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Grit and academic resilience during the
COVID-19 pandemic
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Grit, a non-cognitive skill that indicates perseverance and passion for long-term goals, has been
shown to predict academic achievement. This paper provides evidence that grit also predicts student
outcomes during the challenging period of the Covid-19 pandemic. We use a unique dataset from a
digital learning platform in the United Arab Emirates to construct a behavioral measure of grit. We find
that controlling for baseline achievement, students whowere grittier according to thismeasure before
the pandemic, register lower declines inmath and science scores during the coronavirus period. Using
machine learning, behavioral dataobtained from theplatformprior to thepandemic canexplain 77%of
the variance in academic resilience. A survey measure of grit coming from the same students, on the
other hand, does not have significant predictive power over performance changes. Our findings have
implications for interventions on non-cognitive skills, as well as how data from digital learning
platforms can be used to predict student behavior and outcomes, whichwe expect will be increasingly
relevant as AI-based learning technologies become more common.

Grit is an important non-cognitive skill that has been shown to predict
achievement outcomes including educational attainment, academic per-
formance, and retention1,2. In the school context, grit has a significant role on
outcomes over and above cognitive skills, and can have large multiplier
effects, given that students who give up early have fewer chances to recover.
Recognizing this, in many countries, educational policymakers and NGOs
implement programs to foster grit in the school environment, especially
with “growth mindset” interventions that teach students the malleability of
skills through effort and perseverance3,4. In addition to its association with
performance at school, the non-cognitive skill of grit can also be important
in predicting resilience in the distance learning context during the Covid-19
pandemic. The challenges brought about by reduced access to teachers and
peers in remote learning likely impaired the support system for students,
changed the interaction of teachers, students and learning content5, and
made self-regulated learning more central6. Motivating oneself when tack-
ling potentially difficult learning tasks can bemore challenging with remote
learning, in the absence of direct interactions with teachers and peers.
Indeed, recent evidence shows that even in “best-case scenario” countries
with favorable conditions, students have experienced learning losses with
remote instruction during the pandemic7.

In this paper, we use unique data from an online educational platform
in the United Arab Emirates to explore whether the non-cognitive skill of
“grit”predicts performance changes inmath and science subjects during the

coronavirus period, among a sample of 5th-9th graders. The platform was
used for blended learning in K-12 public school classrooms to deliver core
curriculum before the pandemic. With the switch to remote education due
to Covid-19, it became the sole remote learning environment in the country
for public K-12 schools. In this context, we utilize two alternative pre-
pandemicmeasures of grit, one coming froma survey and one coming from
actual behavior in the form of students’ response to setbacks experienced
within the digital learning platform, to predict performance changes during
the pandemic.

How tomeasurenon-cognitive skills accurately is amajor issue that has
interdisciplinary relevance. Inmuchof the literature, grit has beenmeasured
by the Duckworth-Quinn grit scale8. Measured this way, it has been shown
to correlate with a wide range of outcomes such as retention and school
performance, although there are also studies that have found null effects9.
However, survey measures tend to be prone to demand effects or social
desirability effects10, whichmay be particularly concerning in an adolescent
student sample. Experimental economists have recently sought to construct
behavioral measures of grit, using external, dynamic tasks that require real
effort11. While such measures have been shown to have strong predictive
power over success, implementing and using them at a large scale may be
difficult in the regular classroom environment, as they tend to require the
use ofmaterial rewards and implementation by external researchers. In this
respect, using naturally occurring data from a digital learning platform
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enables us to obtain a unique measure of “behavioral grit” that would be
difficult to obtain in the traditional learning environment andpossible touse
morewidely, with the growing integration of digital learning into education.
Specifically, we are able to observe “after-hours” studying and practice by
students, capturing sustained voluntary effort, which allows us to define a
measure of “revealed” grit in terms of the response to performance setbacks
experienced on the platform. Using this behavioral measure along with a
well-known survey measure in the same sample, we are thus able to make
the contribution of comparing the predictive power of survey measures of
grit and the behavioral measure of grit from platform data, both coming
from the pre-Covid period, on student performance and behavior during
Covid-19.

Our data confirms that the pandemic has led to significant declines in
performance inmath and science subjects, in line with studies showing that
learning has been disrupted during the Covid-19 period. We find that the
surveymeasure of grit8 has limited power in predicting performance in our
sample, especially during the coronavirus period, and importantly, it does
not predict thedeclines inperformance.Wehypothesize that “revealed grit”,
measured using behavioral data coming from the digital platform,may be a
better predictor of the performance response. Specifically, we hypothesize
that students whose behavior before the pandemic period was grittier,
register lower declines in academic performance during Covid-19, con-
trolling for baseline diagnostic scores. We indeed find that revealed grit,
unlike or stronger than survey-basedmeasures: 1) predicts both /pre-Covid
and after-Covid performanceon the digital platform inmath, 2) predicts the
change in performance, with grittier students registering lower declines in
performance in math and science. Finally, we show that pre-Covid beha-
vioral data in the digital platformcontains significant information to explain
academic resilience: up to 77% of the variance in declines in performance in
math and science during the Covid-19 period can be explained using
machine learning.

The rest of the paper is organized as follows. In the next section
(Results), we present the findings. The following section puts forward a
discussion, and in aMethods section, we put forward details about the data
and empiricalmethodology, aswell as the construction of the behavioral grit
measure.

Results
Performance changes and Covid-19
As expected, the Covid-19 period has led to an overall decline in perfor-
mance, in bothmath and science subjects. Table 1 shows that inmath, there
is an about 11 points decline in the average score on the platform, and a
similar decline of 10 points in science, for both genders. These declines are
significant at the 1% level (p < 0.0001 for math and science in t tests).

Grit measures and school performance: pre- and post-Covid
The “behavioral grit” measure we construct is based on the student’s
response to a performance that deviates in a negative way from her earlier
average performance (please see the Methods section for details). We
interpret this fall as a “setback”, and the student’s positive response to this
setback (higher effort exerted out of school hours following the setback) as
“grit”. Table 2 shows that there is a strong correlation between behavioral
grit and student performance measured in overall platform scores in math,
controlling for baseline diagnostic test scores which can be considered as an
objective baseline performance measure. One standard deviation of beha-
vioral grit is associated with 4.6 points higher math scores prior to covid

relative to an average of roughly 50,which is equivalent to 50%relative to the
mean, and the association is significant (p < 0.05). For science, grit is not
strongly associated with test scores prior to Covid. Note that grit’s stronger
association with math is expected, given that students tend to find math
subjects particularly difficult, and consistentlywith this, grit has been shown
to have the most relevance in math performance11. Girls in this sample
perform 42 points higher on math tests, and 37 percent higher on science
tests (p < 0.05). The diagnostic score for each subject, as expected, is also
positively associatedwith platformperformance (p < 0.01 for both subjects).
After Covid commenced, grit is associated with both math and science test
scores (p < 0.01) at a substantial 15 points in both subjects. Of note, the
gender gap shrinks for the math field but remains the same for the sci-
ence field.

In comparison, Table 3 shows that survey grit is only associated with
one of these four measures of student performance—0.8 points in science
prior to Covid (p < 0.10). Notably, the association with gender here is more
statistically significant in comparison to Table 1. Moreover, science per-
formance may be picking up certain characteristics of students that are
associated with self-reported grit, however this association is small and
disappears as a significant factor in the post-Covid period.

To visualize this comparison, we present a figure that includes the
coefficients for behavioral grit and survey grit side-by-side in Fig. 1.

Grit measures and change in performance post-Covid
Next, we explore non-parametrically the relationship between behavioral
grit and academic resilience (change in overall test scores, as used above,
duringCovid-19).A significant predictive association for behavioral grit can
be seen in binned scatterplots in Fig. 2 (math) and Fig. 3 (science), which
condense the information from a scatterplot by partitioning the x‐axis into
bins and calculating the mean of y within each bin.

Table 4 shows, in regression form, that survey grit is essentially not
correlated or slightly negatively correlated with resilience during Covid-19,
where resilience is measured as the performance change, defined as overall
test scores (as above) after Covid minus overall test scores pre-Covid. In

Table 1 | Scores pre- and post-covid, by gender

Average science
score pre-COVID

Average science
score post-COVID

Averagemathscore
pre-COVID

Average math score
post-COVID

Average of change in
science score

Average of change
in math score

All students 59.7 50.0 65.4 54.6 −9.5 −10.9

Gender Female 60.1 50.1 65.0 55.1 −9.8 −10.0

Male 58.8 49.9 66.2 53.7 −9.0 −12.8

Table 2 | Behavioral grit and pre- and post-Covid scores

Dependent variables

(1) (2) (3) (4)
Math score
pre-Covid

Science score
pre-Covid

Math score
post-Covid

Science score
post-Covid

Independent variables

Behavioral
Grit

4.6* (2.17) 2.0 (2.55) 15.4** (2.75) 15.2** (2.67)

Male
Indicator

−42.7** (2.17) −37.4** (0.07) −7.1 (10.19) −36.8** (0.07)

Diagnostic
score

0.04** (0.003) −0.005 (0.006) 0.04** (0.004) −0.009 (0.006)

R2 0.49 0.54 0.38 0.43

N 1591 1412 1621 1421

OLS regressions are reported.
Change in scores are the dependent variables.
Coefficients and standard errors (in parentheses) are reported.
*p < 0.05, **p < 0.01, ***p < 0.001.
Class-school dummies and grade added as control variables.
Very high performer students (Average score >90) for each subject are excluded from the analysis.
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contrast, behavioral grit is associated with 0.1 points greater resilience for
math and science, respectively. The lack of similar predictive associations for
survey grit can also be seen in Figs. 4 and 5, which present the non- para-
metric relationship between survey grit and academic resilience inmath and
science test scores, respectively. To further visualize this comparison, we
present a figure that includes the coefficients for behavioral grit and survey
grit side-by-side in Fig. 6.

To examine total variance explained by behavioral gritmeasured using
the digital platform, we use an elastic regressionmodel in which we include
all clicks recorded by the platform, pre-processed into 400 categories. The
detailed set of observables we have for this test include students accessing
different types of instructional content on the platform for each subject (e.g.
watching a video, accessing course-related readingmaterial, doing exercises,
starting/ending tests tocheckunderstanding), numberof times eachcontent

Fig. 1 | Pre-covid behavioral and survey grit, and pre- and post-Covid perfor-
mance. This figure presents coefficient plots comparing the effects of behavioral grit
and survey grit on academic performance inmath and science, both before and after
the onset of the Covid-19 pandemic. Derived from regression analyses controlling
for baseline diagnostic test scores and gender, these plots illustrate the magnitude

and statistical significance of associations between grit measures and academic
resilience. Behavioral grit is measured by students’ positive responses (increased
effort) to performance setbacks, while survey grit is self-reported. The figure allows
for direct comparison of how these different grit measures relate to academic per-
formance across subjects and in response to the pandemic’s disruption.

Table 3 | Survey Grit and Pre- and Post-Covid Scores

Dependent variables

Regression 1 Regression 2 Regression 3 Regression 4
Math score Pre Covid Science score Pre Covid Math score Post Covid Science score Post Covid

Independent variables

Survey Grit 0.5 (0.36) 0.8 (0.41) 0.5 (0.42) 0.5 (0.44)

Male Indicator −85.1** (0.63) −37.5** (0.08) −21.1** (0.7) 7.3** (1.08)

Diagnostic score 0.05** (0.003) −0.005 (0.006) 0.05** (0.004) −0.013* (0.006)

R2 0.48 0.50 0.33 0.36

N 1723 1508 1710 1490

OLS regressions are reported.
Change in scores are the dependent variables.
Coefficients and standard errors (in parentheses) are reported.
*p < 0.05, **p < 0.01, ***p < 0.001.
Class-school dummies and grade added as control variables.
Very high performing students (average score >90) for each subject are excluded from the analysis
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is accessed, and the time spent on the platform. To aid interpretability, we
first use principal components analysis on these other variables. Note that
before the elastic regression model, we orthogonalize each explanatory
variable to the behavioral gritmeasure by projecting each successive variable
on the behavioral grit variable and taking residuals. Then the elastic
regression model is run by using the uncorrelated variables (i.e., residuals).

InTable 5,we report themultivariate regression including only the vari
ables selected by elastic regression. The results indicate that 77% of variance
in resilience is explained by behavioral data measured in the platform. The
data, while inadequate to definitively infer causality, thus show the potential
for high-dimensional revealed preference measurement of non-cognitive
skills.

Discussion
The coronavirus pandemic has brought a unique set of challenges for
education. The learning loss incurred due to the pandemic by students in
grades 1 to 12 is estimated to translate to about 3 percent lower income over
the entire lifetime12. In this paper, we show that an individual non-cognitive
skill, grit, can predict how large of a performance loss the student would
experience due to the pandemic.

Research on the effects of Covid-19 has shown that personality traits
can predict behavioral responses such as hoarding or compliance with
guidelines13, as well as with coping responses14. Johnston et al. 15 show that
Covid-19 led todeclines inmental health, and this decline is notpredictedby
financial resources but by the non-cognitive skill of self-efficacy15.We show
that in the educational setting, the non-cognitive skill of grit predicts a less
negative performance response to the challenges facedduring thepandemic.
In this sense, we provide new evidence for why fostering grit in student
samples is important for achieving better learning outcomes. The finding is
in linewith the recent literature showing associations between grit/resilience
and the response to the pandemic. For instance, studies have found better
mental health and satisfaction outcomes16 and a lower level of academic/
career concerns17 among students during the pandemic, with the former
result also extending to samples other than students, e.g. health personnel18.
Similarly, a link between growth mindset (a precursor for grit) and lower
perceived stress and higher academic engagement/satisfaction outcomes
among students in theCovid-19 period has been documented19. Finally, two
studies with smaller samples show a positive link between a surveymeasure
of grit and exam performance during e-learning20,21, indicating that the
expected positive link between grit and achievement also extends to the
pandemic period.

Our behavioral measure of grit is based on identifying performance
declines, and utilizing the unique advantage offered by the data recorded in
voluntary after-school hours activity on the platform to measure the
revealed effort response. In this sense, our measure captures the “perse-
verance of effort” aspect of the construct of grit. Our results are therefore
consistent with Crede et al. and Ponnock et al. 22,23, who show that it is the
perseverance facet of grit (in contrast to consistency of interest) that has
explanatory power over academic performance.

Ourfindings suggest that programs that aim tobuild grit early on in the
educational environment (e.g. through promoting growth mindset), can
also have positive effects on resilience and the academic performance
response in times of crisis3,24. To the extent that such crises also exacerbate
educational inequalities25, teaching grit could reduce the widening gap
between students coming from different social strata. The results also
underscore the potential for digital learningplatformsnot only as facilitators
of learning but also as a valuable tool for both assessing and fostering non-
cognitive skills, which can indirectly lead to better learning outcomes. That
is, suchplatforms, bydesign canbeused, tonot only deliver learning content
but also to collect valuable behavioral information that can provide a
foundation for customized learning for students with heterogeneous levels
of non-cognitive skills.

The finding that behavioral data can explain a significant portion
of the variance in academic resilience suggests that data collected from
digital learning platforms can be valuable for measuring non-cognitive

Fig. 2 | Pre-covid behavioral grit and academic resilience in math. This figure
presents binned scatterplots illustrating the correlation between pre-Covid beha-
vioral grit and changes in math scores, demonstrating academic resilience in
mathematics. This visualization technique divides the independent variable (pre-
Covid behavioral grit) into equal-sized intervals or bins, calculates the average
change in math scores within each bin, and plots these averages against the bin
midpoints. This method reduces visual noise and helps identify overall trends that
might be obscured in a standard scatterplot, potentially revealing nonlinear rela-
tionships. The plot’s pattern indicates the correlation between pre-pandemic grit
and math score changes, with the slope showing the direction and strength of this
relationship. The figure helps demonstrate whether students’ grit, measured by
behavioral indicators before the Covid-19 pandemic, correlates with their resilience
in math performance. The number of bins used balances granularity with noise
reduction, affecting the plot’s detail and clarity. This visualization is generated using
the statistical software Stata.

Fig. 3 | Pre-covid behavioral grit and academic resilience in science. This figure
presents binned scatterplots illustrating the correlation between pre-Covid beha-
vioral grit and changes in science scores, demonstrating academic resilience in
science. This visualization technique divides the independent variable (pre-Covid
behavioral grit) into equal-sized intervals or bins, calculates the average change in
science scores within each bin, and plots these averages against the bin midpoints.
This method reduces visual noise and helps identify overall trends that might be
obscured in a standard scatterplot, potentially revealing nonlinear relationships. The
plot’s pattern indicates the correlation between pre-pandemic grit and science score
changes, with the slope showing the direction and strength of this relationship. The
figure helps demonstrate whether students’ grit, measured by behavioral indicators
before the Covid-19 pandemic, correlates with their resilience in science perfor-
mance. The number of bins used balances granularity with noise reduction, affecting
the plot’s detail and clarity. This visualization is generated using the statistical
software Stata.
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skills, as well as predicting students’ future performance or response to
shocks. Using digital data on behavior and performance, AI-based
remote learning technologies can therefore be used to identify not only
students who are struggling in terms of comprehension but also those
who lack resilience or motivation, and to actively respond by custo-
mizing the learning experience for different students by adapting
levels/sequences of difficulty, presenting content that requires sus-
tained effort, or providing personalized motivational feedback tailored
to individual performance patterns. We expect that such strategies will
be especially relevant with the growing use of AI-based online learning
technologies, and may create significant benefit in improving student
engagement and achievement. Moreover, features that promote gritty
behavior (e.g. messages about growth mindset, which has been shown
to be effective in several interventions) can be directly incorporated
into digital learning environments to support self-regulated virtual

learning. Overall, digital learning platforms can be used to collect
valuable behavioral information that can equip educators with insights
into their students’ engagement and perseverance and can support
more targeted interventions to cultivate grit, both within and beyond
the classroom setting. Finally, our results underscore the importance of
constructing revealed preference measures of non-cognitive skills, and
show how self-reported survey data can be complemented with high-
dimensional revealed preference data for predicting educational
outcomes.

Our study has several limitations: we should note that the survey
measure of gritmay have drawbacks in the sense that studentsmay not have
proper incentives to respond truthfully, and factors such as social desir-
ability or boredommay affect answers and introduce bias or noise. From an
external validity perspective, our data come from middle-schoolers in a set
of schools in the United Arab Emirates, and we cannot exclude the

Fig. 4 | Survey grit and academic resilience in math. This figure presents binned
scatterplots illustrating the correlation between behavioral grit and changes in math
scores, our measure for academic resilience in mathematics. This visualization
technique divides the independent variable (behavioral grit) into equal-sized
intervals or bins, calculates the average change in math scores within each bin, and
plots these averages against the binmidpoints. This method reduces visual noise and
helps identify overall trends that might be obscured in a standard scatterplot,
potentially revealing nonlinear relationships. The plot’s pattern indicates the cor-
relation between grit and math score changes, with the slope showing the direction
and strength of this relationship. The figure helps demonstrate whether students’
grit, measured by behavioral indicators, correlates with their resilience in math
performance. The number of bins used balances granularity with noise reduction,
affecting the plot’s detail and clarity. This visualization is generated using the sta-
tistical software Stata.

Table 4 | Behavioral grit, survey grit, and pre- and post-Covid performance change

Regression 1 Regression 2 Regression 3 Regression 4
Change in math score Change in science score Change in math score Change in science score

Independent variables

Change in Behavioral Grit – – 0.2** (0.04) 0.1* (0.05)

Survey Grit 0.03 (0.44) −0.2 (0.51) − −

Male Indicator 63.9** (0.74) 19.7** (1.15) 4.6** (0.94) −19.6** (0.95)

R2 0.32 0.32 0.35 0.34

N 1710 1490 1502 1348

OLS regressions are reported.
Change in scores are the dependent variables.
Coefficients and standard errors (in parentheses) are reported.
*p < 0.05, **p < 0.01, ***p < 0.001.
Class-school dummies and grade added as control variables.
Very high performing students (Average score >90) for each subject are excluded from the analysis.

Fig. 5 | Survey grit and academic resilience in science. This figure presents binned
scatterplots illustrating the correlation between survey grit and changes in science
scores, our measure for academic resilience in science. This visualization technique
divides the independent variable (survey grit) into equal-sized intervals or bins,
calculates the average change in science scores within each bin, and plots these
averages against the bin midpoints. This method reduces visual noise and helps
identify overall trends that might be obscured in a standard scatterplot, potentially
revealing nonlinear relationships. The plot’s pattern indicates the correlation
between grit and science score changes, with the slope showing the direction and
strength of this relationship. The figure helps demonstrate whether students’ grit,
measured by survey responses, correlates with their resilience in science perfor-
mance. The number of bins used balances granularity with noise reduction, affecting
the plot’s detail and clarity. This visualization is generated using the statistical
software Stata.
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possibility that the results are country-dependent or age-dependent. That
said, we believe that external validitymay bemore of a concern in the results
regarding the survey gritmeasure rather than behavioral grit. If the students
in our sample, for example, are more likely to report socially desirable
answers in self-reports than those in other countries or in other age groups,
this may prevent a direct generalization on the relative costs from using
survey vs. behavioral data in other contexts. Still, since themeasure from the
online educational platform reflects real actions, it is not prone to social
desirability effects or reporting confounds, and the negative association

between the behavioral measure of grit and performance declines are likely
to be more generally relevant. Finally, we should note that the results may
also depend on how the pandemic was experienced in the country and the
level of integration of digital learning into the normal school curriculum.On
these fronts, we believe that our estimates may be conservative, and results
may have been evenmore pronounced in other settings. This is because the
digital platform we study was already partly integrated into the school
curriculum and may have facilitated a level of familiarity with remote
learning. If this were not the case, the switch to online education may have
even higher costs and adaptability issues, possibly leading to higher per-
formance declines with the pandemic. Similarly, United Arab Emirates had
a strict testing and vaccination policy, which kept case counts under control,
which may have limited the traumatic experience of the pandemic in the
country. It would be an interesting avenue for further research to study the
relationship of behavioral measures of non-cognitive skills such as grit and
educational engagement and outcomes as well as responses to different
shocks using data from different settings, to explore the boundaries of the
results we find. Future research should also consider the measurement of
other non-cognitive skills and aspects of motivation from behavioral digital
learning data, and explore the potential of using such data for both assess-
ment/evaluation of individual non-cognitive skills and designing related
targeted interventions. Along the latter dimension, it is possible to envision
many different types of practical applications, ranging from informational
interventions for students, parents and schools, to motivational interven-
tions based on embedding adaptive content into learning platforms. We
expect that such applications would also provide fruitful ground for colla-
borations between academia andprivate/public institutions thatwork in the
domain of digital education, as the conclusions of research on these plat-
forms using data provided by these stakeholders may provide valuable
insight into the optimal design and efficient use of these platforms to
maximize student learning.

Methods
Our data come from a widely used digital learning platform in the United
Arab Emirates. The data are provided by Alef Education, a global K-12
education technology company that provides K12 students and teachers
with core curriculum and learning analytics through blended learning set-
tings. The platform also provides experiential learning that enables students
to apply and transfer their newly acquired skills, and practice lessons for
further skill mastery, with the aim of creating an effective instructional and
classroom model. In the pre- pandemic period, the platform was used for

Table 5 | Elastic regression results

Average performance (math and science)

Independent variables

Behavioral Grit −1.46 (0.000) ***

pc10 −12.41 (0.000) ***

pc1 8.863 (0.000) ***

pc14 −5.146 (0.000) ***

pc2 5.050 (0.000) ***

pc9 −4.532 (0.000) ***

pc18 4.493 (0.000) ***

pc11 −4.077 (0.000) ***

pc14 4.026 (0.000) ***

pc8 3.724 (0.000) ***

pc17 2.719 (0.000) ***

pc13 2.552 (0.000) ***

pc5 2.056 (0.000) ***

pc12 1.374 (0.014) *

pc19 −0.812 (0.215)

pc16 −0.573 (0.341)

pc15 0.521 (0.377)

R2 0.77

N 1434

OLS regressions are reported.
Average score is the dependent variable—calculated for pre-covid period.
Coefficients and p-values (in parentheses) are reported.
*p < 0.1, **p < 0.05, ***p < 0.01

Fig. 6 | Behavioral and survey grit and academic
resilience. This figure presents coefficient plots
comparing the effects of behavioral grit and survey
grit on changes in academic performance in math
and science after the onset of the Covid-19 pan-
demic. This visualization is derived from regression
analyses measuring resilience as the change in
overall test scores from the pre-Covid to the Covid
periods. The four bars display the coefficients for
behavioral grit and changes in math and science
scores, and survey grit and changes in math and
science scores. The magnitude of each bar indicates
the strength of the association between the respec-
tive grit measure and academic resilience. The figure
illustrates the contrasting associations between
behavioral versus self-reported grit with students’
academic performance changes during the pan-
demic, and allows for a direct comparison of how the
two different grit measures predict the performance
response.
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blended learning in K-12 public school classrooms, delivering core curri-
culum. After the pandemic, with the switch to complete distance learning,
the platform became the sole environment for teaching and learning in the
country, in conjunction with communication tools such as Zoom. The
educational technology organization that has developed the platform con-
ducts diagnostic performance tests and surveys at schools in the United
Arab Emirates as part of their periodic research and evaluation activities,
with approvals from theDepartment of Education andKnowledge (ADEK)
and relevant school principals prior todata collection. Students and teachers
receive a thorough explanation of the purpose of any questionnaires or
surveys. All data collected comply with government student privacy pro-
tocols and exclude personally identifying information. The dataset we use in
the paper comes froma subset of students, forwhomsurveymeasuresof grit
and performance data in out-of-platform diagnostic tests before the pan-
demic period are available, in addition to data coming from the digital
platform. All data used in this paper were provided to the authors as sec-
ondary, anonymized data.

Construction of the behavioral grit measure
There are several types of activities for students to engage in on the platform.
For each subject (math and science), students can watch instructional
videos, study digital course materials, and take online assessments to check
their understanding of the material. The platform records every activity,
from when the student started the activity to when it ended, how many
assessments the student attempted, as well as all other login/logout attempts
etc. Here, we define two important concepts that will be used in the current
paper for analysis. We define a student’s “platform performance” as the
average score of all assessments taken by the studentwithin a specific period
of time. These scores, and hence their averages, range from 0 to 100. We
defineperformancemetrics as above for each student and subject (math and
science) in the pre/post-Covid periods separately. We also calculate the
differences in score frompre- to post-Covid per subject, in order to seewhat
might have impacted the change in performance.

The secondvariableweuse is thenumber of attempts for a testmade by
each student. The intensity of engagement with the digital platform during
school hours is usually determined by the teacher. For this reason, we focus
on out-of-school hours, where it is completely up to the student to use the
platform for learning or practice. Given that out-of-school hours activity is
voluntary, students differ in how many times they attempt an assessment
task. The number of times a student approaches an assessment task is
defined as the “attempts”, which we use to define gritty behavior.

There aremanyways to conceptualize how digital learning data can be
used tomeasure grit.Our gritmeasure is basedon the student’s response to a
performance that deviates from her earlier average performance. We
interpret this fall as a “setback”, and the student’s positive response to this
setback (highereffort exerted out of school hours following the setback) as
“grit”. Specifically, we define our main grit variable as follows. For each
student and for every day inour sample (“Day t”),we calculate thedifference
between the student’s averageperformance in thepastweek (during thedays
t-7 to t-1) and performance on Day t. If today’s score is sizably lower than
last week’s average score, that is, if there is an at least 5- point score decline
from the previous week, we define this incidence as a “setback” where a
behavioral grit response may be observed. We define the gritty response as
an increase in effort, which we capture by the number of attempts the
student made in their formative tests on the platform during out-of-school
hours following the setback. Specifically, for each setback event, we calculate
the difference between the number of out-of-school attempts on the fol-
lowing day (t+ 1), and compare this with the previous week’s average
attempt (t-7 to t-1). Note that we do not include weekends in the calcula-
tions, as the number of attempts is significantly lower. When Thursday is
day t, thenSundaybecomes t+ 1.Thebehavioral grit variable takes the value
of 1 if there is an increase in attempts, and 0otherwise.Oncewehave the grit
measure for a given day t, we take an average over all days in our sample, for
both pre- and during-covid periods. Thus, we have, for each student, what
percentage of the time out-of-school attempts increased after a sizable score

decline.We interpret this as ameasure of behavioral grit, whichwe calculate
separately for math and science subjects. We then compare our behavioral
gritmeasurewith thewell-known survey gritmeasure, based onDuckworth
and Quinn’s “short grit scale”8, with questions reproduced in the Methods
section.

We summarize the calculation of our behavioral grit measure below,
and provide some numerical examples of the calculation in Fig. 7:
1. Determine if there is a significant setback: The average performance of

the subject fromday t-7 to t-1 is compared to the performance onday t.
If there is a significant drop in performance on day t, it is considered a
“setback”.

2. Assess gritty behavior, defined as a positive response to the setback in
terms of attemptsmade: If a setback is observedonday t, the number of
attempts made by the subject in out-of-school hours after day t is
examined. If the subject increases their attempts following the setback
as compared to his/her average attempts in the period before the
setback, this is counted as gritty behavior. Note that grit is not defined
when there is no setback.

3. Behavioral grit is then calculated as the percentage of times when gritty
behavior is shown in response to setbacks–for example, if there are
setbacks on 6 days in the window taken and gritty behavior is shown
twice, the behavioral grit score for that period is 2/6 = 0.33. Doing this
calculation for each day for 8 weeks before Covid-19 and for 12 weeks
during Covid-19, we calculate the average behavioral grit scores before
and after the COVID-19 pandemic.
In our sample, we have 56 days of observations for the pre-covid and

84 days of observations for the during-covid period. Since we compare with
an average from the previous week, we omit first-week observations both
from pre and during-covid periods. Note that before the start of the “covid
period” in our data, there was a 16-day break, where average activity on the
platform is 90% less than both the pre- and post-covid periods. Therefore,
we have 49 effective days for pre-Covid and 77 days for during-Covid. If
performance does not decline sizably or increases on a given day, the grit
variable for that day is not defined. Also, since there is little room for
performance improvement for very high-performing students (whose daily
score average is consistently higher than 90), these students are omitted
from the analysis.

We shouldnote that theremaybeotherways todefine “behavioral grit”
using such data. Our results are largely robust to a set of variations in the
assumptions wemake in the definition; for example, if we look at effort not
only the day after, but two days after the setback, or if we define “setback” to
be only when the student registers a “bottom 20%” performance based on
his/her historic performance distribution.

The survey questions in the Duckworth-Quinn short grit scale are
reproduced below:
• New ideas and projects sometimes distract me from previous ones
• Setbacks don’t discourage me. I bounce back from disappointments

faster than most people
• I have been obsessed with an idea or project for a short time but later

lost interest
• I am a hard worker
• I often set a goal but later choose to follow a different one
• I have difficulty keepingmy focus on projects that takemore than a few

months to complete
• I finish whatever I begin
• I am diligent

Data
We use data coming from 1920 students, in 17 schools and 229 classes,
out of which 1279 are female and 641 are male. The students are middle-
and high schoolers, and the data include five grades: grades 5 to 9. To be
specific, we have 391, 262, 488, 600 and 179 students in grade 5 to 9,
respectively. Note that during our data period, there were only two stu-
dents changing school, and these have been omitted from the analysis. In
case of class changes, we take the last class that the student was enrolled in
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in the academic year as the relevant class. We have access to objective
scores from a diagnostic test on math and science as well as a survey,
whichwere all run before the pandemic, in Fall 2019. In addition, we have
platform data from the period January 10 to March 5, 2020 (8 weeks),
which we define as the pre-Covid period. The post-Covid period goes
from 22 March, 2020 (the day when anti-Covid measures were taken in
theUAE and fully remote schooling started), to June 13, 2020 (12 weeks).
We omit the intermediate periodMarch 5 to 22, 2020, as the schools were
closed and there were very limited attempts on the platform. Note that
the sample we use in this paper reflects the set of students, out of a
representative sample of all Abu Dhabi public school students, who
completed both the diagnostic test (mandatory) and the grit survey
(optional). There may be selection in the sample in the sense that the

lower tail in terms of motivation have likely been left out, but our results
on the effect of grit may be considered as conservative in this sample.

In addition to the above variables, in additional analysis of revealed
preference data on non-cognitive skills, we implement an elastic regression
using 400 variables from the digital platform. These variables come from
“click data” recorded on the platform, and include a detailed set of obser-
vables about students’ platform activity, such as accessing different types of
instructional content for each subject (e.g. videos, reading material, exer-
cises, tests) as well as the timing and duration of these activities. The
machine-learning model reduces the size of coefficients to zero when they
do not explainmuch variance, allowing the consideration of a wide range of
potential explanatory variables. To reduce risk of confusion, we use prin-
cipal components analysis (PCA), a technique for reducing dimensionality

Fig. 7 | Illustration of the behavioral grit calculation. The figure gives concrete
examples of the calculation of the behavioral grit measure. Panel a shows how
setbacks are determined, and consequently, daily grit. Note that daily grit is not

calculated when there is no setback. Panel b shows the calculation of the average
behavioral grit for the pre- and post-Covid periods.
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of datasets by creating new uncorrelated variables that successively max-
imize variance and minimize information loss. We use PCA on all of the
features from the digital platform. We then report the elastic regression
including only the variables selected by elastic regression.

Elastic regression is a statistical method used to analyze the relationship
between a dependent variable and one or more independent variables. It
combines two popular regression techniques: ridge regression and lasso
regression. In traditional linear regression, thegoal is tofinda line thatbestfits
the data points by minimizing the sum of squared differences between the
predicted values and the actual values. However, when dealing with a large
number of variables or when the variables are highly correlated, linear
regression can lead to overfitting or unstable estimates. Elastic regression
addresses these issues by introducing two penalty terms to the regression
equation. The first term, borrowed from ridge regression, shrinks the coef-
ficients of the variables towards zero, reducing their impact on themodel. The
second term, borrowed from Lasso regression, can set some coefficients
exactly to zero, effectively performing variable selection. By combining these
two penalties, elastic regression strikes a balance between reducing the
complexity of the model and selecting relevant variables. It is particularly
useful when dealing with high-dimensional data, where the number of
variables is larger than the number of observations. This machine-learning
model reduces the size of coefficients to zero when they do not explainmuch
variance, allowing the consideration of awide range of potential confounding
variables so as to address concerns of possible omitted variable bias26,27.

We also use principal components analysis (PCA), a technique for
reducing the dimensionality of datasets by creating uncorrelated variables
that successively maximize variance and minimize information loss. Prin-
cipalComponentAnalysis (PCA) is a statistical techniqueused to reduce the
dimensionality of a dataset while retaining most of its variation. It is com-
monly used for feature extraction and data compression. PCA works by
identifying the directions (principal components) in which the data varies
the most. These principal components are linear combinations of the ori-
ginal variables and are orthogonal to each other, meaning they are uncor-
related. The first principal component captures the largest amount of
variation in the data, followed by the second principal component, which
captures the second largest amount of variation, and so on. By selecting a
subset of the top principal components, we can effectively reduce the
dimensionality of the data while preserving its essential structure. PCA has
numerous applications in various fields, including biology, genetics, neu-
roscience, and image processing.We use PCAon all of the variables coming
from click data from the digital learning platform, and then run a multi-
variate regression that includes the principal components selected by elastic
regression along with our measure of behavioral grit.

Data availability
The data that used in the paper comes from students in public schools in the
United Arab Emirates. The authors have received the de-identified data
from ALEF Education. The students are minors and therefore the data is
sensitive. Due to the legal agreement between ALEF Education and the
Ministry of Education of the United Arab Emirates, the public sharing of
data is restricted. Requests for data underlying the results in the study can be
made to the data owner, United Arab Emirates Ministry of Education
(https://www.moe.gov.ae/).

Code availability
The code is available upon request from the authors.
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