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ABSTRACT

Heightfor-age zscoregfHAZs) and stunting status (HAZ®) are widelyused taneasure child nutrition

and population healtidowever, accurate measurement of ageisrivialin populations with low levels

of literacy and numeracy, limited use of formal birth records, and weak cuiturak surrounding

birthdays and calendar uda this paper we use Demographic and Health Sumdaiggrom 62 countries

over the period 1990-2014 diescribe two statistical artifacts indicative of misreporting of &ge.first
artifactcorsists oflower HAZs for children reported to be born earlier in each calendar year (resulting in
implausibly largeHAZ gapsbetween Januaryand Decembeborn children), which is consistent with

some degree of randomness in month of birth reporting. Tdoadeartifacttonsists ofower HAZs for
children with a reported age just below a round age (and hence implausibliffaZggaps between
children with reported ages just below and just above round ages), which &emnsith survey
respondents rouna ages down more than they round ages up. Using simulations, we show how these
forms of misreporting child age can replicate observed patterns in the dathaathey have small

impacts on estimated rates of stunting but important implicationsdearchihat relies on birth timingp
identify exposure to various risks, particularly seasonal shdteover, the misreporting we identify
differs from conventional age-heaping concerns, implyingttieametrics described above could

congitute useful mrkersof measurement error imutrition surveysFuture research should also

investigate ways to reduce these errors.

Keywords: nutrition; height -for-age; stunting; measurement error; child age
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1. INTRODUCTION

Child height andstuntingrates are significant public health concern in developing countries. Around
onegquarter of the world’'s prescheatie populatioiis stunted UNICEF 2015). Worryingly, stunting has
been shown to have numerous short-term and temy-consequencemcluding increased childhood
morbidity and mortality (Black et al. 2008, 2013), delayed gross and motor develd@remtham
McGregor et al. 2007and longterm educational and economic conseque(i@esey and Begum 2011,
Hoddinott et al. 2013)A wide range of research spanning multiple disciplackdresses the causes and
consequences efunting: a Google Scholar search of the terstsrited and”stuntirg” returns 160,000
and 110,000 results, respectively.1 Stunting is alsprigferredpolicy and progranmdicator for
monitoring changes in undernutrition, ahi a widely used development targetluding forthe
Sustainable Development Goals

Given widespreadttention to stunting in different contexts, it is clearly important to measure
height-forageaccuratelyand to understand any biases introduced by errors in existing tidtke are
classified as stuntedftifieir height(or length is low relative tahe World Health Organization’s/{HO’Ss)
worldwide reference population of healthy childrenief same age and s@¥HO 2006).Differences are
measured asgcores, in units of standard deviation relative to the mean heightliffyhelaildren at that
age and seXA height-forage zscore (HAZ) of less than2 standard deviations (SD) is considered
stunted, whilenHAZ<-3 SD is considered severely stunted.

Measuring length or heiglespeciallyfor young children is challenging and haseieed
considerable attention from Demographic and Health Su@y§) analysts-in particular Assaf,
Kothari, and Pullum (2015). Howevehegt measurement of a child’s exact agals® difficultandcould
lead tomoresubgantial erros inHAZs and stunting rates, especially among children 0 to 24 mohths
age, since this is when young children tend to fall rapidly behind ini@naagrowth standardg.eroy et
al. 2014; Shrimpton et al. 2001, Victora et2010). Moreover, it is highly likelthat the actual age of
many children in developing countries is not known to their parents becaus® onfimeracy and
literacy, lack ofirth registrationand limitedcelebraibn of birthdays or regulanseof conventional
calendars. At the same timéatistical agencies rightly try to avoid the selection biasesmtbald emerge
if child agesvere reported amissing(Croft 1991).Instead survey enumerato@re strongly encouraged
to work with respondent® identify plausible ageIn the DHS Program enumerators are trained to elicit
an age in years orlarth year foreachchild, and to us salient evenidestivals or season$o narrow
down towardhe best available estimate of birth mo@it®F-Macro 2009)But although that approach
avoids the aforementioned selection bias, it nevertheless creates scople fanbom and systematic
misreporting of age, both of which could bias HAZs and stunting rates.

To our knowledge, the only studies to exanmen®rs inagereporting fa these kinds of nutrition
studies are those that have been implemented by DHS analysts, Fotihioly (2009 andAssaf,

Kothari, and Pullum (2015Yhosestudies find that a few DHS surveys have nonresponse rates for child
age as high as 3tercentout that other surveys in similar settings report birth years and mont@8 for

99 percentof respondents, implying that enumerators sometimes make considerafitetefémter

plausible dates in settings where true age is unlikely to be kAdweronly sysematic bias identified by
Pullum (2006) refers to when children are falsely reported asthlaers9 months, presumably to speed
up the interview process. For adult ages, surveys are often sodj@etding at round numbers or other
cognitive anchors, i Assaf, Kothari, and Pullum (20L&seMyers’s index to show that no more than 10
percent otthildren’sages would need to be reallocatedefominate age heaping. As a result, age errors in
children undefive years of age are generally treated as ramdath limited heaping of the type

detectable using standard diagnostics such as Myarsthipple’s indexes.

! «“Chronic undernutrition” returns 120,000 iterasd“growth faltering” 52,600 results. “Heigtior-age” returns 30,000
results andlengthfor-age 5,000 resultsThese searches were conducted on Septe?3)2016.



In this study wause DHS data tehow howmeasurement error in age darfactintroduce
systematic artifacts in HAZ results. Thas#ifactsoffer testable predictions and new ways to estimate the
frequency with which errors occur and the magnitude of bias they intrdsipeeifically we describe two
potentially related artifacts involving month of biftrereafter, MOB)The first might be dracterized as
random or quasi-random estimationrM®B with a given birth year, while the second is characterized by
respondents seemingly rounding their al@ldsages dowrtowarda round numberfgr exampletwo
years) more than they round them Bpth artifacts are characterized by implausibly large
discontinuitiesin the first casén the relationship between HAZ aMiOB (Artifact 1), andin the second
caseHAZ and age relative to a round agada distinctly asymmetric age heaping around rougesa
(Artifact 2). We show that these systematic errors are prevalent in almost all DHS dath (tlayego
among poorer and less educated populations), that they typically resmlhlirbiases in stunting
estimates (except in extreme cases), that theypotentially lead to attenuation biases in studies that use
exact birth timing to identify a child’s exposure to shocks, and that thegadnd erroneous influences
on seasonality’s effects on child nutrition. These important impticatior measureemt and research
clearly warrant more systematic efforts btulmegularly document these errors and to reduce the extent of
such errors through improved survey practices.

Section 2of the papeprovides an intuitive conceptual discussion of errors aifdeg in child
ages and briefly discusses some resulting analytical implicaBection 3 describes our data and
methods. Section 4 focuses on identifying evidendhefwo biases described above using both
graphical and regressidrased tests. Usirgimulations, 8ction 5 illustrates how the suggested
measurement errors can reproduce the empirical patterns fo8edtion 4, and how they potentially
affect stunting rates. Section 6 discusses in greater depth the implicatibeseofindings for nution
research and measurement.



2. ERRORS AND ARTIFACTS IN CHILD AGES

In this section we aim to describe in more detail the two statistidalcéstdescribed above, including
how those errors might come about and how they would be manifest in data from coralentirition
surveysWhereas both of thartifacts likely stem from a common underlying cadsleat respondents
(usually mothers) do not know the exact age of their children, and that emuéimte no ideal method
for extracting precise birth datesgnch circumstanceseach artifact is nevertheless statistically
distinguishable from the other, as we describe below.

Artifact 1: Random or Quasi-random Estimation of Month of Birth

While survey approaches to measuring child age likely vary, DHS enumeratoenarelly encouraged
first to ascertain a child’s age in years and then to use salient events to get a (hopefellgjeuise
estimation of the specific MORlthoughmany respondents may be confident in estimating their child’s
age in years (though errors in years of age cannot be ruled out), we believiatha proportion of
respondents have no solid basis for estimating a ctMl@B, and hence they (or the enumeratogy
calculate the year of birth correctly but submit a random or almost-ranstorate of MOB. Although a
random estimation of MOB is apparently symmetric and uninformative, amyadrthis type would
generate an observable artifactinear gradienih HAZ by calendar MOB and a gap in HAZ between
children whose reported MOB falls at the end of one calendar year and tlod gttamext. In the
conventional Gregorian calendar this would corresporahtdAZ difference between Januabpprn and
Decembetborn children, though in non-Gregorian calendars, such as in Nepal or Ethiopizp tteugd
exist in April (Nepal) or September (Ethiopia).

To seehow random MOB traces out a gap in HAZ between DecemaberJanuarporn
children,consider a child actugiborn inmidyear for example,Jung. If she is erroneously recorded as
bornearlier in the year (for exampléanuary she isactuallyyounger than reported to bead therefore
likely to be short fothe reported agéf recorded as born latefo¢ exanple, December) she is actually
older and likely to be tall fahereported agein addition, children who are actually born early in the year
are likely to be assigned later months, and vice vétsanet result is aartifactuallinear gradient in
HAZ by reported birth month, with each successive month having increasingly large al@bias in
age and hence upward bias in HAZ

Whereas actual MOB could have genuinely caredationships with height due to seasonality
and exposure to idiosyncratic sheckhe purely random MOB error described above would produce an
anomaly associated only with calendar dates. This anomaly has been reportdidlieguvork such as
Lokshin and Radyakin (2012) and Dorelien (2015), though both studies attribute theredlzgadients
solely to exposure to climatic shocks. However, the former find$HthZs across India rise quasi-
linearly from the start to the end of the calendar year, for a cumulativaribee-January gap of 0.37
standard deviation# gap of that maghide is equivalent to the HAZ difference between children whose
mothers have no education at all and those whose mothers completed secondapne&ucdarly,
across30 countriesn Africa south of the Sahaf&SA)with very different agroclimatic seass, Dorelien
(2015)also findsa gradient in HAZ from start to end of the calendar year that sums to 3.1 pgecent
points of difference in stunting prevalence between children reported¢ddeen born in December of
one year rather than January of tlext” Clearly, these large Decembg@anuary gaps are unlikely to be
related to genuine seasonality.

In addition to confounding attempts to uncover genuine seasonality effects, randomiviOB
estimation can create two additional problems. First, imprecisiomtindates caocreate dweak
instruments” problem for econometric analyses that rely on MO&entify exposure to various shocks,
policies or programs. Indeed, in one study of exposure to conflict and drought in Rineralghors

2 This is the median of 97 regression coefficients reported in her appendheefedifferent models. The mean coefficient
is 2.87.



acknowledged that they might be underestimattiegtrue impacts afuchshocks on HAZ because of
mismeasuremeraf child age(Akresh, Verwimpand Bundervoet 2011$econdMOB errors will cause
someupwardbias in estimates of the prevalence of stunmgply byincreagg the spread of the HAZ
distribution.

Artifact 2: Asymmetric Heaping around Round Numbers

Asin Artifact 1, we motivate Artifact 2 by a process in whatumeratoréirst askrespondents about the
child’s agein years and then prompt for information on likely MOB. However, if thpaiedent cannot
provide an MOB, the enumerator might use the survey month to work backward toreteessMOB.

For example, a child reported as beiwg years old and surveyed in June 2016 could be assigned an
MOB of June 2014. Classical heaping of this form would result in larger narabehildren being
assigned ‘ound” ages such as 124, or 36months, and it would produce a correlation between month of
survey andMOB. However, the pattern we actually observe in age distribution in the BtdSsca
sawtooth with the peak number of births reported beiagegust above round numberssach ad 3,

25, and37 months—and then declining linearly with each successive mdrtils indicates that age is
misreported for a share of the children with a reported age just albouacanumber. Furthermore, the
HAZ is also peking at ages just above round numbers and then declining to the age jushbatext
round age. Hence, the children with misreported ages must on average leavidbey are reported to
be. We believe that thesymmetric rounding stems from enumerators tending to assume that a child’s
age in years is correctly estimated, and then proceeding to prompt the esgpgorestimate whether

their child is exactly two years old, or somewhat older than two. In reality, soideerhivho are 29
months old mg be incorrectly classified da&/0 years old. Thus, many children in a survey characterized
by these problems will be classified as younger than they actually are, anddwmniikely to be stunted.
To our knowledge there is no published work that documents this phenomenon in DH$ putbitien
surveys.



3. DATA AND METHODS

Althoughthe phenomena we describe are not confined solely to theddH&ys in this study we

confine our analysis to DHS data, details of whiah befound inICF International (2015)or several
important reasons. Firsheé DHSProgram ighe single largest source of nationally representative
nutritional data in the developing world, aite surveysre widely used for nutrition monitoring and
analysis by the World Health Cagization, the Global Nutrition Report, and many other institutions and
individual researchersecond, the availability of DHSurveysfor multiple countries allows us to draw
comparisons across countries with different agroclimatic seadiffiesentlevels of education and birth
documentation, and different cultural norms. Third, the BHSeysare relatively standardized, with
enumerators receiving similar training on topics such as age measurement.

In this paper we set out to test MOB errorsin dl available DHS surveythat collected
anthropometric indicators for childrert®59 months old (surveys that only sampled children 0 to 36
monthswere excluded), resulting in the sample sizes describ€dlle 3.1. In totathis sample includes
just under Imillion childrenfrom 183 surveys covering 62 countriasth almost half the children
coming from SSA. Most regions hasizablesamples, though we do point out that several regions are
dominated by just a few countries. Thast Asia and Pacific (EAR&gion for example, includesnly
Cambodia and East Timor, and the large Middle BadiNorth Africa (MNA) sample is heavily
dominated by Egypt and Jordan. However, DHS coverage of SSA and South Asia—thgidn® wéth
the hghest undernutrition burdends excellent.

Table 3.1Sample sizes for anthropometric data by regiofior 62 countries

Region Countries Child observations  Frequency
East Asia and Pacific 2 19,447 2.0%
Europe and Central Asia 7 18,653 1.9%

Latin America and Caribbean 10 222,255 22.4%
Middle East and North Africa 5 145,081 14.7%
South Asia 5 98,260 9.9%
Africa south of the Sahara 33 486,535 49.1%
Total 62 990,231 100.0%

Source: ICF International (2016

Anthropometric dataollection has been a key component of Ddt8reyssince 1986, focusing
onthe heigh$ and weights of children under the age of five who stayed in the householghhleafore
the survey. DHSurveysincorporate a number of steps to improve data quilitgrviewers are typically
national staff from private or government statistical ager{ciesome mix thereofivhoreceive extensive
additional training on how to obtain and record height and weight measuremestt &sthe birtldate
additional measres include field check tables, multiple layers of supervision, alddvisgts as part of
the standard DHS protocol, as well as occasional research analyses of dat¢Agsaft Kothari, and
Pullum 2015; Pullum 2006).

In terms of anthropometric indicators, a child’s agmvariably asked of the woman taking care
of a child, usually the mother. Child age is computed from the interview date anidihdate (year and
MOB, and exact date if knownand length (824 months) or height (259 months) measures are
recorded for any children classified by an enumerator as falling withivtir€9-monthage range.

While height andengthmeasurement is relatively transparent, it is less clear how enumerators measure
age if respondents are uncertain about birth dateM@tsl In principle,enumerators first ask

respondents for the month and year of birth of all children born in a housk¥ialglor dead, as well as
theexact date (day)f birth and the age at last birthday of all living childfdgrough this last variabiis

not directly used to estimate ayjdé no day in the month is recorded for birth, the DHS assigns the



number 15. If no month is recordeshumerators have the option of recording this as missingince
relatively few children in the DHS have missing datavfdB it would appeathat enumerators are
strongly encouraged to extract an estimate from respondentseasliarelatively few children have
imputedMOB data. For example, in India only 0.pércentof children have no birth month directly
recorded by an enumerator, and in Nigeria just pe86enthave no month recorded. Only Guinea (14.7
percent), Benin (8.percen}, and Burkina Faso (5fercent have notable proportions of imputation on
birth month.As shownbelow, thesdamputatiors are not the source of the MGitifacts discussed in this
paper.

In the DHS and other studies, each child’'s HAZ is calculated their age and height based on
the following formula:

z-score = (individual height - median height in reference population)/SD of reference population (1)

where the reference populatiorsjgecific to the child’s sex and aigemonthsand SD refers to standard
deviation. Children with HAZs dkss thanr-2 SD and less thanr3 SD are classified as stunted and
severely stunted, respectively.the DHS two main flags areften used to exclude outliers: one is to
drop HAZ values that fall outside thH&HO-recommendimits of —6 and +6, and the secoisto drop
absolute heights outside pifausiblerangeswhich are specified to be 45-1déntimetergor children
measured lying down and 65-1&ntimeterdor children measured standing uUxséaf, Kothai, and
Pullum 2015)Neither of these screens or other outtietection methods can explain or address the
MOB artifacts discussed below.

Our analysis focuses on comparing child HAZ scevitk theirreported birth month within each
calendar year and owpleted age, as well as the number of reported births by age in matmitesthere
may be actual seasonal or idiosyncratic shocks explaining-Mi@R relationships, we limit their
influence by poodhg dataset with very different weather patterns, calensigstems, and cultural norms.
Pooling the data in this way is expected to turn any actual seasonalitgridtom noise, especially
because our daspanthe northern and southern hemispheres with offsetting solar expobigéeads to
three specific nlihypotheses of no real artifactualmonth effects: (1) no association between HAZ and
MOB, with no sawtooth between the start dmelend of the calendar yedR) no association between
HAZ and round ages, with no sawtooth between the month before and the month after gepand a
(3) no association between number of births @mitd ages, with no asymmetric rounding around round
ages

To test these predictions we first use graphical methods to descriliatbivalationships
between HAZ and MOB, and HAZ and child age, and then use statistical testértd for any genuine
socioeconomic or biological determinants of birth timing and attainetitisddy month or age in months.
These regressionsst for significant associations betweha residual variation in HAZ and reported
calendar MOBas well as asymmetric roundibgas relative to round age, using the following generic
form:

H; = Y =1 BmMOBy, ; + Y51 ygmonths,; + 6D; + 60X; + pg + ¢, (2)

whereH; is the nutrition indicator (HAZ or stunting) for childMOB,,, ; are the 11 month-of-birth
dummies where December is the reference categorynamdhs, ; are the 11 dummies for the age in
months in addition to a round age where zénat(is a round age) is the reference categéoy éxample,
a 27-month-old girl is three months in addition to her round age of two ybais)child demographics
(child gender, ageand age squaredy;, is a series of parental/household control varia@ilessehold
assets, parental education, total number of children, total number of addtsavailability, water
source, a rural dummyp refers to surveglummiedor each country and survey wawande; isthe
error termthatwe cluster aenumeration areas. While)( the generic form of the equation we estimate,
we also estimate regressions excludthg@nd excludingX;, D;, andu, as well as regressions where
eitherMOB,, ; or months,; is excluded, to see whetheetie biases are orthogonal to each other or
interdependent in some way.



4. RESULTS

Our model of errors in recording child age aims to predict and expl&e specific artifacts in DHS data
or other anthropometric survey4) a positiveassociation beteen HAZ anctalendar MOB, visible as a
discrete gap in HAZ between the start and end of each calendafy@anegative association between
HAZ and age in months after completed years, leading to a discrete gap in HAZ badwsgust below
and just abve a round age; and (8)negative association between number of birthsageth months
after completed yearsith a similar gap around the round ages.

Random or Quasi-random Estimation of Month of Birth

As discussed above, if calendar year of birth is recalled more accurately #ratacahonth, then even
symmetricerrorsthat are equally likely to overstate as understate ag@miluce systematic artifact in
theassociation between HAZ and MOBhildrenwho are misclasfied as being born later in the
calendaryearwill actually be older and hence tallsp theirHAZ scoreswill be overstated, and vice
versa for thosenisclassified as being born earlier in taendaryear. In the benchmark case when
reported month is randomly drawn from a uniform distribution, there would be an upa@edrsHAZ
from the start to the end of each calendar year.

Figure 4.1reports this associan for all DHS data included in this study, which covers 62
countries. Consistent with tiandom MOB bias, HAZ rises with MOB in an approximately linear
fashion, and produsa JanuaryDecember differential of around 0.32 SD.

Figure 4.1 Average HAZ by MOB as a test for random MOB bias
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Source: DHS data fo990,231 children from 62 countsievarious years.
Note: HAZ = heightfor-age zscores; MOB = month of birtfhevertical bars indicate standard errors of the mean HAZ.

Figure 4.2shows thathegradient existin all majorregions but differs among individual
countries presumably due to their particular circumstaricggeneral, thdanuaryto-Decembegradiens
are steepdn poorer countriesvhere respondents are less likely to be literate and numerate, less likely to



have birh certificatedor their children and less likely to celebrate birthdays for cultural and
socioeconomic reasons. In SSA and the Middle East and North Africa (MNAath@ryDecember gap
risesto a large0.4 SD, while the gradients the twoSoutheast 8ian (EAP) countrie@not shown) are
particularly largeat abou.5 SD. But as one might expect, the gradients in Eastern Europe and Central
Asia (ECA) and Latin America and the Caribbean (LAC)raveh more modest (less than 0.2 SD in the
case of LAC)though the JanuaHpecembegays are still statistically significant. These two regions

have much higher maternal education and wealth levels than the remagidmg renuch stronger birth
registration systems, and cultures that have stronger norms alabdation of birthdays.

Figure 4.2HAZ-MOB gradients for major regions and selected countries
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In addition to these major regions we also report HADB gradients for some specific
countries whose patterns are of special interest because of their unendacabs well as undgrig
seasonality. First, the data for Nepal and Ethiopia provide additionabcoation of the MOB errors
because of their different calendars. The Nepal Bit8eyfollows a Hindu calendar where each year
generally begins in April, while Ethiopia follexan Orthodox calendar where each year begins in August.
Errors in MOB based on their calendars would create an upward sldpggstathose months, which is
what we observe, although in Ethiopia we also observe a Jabgsigmber gap, suggesting some
respondents/enumerators use the conventional Gregorian caleadardia, the figure closely replicates
the result reported byokshin and Radyakin (2012), with an observed gap of 0.3 SD between December
and the following January, but substantial nonliitgan the relationship between MOB and HAZ for the
rest oftheyear, perhaps pointing to genuine seasonality factors.

In the subsectionEconometric Tests of the Two Artifagtsve present regression results where
we include the control variables described in Section 2. In appendix Figure A.lsoweport regression
results for the major regions and selected couritriaddition to the raw means (in blue): dhat
controls for child demographiesd survey fixed effec{ged) and on¢hatalsocontrols forparental and
householatcharacteristicégreen) The described patterns of HAZ by MOB are not affected by the
inclusion of these control variabléd/e alsoreport a number of additional results in Appendix A. First,
we show that these biasag aften even larger in countspecific DHSsurveys In an extreme but
important case-given its large populationNigeria has a Decemberanuary HAZ difference of around
0.7 SD (Figure A2). Second, we also show that these gradients areplatied by DS imputation,
since steep Decembdanuary gaps exigthen imputed data are excluded (Figure A.3). However,
consistent with our hypothesé$AZ—MOB gradients are substantiaflatter for children who (1) have
more educated or literate moth@figures A.4 and A.5and @) have birth certificates (perhaps
surprisingly, however, the gradients do not entirely disappear with litification) (Figure A6). A
final result of some note is that the steep HIOB gradient reported iRigure 4.1does not vary nth
by age groupwe report separate gradients for childeeil2, 12—-24, 24-36, 36—48, ad®-59 months in
Figure A7); nor does it vary strongly by gend€igure A8), number of children of the mother (Figure
A.9), or location or assets of the household (Figures A.10 al.A.

Asymmetric Heaping around Round Numbers

If parents do not know exact birtlates, DHS survey manuals encourage enumerators to elicit an age in
years and then use salient events to uncover a more precise age in monthscén pnaetthe
enumerator has found the age in completed years he orashlee prone to prompt for a low humber of
additional months. Asking for whether the child is an additional nidé toonths (leading to an age in
months just below the next age in years) may be quite uncommon. Figueeert3 the number diirths
that are reported to have occurred at each age in months, relative to the ateyeyet all available
DHS data. The vertical lines represent thentbages(in years)around which onenight expectheaping.
Instead osymmetricalerrors around that cognitive anchor, what observe is another asymmetric
sawtooth patterriThere are peaks at or just after round aged,then a declining number of births
recorded at each successive age in months thereafter, to the next discontiagitycanepleted age in
years In the appendi¥igure A12,we also show that thsawtoothpattern exists when we replace #e
axis variable irFigure 4.3with theage in nonths in addition to a round age.



Figure 4.3 Asymmetric age heaping for aggregate DHS data
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Source: DHS data fo990,231 children from 62 countriegarious years.
Note: DHS =Demographic and Health Surveyhin red lines show round numbers.

The pattern shown in Figure 4.3 can be explained by what we term asymmetric rounding, in
which respondents and enumerators first establish an age in years and thbackedrd to identify the
additional months of age. Asymmetry arises when this protgss ®o early, thereby adding too few
months, with peaks occurring where the largest share of children have a nesteyye. The ages with
the fewest estimation errors are the troughs of the age distributia are round ages plus 11 months.
Consistent with this, our appendtigure A13 shows thathe child age is significantly correlated with
mother’s education: mothers who report a round child age are less educathddkanho report a round
age plusl1 months.

The consequences of asymmetdanding for research on child heights can be illustrated using
graphs of HAZ by age. These graptave become commonplace since the seminal worBkrirhpton et
al. (2001) and/ictora et al. 2010), who documented that most growth faltering takes plabe ifirst 20
months after birthFigure 4.4reproduces this type of visualization, revealing how children at or just
abovetwo, three,and fouryears of age are artificially taller for their age, with systematically Id¥et
scores in each successive riothereafter and a discrete gap between the months just below and just
above a round ag8ince DHS surveys are often conducted in waves with similar survey dates in a given
region, thespeaks irHAZ scores might be interpreted as seasonality when tieeyare likely due to
measurement error.
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Figure 4.4Mean HAZ by age in months
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Source: DHS data for 990,231 children from 62 countriesrious years.

Note:

HAZ = heightfor-age zscores

A different way to illustrate how asymmetric rounding affects analysis of I4A& ¢alculate
each child’s age in months in additionis or heround age in years. For example, being 11 additional
months corresponds to an age just below a round@gexample 23 months. This calculation allows us
to draw a graph that is analogous to Figure d@véraging over all children under five years of age.
Results are ifrigure 4.5, showing a linear pattern of discrepancy between one and 11 additional months
of about 0.3 SDwhich is the same magnitude as the discrepancy figore 4.1between Decembeand
January-born children.

Figure 4.5Mean HAZ by months in addition to age in years
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Source: DHS data fo990,231 children from 62 countriegarious years.

Note:

HAZ = heightfor-age zscoresThe vertical bars indicate standard errors of the mean HAZ.
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Figure 4.6 shows how the pattern of HAZ in months beyond completed years variesstaer
major regions and countries depictedrigure 4.2 A notable difference is that Ethiopia and Nepal, the
two countries for which national calendar systems affected the grauigure 4.2 are not particularly
distinctive inFigure 4.6 That observation is consistent with errors due to asymmetric rapbeing
substantially independent from random MOB errors because the former ematige telround ages
rather than calendar months. Appendix Figure A.14 also shows these resuttsraftaling for

additional covariates.

Figure 4.6 Mean HAZ by additional months for major regions and selected countries
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Source: DHS data fo960,012children from58 countries various years.

Note:

HAZ = heightfor-age zscoresSSA= Africa south of the SahardNA = Middle EastandNorth Africa;

ECA =Eastern EuropandCentral Asia; LAC= Latin AmericaandCaribbean. Corresponding graphs where controls are

included can be found mppendix Figure A4.
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The patterns shown frigures 4.5 and 4.@ndFigures 4.1 and 4.2 are analogous and similar in
magntude, but an important difference is that recorded months beyond a childisyages are collinear
with the actual age in months of the chiéd a result, the negative HAZ gradient observeligures 4.5
and 4.6could reflect a true decline in HAZ with each successive month of age, espéaiallg a child’'s
first two or three years after birth as illustratedrigure 4.4.To address this issue we turn to statistical
tests, controlling for age along with other covariates.

Econometric Tests of the Two Artifacts

Results of oumultivariate econometric testse presented using the same type of visualization as the
bivariate relationships, first in terms of calendar months (and headgettemberJanuary gap) and then
in terms of months in addition to a round age (and hence the round ageeggssions use the
specification from equation (2), with robustness tests that varyatigtistl controls included in the
model. Weestimate separate models for ekitid of artifact,and then @ombined modethat includes
both calendar months and months in addition to age in yeareach of these two specifications we
initially add no controls (model 1), then control for child age, age square@rgesurvey fixed effects
(model 2), and then also contfol all available socioeconomic factors (model 3). We summarize the
resultsof these regression estimated-igure 4.7

The main conclusions are threefold. First,¢akendaMOB bias is entirely robust to
confounding factorsa DecemberJanuary gap of around 0.3 SD persists even after controlling for age
and socioeconomic factors. Secotid, asymmetric rounding bias appears tpdntly explained by
socioeconomic factors: the magnitude of the bias falls from 0.3 SD to Goa&Dwe control for child
age. Third, these two biases appear to exist independently of each mthiyirsg both sets of dummy
variables in the model has no effect on the coefficients of either set.

In Figure 4.8we repeat this exerciger whether a child can be classifiedsaimted (HAZ<-2).
The artifacts are again large, with DecemBJanuary differences of just over 5 percentage points,
irrespective of the model, while children reported being 11 months older thancage are 2 to 3
points more likely to be classified stnting compared with children with a round age.
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Figure 4.7 Tests for month-of-birth and round age biasesin HAZ scores
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Figure 4.8 Tests for monthof-birth and round age biasesin stunting status
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5. SIMULATIONS

We undertake two different simulation exercises to illustrate how measurameestoan lead tthe two
artifacts we found in the DHS dafrst, we replicate the artifacts from a known error process, then we
guantify how much of each type of error would be needed to explain the observeddfitaly we
estimate how thatrrorwould affectmean HAZ andtunting rates. Since the regression analysis has
shown that the two types of error are independeatassessach artifacin two separate simulations.
Both simulationsstart witha referencelistribution of childheights by ageto establish a benchmark for
the truelevels of HAZ and stunting at eaaelge. Next, weise each hypothesized error process to reassign
some children to a mimeasured birth montand calculate the resulting levels of HAZ and stunting at
each reported age. iBrallows us to calculate what fraction of children would be required to Imave a
erroneous age response to generatpalternsobserved in the DHS dat@omparison of the reference
distribution with the error-laden distributions yields the resulting ntadaiof bias in mean HAZ and
stunting rates

Appendix B contains detailed protocol for these simulatiois® here we provide ontie basic
details and intuition of the simulation approach. The benchmark heights ukedsimulationsre drawn
from normal distributios for a female population at eaape in days. Thmean and the standard
deviationof the distribution at each ageederived fromthe WHO child growth standardsr girls
(WHO 2006) transfornedto fit the observed level and variation of actual heights in the DHS
replicate smoothed growth velocities observed in the DHS, our benchmark gophkaiits growth
velocity slowed relative t&WHO standardby 7 percent lesgrowtheach dayrom 0 tosix months, then
21 percent less growth each day fromtsi4 months of age, and finally 10 percent less growth from 24
months onward. Tik benchmark growth trajectoocprrespondsvell to the means in the DHS data as
shown inFigure 5.1° To adjust theSDs of height, wesimply add 2 to the WH@Ds to approximate a
realistic spread in the DHS HAZ distribution. We motivate this adjustmemt@mbination of overall
measuremat error that is,not related to the artifacts described ab@re) increased dispersion due to
variation in nutritional status of the children in the sample. Wiadamore multiply the WHGDs by
0.85 to account for the fact that t88s in the DHS daticrease less with age than the WBDs (a
potential explanation of this phenomenon could bedtrats in height measurements decreasih age.
Figure 5.2llustrates that the simulated SDs fit $lepe of theSDs in the DHS dataalthoughthey arein
general 1.5 times lower. We have chosen this specification to fit the shglamnting rates to those in
the DHS data and because the measurement errors that we simulate also ire@as# treightThe
resulting simulated true HAZ by age is showiigure 5.3. It appears smooth compangith the DHS
HAZ by age.

3The negative bump in the simulated heights gdisr 730 days of agéxo years) is due to the fact that children are no
longer measured recumbent, but standing. According to the WHO growth standadisgdtaight is 0.2entimetershorter
than recumbent length.
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Figure 5.1 Mean height by age (local polynomial smoothing), DHS data and simulated data
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Note: DHS = Demographic and Health Surveys.

Figure 5.2 SD of height by age (local polynomial smoothing), DHS data and simulated dat

- //\/V’\/\/\/J
//
//

365 730 1095 1460 1825
Age in days

Source: DHS data fort88,307girls from 62countries and simulated data, various years.
Note: DHS =Demographic and Heal®urveys; SD = standard detigan.

SD of height {local polynomial smoothing)

(=]

Simulated true DHS

17



Figure 5.3Mean HAZ by age (local polynomial smoothing), DHS data and simulated dat
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Note: HAZ =heightfor-age zscoresDHS =Demographic and Health Surveys

Replication of Random MOB Errors

The first step in replicating random MOB errors involves drawing a randdimnbanth and birth day for
each child in the simulated data. We then calculate the age with measuremdrassdon the random
month and day along with a true birth year, and we use this random MOB age tdealcHlaz with
error. (Note that we includanly children with an erroneous age below 60 months since the sample
selection in the DHS surveys is based orréperted age; this implies that some children that are truly
older than 60 months are included in the sample while some children truly &@lmenths of age are
excluded from the sample). We can then map the true simulated HAZ and the th/etrar by he
reported birth month (either true or random).

This comparison is shown Figure 5.4 and it is clear that assigning random birth months yields
almost exactly the same pattern observed in the DHS data, with a large Decambary gap in mean
HAZ. However, the gap is almost fithes as large as in the DHS data showigure 4.7 indicating
that most parents in the DHS do not provide random MOBs. Hence, we vary thefstiatdren in the
simulated data who report the true birth month and who report a random birth monthtteefshare that
fits the Decembeganuary gap t60.31 SD as in the DHS data. This is also illustratdeéignre 5.4 and
detailed in Table B in Appendix B. A gap 0f0.32 SD is produced by assigning 11 percent of the
children with a random MOB. The Jkrcentrandom MOB sample has a moderate stunting rate of 35.7
percent comparedith 35.2 percent in the true data, and a severe stunting rate of 15.2 percemedompa
with 14.5 percent. Althougthese errors are small, we note that for particular surveys the Deeember
January gap is much larg€.7 SD in Nigeria)implying substantially higher degrees of randomi2Ss
percent in Nigeripand somewhat larger biases in stunting estimates (0.9 percpotatgeand 1.6
percentage points for moderate and severe stunting in Nigddegover, this random MOB artifact will
generally bias stunting estimates upward poorer and lessducategopulation, slightly inflating the
stunting differences betweerfférent socioeconomic groups.
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Figure 5.4 Simulated HAZ with varying shares of children with random month of birth
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Replication of Asymmetric Rounding for Age in Months beyond Completed Years

In the DHS data we found that ages appear to be rounded down asymmetricallgl,égesin completed
years, resulting in many children being reported as younger than they aateiallp gimulatehis kind

of measurement error, we reassign a fraction of the benchmark populaimoanty generated age in

the interval between their true age in completed years and their true ags.ififldaymplies that the age
calculated in complete years idlstbrrect, but the reported number of months in addition to age in years
is lower than the true number of months. Hence true age is thereby undesstatethe previous
subsection, we use this (mis)reported age to calculate the HAZ with error.

In Figure 5.5 we illustrate how mean HAZ depends on the number of months of age in addition to
the age in years. For instance, the category of three months captotelsladh age 3 months, 27 months,
39 monthsand 51 months. Since average age is increasiagtbe month categories, we control for
guadratic age to account for the overall age pattern in HAZ. FiguikuSteates the HAZ coefficients for
the month dummies relative to a round age in years for both the true simulatesidi#te data with this
asymmetric rounding bias. It is clear this type of measurement error cantgeherdescending pattern
in HAZ from one to 11 additional months that we found in the DHS data presented in4&kUree true
simulated HAZ does not show the same descerahittgrn when we control for age.

As before, we can use our simulation to compute the fraction of children afifigctieid type of
measurement error that would replicate the HAZ gap of 0.18 observed in Didisetimeen the month
just below that is,11 months above) and just above a round age, when age is control\&@ fthustrate
this calibrationin Figure 5.6anddetail itin Table B2 in Appendix B. We find that when 7 percent of the
children have their age rounded down toward the age in etepyears, we can reproduce tharidnth
gap of 0.18 in the DHS data. Using the calibrated shargefcént affected by asymmetric rounding, we
can draw the resulting age distribution to compare with the actual digtritha DHS data. Figure 5.7
illustrates thisThe distribution has heaps at the round ages and then slowly declines doumdtages
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plus 11 months before it jumps up again at the next round age, just as we saw in tlag®HiStribution
depicted in Figure 4.3.

A final question is hovasymmetric rounding affects stunting rates. Since it causes age to be
understated on average, mean HAZ at each age will be too high, and we therefor¢hexmismeasured
population’s stunting rate to be lower than its true rate. This is alsoamehfatd: The moderate stunting
rate decreases almdspercentage point from 35.2 to 34.3 percent whparéent of the sample has an
asymmetric rounding error in the reported age. The severe stunting redeiced from 14.5 to 14.1
percent. That result forrifact 2 contrasts with the bias introduced by errors in calendds Atifact
1), which inflate stunting rates by symmetrically increasing the digpeo§iHAZ. In contrast, Artifact 2
increases the mass in the upper tail of the HAZ distribution.

In summary, the two types of measurement error distort aggregate stunting igessite
directions,and when taken together, the simulations suggest that the modemtitegstate is slightly too
low in the DHS survey data, while the severe stuntingisatkghtly too high.

Figure 5.5HAZ by age in months in addition to age in years, true simulatkdata, with asymmetric
rounding error
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Figure 5.6 Simulated HAZ with varying shares of children with asymmetric roundingerror
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Figure 5.7 Simulated age distribution with 7 percent asymmetric rounding error
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6. DISCUSSION

This paper examines the consequences of mismeasured month of birth resulismgported agélsing
all suitable DHS data from 1990 to 2014 we find two puzzling anomaliesahatadily be explained by
this kind of error, especially in countries and regions with low levelsapémal education, low
socioeconomic statuand underused birth registration systems. The first bias appears to daexkply
random or quasi-random estimation oO®, while the second appears to stem from a tendency for
enumerators/respondents to round down ages more than they round up. Moreover, thessvappiear
to operate independently.

What are the implications of these findings for nutritional researchiel®éfy three areas of
concernFirst, studies that estimate stunting rates will be affected by the twe direfror, but in
opposite directions. Errors in calendié®B do not affect median HAZ but do increase the spread of the
HAZ distribution, leadig to fatter tails and more children recorded to the left of th€D cutoff. Errors
in age relative to completed years leadnderreportingf age, on average, and hence overestimation
HAZ scores. For the most part these two errors cancel out, which in somessemséoirting news.
However, we caution against ignoring these errors, since particular survee mmaye predisposed to
one type of error than the other, and since the prevalence of these erroryegnhigh in particular
surveys for example Nigeria).

Second, the many studies that use birth timing relative to climatic er siibcks for estimation
of causal effects on child height and stunting should take these errors imtiotadere there are
potentially two types of concerns. The first is attenuation bias, which emfggn the use of age in
months to identify exposure to shocks, such as climatic stipzkmi et al. 2016; Tiwari, Jacobynd
Skoufias 2017) or economic or political sho¢R&resh Verwimp, and Bundervoet 2011As a result,
type Il errors are a concern here. A second bias is perhaps more severe, stemmoes dsoitnca
simultaneity problemWork such as.okshin and Radyakin (2012ndDorelien (201%implicitly assume
that MOB errors merely attenuate the effatat they find. In contrast the results in this paper show that
MOB misreportingntroduces a simultaneity problem since misreported age implicitly appebatton
the lefthand side of the equation in HAZ and on the rigdutd side as a reported MOB (a Lokshin
and Radyakin 2012 and Dorelien 2015). These papers erroneously tend to findtkaén leiarlier
months in the calendar lead to worse HAZ outcomes, and therefore warrantsggssbo-interventions
such as safety nets or additional pubkalth interventions. While there may indeed be true seasonality in
HAZ outcomes, the errors in DHS and similar surveys arguably create amaosuable confounding
problem.

This is unfortunate, because studies from countries with highly accinthtespistration exploit
timing of exposure to shocks very effectivéBurrie and Rossislater 2013; Deschenes, Greenstone
and Guryan 2009; Messias et al. 2006) and often demorsityatficant associations between climatic
shocks and longun health and nutrition outcome3learly, one would expect developing-country
populationgo befar more vulnerable to seasonal insults to nutrition because of thetinabpioor
populations to effectively protect themselves against adverse di@icsbers 1982Moreover, studies
of rural Gambian communities, which circumvented age-misreporting problefasusing on indicators
of birth outcomes, suggette existence aftrong seasonal determinants of children being born
prematurely or being short for gestational age, and of poor maternal weigdriemith during pregnancy
(Prentice et al. 1981; Ray@wolon, Fulford, and Prentice 2005). Although there are a handfuhdési
but much earlier biological studies in other developing courtriee Raycdsolon, Fulford, and Prentice
(2009 for a review—surprisingly little is known about the losigrm nutrition, healthand cognitive
impacts of birth seasonality across different ecologies and socioeconomic £adendethis would still
seem an area where much more research is needed, albeit with improved survegntstrum
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On this last point, our study draws attention to a significant sounteagurement error in DHS
surveys but one that exists in other similar multipurpose surveys conducted irdawdieped
populations. (Though not reported here, we find similar errors in the Living&8tisMeasurement
Study surveys implemented by the World Bank and the Multigliedwor Cluster Surveys implemented
by UNICEF) This study provides simple, implementable markers of measurement errerthraagould
be used to identify the extent of these biases and to gauge the effestiveaesmpts to reduce
measurement erromn ichild age. Measuring children’s age more accurately in these settimggtely
requires further experimentation in the field, but some avenues for atxpioinclude the adoption of
more sophisticated event calend#ing,questioning of both mothersi@ fathers, anthetraining of
enumerators to be more aware of the serious consequences of age misreportingtddanrires paper.
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APPENDIX A: SUPPLEMENTARY FIGURES

Figure A.1 HAZ-MOB gradients for major regions and selected countries with controls
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Source: DHS data fo1960,012children from58 countries, various years.

Note:

HAZ = heightfor-age zscoresSSA= Africa southof the SaharaMNA = Middle EastandNorth Africa; MOB =

month of birth;ECA =Eastern EuropandCentral Asia; LAC= Latin AmericaandCaribbean.
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Figure A.2 HAZ by MOB for Nigeria
Nigeria
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Source: DHS data from 60,893 children from surveys in 1990, 2003, ,20482013.
Note: HAZ = heightfor-age zscores; MOB = month of birtiCoefficients are from regressions wherecalhtrol variables are
included

Figure A.3 HAZ by MOB for children with and without imputed birth month
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Source: DHS data from 396,299 children in 17 countries in Afgoath of the Sahaend Egypt and India.
Note: HAZ = heighifor-age zscores; MOB= monthof birth. Two percentf children have imputed month of birth
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Figure A.4 HAZ by MOB depending on the mother’s education
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Source: DHS data from 975,534 children in 62 countries.
Note: HAZ = heightfor-age zscores MOB = month of birthFortyfour percenbf children have mothers with-8 years of

schooling; 19ercenthave mothers with-6 years of schooling; 1iercenthave mothers with-B years of schooling; ldercent
have mothers with 212 years of schooling, andp@rcenthave maters with 13 or more years of schooling.

Figure A.5 HAZ by MOB depending on the mother’s literacy
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Source: DHS data from 38,347 children in 50 countries, various years.

Note HAZ = heightfor-age zscores; MOB = month of birtlifty-three percendf the children have illiterate mothersr
percenthave literate mothers.
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Figure A.6 HAZ by MOB depending on whether the mother has shown the child’s birth céificate
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Source: DHS data from 396,299 children from 17 countries in Afgcaith of the Sahand Egypt and India.
HAZ = heightfor-age zscores; MOB =month of birth.Twenty-one percentf childrenhaveno birth certificate; 26
percent hava birth certificate but it is not shown to the enumerator; anuEB&nishowthe birth certificate.

Note:

Figure A.7 HAZ by MOB by age group
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HAZ = heightfor-age zscores; MOB = month of birth
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Figure A.8 HAZ by MOB by gender of the child
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Source:DHS data from 990,231 children in 62 countries
Note: HAZ = heighifor-age zscores; MOB = month of birttkifty-one percentf the children are boys.

Figure A.9 HAZ by MOB by number of children in the household
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HAZ = heightfor-age zscores; MOB = month of birttgixty-nine percenof children havehreeor fewersiblings on
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Figure A.10HAZ by MOB by location of the household
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Figure A.11HAZ by MOB depending on whether the household has above or below median asse
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Source: DHS data from 866,450 children in 59 countries.
HAZ = heightfor-age zscores; MOB = month of birth.
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Figure A.12 Number of births by months in addition to round age
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Source: DHS data from 987,028 children in 62 countries.

Figure A.13 Mother’s education in years by the difference between interviewnd birth month
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Source: DHS data from 82,337 children in 62 countries, various years.
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Figure A.14HAZ by additional months for major regions and selected countries includig controls
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Source: DHS data fo960,012children from58 countries, various years.
Note: HAZ = heightfor-age zscoresSSA= Africa south of the SahardNA = Middle EastandNorth Africa;
ECA =Eastern EuropandCentral Asia; LAC= Latin AmericaandCaribbean.
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APPENDIX B: SIMULATION PROTOCOL

Data-Generating Process

To simulate the true underlying height data, we implement the followinggdaterating process. We use
Stata 14 for the simulations with the seed 1159 for the random number generator.

1.

2.

3.

The observations consist of 100 girls born on each day between January 192010,
Deember3l, 2015 (219,100 observations in total).

Assign a random day of measurement for each observation within the timesparyJ
1, 2015, to December 31, 2015.

Calculate the true age (in days) as the difference between the birth date dag ¢
measurement. This leads to an age range from alriggtar to 6 years of age. The
reason to include children with aggreaterthanfive years is that the measurement error
in age may cause children to be included in the sample who are truly too eld to b
included. We disregard children with negative agat(is,born later than the day of
measurement, 18,333 observations). Furthermore, we mirror the increasiiom atith
age that we see in the DHS data by dropping a number of obserthtitinsrease
linearly with age up to 24 percent fitiose58 months old as found in the DHS data.
Now, the total number of observations is 175,030.

Merge the data with aggpecific synthetic length/height medians and standard deviations
(SDs). These are constructed the following way:

a) We useWorld Health OrganizatioVfHO) length/height medians and SDs by age
days for girls as a starting poifWHO MGRSG 2006} These are available up to 1,856
days of age. For older children, WHO provides means and SDs liy agaths(de
Onis et al. 2007)We make a linear interpolation to obtain means and SDs Ly dggs
for children older than 1,856 days.

b) The WHO reference datebased on welhourished children. To illustrate the
measurement error in an environment with a plausible amount of stunting,usethd;
medians and SDs to correspond in a smooth way to the empirical pattern fromiShe D
data.

¢) The height medians are adjusted by changing the growth velocities sudhilthenhcup
to six months grow 7 percent less each day thanmalrished children; children from
six months tawo years of age grow 21 percent less each day than the growthrsksind
and children older thatwo years grow 10 percent less each day than the growth
standardskigure Bl illustrates how these adjustments calibrate the synthetic mean
heights well to the DHS mean heights.

d) We add 2 to the height SDs to account for dvemaasurement error and increased
dispersion due to variation in nutritional status of the children inaimple. In the DHS
data, the SDs of height increase less with age than the B30 we multiply the
WHO SDs with 0.85 to have the same age gradiethe synthetic data as in the DHS
data.Figure B2 illustrates the SDs of heights by age in days in the DHS data and in the
simulated data. We chose SDs that are below the SDs in the DHS data tfit ble¢ter
moderate and severe stunting rates obthmilated data with the stunting rates in the
DHS data.

32



1. Draw heights for each observation from a normal distribution using the sgntiexlians
and SDs.

2. Calculate the true HAZ based on the simulated data for the children who areryounge
than 1,826 daydiye years).Figure B3 illustrates how the simulated true HAZ compares
to the HAZ in the DHS data.

Figure B.1 Mean height by age (local polynomial smoothing), DHS data and simulated dat
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Source: Simulated data andHS data for 960,012 children froB8 countries, various years.
Note: DHS =Demographic and Health Surveys.

Figure B.2 Standard deviation of height by age (local polynomial smoothing), DHS data and
simulated data
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Note: DHS = Demographic and Health Surveys.
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Figure B.3 Mean HAZ by age (local polynomial smoothing), DHS data and simulated data
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Source: Simulated data andHS data for 960,012 children from 58 countries, various years.
Note DHS = Demographic and Health Surveys.

Measurement Error: Random Month of Birth

To illustrate how measurement error in the month of birth can lead to atitisityrin mean HAZ
between December and January and to quantify the impact on stunting rag@sulaee the random
month measurement error in the following way:

1.

Draw random day and month of birth for each observation from a uniform distribution
and calculate reported age based on the random day and month and the truerbirth yea
For children bornn 2015, the random month is restricted such that they cannot draw a
random month of birth after the month of measurement.

Calculate the HAZ with random month of birth error for the children wittparted age
below 1,826 daydige years).

Show how HAZwith error exhibits qualitatively the same pattern over month of birth as
in the DHS data. This is illustrated Figure B4.

Randomly assign whether a child has measurement error in month of birth or not. We
vary the share of children with measurement error to find the share that nth&ches
DecemberJanuary gap in the simulated mean HAZ with the corresponding gap in the
DHS data. This is shown Figure B5andTable B1.

Calculate moderate and severe stunting rates for simulated data with vaariegpth
measurement error in month of birth. These are also includeabie B1.
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Figure B.4 Simulated true HAZ and HAZ with random month of birth
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Source: Simulated data andHS data for 960,012 children from 58 countries, various years.
Note: DHS = Demgraphic and Health Surveys.

Figure B.5 Simulated HAZ with varying shares of children with random month of birth
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Table B.1 Share of children with random month of birth, the simulated DecemberJanuary gap,
and stunting rates

Share Dec—Jan
random gap Moderate stunting Severe stunting
DHS -0.313 0.354 0.160

Rate Difference Rate Difference
0.000 -0.014 0.352 - 0.145 -
0.010 -0.038 0.353 +0.001 0.146 +0.001
0.020 -0.064 0.354 +0.002 0.147 +0.002
0.030 -0.095 0.354 +0.002 0.147 +0.002
0.040 -0.126 0.355 +0.003 0.148 +0.003
0.050 -0.155 0.355 +0.003 0.148 +0.003
0.060 -0.181 0.355 +0.003 0.149 +0.004
0.070 -0.209 0.356 +0.004 0.149 +0.004
0.080 -0.235 0.356 +0.004 0.150 +0.005
0.090 -0.259 0.356 +0.004 0.150 +0.005
0.100 -0.287 0.357 +0.005 0.151 +0.006
0.110 -0.320 0.357 +0.005 0.152 +0.007
0.120 -0.343 0.358 +0.006 0.153 +0.008
0.130 -0.368 0.358 +0.006 0.153 +0.008
0.140 -0.402 0.359 +0.007 0.154 +0.009
0.150 -0.428 0.359 +0.007 0.155 +0.010
0.160 -0.456 0.359 +0.007 0.155 +0.010
0.170 -0.483 0.360 +0.008 0.156 +0.011
0.180 -0.511 0.360 +0.008 0.156 +0.011
0.190 -0.539 0.360 +0.008 0.157 +0.012
0.200 -0.565 0.361 +0.009 0.158 +0.013
0.210 -0.592 0.361 +0.009 0.158 +0.013
0.220 -0.620 0.362 +0.010 0.159 +0.014
0.230 -0.649 0.362 +0.010 0.160 +0.015
0.240 -0.680 0.362 +0.010 0.160 +0.015
0.250 -0.707 0.363 +0.011 0.161 +0.016

Source: Simulated data
Note: HAZ = heightfor-age zscores.

Measurement Error: Asymmetric Rounding Error

To illustrate how an asymmetric rounding error in age can lead toantisgty in mean HAZ between
children that are one month below a round age and the round age and to quantifytthg inegalct on
stunting rates, we simulate the asymmetric rounding error in the fotjomeay:

1. Assign an age (in days) randomly drawn from the uniform distribution overtdredh
from the age in completed years and the true age in days. This implies that the age in
completed years is correct hatthe number of additional months of age is lower than
the true age. Based on this reported age, calculate the age in months om aoidite age
in completed years-or example, if a child is reported to be 27 months old, this
corresponds towo years andhreemonths.

2. Calculate the HAZ with asymmetric rounding error based on the reported age.

3. Show that HAZ with error by the number of months in addition to age in yeadlstexh
gualitatively the same pattern as in the DHS data. This is illusiratédure B6.

4. Find the share of children with a rounding error in age that results in a §a8of
between a round age and a round age and 11 months. This is illustiEimpaerB.7 and
in Table B2. The latter also includes the resulting stunting rates for diffeteares of
children with rounding error in age.

5. Show the age distribution and the HAZ by age for the simulated data whereiitérc
children have an asymmetriounding error. This is illustrated Figures B.8andB.9.
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Figure B.6 HAZ by age in months in addition to age in yearfor the true simulated data and with
asymmetric rounding error
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Figure B.7 Simulated HAZ with varying shares of children with asymmetric rounding error
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Table B.2 Share of children with asymmetric rounding error, the simulated 1tmonth gap, and
stunting rates

Share with 11-month

error gap Moderate stunting Severe stunting
DHS -0.184 0.354 0.160
Rate Difference Rate Difference

0.000 -0.044 0.352 - 0.145 -
0.010 -0.072 0.351 -0.001 0.145 0.000
0.020 -0.088 0.350 -0.002 0.144 -0.001
0.030 -0.106 0.348 -0.004 0.143 -0.002
0.040 -0.123 0.347 -0.005 0.143 -0.002
0.050 -0.145 0.346 -0.006 0.142 -0.003
0.060 -0.164 0.344 -0.008 0.142 -0.003
0.070 -0.185 0.343 -0.009 0.141 -0.004
0.080 -0.206 0.342 -0.010 0.140 -0.005
0.090 -0.222 0.340 -0.012 0.140 -0.005
0.100 -0.237 0.339 -0.013 0.139 -0.006
0.110 -0.258 0.338 -0.014 0.138 -0.007
0.120 -0.274 0.337 -0.015 0.138 -0.007
0.130 -0.287 0.335 -0.017 0.137 -0.008
0.140 -0.308 0.334 -0.018 0.137 -0.008
0.150 -0.324 0.332 -0.020 0.136 -0.009
0.160 -0.339 0.331 -0.021 0.135 -0.010
0.170 -0.344 0.329 -0.023 0.135 -0.010
0.180 -0.352 0.328 -0.024 0.134 -0.011
0.190 -0.365 0.327 -0.025 0.133 -0.012
0.200 -0.383 0.325 -0.027 0.132 -0.013
0.210 -0.395 0.324 -0.028 0.132 -0.013
0.220 -0.406 0.323 -0.029 0.131 -0.014
0.230 -0.423 0.321 -0.031 0.130 -0.015
0.240 -0.437 0.320 -0.032 0.130 -0.015
0.250 -0.445 0.319 -0.033 0.129 -0.016

Source: Simulated data.
Note: HAZ = heightfor-age zscores.
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Figure B.8 Distribution of simulated ages with 7 percent asymmetric rounding erno

0 365 730 1095 1460 1825
Age in days with error

Source: Simulated data.
Note: HAZ = heightfor-age zscoresRed lines correspond to ages in round numbers (i.e. 1, 2, 3, 4, 5 years).

Figure B.9 Simulated HAZ by agewith 7 percent asymmetric rounding error
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Source: Simulated data.
Note: HAZ = heightfor-age zscoresRed lines correspond to ages in round numbers (i.e. 1, 2, 3, 4, 5 years).
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