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ABSTRACT 

 

 We study the effect of a nudge in achievement in a midterm test on subsequent 

performance in Math by using administrative and survey data from students at the University 

of Alicante. We estimate the effect through a regression discontinuity design since only 

students obtaining a midterm score greater than or equal to 5 may interpret their score 

positively. The sign of the effect is unclear ex-ante as a nudge may induce students to believe 

that additional study effort is (un)important to ensure a pass in course. We find that the 

overall effect is small and not significant. We do not find differences by gender or socio-

economic status; some differences might exist in students who majored in Arts and 

Humanities, whose initial knowledge in Math is lower, but a rigorous conclusion cannot be 

drawn. However, our results point out that the nudge effect is heterogeneous by students’ 

confidence: a nudge for non-confident students leads to lower performance in subsequent 

assessment, while confident students, although reacting positively with respect to non-

confident ones, do not change their performance. Our results shed light on the role of 

confidence in processing salient although noisy information on achievement and its 

consequences on subsequent performance. 

 

Palabras clave:  performance, confidence, Math, nudge, regression discontinuity 
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1. INTRODUCTION 

1.1 Purpose of the study 

In this paper we test as first hypothesis whether obtaining positive information, 

hereafter nudge, regarding the score in a midterm test in a university course leads to an 

increase in subsequent performance in the course and in the probability of passing it. We use 

administrative data on first year students who took the first Math course in Business 

Economics and in Economics degrees at the University of Alicante (Spain) in the academic 

year 2017-18. We identify the nudge effect by way of a regression discontinuity design since 

the pass score in all courses at the University of Alicante, as well as in all other universities in 

Spain, is 5 out of 10. Hence, only scoring at least 5 in the midterm may be interpreted by 

students as good news. As a related hypothesis, we test whether the nudge effect is 

heterogeneous by students’ confidence in achievement in the midterm, which is measured by 

way of a survey conducted before the students receive any information about their absolute 

performance. 

We call a nudge the positive and idiosyncratic information shock experienced by only 

those students who, among all those scoring close to 5 in a midterm, obtained a score slightly 

greater than 5 in the midterm. The reason is that in our setting the shock leads to a positive 

reinforcement of students’ ability beliefs although for students with very similar underlying 

ability, conceptually in line with theoretical and empirical research on the role of tenuous 

informational shocks (see e.g. Thaler and Sunstein, 2009; Halpern, 2015). The nudge may 

operate through a number of potential channels. In our setting, the encouraging effect of 

positive information may lead to an increase in students’ effort and performance in the final 

exam. Alternatively, the effect may be purely psychological and act by reassuring a student of 

her own ability, with no effect on subsequent achievement. For some students it may, instead, 

have a negative effect on achievement, if it is interpreted as a signal that further study effort is 

unnecessary. The opposite should hold for students scoring below the cutoff score 5. 

 

1.2 Literature review 

Our paper is related to studies testing the effect of barely passing end-of-secondary 

school tests on students’ decisions to attend post-compulsory education and contributes to 
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them with evidence from post-compulsory education on the relevance of meeting pass scores 

for subsequent achievement.  Paypay et al. (2010) study whether barely passing a test has an 

impact on the probability of high school graduation for students in Massachusetts by using a 

regression discontinuity design (RDD). They find that barely passing the Math test increases 

the probability of graduation but only for poor students while barely passing the English test 

has no effect. In related studies the same authors find that barely passing one or more high 

school final tests increases the probability of attending college (Paypay et al., 2011, 2014, 

2105). With the same goadl of providing a nudge, Levitt et al. (2016)  induce experimentally 

study effort for high school students in Chicago, by way of financial and non-financial 

incentives, to study its impact on academic achievement. They find that test scores increase 

when rewards are delivered immediately while no effect is observed when students are 

rewarded with a delay. In addition, they find that non-financial incentives are more cost-

effective than financial ones for younger students and vice versa for older students. Finally, in 

related work in which incentives are instead at the school level, Hemet (2011) studies whether 

failing to make adequate yearly progress in the No Child Left Behind program for schools in 

the US has an impact on their pupils’ attainment. By using panel data on elementary and 

middle schools in Maryland and a RDD to exploit the cutoff score determining whether a 

school made adequate progress, they find that pupils’ performance in English and Math 

worsens due to school-wide failure. 

 Machin et al. (2016) is the only study we know on the long-term consequences of 

nudge in compulsory education. They study the effect of barely achieving a C, a relevant 

grade in the compulsory school final exam in English, on students’ subsequent post-

compulsory educational choices and on achievement in the labour market. They find that 

students barely achieving a C have, two years later, a higher probability of entering a high-

level academic or vocational track that are a necessary condition to enrol in a university 

degree. When they look at the longer run they find that these students tend to have higher 

earning returns in the labour market. Our study is related to Machine et al. (2016) as both 

studies exploit the fact that for students with similar underlying ability slight differences in 

achievement at relevant discontinuities in achievement may have an effect on subsequent 

achievement, in the labour market in Machine et al. (2016) and in a university course in our 

study. Our study contributes to Machine et al. (2016) by exploring the impact of slight 
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differences in achievement at relevant achievement discontinuities in individual courses in a 

university degree and finding that they may matter depending on students’ confidence. 

 The closed paper to ours is Azmat et al. (2016) who test whether providing feedback 

to college students on their position in the grade distribution has an effect on their 

achievement. Thanks to a controlled experiment carried out at the Universidad Carlos III in 

Madrid (Spain) and lasted over a three-year period, they find that in the first year information 

decreases accumulated GPA and the number of exams passed for treated students, with these 

results being driven by students underestimating their real position in the grade distribution. 

However, they catch up in year two when differences between treated and controls are small 

and not significant. In addition, a significant increase in treated students’ self-reported 

satisfaction is observed. This study is the closest to ours since both look at the role played by 

prior beliefs in the relationship between information provision and achievement. Perhaps the 

main difference is that in our study we look at how information on absolute achievement, that 

is routinely disclosed to students to help them quantifying how their study effort pays off in 

terms of achievement, affects subsequent performance. In addition, absolute performance may 

play a confounding role in estimating the effect of relative performance in Azmat et al. 

(2016). While this has been partially taken into account since provision of relative 

performance is given only to randomly selected students, if two students with very similar 

scores in one or more tests or exams, e.g. 4.9 and 5.1, are on opposite sides of the pass score 

they may, as a consequence, interpret relative information, or react in absence of it, 

differently. Finally, Azmat et al. (2016) look at the effect of information on overall 

achievement in a degree, i.e. average achievement in several courses while we only focus on 

achievement in one course. On the one hand, the analysis in Azmat et al. (2016)  gives richer 

information about students’ achievement throughout a degree. On the other, it may mask 

heterogeneity by course, as the effect of relative information on typically difficult courses, 

such as those with a high quantitative component, may be different than for less difficult ones. 

 

1.3 Objectives 

 Our first objective is to collect a detailed database with information about students’ 

grades, characteristics and behaviour. We had accomplished this objective by asking the 

students to answer a detailed a questionnaire and collecting administrative data on grades 
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from students (always treated with extreme care to guarantee the protection of personal 

information). 

 As a second objective this project tests whether a tenuous achievement shock 

influences subsequent performance.
53

 In addition, our study contributes with field evidence to 

the literature studying theoretically and experimentally the role of nudges in inducing people 

to take decisions that can increase their future welfare (see Jiménez-Gómez, 2017). In 

particular, we offer a case study in the field of education in which a nudge plays a 

predominantly psychological role, as it has been argued that little is known about the 

behavioural underpinnings of students’ choices (Lavecchia et al., 2014). A small but growing 

number of studies has been focusing on the role of nudges altering, for example, the framing 

in students’ decision problems, disclosing relevant information, giving financial incentives or 

inducing peer effects (see for a review Trier and Nielsen, 2018).  

Finally, we believe that our study makes a parsimonious use of readily available 

information on absolute performance that is the relevant one to help students learning more 

about the relationship between their study effort and the probability of scoring at or above the 

pass score. This has relevant policy implications to design mechanisms that increase students 

effort and learning. 

 

2. METHODOLOGY 

In this project the empirical analysis was preceded by a long data collection strategy. We 

obtained information about students’ socio-demographics and their performance in the 

midterm and final exams in Mathematics, “Matemáticas I”, that is taught in the first term of 

the first year for students in the following degrees offered by the Facultad de Ciencias 

Económicas y Empresariales at the Universidad de Alicante: “Grado en Economía” (degree in 

Economics), “Grado en Administración y Dirección de Empresas” (degree in Business 

Administration), “Doble grado en Derecho y Administración y Dirección de Empresas” 

(double degree in Law and Business Administration) and “Doble grado en Turismo y 

Dirección y Administración de Empresas” (double degree in Tourism and Business 

Administration). We chose Matemáticas I because two project members, Marcello Sartarelli 

and Jose Vicente Perez, have been teaching this course and, in addition, the other colleagues 

                                                 
53

 
Related studies on the role of achievement shocks in high stake tests in primary and secondary education are 

Alcott (2017) and  Sartarelli (2011) in England and Hemelt (2011) and  Papay et al. (2010, 2011, 2015) in the 

USA. 
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teaching the course were very keen to help us with the data collection. We think that this 

course itself has several interesting features for our purpose of studying the effect of 

information about intermediate performance on final academic achievements. Since this is a 

course in the first term of the first year, students do not have much information about their 

performance in the degree that they have enrolled. Hence, their score in one of their first tests 

since they have started a degree can be very informative for them about how well they have 

adapted to a new and different environment with respect to high school. Finally, the course 

content is common to several degrees in Economics and Business, so up to eight hundred 

students are taking this course. This is a potentially large sample for our study. 

 We collected two types of information. First, administrative data on students’ scores 

both in the midterm tests and in the final exam, which is instrumental to test how knowing 

their performance in the first test can affect achievements in the second one or in the final 

exam. Second, survey data on students’ socio-demographic, such as family background, and 

beliefs about their performance in the course. All information collected has been treated 

confidentially, according to the Spanish law, “Ley Orgánica de Protección de Datos de 

Carácter Personal”. 

Finally, we estimate the nudge effect by using administrative data on achievement in 

the first Math course in Business Economics and Economics degrees at the University of 

Alicante (Spain) in the academic year 2017-18 and linked them to survey data with additional 

information on students socio-economic background and expectations. Math is a compulsory 

course that students take in the first term, which starts in September and ends in December, in 

the first year of the degree.  

We believe that the Math course is well suited to test the effect of a nudge in a 

midterm. First, the first midterm in the course is not just another midterm for the students as it 

is one of the very first tests taken by students in the degree. Hence, students pay considerable 

attention to achievement in this test to update their beliefs over own ability and the necessary 

study effort to pass the Math course, as well as other courses. Second, a positive relationship 

between Math and success in a university degree and in the labour market has been found in a 

number of empirical studies, for example, on high school students (Levine and Zimmerman, 

1995; Rose and Betts, 2004; Joensen and Nielsen, 2009). 

The course assessment consists of two tests held during the course, T1 and T2, 

hereafter, and the final exam (F) that is held in January every year. The overall score (O) in 
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the course is O = 0.2T 1+0.3T 2+0.5F. We obtained administrative data on students’ tests and 

final exam and, in addition, we conducted surveys to quantify students’ expectations over 

their achievement in each of them, as well as to obtain information on students’ socio-

demographics. These questionnaires also allows to elicit prior and updated beliefs about 

students’ performance. 

Our research design is based on Regression Discontinuity. Let T1 denote students’ 

scores in the first test that was held during the Math course; we subtract from it 5 to rescale it 

in such a way that negative values in the rescaled score indicate that a student scored less than 

5 and vice versa. Also let T1d=I(T1≥5) be a dummy equal to 1 if the score in the first midterm 

is greater than or equal to 5 and, finally, Y denotes subsequent achievements. We concentrate 

on the score in the final exam and on the probability of passing the course.  

By using a regression discontinuity design we identify the nudge effect by focusing 

only on students whose score is arbitrarily close to the cutoff 5, on either side of it, and 

compare subsequent achievements of students who obtained a score equal to or barely greater 

than 5 in with those who obtained a score barely smaller than 5 in T1. The reason is that 

students whose score is slightly above or slightly below 5 can be regarded as being similar 

both in terms of their observable and unobservable characteristics, except for a slight 

difference in the first test score that can be can be arguably due to luck. Then, the nudge effect 

is captured by parameter  in the following equation  

. 

We use a flexible polynomial of the score obtained in the first test, the running 

variable, allowing the polynomial to be different to the right and to the left of the cutoff. We 

use both linear and quadratic approximations of this polynomial. We also add as controls in 

the regressions students’ predetermined characteristics. In addition, we use different values of 

the midterm score bandwidth, i.e. how far away is a student’s score from 5, to only consider 

those students whose scores are very close to the cutoff score 5. The bandwidth choice 

implies a trade-off. With a large value, many observations are included but students with 

scores much higher and much lower than the cutoff cannot be regarded as being similar. In 

contrast, with a small bandwidth value only students whose score is close to the cutoff are 

considered, thus leading to a potentially small number of observations. 
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3. RESULTS 

Table 1 shows in the top panel that achievement in T2 is higher for students with a T1 

score greater or equal to 5. When we look at the final exam, we find that students who 

achieved at least a 5 in T1 obtain a higher score in the final. The overall score in the course 

and the probability of passing it are also higher for students with a T1 score greater or equal to 

5. The average overall score is slightly smaller than 4.5 and the probability of passing the 

course is smaller than 45% when we look at our full data sample. The last column reports the 

number of observations for our outcomes of interest, which shows that the number of students 

taking the first test is greater than the number taking the second test and the final exam as 

students with a very low score in the first score are those first year students who typically 

either drop out or stop taking Math to, perhaps, focus on other courses with higher pass rates. 

When we computed the overall score in the subject we only used data on students who took 

both tests and the final exam. If we, instead, consider also students who miss one or more of 

them the probability of passing the course is about 30%. 

One important information for our purposes is students’ beliefs about their score and 

about their performance relative to their group mates. Surveys were conducted before students 

knew their performance in each exam and included questions about their expected grades. 

Thus, we can elicit their beliefs about expecting a grade in T1 greater than 5. The bottom 

panel in Table 1 shows descriptive statistics about beliefs and other control variables that we 

use in our empirical analysis. It shows that 71% of students believe that their score in T1 is 5 

or greater. Not surprisingly, it is higher for those who scored at least 5 in T1. Similar results 

hold qualitatively also for their level of agreement with the statement that their T1 score will 

be above the mean in their group, with this information also obtained before they knew the 

score received at T1.  We define a student as confident if her expected score in T1 is above the 

median of the expected score of all the students. When we look at students’ socio-

demographics, we find that slightly less than 50% are females, 13% are foreigners and, along 

with a measure of parental wealth which we obtained by computing the ratio between the 

number of rooms and the number of people in a household, they tend to be similar for 

students whose T1 score was smaller than (greater than or equal to) 5. 
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Table 1. Summary Statistics 

 All T1 < 5 T1  ≥ 5 N 

Outcomes     

Test 1 score (T1) 4.49 2.48 6.71 724 

T1  ≥ 5 0.48 0.00 1.00 724 

Test 2 score (T2) 3.89 2.38 5.29 634 

T2  ≥ 5 0.35 0.11 0.58 634 

Final exam (F) score 3.40 2.11 4.44 589 

F ≥ 5 0.26 0.06 0.43 589 

Overall score (O) 4.48 3.35 5 560 

O ≥ 5 0.44 0.24 1 560 

Controls     

Exp. T1 ≥ 5 0.71 0.53 0.91 724 

Agree exp. T1 ≥ mean 0.24 0.14 0.35 724 

Agree str. exp. T1 ≥ mean 0.06 0.03 0.09 724 

Female 0.47 0.45 0.49 724 

Foreigner 0.13 0.16 0.10 724 

N. rooms/N. people 0.25 0.24 0.27 724 

Bus. admin. (BA) degree 0.55 0.55 0.53 724 

BA+Tourism degree 0.13 0.11 0.15 724 

BA+Law degree 0.16 0.20 0.13 724 

Econ. degree 0.17 0.15 0.19 724 

Soc. sci. HS major 0.68 0.69 0.69 724 

Science HS major 0.13 0.09 0.17 724 

Art or human. HS major 0.08 0.11 0.04 724 

Other HS major 0.08 0.09 0.06 724 

 

Finally, when we look at the share of students by degree program in Table 1, we find 

that 55% are enrolled in a Business Administration degree, that 29% is the sum of students 

taking a double degree in Business Administration and either Tourism or Law while the 

remaining students are in the Economics degree. Finally, when we look at students’ high 

school major, we find that 68% majored in Social Science, 13% in Science, 8% in either Arts 

or Humanities and the remaining ones in a different field. There seems to be no major 

difference in the share of students by degree or by high school major when we look at those 

whose T1 score was smaller than (greater than or equal to) 5, except for the share with a high 

school major in either Arts or Humanities, that is substantially higher for students whose T1 
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score was smaller than 5. Note that in these high school majors, Mathematics is, at best, an 

elective course and contents are of a lower level. 

Regression discontinuity design (RDD) allows to confirm whether the positive 

association between scoring at least 5 in T1 and subsequent performance has a causal 

interpretation. We need to assess the validity of the research design by quantifying whether 

the distribution of students’ T1 score, i.e. the first test score and the running variable in our 

RDD, and their predetermined characteristics are balanced at the first test cutoff 5. Figure 1 

shows in the top panel histograms of the running variables rescaled such that the cutoff score 

5 takes value 0 and values smaller and greater than the cutoff are respectively negative and 

positive. The histogram on the left-hand side shows a jump in the frequency of students 

scoring 5 in the first test while the one on the right hand-side shows that, once we have 

removed observations for these students from the dataset, the histogram is continuous at the 

cutoff. The histograms also show that frequencies tend to be higher at integer values other 

than 5, e.g. 6 and 7, which may suggest that some instructors may round up decimal scores to 

the closest integer. 

Figure 1. Test score histograms 

 

 

The bottom panel in Figure 1 shows a kernel density plot of the difference in the first 

test score from 5, i.e. T 1 − 5, along with 95% confidence intervals reported as dashed lines 

(McCrary, 2008). The results show that once observations of students achieving 5 in the first 

test are removed, a jump in in the density is no longer observed, in line with the histograms 

shown in the top panel. This suggests that the target of potential manipulation of scores by 



Memorias del Programa de Redes-I3CE. Convocatoria 2017-18.  ISBN: 978-84-09-07041-1 

1965 

 

teachers is limited to students scoring slightly above or below 5, with the latter seemingly 

being more frequently subject to a round up to the closest integer. 

 

Figure 2. Baseline characteristics balance at Test 1 cutoff 

 

 

In addition to the continuity of the running variable, we now assess whether students’ 

baseline characteristics are balanced at the cutoff 5 in the first test. Figure 2 shows plots of 

second order polynomials in score of students’ baseline characteristics, after subtracting 5 

from the score. The polynomials have been fitted separately to the left and to the right of the 

cutoff and after dropping observations for students scoring 5 in the first test, who are about 

7% of our full data sample. In addition, we drop observations for students who majored in art 

or humanities in secondary school, who are 9% of our full data sample, as they are more 

frequently observed below the first test cutoff than above. Not observing in Figure 2 

substantial jumps in any baseline characteristic nor significant ones at the cutoff, as shown by 
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overlapping confidence intervals reported as dashed lines, offers evidence in support of the 

research design validity. 

Table 2. Effect of a nudge in Test 1 

 Score in final exam Overall score greater than 5 

 
Local linear 

regression with 

optimal bandwidth 

2nd order polynomial 

with bandwidth 5 

Local linear regression 

with optimal bandwidth 

2nd order 

polynomial with 

bandwidth 5 

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

T1d 0.005 0.196 0.248 0.258 0.061 0.081 0.149 0.172 

 (0.458) (0.423) (0.494) (0.451) (0.112) (0.112) (0.124) (0.124) 

T1 0.723 0.641 0.562 0.518 0.091 0.089 -0.026 -0.059 

 (0.235) (0.234) (0.313) (0.263) (0.050) (0.050) (0.085) (0.075) 

T1d*T1 -0.098 -0.152 0.073 0.029 0.102 0.096 0.304 0.309 

 (0.325) (0.310) (0.478) (0.439) (0.076) (0.075) (0.117) (0.110) 

T1
2   0.077 0.022   0.012 -0.006 

   (0.059) (0.048)   (0.017) (0.015) 

T1d*T1
2   -0.024 0.043   -0.039 -0.015 

   (0.098) (0.093)   (0.023) (0.023) 

Constant 3.200 3.180 2.899 3.173 0.229 0.141 0.090 -0.017 

 (0.353) (0.517) (0.365) (0.441) (0.078) (0.138) (0.090) (0.122) 

N 287 287 506 506 282 282 481 481 

Controls No Yes No Yes No Yes No Yes 

Bandwidth 2.36 2.36 5.00 5.00 2.42 2.42 5.00 5.00 

 

Our final estimates were obtained by excluding from the dataset observations for 

students scoring 5 in T1 and also those students majoring in either art or in humanities at high 

school, to achieve a balanced running variable and baseline characteristics. Table 2 reports 

estimates of the nudge effect on the final exam score and on the probability of obtaining an 

overall score greater than or equal to 5, i.e. of passing the course. For each outcome we report 

estimates obtained from a local linear regression using the optimal bandwidth, which was 

obtained following the procedure in Imbens and Kalyanaraman (2012), and also from a 

second order polynomial in the difference between T1 and 5. All estimates are reported from 

regressions without and with controls, whose coefficients are not reported, as indicated at the 

bottom of the table. Controls include dummies to account for students’ expectations of 

achievement in T1 and for the following socio-demographics: gender, foreign nationality, 
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household wealth, degree and secondary high school major. The list of the full set of controls 

used in the regressions can be found in Table 1. 

The estimate of the effect of barely passing Test 1, or nudge effect, in Table 2 is the 

coefficient associated to the dummy T1d, which is equal to 1 if T1 score is greater than or 

equal to 5. When we look at the score in the final exam we find that the point estimates tend 

to be positive. However, no estimate is significant at conventional levels neither when we 

exclude nor when we include students’ predetermined characteristics as controls in the 

regression. Similarly, when we look at the probability of passing the course, i.e. of obtaining 

an overall score greater than or equal to 5, point estimates are positive but small and not 

significant at conventional levels. 

However, these results may mask heterogeneity by gender, socio-economic status or 

any other student characteristic. Therefore, we generalize our RDD model by including an 

interaction of the T1d dummy and a dummy indicating gender, low socioeconomic status or 

scientific high-school (one of these each time). In these results (available upon request), we 

find again no significant different effect for either of all groups considered. Then, we consider 

another dimension of heterogeneity: students' confidence.The table shows in the left-hand side 

panel that for non-confident students the nudge effect on the final exam score is negative 

although it tends not to be significant when we introduce controls. When we look, instead, at 

the difference between confident and non-confident students, we find that it is positive and 

significant. When we compute the overall nudge effect for confident students, by summing 

coefficients of the following variables: T1d and T1d*C, it has a mixed sign and it is never 

significant at conventional levels.  

The panel on the right-hand side in Table 3 shows the nudge effect on the probability 

of passing the course, i.e. of obtaining an overall score greater than or equal to 5. For non-

confident students the nudge effect is negative and significant at conventional levels. When 

we, instead, look at difference in the nudge effect for confident students with respect to non-

confident ones, it is positive and significant. However, the overall nudge effect for confident 

students is not significantly different from zero. 
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Table 3. Heterogenous effect of a nudge in Test 1 by students’ confidence 

 Score in final exam Overall score greater 5 

 
Local linear regression 

with optimal bandwidth 
2nd order polynomial 

with bandwidth 5 

Local linear 

regression with 

optimal bandwidth 

2nd order polynomial 

with bandwidth 5 

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

T1d -1.867 -1.535 -2.109 -1.804 -0.407 -0.432 -0.675 -0.608 

 (0.915) (0.963) (1.117) (1.166) (0.221) (0.216) (0.236) (0.241) 

T1 0.959 0.865 0.773 0.712 0.103 0.095 0.028 0.044 

 (0.414) (0.408) (0.424) (0.389) (0.111) (0.102) (0.140) (0.133) 

T1d*T1 1.294 1.134 2.927 2.751 0.617 0.604 1.726 1.561 

 (0.674) (0.802) (1.539) (1.587) (0.157) (0.156) (0.249) (0.239) 

T1   0.077 0.055   0.009 0.007 

   (0.072) (0.065)   (0.023) (0.022) 

T1d*T1   -0.671 -0.698   -0.502 -0.475 

   (0.523) (0.449)   (0.085) (0.064) 

ConfT1. (C) -0.485 -0.477 -0.337 -0.510 -0.065 -0.060 -0.071 -0.186 

 (0.723) (0.694) (0.732) (0.679) (0.193) (0.177) (0.209) (0.205) 

T1d*C 2.188 1.984 2.618 2.356 0.527 0.569 0.856 0.853 

 (1.058) (1.074) (1.264) (1.282) (0.253) (0.248) (0.275) (0.278) 

T1*C -0.330 -0.298 -0.160 -0.314 -0.011 0.001 -0.017 -0.134 

 (0.500) (0.498) (0.621) (0.553) (0.122) (0.113) (0.180) (0.167) 

T1d*T1*C -1.439 -1.333 -3.156 -2.796 -0.555 -0.556 -1.507 -1.254 

 (0.768) (0.878) (1.648) (1.680) (0.177) (0.174) (0.287) (0.276) 

T1*C   0.038 -0.054   0.018 -0.016 

   (0.115) (0.101)   (0.034) (0.031) 

T1d*T1*C   0.657 0.799   0.458 0.470 

   (0.537) (0.464)   (0.090) (0.071) 

Constant 3.555 3.489 3.214 3.383 0.280 0.156 0.172 0.130 

 (0.582) (0.652) (0.556) (0.574) (0.174) (0.178) (0.180) (0.187) 

N 287 287 506 506 282 282 481 481 

Controls No Yes No Yes No Yes No Yes 

Bandwidth 2.36 2.36 5.00 5.00 2.42 2.42 5.00 5.00 

Het. eff. (HF) -0.16 -0.03 0.17 0.04 0.05 0.08 0.11 0.06 

HF p-value 0.80 0.97 0.79 0.95 0.78 0.67 0.59 0.78 
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Now we report evidence on the robustness of our main results to varying the 

bandwidth value that is used in our research design. Figure 3 shows how local linear 

regression estimates of the heterogeneous nudge effect by students’ confidence reported in 

Table 3 vary, measured along the vertical axis, when we vary the bandwidth, measured along 

the horizontal axis. The figure is divided in four columns, with each column showing 

estimates from the same regression, with estimates of two different parameters from one 

regression shown in plots on different rows. We use the first column on the left-hand side as 

an illustration. The plot in the top row shows estimates of the nudge effect on the final exam 

score for non-confident students, i.e. estimates of the parameter associated to the dummy T 1d 

in Table 3. The plot in the bottom row along the same column shows estimates of the 

differences in the nudge effect for confident and non-confident students on the same outcome, 

i.e. estimates of the parameter associated to the interaction T1d*C in Table 3. 

Estimates obtained using 10 different bandwidth values are reported as follows. We 

took as reference value the optimal bandwidth, computed using the Imbens and 

Kalyanaraman (2012) procedure. This bandwidth value is the greatest one along the 

horizontal axis for which an estimate of the nudge effect is reported as a circle along the 

continuous thick line, while dashed lines indicate 95% confidence intervals. The smallest 

bandwidth value for which an estimate is reported is, instead, 50% of the optimal bandwidth 

value. The remaining estimates have been obtained for bandwidth values between the optimal 

one and 50% of it with a 5 percentage points increase from 50%, i.e. 55%, 60%, 65% and up 

to 95%. 

 

Figure 3. Sensitivity to bandwidth value of heterogeneous effect of a nudge by confidence. 

F 
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Figure 3 shows in the first two columns on the left-hand side that the negative nudge 

effect on the final exam score for non-confident students is significant at conventional levels 

for all but one bandwidth values in regressions without covariates while estimates tend to lose 

significance when adding covariates to the regressions. When we look at estimates of the 

positive difference between confident and non-confident students, we find that it is significant 

at conventional levels for 8-9 out of the 10 bandwidth values we used. When we look at the 

two columns on the right-hand side in the figure, we find that the nudge effect on the 

probability of obtaining an overall score of at least 5 in the Math course, i.e. of passing it, is 

negative for non-confident students while the difference for confidence ones is positive, with 

estimates for all but one or two bandwidth values being significant at conventional levels. 

Then we report evidence of how our main result vary when we include observations 

for students scoring 5 in T1 and also those students majoring in either art or in humanities at 

high school, which we excluded in our preferred specifications to achieve a balance in the 

distribution of the running variable, i.e. T1, and of baseline characteristics. Reassuringly for 

the validity of our research design, estimates of the nudge effect obtained (available upon 

request) are little different in sign and significance when they are obtained including or 

excluding observations leading to some unbalancedness in the running variable or in students’ 

baseline characteristics close to 5 in the first test score. 

Finally, we report evidence from a test quantifying the effect of scoring at or above 

values close to but different than 5 in the first test. Figure 4 shows local linear regression 

estimates of the heterogeneous effect by confidence of obtaining a different score than 5 in the 

first test. We consider integer values and decimal values ending in “.5” in the interval 

between 3.5 and up to 6.5. We also reported the nudge effect, i.e. obtaining a 5 in the first test, 

as a comparison. Each plot in the figure shows how estimates of the effect along the vertical 

axis, vary when we vary the score considered in the first test, measured along the horizontal 

axis. The figure is divided in four columns, with each column showing in the top and bottom 

row estimates from the same regression. The plot in the top row shows estimates of the nudge 

effect for non-confident students while the plot in the bottom row along the same column 

shows estimates of the differences in the nudge effect for confident and non-confident 

students, similarly to the estimates by bandwidth value reported in Figure 3. 
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Figure 4. Heterogeneous effect of different scores in the first test by confidence 

 

 

The estimates in Figure 4 show that obtaining a different score than 5 in the first test 

does not lead to a significant effect except on probability of an overall score greater than or 

equal to 5 in the course for students scoring at least 6 in the first test. This is significantly 

higher for non-confidence students scoring at least 6 in the first test while the difference 

between confident and non-confident ones is significantly negative. However, when we look 

at the size of the effect on the probability of obtaining at least a 5 in the course, it is outside 

the unit interval. This suggests that either our model is misspecified to estimate the effect of 

obtaining scores in the first test away from the cutoff 5 or that the joint heterogeneity in the 

first test score and in our proxy for confidence in our data is low or a combination of both 

factors. 

 

4. CONCLUSIONS 

We have used data on the first Math course in Business Economics and in Economics 

degrees at the University of Alicante to test whether a small and idiosyncratic achievement 

shock in the first midterm has an impact on students’ subsequent performance in the course. 

We identified the effect using a regression discontinuity design. We interpret getting a pass 

score, i.e., equal or greater than 5, as a nudge effect since, first, all students scoring arbitrarily 

close to 5 in the first midterm have similar characteristics, while only some of them have a 

lucky day and score slightly above 5 and, second, a nudge bears no direct consequence for 

subsequent assessments and for the overall achievement in the course. 
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Our results show that a nudge in the first midterm has no significant effect on 

subsequent achievement in Math. We do not find differences by gender or socio-economic 

status; some differences might exist in students who majored in Arts and Humanities, as they 

clearly has worse performance (probably due to  their background), but a rigorous conclusion 

cannot be achieved. However, our results point out that the nudge effect is heterogeneous by 

students’ confidence. Our results suggest that confidence or related psychological 

mechanisms may play a relevant role in improving our understanding of the processes 

regulating students’ beliefs formation and how they, in turn, influence subsequent 

achievement. We think that this result has important policy implications and it should be 

taken in to account when designing mechanisms that increase students effort and learning. 

 We believe that, by using a case study on college education and by testing for the role 

played by students’ beliefs in influencing their achievement following a noisy ability signal, 

this project bridges a gap between studies in education and in behavioural economics. The 

reason is that the first tend to neglect behavioural motives underlying students’ choices while 

the latter are more focused on lab or field experiments and tend to neglect the classroom as an 

alternative setting to test relevant hypotheses on individuals’ behaviour. 

Our analysis may be enriched in a number of directions that we plan to pursue in 

future research. First, we find evidence of some manipulation in the midterm test score and 

decide to remove from our data sample observations for students scoring 5 to obtain a 

continuous distribution of the midterm score. Additional analysis that consists in obtaining in 

the future data from a midterm test with multiple choice questions would enable us to test 

whether the nudge effect differs in a setting in which there is no scope for score manipulation. 

Second, our analysis has so far ignored the sequential timing of the two nudges students may 

receive in the two midterm tests. We believe that with a structural econometric model we 

would be able to disentangle direct and indirect effects of achievement shocks in the different 

midterms on subsequent achievement. Finally, since the first Math exam has a low pass rate, 

of about 30-40%, we believe that it would be important to test the effect of a nudge in 

achievement not only in Math but also in other first year courses as it may influence students’ 

overall performance by the end of the first year. 
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