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Introduction

Research in political science often relies on survey data to 
study a wide range of questions about politics and develop-
ment in the developing world. Many important insights 
have been drawn from efforts to collect comparable cross-
national data on health, education, demographics, econom-
ics, and public opinion such as the Demographic and Health 
Surveys (DHS) and the regional “Barometer” surveys 
(Afrobarometer, Asian Barometer, and Latinobarómetro).1 
While research in several disciplines has analyzed the prob-
lem of measurement error in survey measures of variables 
such as earnings, assets, and expenditures (Bound et  al., 
2001), less attention has been paid to error in the measure-
ment of seemingly more trivial variables that nonetheless 
play an important role in many studies, or to the conditions 
that make collecting such data particularly challenging in 
less developed states. One example is respondents’ age, 
which is often included as a covariate in analysts’ models 
and sometimes plays a central role in their research design, 
such as in cohort studies that rely on age as an indicator of 
exposure to a given treatment (e.g. Croke et al., 2016; De 
Kadt, 2017; Franck and Rainer, 2012; Grossman et  al., 
2017; Harding and Stasavage, 2013). In both cases, 

systematic measurement error with respect to age can cause 
serious bias in the estimation of quantities of interest, lead-
ing researchers to fail to uncover a true effect, to find effects 
where none exist, or to estimate effects that are opposite in 
sign from the true relationship (Bound et al., 2001: 3709).

I show that respondent age is measured with systematic 
error on some of the most widely used surveys of develop-
ing country populations. Specifically, I demonstrate con-
sistent evidence of clustering on ages with final digits of 
zero and five that is too extreme to be attributed to random 
error, a phenomenon known as “heaping” that results from 
digit preference when one’s true age is unknown (Lee and 
Zhang, 2017; Nagi et al., 1973). Furthermore, this cluster-
ing is correlated with a number of individual-level charac-
teristics that we might expect to be associated with 
respondents’ ability or incentive to provide accurate infor-
mation about their age.
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With these insights in mind, I examine and reanalyze the 
data in De Kadt (2017), which provides an instructive 
example of how to identify whether this problem exists in 
one’s data, as well as the consequences of it when it does. 
This analysis shows that measurement error with respect to 
age is not always present in developing country surveys, 
but that when present can affect the estimation results.

In short, this study highlights an important example of 
systematic measurement error in surveys widely used in 
political science research, and demonstrates its conse-
quences for the inferences we make. More constructively, it 
illustrates tools that scholars may use to determine whether 
this problem afflicts their own data, and to evaluate the 
robustness of their results when it does.

Age is measured with systematic 
error in developing country surveys

Some portion of citizens in developing countries, particularly 
in places with the weakest state capacity, are likely not to 
know their exact age. This may be due to a lack of documen-
tation—such as birth certificates and national identification 
cards—that allows individuals to recall and track their ages as 
they grow older, and/or a lack of incentives to learn and retain 
the information, which may only be relevant when seeking to 
access certain government services or the formal labor market 
(A’Hearn et  al., 2009; Lee and Zhang, 2017). As a result, 
countries where a significant portion of the population has 
limited interaction with formal institutions—a more common 
situation in poorer countries, where such institutions tend to 
be weaker—may maintain a sizable population of citizens 
who lack age awareness and are therefore unable to provide 
their precise age to enumerators if asked. In such contexts, 
survey measures of age will be subject to error.

Unlike other indicators that may be measured with error, 
however, there exists an effective, straightforward way of vali-
dating survey measures of age, one that relies on the tendency 
of humans to favor certain digits over others. Specifically, 
demographers have identified the phenomenon of age “heap-
ing,” whereby individuals who do not know their precise age 
are more likely to provide numbers that end in certain digits, 
most often zero (most preferred) and five (Nagi et al., 1973).2 
This tendency is useful because if age data is accurate, then the 
distribution of final digits should be uniform, after accounting 
for greater mortality as individuals grow older (Myers, 1940). 
Significant deviations from this uniformity—particularly 
those consistent with digit preference—are thus reliable evi-
dence of measurement error with respect to age.

Age measures cluster on final digits of 
zero and five

I diagnose the extent of measurement error in two of the 
most widely used cross-national surveys in political sci-
ence—the DHS and Afrobarometer—by analyzing the 

distribution of final digits in reported age data.3 For the 
DHS, I analyze data from 11,088,142 individuals on 108 
surveys in 26 countries across in Africa and South Asia. For 
Afrobarometer, I focus on the most recent Round 6, which 
was conducted with 53,935 individuals in 36 countries in 
Africa.4 As a benchmark, I conduct the same analysis on 
data from the 2016 American National Elections Studies 
(ANES) survey and the 2018 General Social Survey (GSS), 
two prominent surveys of the American mass public.

Figure 1 shows the results graphically; while the distri-
butions of final digits in ANES and GSS age data are 
approximately uniform, there is massive heaping on zero 
and five in the DHS data, with significant heaping in the 
Afrobarometer data as well.5 The Myers Index—a sum-
mary measure of age heaping ranging from 0 to 90 that 
takes into account the effect of mortality (Myers, 1940)—
yields a score of 8.3 for the Afrobarometer and 14.2 for the 
DHS data, as opposed to 6.1 and 4.3 for the ANES and GSS 
data, respectively. These results are consistent with what 
we would expect to find if sizable numbers of respondents 
on the DHS and Afrobarometer surveys were not providing 
accurate age data, but rather estimates that conform to well-
known preferences over digits. They are also consistent 
with previous analyses of DHS data, specifically (Johnson 
et al., 2009; Lyons-Amos and Stones, 2017; Pullum, 2006).

Age measurement error is correlated 
with observable characteristics

While there is clear evidence of measurement error with 
respect to age in these surveys, we should be most con-
cerned if the error is systematic, rather than randomly dis-
tributed across the sampled populations. A lack of age 
awareness is unlikely to be random, however, so there is 
good a priori reason to believe that this error is systematic. 
I explore this possibility using DHS data by analyzing 
whether the prevalence of zero and five as final digits in 
reported age—our proxy for measurement error—is associ-
ated with a number of observable characteristics that we 
might expect to be related to individuals’ ability or incen-
tive to know their precise age. These include respondents’ 
age, wealth, gender, urban/rural status, years of education, 
and whether or not they possess a birth certificate.6

Consistent with the idea that age heaping resulting from 
a lack of age awareness is associated with limited interac-
tion with the state (and perhaps other formal institutions) 
(A’Hearn et  al., 2009; Lee and Zhang, 2017; Nagi et  al., 
1973), I find correlations of the expected sign with each 
characteristic analyzed.7 Table 1—which shows mean val-
ues and differences on each characteristic for those with 
reported ages ending in zero and five versus other digits—
demonstrates that an individual is more likely to report an 
age ending in zero or five if they are rural, male, poorer, 
older, less educated, and do not possess a birth certificate.8 
While the difference in means is significant for all 
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variables—at least in part due to the large sample size—the 
differences in age, the possession of a birth certificate, and 
to some extent level of education are particularly meaning-
ful in magnitude. While 34% of individuals reporting an 
age not ending in zero or five possessed a birth certificate, 

only 25.1% of those reporting an age ending in zero or five 
did, more than a third less. Those reporting an age ending in 
zero or five are seven years older, on average, than those 
reporting an age ending in other digits, representing a 
move from the 66th to 55th percentile in overall age; they 
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Figure 1.  Distribution of final digits in reported age: Demographic and Health Surveys (DHS), Afrobarometer, American National 
Elections Studies (ANES), and General Social Survey (GSS).
(a)  DHS, all countries and years.
(b)  Afrobarometer Round 6.
(c)  ANES 2016.
(d)  General Social Survey (GSS) 2018.

Table 1.  Means, difference in means, and percent difference between respondents with reported age ending in zero or five and 
those ending in other digits, Demographic and Health Surveys (DHS).

Mean Mean Percent

  (Final digit 0 or 5) (Other final digits) Difference Difference

Has a birth certificate 0.2514 0.3396 0.0882*** 35.1
Rural 0.6804 0.6627 −0.0177*** 2.6
Female 0.4934 0.5067 0.0133*** 2.7
Wealth −6724.3349 351.9586 7076.2935*** 0.04†

Age 29.6712 22.6253 −7.0459*** 23.7
Years of education 3.5697 4.0760 0.5063*** 14.2

*p < 0.10,**p < 0.05,***p < 0.01.
Note: †denotes difference in standard deviations; the change from negative to positive is undefined in percentage terms. The DHS wealth index in 
constructed with principal component analysis from questions about assets and can range from negative to positive numbers.
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also have about half a year less education. These results 
demonstrate a clear logic to the measurement error in these 
surveys, indicating that it is indeed systematic. It is there-
fore likely to pose problems for empirical analysis that 
relies on these measures for estimation.

In addition to analyzing the individual-level correlates 
of age measurement error, it may be useful to understand 
the factors associated with it at the country level; in particu-
lar, such information may help analysts identify survey data 
they may be interested in using for their research that are 
likely to suffer from this problem. Table 2, which summa-
rizes the results of an analysis at the country-survey year 
level, shows that countries with an older and less educated 
population have significantly more respondents reporting 
an age ending in zero or five; the percentage of the popula-
tion with a birth certificate or living in a rural area and a 
country’s wealth are not significantly associated with this 
outcome.9 The estimates imply that moving from a country 
average age of 21.4 (at the 25th percentile) to an average 
age of 23 (at the 75th percentile) is associated with a size-
able two percentage point (0.5 standard deviations) increase 
in the proportion of reported ages ending in zero or five. 
Similarly, for years of education, moving from the 25th to 
75th percentile in average education level (2.2 to 3.9 years) 
is associated with a 3.5 percentage point (0.87 standard 
deviations) decrease in the proportion of reported ages end-
ing in zero or five. Average age and level of education thus 
seem particularly predictive of age measurement error at 
the country level.

Application and implications

Systematic measurement error in age data creates signifi-
cant problems for research that relies on it. In this section, I 

summarize the general implications, then turn to a specific 
example of the consequences for empirical analysis.

General implications

Age is rarely analyzed as an explanatory variable of interest 
in and of itself, yet it is often included as a covariate in 
multiple regression models, as well as used to construct 
treatment indicators in cohort studies in which treatment 
status (e.g. exposure to a policy or event) is determined by 
age. In both cases, measurement error can wreak havoc on 
estimates of the quantities of interest.

Attenuation bias is a well-known and oft-discussed con-
sequence of measurement error, and there are methods that 
have been developed to deal with it when certain assump-
tions are met. But certainty about the direction of the bias 
(downward) and the fixes that have been developed to deal 
with it (e.g. instrumental variables estimation) only apply 
when the error is classical, not systematic. Outside of this 
special case—which does not describe the error identified 
here—measurement error may bias estimates in any direc-
tion, and it is not possible to know in advance which direc-
tion it will be (Bound et al., 2001). Furthermore, including 
a mismeasured variable in a multiple regression model can 
bias estimates of coefficients on even the accurately meas-
ured variables in the model (Bound et  al., 2001: 3713); 
thus, analyses that include age as a covariate risk bias in 
their estimates of the explanatory variable(s) of interest.

Cohort studies that code treatment status according to 
age may be particularly vulnerable, as the systematic 
mismeasurement of age is transmitted to the measurement 
of the treatment.10 In such cases, the most pernicious effects 
of measurement error are likely to play out.

An application: reanalysis of De Kadt (2017)

I illustrate the consequences of systematic measurement 
error with respect to survey measures of age by diagnosing 
and reanalyzing the data in De Kadt (2017). This study esti-
mates the causal effect of voting in a country’s first multi-
party elections on the likelihood of voting in future elections 
with a regression discontinuity design, comparing voting 
rates in subsequent elections for individuals who—accord-
ing to survey data—were just old enough or just too young 
to be eligible to vote in the first elections.11 The study 
argues—and the empirics show—that voting in first elec-
tions makes voting more likely in future elections, but only 
among voters for whom voting was a positive affective 
experience. The main analysis focuses on the South African 
case, with additional tests of the theory in Ghana, Kenya, 
and Tanzania. De Kadt finds, in light of the theory, that 
Black but not White South Africans are more likely to vote 
in later elections if they voted in the first multiparty elec-
tions. He also finds that Ghanaians who voted in their first 
multiparty elections were more likely to vote subsequently; 

Table 2.  Country-level correlates of age measurement error, 
Demographic and Health Surveys (DHS).

Final digit of 
zero or five

Final digit of 
zero or five

Has a birth certificate −0.0067  
(0.0209)  

Rural −0.0091 0.0009
(0.0515) (0.0446)

Wealth −0.000 −0.000
(0.000) (0.000)

Age 0.0131*** 0.00885***
(0.00278) (0.00277)

Years of education −0.0207*** −0.0145***
(0.00421) (0.00397)

Constant 0.0421 0.110
(0.0732) (0.0760)

Observations 36 58

Standard errors in parentheses.
*p < 0.10,**p < 0.05,***p < 0.01.
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that Tanzanians were less likely to; and that voting in 
Kenya’s first elections had no effect, all consistent with 
theoretical expectations because the quality of the first 
elections was best in Ghana, mixed in Kenya, and poorest 
in Tanzania. I diagnose whether the problem of systematic 
measurement error manifests in De Kadt’s data and conduct 
a randomized reclassification exercise to gauge the effect 
of mismeasurement on the study’s results.

Figure 2 displays the results from an analysis of final 
digits in reported age as applied to De Kadt’s data from the 
four countries, demonstrating both the prevalence of the 
problem and the significant variation in its scale. While the 
Ghana, Kenya, and Tanzania data all show evidence of 
sizeable measurement error with respect to age (with the 
Ghana data being most severe), the South Africa data 
largely does not; South Africa, Tanzania, Kenya, and Ghana 
come in at 4.2, 11.4, 10.5, and 14.2 on the Myers Index of 
heaping, respectively. This variation across countries is 
important because it demonstrates the value of diagnosing 
one’s data in this way, since it may or may not reveal a 
problem. Notably, in this case, the primary dataset (from 
South Africa) upon which the study’s main results are based 

is largely unaffected by the type of measurement error dis-
cussed here, bolstering their validity; it is in the supplemen-
tary analyses of additional cases that the problem arises.

To understand the impact of the identified measurement 
error in the three problematic countries’ data on the empiri-
cal analysis, I conduct a randomized reclassification exer-
cise that assesses the robustness of the empirical results to 
reclassifying a portion of reported ages ending in zero or 
five such that the sample contains a more appropriately uni-
form distribution of digits. The logic of this is that—in the 
samples with age heaping—some segment of respondents 
who report an age ending in zero or five are actually some-
what older or younger than reported. Since we don’t know 
which individuals are misreporting, a reasonable strategy to 
check the robustness of the results to the observed measure-
ment error is to reclassify a random segment of respondents 
reporting ages ending in zero and five to the closest adja-
cent ages not ending in preferred digits in order to approxi-
mate a more appropriately uniform age distribution. In 
other words, if about 16% of Kenyans report an age ending 
in zero—rather than the 10% that would be expected given 
valid reporting—then the exercise will randomly reclassify 
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Figure 2.  Distribution of final digits in reported age, from De Kadt (2017).
(a)  South Africa.
(b)  Tanzania.
(c)  Kenya.
(d)  Ghana.
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about a third of 20-year olds as 17, 19, 21, or 23, a third of 
30-year olds as 27, 29, 31, or 33, etc.12 To reduce the influ-
ence of random noise, I implement a Monte Carlo simula-
tion, repeating the randomized reclassification exercise 
1000 times. I then replicate the analysis in De Kadt (2017) 
across the 1000 datasets of reclassified data and compare 
the resulting distribution of estimates to the published 
results.13

The results of the exercise are shown in Figure 3. They 
show similar results to those reported in De Kadt (2017) for 
Tanzania and Kenya (negative effect for the former, no 
effect for the latter), with a somewhat smaller but still posi-
tive effect estimated for Ghana. In fact, the negative effect 
for Tanzania and the positive effect for Ghana are both sig-
nificant at the 5% level according to the empirical distribu-
tions generated by this exercise, whereas neither reached 
this level of significance in the original study. Overall, 
these results (as well as the lack of heaping in the South 
African data) are consistent with the substantive conclu-
sions in De Kadt (2017), and are actually stronger with 
respect to statistical significance. Still, they reveal some 

important differences—whether with respect to the size or 
significance of the estimates—that demonstrate how sys-
tematic measurement error may affect the inferences we 
make from studies that rely on age as measured in survey 
data from the developing world. In particular, the results for 
the Ghana sample move more as a result of the exercise 
than those for Tanzania and Kenya, which makes sense 
given that extent of heaping is greater in that data, and 
serves as a useful validation of the reclassification approach.

Even better than the approach implemented here would 
be to generate a propensity score for the likelihood that a 
given individual is misreporting, given the correlates of 
measurement error discussed above, and weight the likeli-
hood of reclassification by this score. Unfortunately, De 
Kadt does not employ these variables in his analysis, so the 
necessary covariates are not included in the study’s replica-
tion data. For scholars working with their own datasets, 
however, the propensity-score approach could be easily 
implemented, and it would provide an even more convinc-
ing test of the robustness of their results to the measurement 
error described here.14
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Figure 3.  Distribution of estimates of the effect of voting in founding elections on turnout in subsequent elections.
(a)  Tanzania.
(b)  Kenya.
(c)  Ghana.
Note: This figure shows the distribution of estimates—and the median of these estimates—from 1000 Monte Carlo simulations reclassifying a por-
tion of ages ending in 0 and 5. These estimates (marked by a solid line and tagged “revised”) are plotted alongside the original results (dashed line) 
reported in De Kadt (2017).
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Conclusion

This study has identified an important instance of systematic 
measurement error in widely used surveys in research on the 
politics of the developing world and demonstrated the conse-
quences for the inferences we make. To guide future work, it 
illustrates the techniques that scholars may use to determine 
whether this problem exists in their own data. These diagnos-
tics should be applied whenever researchers employ age 
measures from developing country surveys so as to avoid the 
pitfalls of estimates that rely on systematically mismeasured 
variables. Doing so will allow scholars to avoid problematic 
research designs, as well as to validate those where the prob-
lem is shown not to exist. Where systematic measurement 
error is identified, researchers may also choose to investigate 
the robustness of their findings to the reclassification of some 
proportion of ages ending in preferred digits, a technique 
demonstrated here. Where data on the individual-level cor-
relates of age heaping is available, the likelihood of reclas-
sification may be weighted by a propensity score derived 
from these covariates, improving the exercise by ensuring 
that reclassification is focused on those observations that are 
most likely to be mismeasured.

The findings also indicate that researchers should be gen-
erally cautious when analyzing survey measures meant to 
capture information that respondents may not know with 
precision, especially when such knowledge is unlikely to be 
randomly distributed among the surveyed population. If a 
measure as seemingly innocuous as age is characterized by 
systematic error, then we should be especially cautious when 
employing survey data on variables such as assets, expendi-
tures, or the timing of life events, information that is even 
more difficult to recall and where the accuracy of responses 
is likely to be associated with respondent characteristics.
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Notes

  1.	 See Supplementary materials Appendix A for a full list of 
articles published in the top general interest and comparative 
politics subfield journals in political science from 2011 to 
2020 that use DHS or Afrobarometer as a prominent part of 
their analysis. I identify 46 articles overall, including 27 that 
use respondents’ age in some part of their analysis.

  2.	 Two and eight are also preferred to an extent, and there is 
some evidence of this in the data analyzed below. As Nagi 
et al. (1973) explain in detail, this is because individuals using 
the base 10 number system tend to prefer digits that are mul-
tiples of the divisors of the base (10), which are 10, 5, and 2: 
“Numbers divisible by 10 will exhibit the greatest heaping; 
numbers divisible by 5 but not by 10 will rank second; and 
numbers divisible by neither 10 or 5 but divisible by 2 will 
rank last in order of preference. Thus, in a population where 
age heaping does occur, one would expect the greatest amount 
of heaping at ages ending in 0, second preference for ages end-
ing in 5, and third preference for ages ending in the digits 2, 5, 
6 and 8 . . . Since the preferred digits 4 and 6 flank the even 
more preferred digit 5, they are likely to attract less heaping 
than the preferential digits 2 and 8” (Nagi et al., 1973: 168).

  3.	 I focus on respondents aged 20–59, since mortality at older 
ages is high.

  4.	 The results from analysis of Rounds 2–5, which are consist-
ent with Round 6, are reported in Supplementary materials 
Appendix B, Figures B1–B4.

  5.	 They demonstrate some evidence of heaping on 2 as well; 
see note 2 for an explanation of why.

  6.	 Information about the the measurement, coding, and interpre-
tation of each of these variables is provided in Supplementary 
materials Appendix C. The data on possessing a birth certifi-
cate is only available for 567,000 out of more than 11 million 
observations. More recent surveys were more likely to record 
this information.

  7.	 The expected sign for gender is unclear. On the one hand, 
men may be more likely to be in the formal labor market; 
on the other, women may be more likely to interact with the 
formal health care system, for instance around childbirth.

  8.	 Supplementary materials Table B1 reports bivariate corre-
lations between these variables and the reporting of an age 
ending in zero or five.

  9.	 I run a separate regression that drops birth certificate possession 
(Table 2, Column 2) because a large number of country survey 
years do not contain data on this variable. I don’t include gen-
der because this does not vary significantly across countries.

10.	 This is particularly true if treatment status is determined by 
being an age ending in zero or five when surveyed.

11.	 De Kadt analyzes South African Social Attitudes Survey data 
from the Human Sciences Resource Council for South Africa 
and Afrobarometer data for Ghana, Kenya, and Tanzania.

12.	 Ages with digits ending in 0 are reclassified to ages ending in 
7, 9, 1, and 3 but not 8 or 2 because these are also relatively 
favored digits (Nagi et al., 1973: 168). In each sample, the 
frequency of reporting ages ending in 8 and 2 falls between 
the overreported digits of 0 and 5 and the underreported dig-
its of 1, 3, 7, and 9. See Supplementary materials Appendix 
D for further details about the exercise.

13.	 Due to small sample sizes, De Kadt employs randomization 
inference in these analyses; I therefore do the same.
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14.	 Note that even this preferred method—which can mitigate 
systematic measurement error, which may be most perni-
cious—will not necessarily eliminate classical measurement 
error, since even reclassified ages may still be mismeasured 
(even if not systematically). This would primarily be a prob-
lem when age itself is a variable of interest.
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