100
(including today)?
6. How likely is it that you will take a bath at least once during the NEXT MONTH from 0 to 100
(including today)?

Screen 5°

(First question format center 1 to 8: How likely from 0 to 100 is it that you will still be STUDYING in 1
YEAR?)

7. How likely are you to CONTINUE your STUDIES next year from 0 to 1007

9. How likely are you to go to UNIVERSITY from 0 to 100?

#Question 8 is not of interest for this study.
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B. Distribution of individual abilities

Table B.1:Cognitive and Probability abilities

CogAb ProbAb
Index | CRT + FinAb CRT FinAb Accuracy + No violations ~ Accuracy No violations
n [Cumul%| n [Cumul%| n [Cumul%| n | Cumul% n [ Cumul%| n [ Cumul%
0 450 20.02% | 698 31.05% 1,287 57.25% 139 6.18% 713 31.72% 196 8.72%
1 761 53.87% | 858 69.22% 835 94.40% 440 25.76% 791 66.90% 1,035 54.76%
2 613 81.14%| 674 99.20% 124 99.91% 612 52.98% 533 90.61% 1,017 100%
3 341 96.31%| 18 100% 2 100% | 520 76.11% 139 36.80%
4 76 99.69% 350 91.68% 72 100%
5 7 100% 115 96.8%
6 0 100% 72 100%
Total 2,248 2,248

Table B.2:School performance

Self-reported

n Cum. %
school score

0 117 5.2%

1 1,061 52.4%
2 501 74.7%
3 266 86.5%
4 109 91.4%
5 86 95.2%
6 14 95.8%
7 38 97.5%
8 14 98.1%
9 13 98.8%
10 14 99.3%
11 12 99.9%
12 3 100.00

Total 2,248
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C. Robustness checks
In this section we present results from the following robustness cffecks

» Adjustment in the standard errorén Table C.1 we replicate Table 3 with clustering at the individual
level to account for potentially correlated decisions across tasks. Note that in Table 3 we included
clustering at the class level. We found that the results described in the paper are substantially the same
with both kinds of clustering.

» Numerical and non-numerical dimensions@dgAh Given that: (i) our measure of cognitive abilities
CogAbis constructed by adding subjects' scores in two different testsCRE&, which re ects their
ability to think deliberately and carefully, and the and nancial abilities t€shAb ), which measures
analytical skills, particularly in nancial maths; and (ii) provided that re ectidbRT) differs from
numeracy FinAb), a valid question is whether math literacy is driving the inconsistencies described
in the paper. In Table C.2 we compare the overall effed€ oAb (Models 1-3) with its numerical
(Models 7-9) and non-numerical dimensions (Models 4-6) explored individually. Our ndings suggest
that both measures have similar effects in terms of the magnitude of the coef cient and statistical sig-
ni cance. Therefore, we do not nd evidence that math literacy is the only driver of the inconsistencies
described in the paper, as re ection seems to play a similar role.

» Accuracy and consistency dimensionsPaiobAb. Given that our measure of Probability abilities
ProbAbis composed of the number of correct probability estimati@tsijracy) and the consistent
decisions between setsdviolations ), in Table C.3 we compare the overall effectfofobAb (Models
1-3) with itsaccuracy (Models 4-6) andhoviolations dimensions (Models 7-9) explored individually.
Regarding inconsistencies iime preferences, we found that the effect®fobAb is mainly driven
by accuracy, as thenoviolations coef cient is not statistically signi cant for this task (Model 7). For
risk , both dimensions are statistically signi cant and effect sizes are similar (Models 5 and 8).

Z\\e thank our reviewers for suggesting these checks.
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Table C.1:Determinants of inconsistency (clustering at the individual level)

(1) (2 ©) (4) (5) (6) (7) (8) ©)
Vars. Time Risk Both Time Risk Both Time Risk Both
Female -0.006 0.057*** 0.026 -0.008 0.047** 0.020 -0.011 0.043** 0.016
(0.021) (0.021) (0.016) (0.021) (0.021) (0.016) (0.021) (0.021) (0.016)
Year -0.011  -0.030*** -0.020***  -0.010 -0.024**  -0.017** -0.008 -0.020** -0.014*
(0.010) (0.010) (0.007) (0.010) (0.010) (0.007) (0.010) (0.010) (0.007)
CogAb -0.008  -0.032*** -0.020***
(0.010) (0.010) (0.008)
ProbAb -0.020** -0.052*** -0.036***
(0.008) (0.008) (0.006)
School 1 0.017 0.029 0.023 0.015 0.021 0.018 0.008 0.005 0.007
(0.050) (0.049) (0.036) (0.050) (0.049) (0.036) (0.050) (0.049) (0.035)
School 2 0.059 0.021 0.040 0.053 -0.003 0.025 0.042 -0.024 0.009
(0.060) (0.060) (0.047) (0.061) (0.061) (0.047) (0.060) (0.059) (0.047)
School 3 0.041 0.099* 0.070* 0.037 0.083 0.060 0.028 0.065 0.047
(0.053) (0.052) (0.039) (0.053) (0.052) (0.039) (0.053) (0.052) (0.039)
School 4 -0.061 0.030 -0.015 -0.061 0.027 -0.017 -0.065 0.018 -0.023
(0.048) (0.049) (0.036) (0.048) (0.049) (0.036) (0.048) (0.049) (0.036)
School 5 -0.098*  0.182*** 0.042 -0.105*  0.156*** 0.026 -0.116% 0.134** 0.009
(0.059) (0.059) (0.044) (0.060) (0.060) (0.045) (0.061) (0.061) (0.046)
School 6 0.029 0.123* 0.076 0.025 0.107 0.066 0.016 0.088 0.052
(0.077) (0.073) (0.057) (0.077) (0.073) (0.057) (0.077) (0.0712) (0.057)
School 7 -0.043 0.136*** 0.046 -0.046 0.123*** 0.038 -0.058 0.095** 0.019
(0.039) (0.038) (0.029) (0.039) (0.038) (0.029) (0.039) (0.038) (0.029)
School 8 -0.040 -0.031 -0.035 -0.042 -0.037 -0.039 -0.047 -0.048 -0.047
(0.046) (0.046) (0.035) (0.046) (0.046) (0.035) (0.046) (0.046) (0.035)
School 9 0.026 0.071 0.048 0.022 0.057 0.040 0.014 0.040 0.027
(0.045) (0.044) (0.033) (0.045) (0.044) (0.034) (0.044) (0.043) (0.033)
School 10 0.000 0.074 0.037 -0.004 0.059 0.028 -0.008 0.053 0.022
(0.047) (0.046) (0.035) (0.047) (0.046) (0.035) (0.047) (0.046) (0.035)
School 12 0.029 0.079** 0.054* 0.028 0.077** 0.053* 0.026 0.071* 0.049*

(0.037)  (0.037)  (0.029)  (0.037)  (0.037)  (0.029)  (0.037)  (0.037)  (0.028)
Constant 0.428**  0.617**  0.522%* 0.440%* 0.663%** 0.551%* 0.478%* 0.749%*  0.614**

(0.079)  (0.079)  (0.059)  (0.081)  (0.081)  (0.060)  (0.081)  (0.081)  (0.061)
Observations 2,248 2,248 2,248 2,248 2,248 2,248 2,248 2,248 2,248
R-squared 0.009 0.023 0.016 0.010 0.028 0.019 0.012 0.044 0.033

Robust standard errors in parentheses (clustering at the individual level)
** n <0.01, ** p<0.05, *p< 0.1
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Table C.2:Determinants of inconsistenc€ 6gAk CRT andFinAb)

Vars.

“4)

Time

(5)
Risk

(6)
Both
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Female

Year

CogAb

CRT

FinAb
School 1
School 2
School 3
School 4
School 5
School 6
School 7
School 8
School 9
School 10
School 12
Constant

Observations
R-squared

-0.007
(0.021)

-0.011
(0.009)

-0.006
(0.013)

0.016
(0.053)
0.056
(0.083)
0.039
(0.044)
-0.061
(0.043)

-0.102*%**

(0.038)
0.028
(0.047)
-0.044
(0.046)
-0.042
(0.046)
0.024
(0.027)
-0.002
(0.038)
0.028
(0.034)

0.435***

(0.067)

2,248

0.009

0.052%
(0.021)

-0.026***

(0.009)

-0.035%*
(0.014)

0.022
(0.050)
0.003
(0.052)
0.084
(0.057)
0.026
(0.043)
0.160%**
(0.057)
0.113%**
(0.039)
0.126*+
(0.027)
-0.039
(0.044)
0.062
(0.052)
0.063*
(0.036)
0.075%**
(0.028)

0.653***

(0.072)

2,248

0.026

0.023
(0.015)

-0.019***

(0.007)

-0.021**
(0.009)

0.019
(0.037)
0.029
(0.049)
0.061
(0.038)
-0.018
(0.028)
0.029
(0.033)
0.071*
(0.032)
0.041*
(0.022)
-0.040
(0.037)
0.043
(0.033)
0.030
(0.023)
0.052%
(0.021)

0.544***

(0.051)
2,248
0.018

Robust standard errors in parentheses (clustering at the class level)
**n<0.01, ** p<0.05, * p< 0.1
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Table C.3:Determinants of inconsistencl (obAb, Accuracy andN oviolations )

(1) (2 3) (4) (5) (6) (7) (8) 9)
Vars. Time Risk Both Time Risk Both Time Risk Both
Female -0.011 0.043** 0.016 -0.012 0.043** 0.016 -0.006 0.052** 0.023
(0.021) (0.020) (0.014) (0.021) (0.020) (0.014) (0.021) (0.021) (0.014)
Year -0.008 -0.020**  -0.014** -0.007 -0.020**  -0.014** -0.011 -0.026*** -0.018***
(0.009) (0.009) (0.006) (0.009) (0.009) (0.006) (0.009) (0.009) (0.006)
ProbAb -0.020**  -0.052*** -0.036***
(0.008) (0.008) (0.006)
Accuracy -0.033*** -0.073*** -0.053***
(0.011) (0.010) (0.008)
No violations -0.010 -0.064***  -0.037***
(0.017) (0.016) (0.013)
School 1 0.008 0.005 0.007 0.007 0.008 0.007 0.015 0.020 0.017
(0.053) (0.049) (0.037) (0.053) (0.050) (0.037) (0.053) (0.049) (0.037)
School 2 0.042 -0.024 0.009 0.040 -0.021 0.009 0.056 0.004 0.030
(0.085) (0.049) (0.051) (0.084) (0.045) (0.049) (0.083) (0.055) (0.052)
School 3 0.028 0.065 0.047 0.026 0.066 0.046 0.039 0.087 0.063
(0.044) (0.059) (0.040) (0.044) (0.057) (0.038) (0.044) (0.059) (0.039)
School 4 -0.065 0.018 -0.023 -0.064 0.022 -0.021 -0.062 0.023 -0.019
(0.042) (0.044) (0.028) (0.042) (0.045) (0.028) (0.043) (0.042) (0.028)
School 5 -0.116***  0.134** 0.009 -0.117%**  0.141* 0.012 -0.102***  0.160*** 0.029
(0.037) (0.052) (0.028) (0.037) (0.055) (0.030) (0.037) (0.053) (0.029)
School 6 0.016 0.088** 0.052 0.017 0.095** 0.056* 0.026 0.105** 0.065*
(0.048) (0.042) (0.034) (0.048) (0.041) (0.033) (0.047) (0.042) (0.034)
School 7 -0.058 0.095*** 0.019 -0.060 0.096*** 0.018 -0.045 0.121%** 0.038
(0.049) (0.027) (0.025) (0.049) (0.027) (0.025) (0.047) (0.028) (0.023)
School 8 -0.047 -0.048 -0.047 -0.046 -0.043 -0.045 -0.042 -0.041 -0.041
(0.045) (0.045) (0.037) (0.045) (0.046) (0.038) (0.045) (0.044) (0.037)
School 9 0.014 0.040 0.027 0.012 0.041 0.026 0.024 0.060 0.042
(0.027) (0.050) (0.031) (0.028) (0.051) (0.032) (0.027) (0.051) (0.031)
School 10 -0.008 0.053 0.022 -0.007 0.057 0.025 -0.002 0.063* 0.031
(0.038) (0.036) (0.023) (0.038) (0.036) (0.023) (0.037) (0.036) (0.023)
School 12 0.026 0.071** 0.049** 0.025 0.070** 0.048** 0.028 0.077***  0.053**
(0.034) (0.028) (0.021) (0.034) (0.027) (0.020) (0.034) (0.028) (0.021)
Constant 0.478**  0.749***  0.614** 0.465*** 0.697** 0.581** 0.443*** 0.707*** 0.575***
(0.067) (0.074) (0.053) (0.066) (0.072) (0.051) (0.068) (0.075) (0.053)
Observations 2,248 2,248 2,248 2,248 2,248 2,248 2,248 2,248 2,248
R-squared 0.012 0.044 0.033 0.014 0.044 0.036 0.010 0.030 0.020

Robust standard errors in parentheses (clustering at the class level)
#% < 0.01, ** p< 0.05, * p< 0.1
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D. Inconsistency types and intensity

The measure of inconsistency in our paper is constructed by considering three types of inconsistent behavior:
subjects who make wrong choicestime, riskandboth (time [ risk ). Within each domain, inconsistencies
are de ned as follows:

Time: refers to multiple switching along the temporal discounting task.
Risk: refers to choosing dominated strategies and/or multiple switching along the risk task.

For simplicity, in the paper we report inconsistency results by considering individuals who made at least one
inconsistent choice in the respective domain. In this section, we extend the analysis by examiimiteg ity

of inconsistencies, de ned as the number of inconsistencies within the same task. Furthermore, considering
previous studies have shown the importance of analyzing the differences between difjeesat inconsis-

tency’’, for risk we distinguish betweeswitchinganddominatedstrategies. These are referred to as lack of
understanding (hereafter, LoU) and inattention, respectively (see Amador-Hidalgo et al. (2021)).

In the rst row of Table D.1 we report the proportion of subjects who made at least one inconsistent choice
in each task (as presented in Figure 2 in the main text). In the lower panels, we break down these results to
assess thmtensityof inconsistency for both tasks and the inconsistagpgsfor risk.

We rst analyzeintensity Among the inconsistent subjects time (45% of total sample), most of them
made only one inconsistent choice (35% of total sample). The proportion of subjects who made two or three
inconsistent choices is much smaller (9.7% and 0.4% of total sample, respectively). In Figure D.1 we explore
this result by gender, nding that thatensityof inconsistency inimeis almost identical for boys and girls.
Models 1, 4 and 7 in Table D.2 show that there are no statistically signi cant gender differences.

The intensityof inconsistency is higher fatisk. Table D.1 shows that, among inconsistent subjects (57%

of total sample), almost half made only one inconsistent choice (26% of total sample), whereas 20% made
two inconsistent choices and 10% made three inconsistencies. Figure D.1 shows that the 5% gender gap in
inconsistency imisk reported in the main text is explained by girls who made one mistake. Models 2, 5 and

8 in Table D.2 show that the gender difference inititensityof inconsistency inmisk weakens as we include
CogAbto the regressiom(< 0:1) and disappears when we incluBeobAb (p > 0:1).

We now turn to inconsistendypesin risk. Table D.1 shows the proportion of subjects exhibiting egple

of inconsistency, regardless of whether they also exhibited other inconsistencies. As a result, the percentages
for all typesdo not sum to 100%. A rst important nding is that most inconsistent subjects made multiple
types of inconsistencies (30% of total sample). In fact, the proportion of subjects who made only one type of
inconsistency is rather low (switching (15%) and domin&téti1%)).

In Figure D.2 we see that the ontypein which we observe gender differencessisitching(13% of boys
versus 18% of girls). Accordingly, Models 3 and 7 in Table D.3 show that girls are more likelyswitithing
(p < 0:01). Models 2 and 6 in Table D.3 show that baflogAbandP robAb have a negative effect on the
probability of choosinglominatedstrategiesyf < 0:05andp < 0:01, respectively). Foswitching ProbAb
has a negative effecp(< 0:01) (Model 7), but the effect o€ ogAbis not signi cant (Model 3). For multiple

+ bhave a negative and statistically signi cant effegt{ 0:01).
2’For example, Chew et al. (2022) argue that multiple switching is driven by stochastic preferences or a deliberate preference for
randomization.
2For simplicity, in Figure D.2 we aggregat®U (6.5%) andnattention(4.7%) into the categorpominated
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Table D.1:Inconsistency types and intensity

Time Risk Both
At least one inconsistency 45.37% 56.54% 72.78%

Intensity
1 35.23% 26.38% 27.14%
2 974% 19.93% 22.29%
3 0.40% 10.23% 14.59%
4 or more 8.79%
Types
LoU 27.62%
Inattention 23.98%
Switching 45.33%
Multiple types 30.16%

Note: All percentages are calculated over total sample tyfms each category re ects the proportion of
subjects exhibiting that speci c type of inconsistency, regardless of them having committed other types as
well. Therefore, the percentages reported for types do not sum to 100%. Subjects who exhibited more than

one type of inconsistendyultiple typesare 30.16% over the total sample.

Figure D.1:Intensity of inconsistency by gender

Note: The percentage of males and females with 3 inconsistencieisnia is not displayed on the gure as it is very
small (0.44% and 0.36%, respectively).
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Figure D.2:Types of inconsistency in risk by gender

Table D.2:Intensity of inconsistency

(1) (2 3 4 5) (6) ) ()] 9
Vars. Time Risk Both Time Risk Both Time Risk Both
Female -0.017 0.091** 0.068 -0.018 0.072* 0.047 -0.023 0.067 0.038
(0.029) (0.043) (0.053) (0.029) (0.043) (0.054) (0.029) (0.043) (0.053)
Year -0.017  -0.061*** -0.076**  -0.016 -0.050**  -0.063**  -0.012 -0.044**  -0.054**
(0.014) (0.020) (0.025) (0.014) (0.021) (0.026) (0.014) (0.020) (0.025)
CogAb -0.005  -0.060*** -0.068***
(0.014) (0.020) (0.025)
ProbAb -0.025**  -0.089*** -0.112***
(0.011) (0.015) (0.020)
School 1 -0.020 -0.082 -0.095 -0.021 -0.098 -0.113 -0.031 -0.122 -0.146
(0.065) (0.096) (0.119) (0.066) (0.096) (0.119) (0.065) (0.096) (0.117)
School 2 0.043 -0.076 -0.046 0.039 -0.121 -0.096 0.022 -0.152 -0.142
(0.078) (0.118) (0.150) (0.079) (0.120) (0.152) (0.079) (0.118) (0.150)
School 3 0.071 0.073 0.136 0.068 0.042 0.101 0.054 0.015 0.062
(0.074) (0.106) (0.132) (0.074) (0.107) (0.132) (0.074) (0.106) (0.131)
School 4 -0.076 -0.063 -0.148 -0.076 -0.068 -0.155 -0.081 -0.083 -0.173
(0.067) (0.098) (0.120) (0.067) (0.099) (0.120) (0.067) (0.097) (0.120)
School 5 -0.144* 0.226* 0.075 -0.149* 0.177 0.020 -0.167** 0.145 -0.027
(0.075) (0.125) (0.152) (0.076) (0.126) (0.154) (0.077) (0.127) (0.157)
School 6 0.015 0.102 0.102 0.013 0.072 0.067 -0.001 0.043 0.027
(0.100) (0.156) (0.199) (0.100) (0.156) (0.200) (0.100) (0.154) (0.198)
School 7 -0.064 0.158** 0.108 -0.066 0.134* 0.081 -0.083 0.090 0.022
(0.053) (0.080) (0.098) (0.053) (0.080) (0.098) (0.054) (0.081) (0.099)
School 8 -0.035 -0.180**  -0.211* -0.036  -0.192**  -0.225**  -0.043  -0.209**  -0.248**
(0.065) (0.089) (0.113) (0.065) (0.089) (0.113) (0.065) (0.089) (0.113)
School 9 0.081 0.076 0.120 0.079 0.050 0.091 0.067 0.023 0.054
(0.065) (0.092) (0.115) (0.065) (0.093) (0.115) (0.065) (0.091) (0.113)
School 10 0.032 0.124 0.152 0.029 0.096 0.121 0.022 0.088 0.107
(0.067) (0.098) (0.123) (0.067) (0.098) (0.123) (0.067) (0.098) (0.123)
School 12 0.025 0.187**  0.212** 0.024 0.184**  0.209** 0.021 0.174**  0.196**

(0.051) (0.079) (0.099) (0.051) (0.079) (0.099) (0.051) (0.079) (0.098)
Constant 0.516%**  1.204***  1.699** 0.523** 1.291**  1.796%* 0.579%* 1.428***  1.981***
(0.113) (0.164) (0.204) (0.115) (0.166) (0.207) (0.116) (0.168) (0.210)
Observations 2,248 2,248 2,248 2,248 2,248 2,248 2,248 2,248 2,248
R-squared 0.011 0.019 0.018 0.011 0.023 0.021 0.013 0.033 0.032
Robust standard errors in parentheses
***pn<0.01, * p<0.05, * p< 0.1

Note: In models (1), (4) and (7) the dependent variable corresponds to the number of inconsistent choicesimadénimodels
(2), (5) and (8) we add the number of inconsistent choiceisin, regardless of the type (dominated or switch-back). In models (3),
(6) and (9) we add subjects' inconsistencies in both tasks.
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Table D.3:Determinants of inconsistency typegisk

1) 2 3 4 (5) (6) ) (C)]
Vars. Any Dom Swhb Dom+Swb Any Dom Swb Dom+Swb
Female 0.047** 0.004  0.088** 0.030 0.043** 0.001 0.077** 0.028
(0.021) (0.025) (0.023) (0.025) (0.020) (0.025) (0.021) (0.025)
Year -0.024**  -0.016* -0.009  -0.029**  -0.020** -0.014 -0.003 -0.025%**
(0.009) (0.009) (0.013) (0.009) (0.009) (0.009) (0.013) (0.009)
CogAb -0.032***  -0.021** -0.017 -0.034***
(0.010) (0.010) (0.011) (0.012)
ProbAb -0.052%**  -0.029*** -0.043*** -0.047***
(0.008) (0.008) (0.007) (0.008)
School 1 0.021 0.101* 0.067 -0.066 0.005 0.091 0.048 -0.075
(0.048)  (0.057)  (0.050)  (0.046) (0.049) (0.056) (0.051) (0.047)
School 2 -0.003 0.113* -0.011 -0.073 -0.024 0.105 -0.035 -0.081
(0.052) (0.064) (0.055) (0.061) (0.049) (0.065) (0.052) (0.062)
School 3 0.083 0.130* 0.052 0.048 0.065 0.121* 0.035 0.037
(0.058) (0.067) (0.065) (0.061) (0.059) (0.066) (0.065) (0.062)
School 4 0.027 0.110*** 0.059 -0.063 0.018 0.103*** 0.053 -0.070*
(0.042) (0.036) (0.054) (0.039) (0.044) (0.036) (0.057) (0.040)
School 5 0.156*** 0.278**  0.069 0.097 0.134**  0.261%** 0.031 0.080
(0.056) (0.064) (0.061) (0.062) (0.052) (0.063) (0.061) (0.059)
School 6 0.107*** 0.213**  0.105 0.037 0.088**  0.205*** 0.089 0.026
(0.040)  (0.050) (0.071)  (0.056) (0.042) (0.055) (0.074) (0.055)
School 7 0.123** 0.239**  0.056 0.061* 0.095***  0.224*** 0.027 0.042
(0.028) (0.043) (0.047) (0.032) (0.027) (0.043) (0.047) (0.031)
School 8 -0.037  0.067**  0.013 -0.121%** -0.048 0.058** -0.002 -0.128***
(0.044) (0.022) (0.053) (0.042) (0.045) (0.022) (0.054) (0.044)
School 9 0.057 0.087* 0.070 0.016 0.040 0.081* 0.053 0.005
(0.052) (0.044) (0.060) (0.055) (0.050) (0.042) (0.059) (0.053)
School 10 0.059 0.029 0.035 0.064 0.053 0.021 0.020 0.060
(0.037) (0.029) (0.060) (0.047) (0.036) (0.028) (0.061) (0.045)
School 12 0.077*** 0.014 0.035 0.095***  0.071** 0.009 0.032 0.091***
(0.028)  (0.031) (0.046)  (0.027) (0.028) (0.029) (0.046) (0.026)
Constant 0.663***  0.226*** 0.207**  0.607***  0.749**  0.271** 0.297**  0.672***
(0.071) (0.070) (0.100) (0.071) (0.074) (0.071) (0.102) (0.072)
Observations 2,248 1,229 1,318 1,655 2,248 1,229 1,318 1,655
R-squared 0.028 0.059 0.023 0.033 0.044 0.066 0.040 0.045

Robust standard errors in parentheses (clustering at the class level)
#%n <0.01, ** p<0.05, * p< 0.1
Note: In each model, we compare subjects who committed each type of inconsistency with the consistent group. Therefore, the number of observations varies across mode
those committing other types of inconsistencies are not included. For comparison, we include models (1) and (5) in which the dependent variable considers subjects vetmy comn
inconsistency, thus using the full sample.
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Inconsistency types across waves

Forrisk we also explored the role of inconsistertgpesacross waves. In Table D.4 we report the propor-

tion of subjects who were consistent and who committed each type of inconsistency in the rst and second
waves. The percentages are calculated over the sub-sample of students who participated in b&tlamdaves
considering subjects' behavior in wave 1 as denominator. For example, among consistent subjects in wave
1, in wave 2 we nd that 64% were consistent, 18% committed LoU, 16% inattention, and 30% switching.
Since 30% of subjects committed more than one inconsistency (see Table D.1), percentages in Table D.4 do
not sum to 100%.

We focus on the role of inattention and LoU in the transition from consistency to inconsistency and vice
versa. In the rst case, we could expect that inattention explains why consistent subjects in wave 1 become
inconsistent in wave 2. In other words, these subjects understood the task well the rst time, but were inat-
tentive the second time. Likewise, LoU in wave 1 could explain why a subject becomes consistent in wave 2,
assuming that she understood the task better the second time.

Our data does not suggest that inattention and LoU played a signi cant role in these transitions. This may
be because a high proportion of subjects in our sample exhibited multiple types of inconsistencies (30%, as
reported in Table D.1), making it dif cult to isolate the role of a speciype Table D.4 shows that, among
subjects who transitioned from consistency to inconsistency, the most comyp®af inconsistency was
switching (30%), which is almost twice as frequent as LoU and inattention (18% and 16%, respectively). For
subjects who transitioned from inconsistency to consistency, the table shows that 30% of those who exhibited
LoU became consistent. This proportion is similar for subjects who committed inattention in wave 1 but were
consistent in wave 2 (30%), and slightly lower for those who made switching in wave 1 but became consistent
in wave 2 (36%).

Table D.4:Inconsistency types ifisk across waves

w1l
Consistent  LoU Inattention  Switching
Consistent 64.16% 29.72% 30.41% 36.27%
LoU 17.92% 44.17% 40.64% 35.13%
Inattention 16.13% 34.72% 36.84% 31.70%
Switching  29.75% 59.72% 57.31% 54.74%

w2

Note: The percentages do not sum to 100% because each category re ects the proportion of subjects
exhibiting that speci c type of inconsistency. Subjects who exhibited more than one type of inconsistency
are included in multiple categories.

E. Strategies

2Recall that a total of 1,960 students from wave 1 repeated the experiment of which 1,322 met the same selection criteria as wave
1.
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Replacement strategies and elicitation of preferences

In this section we describe our replacement strategy for switching back decisions and discuss why it involves
non-trivial assumptions that could distort the elicitation of subjects' preferences. Recall that the strategy that
we adopted replaced subject's switching back decision to the one she had made immediately before. Take
the case of a subject whose decision pattern was ABABBB. In this case, the switching back took place in the
third decision A and the replacement consisted in changing it to the one she had made immediately before
(second decision) B. The underlying assumption of this replacement strategy is that subject's mistake was
switching back from B to A in the third decision. However, an alternative interpretation of subject's decision
pattern could be that the mistake was choosing B in the second decision. Under this assumption, an alternative
replacement strategy would be to replace subject's second decision from a B to an A.

Different assumptions about subject's inconsistent choices have non-trivial implications in the elicitation of
their preferences. Faisk preferences, the implications of the example above are straightforward: the rst
replacement strategy leads to the new decision pattern ABBBBB and the subject is classiskd@ger. In-

stead, with the alternative replacement, the resulting decision pattern is AAABBB and the subject is classi ed
asrisk averse As illustrated in E.1, alternative replacement strategieBhiea Gumbaltask lead to different

classi cations that could potentially distort the elicitation of subjects' preferences.

Table E.1:Replacement strategies and risk preferences

Pattern with
alternative
replacement

Original Pattern with

Decision
pattern replacement

OO U~ WNBER
WWwW>w >
WwWwww >
Www> > >

Classi cation Inconsistent Lover Averse

For time preferences, the different replacement strategies would not make a difference witHiméhieoy )
dummy category. Nonetheless, if we compute the measure of time preferences in termswhtiesof
future allocations# Future, from 0 to 6 choices of one week later), it obviously matters whether we are
changinga B toan A oran Ato aB.

F. Background information about schools

In this section, we provide background information on the geographical distribution and performance of the
schools included in the sample. Their approximate geographical location is represented on the green dots in
the map®in Figure F.1. The schools cover 5 of the 14 departments (i.e. states) of the country, three of which
are located in the West Zone (AhuachapSanta Ana y Sonsonate), one in the Central Zone (San Salvador),
and one in the Eastern Zone (San Miguel).

30Accessible at Wikimedia Commons url: https://commons.wikimedia.org/wiki/File:Un-el-salvador.png
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Figure F.1:Approximate location of schools

Source: Map derived from a production by the United Nations Cartographic Section (UNCS), in the public
domain. Accessible at Wikimedia Commons.

Figure F.2 shows each school's performance in terms of average grades, according to of cial data from the

Ministry of Education, Science, and Technology. The latest available update of this data is February, 2020.

The dataset includes grades from the following subjects: Science, Health and Environment, Natural Sciences,
Physical Education, Social Studies, Civics, Foreign Language, Computer Science, Educational Computing,
English, Language and Literature, Mathematics, and Life Guidance.

Given that our study focuses on students frdit@ 11" grade, we extracted data from 3,699 schools offering

these grade levels. For these grades, we computed the overall and the math average for each of the schools of
our sample, only excluding school 5, where there was no available data. For comparison, we also computed
the overall and math national average. The blue dotted line in Figure F.2 shows the overall national average
and the blue bars show each school's average. For all subjects, the national average is 7.1 out of 10. In our
sample, half of the schools have an overall average between 6.0 and 7.0, and the lowest and highest scores are
5.9 (school 12) and 7.9 (school 6). For Mathematics, the national score was 6.6 and 7 out of the 12 schools in
our sample have an average between 6.0 and 7.0, with the lowest and highest scores of 5.7 (school 12) and 7.9
(school 6). Based on these comparisons, we conclude that, relative to the national average, the performance
of the schools in our sample is neither systematically above nor below the national standard.
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