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We examine the effects of average test-day temperature on the mathematics test
performance of all Vietnamese students who took the national university and col-
lege entrance examinations in 2009. Using individual fixed effects, we find that an
increase of 1�F results in an approximate 0.006 standard deviation loss of in stan-
dardized test scores by age and test problem. The negative effects are persistent
regardless of whether students were from the hottest or coolest climate regions in
the country. We also find that female students and students from rural areas and
townships are most vulnerable to the effects of heat.
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I. Introduction

Climate and cognitive skills are important life factors that humans have not been
able to alter immediately. Both are objects of great concern. Various studies
regarding their interactions have examined how climate change, particularly heat
waves, might influence cognitive skills and corresponding task performance
(Garg et al., 2017; Graff Zivin et al., 2018; Park et al., 2018; Park, 2020; Park
et al., 2020). Specifically, Horowitz (2009) suggested that a 1�C (1.8�F) increase
in global temperature would reduce global income by approximately 3.8 percent.
Examining approximately 10 million test-takers in the USA who repeated the
PSAT, Park et al. (2020) showed that a 1�F (0.56�C) hotter school year leading
up to the tests decreased learning outcomes by approximately 1 percent. Mean-
while, Park et al. (2020) demonstrated that hotter temperatures might have
lowered the test performance of New York City high school students during
1999–2011 by up to 11 percent of the standard deviation (SD).

This line of research is crucial for developing countries. Poor countries are
more likely to be in hot regions (Horowitz, 2009; Acemoglu and Dell, 2010). In
addition, poor households are more likely to be involved in agriculture, to be
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exposed more to heat (Park et al., 2018) and to suffer more from extreme
weather because of residential ‘sorting problems’ (Graff Zivin and
Neidell, 2013). Poor households have fewer means of prevention and protection
(e.g. housing with cooling systems and favorable working conditions; i.e., with
air-conditioning), fewer safety buffers (private savings) and fewer means of loss
reduction (insurance) to combat the effects of climate change.
The link between cognitive skills and climate in developing countries is still

being investigated. The main obstacles are inappropriate priorities and a lack of
reliable data on cognitive skills that can be geocoded. Among the few studies on
this topic, Park et al. (2018) suggested a sorting problem; that is, a negative rela-
tionship between hotter locations and lower household income within some
developing countries with hot climates. Using repeated cross-sectional data from
India for 2006–2014, Garg et al. (2017) showed a similar negative relationship
between temperature in the calendar year prior to a standardized test and the test
scores. Specifically, an additional 10 days with an average temperature above
29�C (85�F) relative to 15�C–17�C (59�F–63�F) decreased test scores by
approximately 0.02–0.03 SD. However, without individual fixed effects, the esti-
mations suffer from bias because past weather can be correlated with weather
information used in the estimations. Horowitz (2009) showed a negative rela-
tionship between long-run average temperature and logarithm per capita GDP.
In Horowitz’s analyses, Vietnam was listed in the group with a relatively higher
temperature but a relatively lower income. We chose Vietnam for our analyses
for that reason and because approximately 21.26 out of Vietnam’s 85.84 million
people work in the agricultural sector (GSO, 2006).
We investigated the effects of test day average temperature on test-taking per-

formance using the 2009 Vietnamese national university and college1 test score
data. The data contained 1 125 953 math test scores (779 123 test-takers). Using
individual fixed effects, we examined 294 623 test-takers who took two or three
separate mathematics examinations and created an unbalanced panel dataset
(641 453 math test scores). We also investigated subsamples, including the hot-
test regions and coolest regions, heterogenous numbers of mathematics tests
taken, gender, regional economic disparities and policy groups. We reported the
results using standardized scores (by test problem and year of birth) but also
checked the results against the zero-value-adjusted logarithm of the raw scores.
We found that a 1�F increase in the average temperature on the test day

resulted in an approximately 0.006 SD decrease in the standardized test score.
Specifically, the decrease was approximately 1.64 percent of the raw mathemat-
ics score of a typical student in the largest group of test-takers (born in 1991) if
the temperature changed from 77.9�F (25.5�C)—the average temperature
between 1950 and 2009—to 82.8�F (28.2�C). This temperature (82.8�F) was
75 percent of the highest recorded average daily temperature in Vietnam in the

1 The exams were centrally controlled and had uniform test problems. Test-takers had up to three
times to sit in different tests and needed to earn top scores each time in order to earn admittance.
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same period. The results suggested that the Vietnamese economy may incur a
similar loss in productivity due to global warming. We also found that female
students and students from rural areas and townships were most vulnerable to
these effects of heat. Our estimated results might serve as a reference point for a
carbon tax policy to be implemented in Vietnam from 2022 as well as its ame-
liorating redistribution (especially for vulnerable groups). In addition, our results
suggest an important implication for school infrastructure investment. The
impact on testing performance due to heat can be offset with reasonable heat-
preventing solutions based on cost–benefit analyses.

Our study contributes several important insights into the existing research.
First, to our knowledge, this is one of only a few studies of developing coun-
tries. Our study confirms a negative effect of heat on cognitive performance
based on national census test scores. Specifically, the study aligns with Graff
Zivin et al. (2018), Park et al. (2020) and Park et al. (2018). However, it con-
tributes new information because activated air-conditioning was likely nonexis-
tent at test sites in Vietnam in 2009. Unlike Garg et al. (2017), we used the
exact weather on-site on test days for each student who participated in up to
three separate mathematics examinations. Second, our results validated the
effects of heat among people living in a tropical climate. The results undermined
the myth that people in hot climate regions are immune from heat effects. Third,
the method and the specific settings of the examinations helped to improve the
estimations. Our individual fixed effects helped to identify the effect of test day
heat and to separate the effect of test-day heat from the effect of past weather
and accumulated cognitive skills. In particular, examination settings with a short
time interval between tests (fewer than 12 days) reduced the possibility of neg-
lecting the effect of weather (heat) during the interval on learning outcomes.
Previous studies using panel data with individual fixed effects often examined
test scores with longer intervals between tests. Students retook the test subject,
perhaps when they had already invested more time in their studies, aiming to get
a higher score. The weather (heat) during the longer time interval might also
have influenced the outcomes. Fourth, we dealt with the sorting problem (Graff
Zivin and Neidell, 2013), which can create a spurious correlation between tem-
perature and test scores, especially if individual fixed effects are not in place.
For example, families with more wealth and educational attainment might flock
to areas with a cooler climate and also invest more in their children’s education.
Therefore, their children are more likely to have better test scores. As a result,
the correlation between test scores and the temperature inside the test venue
(usually located in their city) is spurious. In addition, by using data for individ-
uals above 17 years of age, our study expands the timeline research for a signifi-
cant portion of literature, including Garg et al. (2017), Hoddinott and
Kinsey (2001) and Thai and Falaris (2014), who used test scores and educa-
tional outcomes at primary and secondary schools.

The remainder of this paper is organized as follows. Section 2 summarizes
the key settings of the national entrance examinations to universities and
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colleges in 2009, and Section 3 describes the data in detail. Section 4 follows
with econometric methods and specifications. Section 5 presents the results, and
Section 6 finishes with the discussion and conclusions.

II. The Vietnamese National Entrance Examinations to Universities and
Colleges in 2009

The Vietnamese National Entrance Examinations to Universities and Colleges in
2009 helped to construct comparable test scores and identify the effect of heat
on test performance. The examinations were centrally organized by the
Vietnamese Ministry of Education and Training (MOET) with uniform test
problems. The MOET decided the test dates, major test sites and regulations
involved in related issues (including the number of available placements per
institute detailed at major/faculty level) and published all information in a guide-
book for the examinations in February 2009.
Using the guidebook, students registered three desired institute names per

application with MOET in descending order of preference. Test-takers could not
change the names of the institutes once they had registered (MOET, 2008). In
general, test-takers took the examinations in the location of the first institute in
their three desired institutes. MOET termed each combination of three compul-
sory test subjects a “classification” and assigned an alphabet letter (or a code) to
each classification.2 There were 11 test classifications in total, with each classifi-
cation having three test subjects. The six major classifications (A, B, D, M, T
and V) included mathematics as a test subject. For example, A classification
consisted of mathematics, physics and chemistry. B classification had only one
test subject different from A classification (biology instead of physics). The
three desired institutes must share the same test classification. From the guide-
book, test-takers took the test classification corresponding with the chosen fac-
ulty/major of the three desired institutes and filled in the information in their
test application.
Test-takers could send MOET up to two applications for universities and one

for colleges, each with three predetermined test subjects because of the differ-
ences in examination timing. The examinations for entrance to university were
on July 4 and 5 for A and V classifications and July 9 and 10 for B, D, M and
T classifications. Meanwhile, the entrance examinations to colleges were on
July 15 and 16 for all classifications. Test-takers could neither add new applica-
tions nor replace their existing applications after 17 April.
Both universities and colleges used a sum of three test subject scores per clas-

sification for student placement to the major (faculty). The universities and col-
leges might use several classifications for placements in each of their faculties
(majors). However, a test score in one classification cannot be used for a

2 The MOET abolished the centralized entrance examinations with the test classifications in 2014.
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different classification. For example, students still had to take the two mathemat-
ics tests for A and B classifications separately, even if the institute used both A
classification and B classification for placement. Based on the number of avail-
able slots declared in the guidebook of MOET (for each faculty/major per classi-
fication), each institute ranked the corresponding test scores from highest to
lowest and cut the list where the number of available slots per classification for
each faculty/major fit.

In general, the universities and colleges decided the test locations. They made
use of their own or the facilities of the nearby schools and staff for testing and
monitoring to reduce cost. In addition, MOET also gave test-takers the option to
take the test at one of three designated test sites instead of traveling across
regions (i.e., the northern, southern and central regions of Vietnam) to reach
their desired universities.

At the test sites of respective universities, students were assigned to test rooms
according to both targeted university (college) faculty and alphabetical order. How-
ever, MOET prohibited placing test-takers into test rooms according to residence
origin (MOET, 2008). Test-takers in the same test room experienced the same
ambient environment. MOET decided what test-takers could bring into the test
room and limited options to pens, pencils, compasses, rulers and calculators
(MOET, 2008). MOET required test monitors to randomly assign test seats prior to
the arrival of test-takers at test sites and to reallocate seating between test subjects.

Grading was strictly anonymous and took place after the last test (July
16, 2009). Graders worked in positive environments (sometimes with air condi-
tioners) to reduce the influence of summer heat. Therefore, the quality of grad-
ing is expected to be homogenous and independent from the surrounding
environment, including the weather at the grading site.

Because test-takers did not know the cut-off point for placements, they had to
put their best efforts into solving the test problems on the day of the test. Moreover,
the competition was fierce because even the “easiest” institutions selected only one
out of every two test-takers. If test-takers failed, it will be costly to wait for another
year to retake the exam again. Therefore, the test score distribution of the entrance
examinations did not have a huddle at the passing score. Other experiments to mea-
sure cognitive skills were not always able to provide enough incentives for individ-
uals to exert their best efforts to solve the test problems, especially for several
lengthy tests taken at different times.

III. Data

We used test score data from the 2009 Vietnamese national college and university
entrance examinations and linked the data with the Daily (Weather) Summaries.
The test score data are a census of all math test-takers who took two entrance
exams: (a) to university from 4–5 July and 9–10 July 2009 (984, 477 individual
test scores) and (b) to college (277 988 individual scores) on 15–16 July 2009.
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The raw data were available for analysis from the website of the Higher Education
Department, Ministry of Education and Training of Vietnam in 2009.
We examined mathematics test scores for several important reasons. First,

mathematics test scores are the best measurement of human capital investment
in Vietnam. Mathematics is compulsory for all grades (from 1 to 12) in
Vietnamese general education. In contrast, the other test subjects were intro-
duced in schools starting in grade 7 at the earliest. Second, mathematics test
scores enabled us to implement individual fixed effects in the panel data with
the largest number of observations and the largest variations in test sites and
times. Mathematics test scores accounted for nearly one-third of all test subjects’
scores in the NEEU data. Literature subject is also compulsory in Vietnamese
general education but does not appear in as many test classifications and exami-
nation days as mathematics does. Third, the use of mathematics test scores pres-
ented the fewest issues, including sample selection, compared with all other test
subjects used in the NEEU. The mathematics test format was uniform across test
times. Mathematics tests uniformly lasted 180 min, taking place from 7:15 to
10:15 am on July 4, 2009 and from 2:15 to 5:15 pm on July 9 and 15, 2009. A
selection issue might occur when students choose to take two or three examina-
tions, including mathematics as a test subject. Specifically, 484 500, 242 416
and 52 207 students took one, two and three different mathematics tests, respec-
tively. To examine whether this selection might alter our results, we performed
heterogeneity checks among the subsamples based on the number of mathemat-
ics tests taken). In contrast, although other subjects received as much research
attention as did mathematics, they presented various issues, such as more severe
sample selection issues. The majority of the other test subjects took place once
and at fewer test locations in Vietnam. Some were presented in different test for-
mats, including multiple-choice questions or tests with less time allotted
(e.g. only 90 min). Therefore, the other test subjects were prone to produce com-
parable outcomes (e.g. due to different durations of heat exposure).
After omitting individuals with missing and unidentified information neces-

sary for analysis, we obtained 1 125 952 scores from 779 123 students. The data
consist of raw test scores (maximum point = 10),3 year of high school gradua-
tion and relative resident location (province, district and area types as defined by
the provincial departments of education, namely urban city, township, rural and
"economic difficulty area"). We were able to identify test-takers who took one,
two and three mathematics tests to university and college (hereafter, university).
Another dataset—the Daily (Weather) Summaries (available from the US

National Oceanic and Atmospheric Administration)—contains information on
the daily weather in Vietnam since 1950. The data include weather information
measured at specific weather stations. These data specify weather indicators,
including daily temperature and daily precipitation for 353 257 days from

3 In the data, we rescale to 1000 as the maximum point of the raw score.
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January 1, 1950, to December 31, 2009, from every meteorological station in
service (44 existing stations during the years 1950–2009) in Vietnam.4

We used ground-level weather station data, which we preferred to gridded
weather data for reasons that Auffhammer et al. (2013) indicated. First, gridded
weather data produce similar average temperatures in each cell. Second,
gridded data often have significant spatial correlation, depending on the data
inference method. Third, gridded data are often based on weather station data,
and missing information in the weather station data leads to artificial variation in
the gridded data. Furthermore, the highest resolution for gridded data is approxi-
mately 0.25� � 0.25� (approximately 27–28 km2 block); however, to the best of
our knowledge, such high resolution is not readily available in Vietnam. Mean-
while, we found that the average distance between test sites and weather stations
was 20–24 km (12.4–14.9 miles) in our data. Later, we also checked the robust-
ness of the results by further limiting the data to a distance equal to or less than
8 km (approximately 5 miles) between weather station and test site.

Using the test score data and the MOET exams guidebook, we geocoded the
corresponding latitude and longitude of school locations from their full
addresses. We merged the corresponding information from the Daily (Weather)
Summaries with the test score data by choosing the nearest weather station to
the testing site.5 We used the exact weather on each test day.

We standardized the raw math score to form comparable outcomes
(Z� scoreit). The Z-score is based on the mean (Meana,p) and SD (SDa,p) from
the origin census data for each combination of year of birth (a) and test problem
(p); as such, Z� scoreit ¼ raw scoreit�Meana,p

� �
=SDa,p. Meana,p and SDa,p

were at the country level but were specified for a given year of birth and test
problem.6 We reported estimations using Z� scores as our main results. In addi-
tion, we used logarithm-adjusted raw scores as we did for the robustness
checks (ln scoreð Þ¼ ln raw scoreþ1ð Þ).

We used test-day average temperature as the main independent variable (Avg.
Temp). Ideally, the temperature should be measured at the test site when students
are taking the test. Unfortunately, the only test-day temperature data available
were the maximum, minimum and average temperatures. Accordingly, the

4 During the history of development, new weather stations were built and some were no longer
used in Vietnam. Therefore, the average number of weather stations increased from 5 stations in
1950 to 30 stations in 2009.
5 Some weather stations were located on islands and did not correspond to any test or school
locations.
6 We also tested at country level if the mean of temperature among weather stations varied signifi-
cantly among the 3 days (July 3, July 8 and July 14, 2009) having the mathematics tests. The
p-values of the tests were 0.785 (between July 3 and July 8, 2009), 0.357 (between July 8 and July
14, 2009) and 0.334 (between July 3 and July 14, 2009). The test results suggested that at country
level, the mean of raw test scores at country level (Meana,p) by year of birth and test problem were
less likely affected by neither the country average temperature of the test days nor the temperature at
the specific test sites.
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average temperature turned out to be the best choice among the available data.
We acknowledge this as a data limitation. Table 1 shows the detailed summary
statistics. Further distribution of test-takers into weather stations is presented in
Appendix B.
We acknowledged the drawbacks of being unable to account for a humid-

ity indicator. Higher humidity levels can magnify the effects of heat on test
performance. Unfortunately, such information was not available in the Daily
Weather Summaries for Vietnam. Therefore, we had to make a strong
assumption that humidity levels were homogenous across test sites during
July 2009.

IV. Econometric Methods and Specifications

We applied individual fixed effects (μi) to identify the effect of heat, proxied by
test day average temperature (Avg:Tempit), to the standardized test score
(Z� scoreit). We estimated the following equation:

Z� scoreit ¼ ρ1Avg:Tempitþρ2tCitþρ3μiþ tþϵit: ð1Þ

The time and date of the exams were used as a set of time dummies, t. Cit is a
vector of time-variant control variables, including test classification, university-
classification rank, university dummy and distance between the high school and
the test site. University-classification rank is a set of categorical variables for
each interval between 0, 1, 5, 10, 25, 50, 75, 90, 95, 99 and 100 percent in the
ranking (university) list by test classification. For each university, we calculated
the corresponding university-classification mean raw score to determine its order
in the rank list. Each university dummy also captured major differences in infra-
structure (e.g. buildings with certain cooling conditions) per university-
classification rank. However, university dummy and university classification do
not overlap because a university could use several classifications for the
placement.
Additionally, the university-classification rank helps to reduce the possibility

of a test site sorting problem (Graff Zivin and Neidell, 2013). For example,
higher-ranked universities might be in plains areas, whereas lower-ranked uni-
versities might be in the highlands. During summertime, good universities
would have higher test site temperatures (see left graph of Figure 1), whereas
the others might enjoy lower temperatures. Meanwhile, good students generally
chose good universities to take the test at. As a result, the correlation between
test site temperature and test score will become positive, as shown in the linear
trend line in the left graph of Figure 1. The correlation is spurious. Given that
several universities for different university-classification ranks could be located
within scope of a weather station (having the same average temperature at the
test sites), the combination of university-classification rank and university
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dummies would dissolve the spurious correlation (see the right graph of
Figure 1 for the possibility).

The distances to the test venues and university dummies did not show perfect
multicollinearity when we used individual fixed effects. The institutions of the
entrance examinations in 2009 allowed some students to take the test in their
region. The total number of regions is three. The students did not have to travel
across regions to the registered university.

Although the individual could take a mathematics test for one classification at
one t, the classification variable still varied within individual. A test-taker could
take different classifications for different t. For example, the test-taker could take
A classification (mathematics, physics and chemistry) on July 4 and 5 and B
classification (mathematics, biology and chemistry) on July 9 and 10.

Our panel data are unbalanced. Students took mathematics tests on two or
three different days (July 4, 9 and 15). We named the number of tests taken by
a student “take.” However, the “take” was predetermined. The test-takers had to
decide the test classification in their applications several months before the tests
took place. They could withdraw from taking the registered examinations but
could not send new applications to MOET.

FIGURE 1 Distribution of student raw score, university mean mathematics raw score by
university rank and average test day temperature. A circle radius represents the number of
test-takers to a university. The center point of the circle indicates the mean mathematics raw

score of each university classification
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We acknowledged that the number of “takes” contained a selection problem
and had several corresponding arguments. First, students had to decide on test
classification in advance, as early as 10th grade, for test preparation and then
made their final decisions on the test applications more than 2 months prior to
the examinations. Each “take” was associated with only a targeted university
that used three predetermined test subjects for the given test classification. The
individual fixed effects might eliminate the endogeneity. However, we also con-
ducted robustness checks using different sample selections by number of
“takes.” Second, although the choices of which university to enter were endoge-
nous, the temperature on the test sites were exogenous to students. Students
were unlikely to choose a particular university because of an expectation for a
favorable temperature on the test day.
We did not include the test-takers who took only a mathematics test (take = 1)

in the estimation of Equation (1). The excluded number was 484 500. However,
we used a high school fixed effect instead (for take = 1). We also applied
dummies for districts wherein the test-takers registered using the family registra-
tion. We acknowledge that the estimation using the high school fixed effect can-
not be as accurate as Equation (1) for controlling time-invariant factors related
to the individuals. However, we used its results to roughly compare among sub-
samples by number of mathematics tests taken.
Finally, we checked for the robustness of the results against measurement

errors and heterogeneity. Following Park et al. (2018), we limited our estima-
tions to a sample in which the distance between the nearest weather station and
test site was equal to or less than 8 km (approximately 5 miles).7 Similarly, we
analyzed the data using students from the 25 percent hottest regions and
25 percent coolest regions. We also examined heterogeneity by regional eco-
nomic disparity, policy group, number of takes and gender by re-estimating
equations (1) for each sample restriction.

V. Results

We found that the average temperature at the test site on the test day had a sig-
nificant impact on the Z-scores. An increase of 1�F reduced the Z-score by
approximately 0.006 SD, as shown in Panel A of column 4 in Table 2, which is
our main specification. For example, a sudden change from 77.9�F (25.5�C)—
the average temperature between 1950 and 2009—to 82.8�F (28.2�C),
75 percent of the highest recorded average daily temperature in the same period,
would cause a reduction of 0.03 SD in the Z-score. For students who were born
in 1991 and took classification A (see Appendix C), the effect would be equiva-
lent to a 1.64 percent loss (0.006 � 4.9 � 165 � 296) in the raw score

7 In the non-restricted sample, the average distance was approximately 22–23 km, as in
Appendix A.
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(performance). Although the effect seems to be economically negligible at the
individual level, the effect will be economically significant at the national level,
especially for countries with a population as large as Vietnam’s (ranked 15th in
the world with approximately 97 million people in 2019).8 This may, indeed, be
the case if we consider a negative impact of heat on problem solving in the
workplaces of all workers in a given nation and link the effect to the productiv-
ity of the entire nation.

The mechanism determining individual performance relates to heat toler-
ance. Mathematical problem solving depends on brain function in an area of
the prefrontal cortex and neural circuits that is sensitive to heat (Hocking
et al., 2001; Graff Zivin et al., 2018). In addition, high temperature would
decrease cerebral blood flow (Cho, 2017) and, thus, reduce the efficiency of
the test performance.

As seen in Table 2, our results are robust across specifications. The adverse
effect of temperature maintains its statistical significance even if we use the out-
comes as zero-adjusted logarithms of the raw scores (see Panel D in Table 2).
Moreover, when the distance between the weather station and the test site is
≤8 km (5 miles), we still find a negative impact of higher average temperature,
as in Panel A of columns 5 and 6 in Table 2. One may consider that students
from hotter regions might have higher heat tolerance despite the fact that the
majority of time-invariant factors were captured in the student fixed effect. How-
ever, as shown in Panel B of column 4 in Table 2, our results indicated that
adverse effects of higher temperature would exist even among students from the
hottest areas in a tropical country.

Our findings validated the results for an Asian country with a hot climate
located close to the equator and expanded the inference power of Graff Zivin
et al. (2018),9 which was based on the US data. Our estimations are similar to
Park’s result (Park, 2020), which was �0.007 SD of the Z-score in the specifica-
tion with student fixed effects. However, our results were based on national cen-
sus data, whereas Park et al. (2020) relied on the data of New York City high
school students. We are less likely to be concerned with failing to account for
weather impacts on test preparation that occurred during test intervals because
test intervals were only 5–11 days long. Our results concur with the findings of
Cho (2017) regarding the adverse effect of heat (above 93.2�F or 34�C, com-
pared with temperatures between 82.4 and 86�F, or 28 to 30�C). More impor-
tantly, our results were estimated from continuous average temperature and
completely controlled for all time-invariant factors.

Our results are robust across the number of mathematics tests taken, as in col-
umns 2 and 3 of Table 3, wherein student fixed effects were used. The

8 The World Bank Data (link: https://data.worldbank.org/indicator/SP.POP.TOTL?locations=
VN&most_recent_value_desc=true).
9 Graff Zivin et al. (2018) find that higher temperatures always decrease math test scores of US
children when beyond 78.8�F (26�C).
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corresponding coefficients of the average temperature were negative and statisti-
cally significant in both specifications. For students taking just a test (column
1 of Table 3), the coefficient is negative and statistically insignificant, perhaps
because the individual fixed effects were not in place.
When dividing the data for heterogeneity analysis, we found that average

test-day temperature still has a negative effect on Z-scores in most estimations,
as seen in Table 4. Rural students showed the highest impact of heat per degree
Fahrenheit, as in column 2 of Table 4. Furthermore, women were more vulnera-
ble to heat at test sites (column 8 of Table 4). Compared with men, the impact
on women is statistically significant and larger. Our results show that some
groups are statistically resilient to the effect of daily temperature, including
men and people living in economically depressed areas, as in column 1 of
Table 4.
Unfortunately, we did not have sufficient data to explain the specific mecha-

nisms underlying the differences in results among these groups. We acknowl-
edge that there might be more than one mechanism to explain these differences.
One possible explanation may be differences in nutrition intakes and heat com-
pensation. For example, nutrition intakes and heat prevention measures may be
lowest in students living in rural areas. A future study when more detailed infor-
mation is available might provide better explanations for the observed
differences.

Table 3 Effects of average test day temperature by number of mathematics tests taken

Variables

Number of mathematics tests taken

One Two Three

(1) (2) (3)

Avg. Temp (�F) –0.0027 –0.0057*** –0.0075***
(0.0017) (0.0010) (0.0015)

Dummies
Time and date of exams Yes Yes Yes
Test classification Yes Yes Yes
University-classification rank Yes Yes Yes
University Yes Yes Yes
Distance to test site Yes Yes Yes
High school Yes - -
District (family reg.) Yes - -

Individual fixed effect No Yes Yes
R2 0.355 0.230 0.273
N (scores) 484 500 484 832 156 621
ID (students) 484 500 242 416 52 207

Notes: High school clustered robust standard errors are in parentheses in (1), while individual clus-
tered robust standard errors are for the rest columns. ***P < 0.01, **P < 0.05, *P < 0.1.

EFFECTS OF HEAT ON TEST PERFORMANCE 87



T
ab

le
4

E
ff
ec
ts
of

av
er
ag
e
te
st
d
ay

te
m
pe
ra
tu
re

by
re
gi
on

al
d
is
p
ar
it
y,
p
ol
ic
y
gr
ou

p,
an

d
ge
n
d
er

Va
ri
ab
le

R
eg
io
na
l
di
sp
ar
it
y

Po
li
cy

gr
ou
p

G
en
de
r

M
os
t
di
ffi
cu
lt
y

R
ur
al

To
w
ns
hi
ps

U
rb
an

ci
ty

E
th
ni
c
m
in
or
it
y

St
at
e
ho
no
re
d

M
al
e

Fe
m
al
e

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

A
vg
.T

em
p
(�
F
)

0.
00
07

–0
.0
10
8*

**
–0
.0
08
2*
**

–0
.0
02
3

–0
.0
00
3

–0
.0
02
0

–0
.0
01
8

–0
.0
08
1*
**

(0
.0
01
4)

(0
.0
01
3)

(0
.0
02
0)

(0
.0
03
5)

(0
.0
05
0)

(0
.0
04
4)

(0
.0
01
3)

(0
.0
01
0)

D
um

m
ie
s

T
im

e
an
d
ex
am

s
da
te

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

T
es
t
cl
as
si
fi
ca
tio

n
Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

U
ni
ve
rs
ity

-c
la
ss
ifi
ca
tio

n
ra
nk

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

U
ni
ve
rs
ity

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

D
is
ta
nc
e
to

te
st
si
te

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

In
di
vi
du
al

fi
xe
d
ef
fe
ct

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

R
-s
qu
ar
ed

0.
28
2

0.
23
7

0.
22
2

0.
24
1

0.
40
0

0.
24
9

0.
22
7

0.
25
2

N
(s
co
re
s)

19
2
76
2

25
5
65
8

11
5
41
5

77
61
8

17
71
9

23
31
2

27
5
49
6

36
5
95
7

ID
(s
tu
de
nt
s)

89
01
8

11
7
18
8

53
24
4

35
17
3

85
74

10
90
6

12
7
82
0

16
6
80
3

N
ot
es
:
In
di
vi
du
al
cl
us
te
re
d
ro
bu
st
st
an
da
rd

er
ro
rs
ar
e
in

pa
re
nt
he
se
s.
**
*P

<
0.
01
,
**
P
<
0.
05
,*

P
<
0.
1.

ASIAN ECONOMIC JOURNAL 88



VI. Discussion and Conclusions

We examined the immediate effects of heat on the mathematics test performance
(Z-scores) of test-takers in 2009 Vietnamese national university entrance exami-
nations. We found that a 1�F increase in the average temperature on the test day
was associated with a decreased Z-score equal to 0.006 SD.
Our results have several policy implications. Although our results are based

on data from the NEEU in 2009, the impact of heat, potentially due to global
warming and climate change, might persist for the medium and long run of the
economic development path. Vietnam passed the Laws on Environment Protec-
tion in November 2020 (effective from January 1, 2022), with the article 139 as
a foundation for carbon tax policy. Our results might serve as a reference index
for this future carbon tax policy of Vietnam as well as its ameliorating redistri-
bution. In addition, our results might also be used as a reference for school
administrators when considering investments in school infrastructure. A reason-
able heat-diffusion solution determined through cost–benefit analysis might off-
set the harms economically.
In addition to previously stated limitations, we acknowledge some other draw-

backs of our study that should be considered in future work. First, there are
selection issues due to some students not taking the entrance exams. The test-
taking rate was only approximately 45 percent on average (Vu and
Yamada, 2020) among students completing high school in 2009. Some of the
students did not have plans to continue in higher education. Second, we
acknowledge the measurement errors and biasness it may cause due to the lack
of exact temperature by hour and location. Third, we do not have an abundance
of variations in temperature across seasons, especially at lower temperatures.
Therefore, we were unable to test whether the impact of heat is nonlinear (Dell
et al., 2014). Additionally, all measured temperatures occurred in July; therefore,
the findings might apply only during the hotter portions of the year.
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Appendix A

Distance between nearest weather station and test sites

Variable Mean Standard deviation

Test date: July 4, 2009 (N = 468 002)
Weather station and test sites 23.884 31.459

Test date: July 9, 2009 (N = 415 835)
Weather station and test sites 21.487 21.784

Test date: July 15, 2009 (N = 242 116)
Weather station and test sites 20.625 21.608

Note: Distance unit is in kilometer.
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Appendix B

Students in test sites correspondent with weather stations

Station name/Location July 4, 2009 July 9, 2009 July 15, 2009

Frequency Frequency Frequency
Lao Cai 0 0 153
Son La 2600 2302 1699
Noi Bai Intl (Hanoi) 168 889 128 384 67 174
Nam Dinh 1060 12 588 10 555
Phu Lien (Hai Phong) 17 691 16 718 15 877
Lang Son 0 0 915
Thanh Hoa 2431 4445 0
Vinh 19 760 16 098 6256
Dong Hoi (Quang Binh) 846 902 0
Phu Bai (Hue) 15 006 27 254 4498
Da Nang Intl (Da Nang) 23 247 12 418 16 028
Quang Ngai 3990 956 3335
Pleiku 459 23 678
Quy Nhon 32 686 28 054 4074
Ban Me Thuot 5964 8024 0
Nha Trang 7896 9192 4310
Tan Son Nhat Intl (Ho Chi Minh city) 128 748 106 256 102 689
Rach Gia (Phan Thiet) 260 42 221 2231
Ca Mau 36 469 0 1644

N (test scores) 468 002 415 835 242 116
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Appendix C

Raw mathematics test scores by year of birth and test problem (Main
groups only)

University entrance examinations College entrance examinations

Classification YOB N Mean
Standard
deviation N Mean

Standard
deviation

A
1991 343 609 296.29 165.62 138 523 530.44 206.52
1990 84 412 259.60 160.66 33 190 478.51 203.59
1989 18 784 237.05 154.90 6896 430.85 197.34
1988 6309 248.53 164.53 2207 419.74 193.38

B
1991 180 104 333.01 212.39 12 065 371.61 217.69
1990 48 723 254.46 179.29 5503 328.56 208.12
1989 10 510 214.93 160.70 1301 261.16 184.84
1988 3306 218.90 166.42 396 250.63 180.91

D
1991 112 025 314.62 213.84 28 466 387.79 208.73
1990 22 658 253.49 178.85 6558 343.77 200.00
1989 4360 221.55 161.79 1150 296.96 182.94
1988 1299 226.71 170.56 285 285.71 186.60

M
1991 7593 143.49 114.95 4707 239.45 169.00
1990 2551 119.56 96.70 1969 194.31 160.32
1989 752 104.02 84.97 670 169.59 158.50
1988 220 103.41 92.47 219 168.84 159.82

T
1991 10 229 128.66 82.79 453 212.58 145.81
1990 4764 110.83 66.69 408 156.80 136.42
1989 1844 99.62 58.89 221 117.18 96.41
1988 782 99.13 62.77 97 109.54 89.15

Note: The table consists of 1 110 118 test scores. The total number of mathematics test scores avail-
able for analysis is 1 125 952.
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