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1. Introduction

Since the 1970s, birth histories have become amsaorce for estimating
fertility levels and trends in developing countriggith more than 300 surveys
conducted since the late 1970s, the WFS and the pbig@am have allowed
tremendous progress in the knowledge of fertiligvels, trends, and
determinants. Despite the usefulness of birth hestpfertility estimates based
on birth histories are potentially affected by was types of data quality
problems (Arnold, 1990; Blacker, 1994; Goldman let ¥985; Potter, 1977,

Pullum, 2006): displacements of births, omissiorfs boths, under/over

sampling of high fertility women, misreporting ofe& The detection of data
quality problems and the evaluation of their impawtfertility indicators are

not straightforward. While some severe issues candétected relatively
easily, others are more difficult to identify. Dmtangling the different types of
data quality problems is important to improve dadHection, and to evaluate

the impact of these problems on fertility.

In this paper, | compare direct and indirect estasaof recent fertility to
evaluate the quality of birth history data. Theedirestimates are based on
birth histories and computed in the same way asptiidished estimates in
DHS. The indirect estimates are computed using dhescross method
(Schmertmann, 2002), based on cohort parity incnésnkeetween successive
surveys. Comparisons between direct and indiretiinates are used (1) to
show that the data are affected data quality prebleand (2) to help identify
the type of data quality problems (omissions okergdirths, displacements,
omissions of early births, differences in samplelementation). It could

potentially be used to (3) help correct fertilistienates.

After this introduction, | present the crisscrosstihhod (and related cohort
parity increments methods) and the direct methatiensecond section. In the
third section, | discuss possible effects of daiality on direct and indirect

estimates, and how cohort parity increments methoamgee been used to
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evaluate data quality. Data are presented in thetHosection. In the fifth
section, direct and indirect estimates are compared series of countries
where several DHS have been conducted. In sectisimiilations are used to
map the links between data quality problems in eysvand the differences
between direct and indirect estimates. In the gbvesction, three case studies
(Vietnam, Ethiopia and Nigeria) are analyzed tosiliate how the method can
help identify data quality problems. Results arefty compared with other

methods to evaluate data quality. Section 8 cordud

The approach presented in this paper is intendebdetaused as a rough
diagnostic that can be performed easily. Prelinyinsesults suggest the
method can highlight specific types of data qualitpblems, or indicate
surveys that are problematic. Used in combinatigh ather methods, it could

help making more detailed diagnostics about dagditguof birth history data.

2. Computing recent fertility with direct and indirect methods
Recent age-specific fertility rates can be compurtea number of ways. Two
methods are described below, and are comparedeimett of this paper in

order to evaluate the quality of birth history data

2.1. Thedirect method

The most common method with fertility surveys cstsin computing fertility
rates directly from birth history data (Moultrie %) Schoumaker 2013). The
number of births that occurred in each age growgr seme period (e.g. three
years preceding the survey) is computed, and igletivby the number of
women-years (exposure) lived in each age groummguhe period (Rutstein
and Rojas 2006, Moultrie 2013, Schoumaker 2013)Yefkare computed
between exact ages, and on periods of any lengthHIS, they typically refer



to the three years or the five years precedingstimeey, but they can be

computed for shorter or longer periods (e.g. 6 pedrs.

Figure 1 : lllustration on the Lexis diagram of t@mmputation of fertility rates with the direct

approach.

Survey attimet

2.2. Cohort parity increments approaches and the crisscross method

The estimation of period age-specific fertility gatfrom the increment of
cohort parities is a classical indirect method déstimating fertility (Arretx
1973, Zlotnik and Hill 1981, UN Population Divisidt983, Moultrie 2013).
The central idea of that method is that the changbe parity in a cohort of
women between two dates reflects the fertility rdibeing the time interval.
Age-specific fertility rates can thus be inferrednh changes in the average
parity of women of the same cohorts over time (Brel973,
UN Population Division 1983, Moultrie 2013). Forstance, comparing the
average parity of women aged 30-34 in 2000 and woaged 25-29 in 1995
allows computing fertility rates for that cohort wbmen between 1995 and
2000. In the classical applications of cohort paritcrements, surveys or

censuses are five or ten years apart {Moultrie 32€4}.

L In this paper, fertility rates are computed with the tfr2 module for Stata (Schoumaker, 2013), which
allows computing fertility rates from birth histories in a flexible way on periods of any length.
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The crisscross method (Schmertmann 2002) can besdli@s a generalization
of the earlier methods relying on cohort parityréraents. In its application to
fertility, the crisscross method also derives ggectic fertility rates form the
comparisons of average parities at two pointsnretilt differs from the other
methods in several respects. First, average pmaate measured at exact ages
(whereas it is usually measured in five-year ageigs in the other methods).
Secondly, the crisscross method is very flexibléghwiegards to the time
interval between surveys, and surveys need noeparated by 5 or 10 years.
Third, age-specific fertility rates are computedween two exact ages and as
a result are directly comparable to rates compuwigd the direct method,

provided the same time period is used.

With the crisscross method, the fertility raig lfjetween two exact ages (x and

x+n) over a period of any lengthis obtained in the following way (Eq. 1).

/1=(%+%).(C—A)+(%—%).(B—D) (Eq. 1)

A, B, C and D are the mean number of children dan at exact ages and
dates defined by the corners of the Lexis diagrang the time interval
between the two surveys, and n is the width ofaide group (Figure 2).

Figure 2 : lllustration of Lexis diagram and formdbr estimating fertility rates with the

crisscross approach (adapted from Schmertmann,)2002

B C

T

The mean number of children ever born is typicadlyorted for age groups.
Schmertmann (2002) suggests estimating the mearberuai children ever

born at exact ages as averages of parities ofdighlmoring 5-year age groups.
In this paper, average parities by single year gé are used, and the



relationship between age and parity is smoothetguBoisson regression with
restricted cubic splines. Parities at exact agegeardicted from the regression

coefficients.

3. Data quality and comparisons of crisscross and direct estimates
All measures of fertility — direct or indirect -eapotentially affected by data
quality problems. However, direct and indirect resties are not affected in the

same way by different types of problems. This ke aspect of the method.

3.1. Typesof data quality issues

In this paper, | distinguish six broad types ofadgtiality problems that can
affect fertility data and estimates. Only the fiiwtir will be taken into account
in the methodl They cover problems that are considered to bguéet and
important for our purpose. | briefly discuss th@gseblems and the possible
influence on direct and indirect estimates of rédertility. The impact of data

quality on fertility estimates is further discusdater with simulation results.

1) Backward displacements of recent births. This is a common issue in
DHS surveys and is related to the lengthy healthluteo (Pullum 2006),
that encourages interviewers to displace some sbisickward to avoid
administer this module. This may influence direstimates of recent
fertility if the period for which the rates are cputed includes the years
from which the births are displaced backward. Hosvethe effect is likely
to be small, because it is limited to a small portdf the period for which
rates are computed. Crisscross estimates are fecteaf by displacements
of births, since it relies solely on the total nienlof children ever born.
The difference between the indirect and the diestimate should be

small.

? The results are not very sensitive to the way parities at exact ages are estimated.

*In this version of the paper, only the first four problems are taken into account.
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2) Omissionsof recent births. The same reasons that encourage interviewers
to displace births may lead them to omit recenthbirThese data quality
problems may lead to serious underestimation anefertility with direct
estimates, although it is difficult to quantify shproblem (Schoumaker
2011). Crisscross estimates will be little affectedmissions do not vary
across surveys, but will be influenced if omissioasy across surveys. As
shown later, the difference between indirect andealli estimates
essentially depends on the degree of omissiondenfitst of the two
surveys that are used for the crisscross method.

3) Omissions of early births. Early births may also be omitted, especially if
the children have not survived. Such omissionsthoeight to increase
with the duration between the births and the datie sarvey
(UN Population Division 1983, Moultrie, Dorringtoet al. 2013). Such
omissions will have no or very limited influence the direct estimates of
recent fertility, since they concern early births.contrast, omissions of
early births will influence crisscross estimatesn€tant omissions of early
births across surveys will lead to underestimatiegility with the
crisscross method, and indirect estimates will bevel than direct
estimates. Varying omissions of early births maadléo indirect estimates
that are lower or higher than direct estimates taatitrue values).

4) Sample implementation may also influence fertility estimates. In DHS,
great care is given to design representative rarggimples, but in the end
some categories of women may be over- or undesepted. If women
with high fertility are underrepresented, diredireates of recent fertility
will be underestimated. Indirect estimates will calbe influenced by
sample implementation, and will be very sensitivelifferences in sample
implantation across surveys (Zlotnik and Hill 198idirect estimates can
be either greater or lower than direct estimates.

5) One specific problem of sample implementation foundDHS is the

exclusion of women from the €eligible respondents. Women aged 15-49



6)

at the time of the survey are eligible for the indiwal interview. Some
women aged 50 or over may be declared to be 50rderaot to be
interviewed; in the same way, some women aged IBdPbe declared to
be younger, and will not be interviewed either (&ul 2006). The impact
on fertility estimates will depend on the link been the probability of
being excluded and fertility. Direct estimates eftitity are likely to be
little affected by these issues, because feriifitaels at these ages are low.
In contrast, crisscross estimates are likely torioee sensitive, especially
at high ages. If women with higher parities arepldised to the 50+ age
group, average parities in the last age group bellunderestimated. If
these issues vary across surveys, indirect estimadald be greater or
lower than direct estimates.

Incorrect age reporting is also likely to affect fertility estimates (Ztok
and Hill 1981). For instance, if women with higtrigas are declared to be
older than they really are, parities will be undtireated at lower ages,
and so will the crisscross fertility rates; in aast, fertility rates will be

overestimated at higher ages.

Another issue, which is not strictly speaking aadaiality issue but may also

influence fertility estimates is the selectivity afigration and mortality.

Cohort parity increment methods consider that ntigmaand mortality are not

selective with regard to fertility (Zlotnik and Hi1981Y. If the probability of

dying increases with parity, high parity women vbi underrepresented at

high ages, and fertility estimates will be undereated.

* Schmertmann (2002) presents applications of the crisscross method to other behavior (e.g. smoking
cessation) for which this assumption is (and should) be lifted.
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Table 1: Influences of different types of data dfyadroblems on direct and indirect estimates ctrd
fertility.

Method for estimating recent fertility

Direct Crisscross
No problem No influence No influence
Backward displacements Yes, probably slight No influence
of recent births underestimation
Omissions of recent Yes, underestimation Yes (overestimation or
births underestimation), unless
omissionsare constant across
surveys
Omissions of early births  No, or slight Yes, underestimation or
underestimation overestimation

(underestimation if omissions
are constant over time).

Sample implementation| Yes, underestimation or | Yes, underestimation or

overestimation overestimation
Eligibility of women Slight (probably Yes

underestimation)
Age reporting Slight, underestimation at | Slight, underestimation at
(overestimation of age of young ages, overestimation young ages, overestimation at
higher parity women) at higher ages higher ages

3.2. Comparingdirect and indirect estimatesto evaluate data quality: a
brief review

The idea of comparing direct and indirect estimatéh the same data to
evaluate data quality is not new. In the early ¥9&lotnik and Hill (1981,

p.106), showed with simple simulations that estematrom cohort parity

increments (called hereafter the hypothetical cheere very sensitive to
changes in the completeness of information on $irffheir discussion was
based on a specific example, in which omissionseveanstant by age, and
varied from one survey to the otheThey noted that “any error that which
occurs equally in each observed data set will oat@gual magnitude in the

synthetic data set; any change in error from oneesuto the another,

> For instance, 1% of all births are omitted, regardless of age. As a result, the parity will be
underestimated by 1% at all ages.
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however, will be exaggerated in the synthetic data (Zlotnik and Hill 1981,
p.106). Although the preceding assertion shouldjiedified — because it will
depend on the type of data quality issue — thejgestion that this should not
be “regarded entirely as a vice, since their seftgitto error makes the
technique proposed very useful in detecting i¢’ a key point of this paper.
The same idea was briefly discussed in Manual X

Comparing fertility rates derived from the hypotbat cohort with parity
increments and direct estimates to evaluate thdityud the data has also
been performed by several authors. In the recensiom of the manual of
indirect techniques, Moultrie (2013) compared eatas of the total fertility
rates derived from parity increments and direcinesdes from censuses, and
found that indirect estimates were much higher tldirect estimates
suggesting the quality of reporting of recent fiytin the censuses was poor.
Blacker (1994) also compared direct and indire¢cimedes from the same
three surveys in Kenya to evaluate if the fertilitgcline was genuine. The
way Blacker used the method — comparing receritiigiomputed from birth
histories (1978, 1984 and 1989 surveys) with irdiestimates for the same
period using parities from the same three surveigsvery similar to what we
do®. He showed that the fertility rates estimated froime parities were
inconsistent with the recent fertility estimatesdalearly implausible, going
from 9 children per woman to 5 children per womarbiyears. He further
showed that, when women in the 1989 survey were/egjated back to 1984,

average parities were clearly lower in the latestey. In other words, part of

& “Fairly small changes in the completeness of recording of parity from one survey to another can give
rise to a set of parities for a hypothetical cohort that are clearly unacceptable” (Zlotnik and Hill, 1981,
p.106).

7 “Average parities for a hypothetical cohort are in fact very sensitive to changes in parity reporting
from one survey to the other, and the calculation of such parities provides a useful consistency check of
the raw data” (United Nations, 1983, p.58).

& The most notable difference is that we use the crisscross method instead of the classical cohort parity
increment methods.
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the issue came from reported parities that wereetatvan expected in the
1989 survey (or higher than expected in the previsurvey), reflecting
differences in sample composition (point 4) or aiuss of early births (point

3) in the latest survey.

In the end, the existing applications indicate tt@mhparing direct and indirect
estimates is a useful device to check data qudliigce the two measures
(direct and indirect) should match with good datalifference between direct
and indirect estimates point to data quality protden one or two surveys.
What is lacking — in my view — is a systematic istigation of the differences
between direct and indirect estimates, and how sliferences should be
interpreted. For instance, is a higher TFR deriiveth indirect estimates than
from direct estimates the sign of omissions of méderths, of displacements

of births, of differences of sample composition?

A related question is whether crisscross estimedasbe used to correct direct
estimates. The idea that indirect estimates casbd to correct fertility levels
obtained with direct methods has been developed Manual X
(UN Population Division 1983), as well as in theaet manual on tools for
demographic estimation (Moultrie 2013). In essentw, approach is an
extension of the P/F Method (Brass) for situatiasfschanging fertility
(Zlotnik and Hill 1981, p.107). P is the cumulatedtility in the hypothetical
cohort computed from parity increments (P), and fhe cumulated fertility
measured with direct estimates for the same pefibd.P/F ratios by age are
used to compute an adjustment factor (e.g. aveshtfee P/F ratios in the age
range 20-29). The adjustment factor is then usedotwect (upward) the
fertility rates estimated with the direct methodheTmethod presented in
Moultrie (2013) is similar, and uses the relatioGalmpertz model to compare
P and F. Both approaches rely on the assumptiaritbaumulated fertility in
the hypothetical cohort up to age 30 or 35 is abree. that the parities

reported by young women are accurate (Moultrie 20f®ne uses data from
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birth histories — as in this paper — there is havevcontradiction between the
assuming the correct reporting of parities andu$e of the method to correct
for omissions of recent births. By definition, &ent births have been omitted
in the birth histories, parities will not be cortigcreported. Moreover, while
differences in sample composition do not mattehw#nsus data, it does with
survey data. This means that using P/F ratios algongg women to correct
for the level of fertility is not necessarily apprate — except under specific
conditions. In this paper, we do not discuss furthe correction of fertility

estimates.

4. Data

We use Demographic and Health Surveys conductemk ghre early 1990s.
Given than indirect estimates rely on two surveysly countries where at
least two surveys have been conducted can be eatlud total 183 surveys
from 49 countries can be used. The examples inpédyer are selected from
selected countries from various regions and witfedint types of data quality

problems.

5. Comparisonsof direct and indirect estimates

Direct and indirect estimates of fertility are ccamgd for all the surveys in the
selected countries. For each survey, age-sped@fiditly rates are computed
directly from birth histories for the period betwee¢he survey and the
preceding survey (or the last 5 years for the &tsey). Age-specific fertility
rates are computed for the same periods (exceptfitbie one) with the
crisscross method. As in the P/F method, cumuldesdlity (TFR) is
computed for various age ranges with the directhoeetF) and the indirect
method (P). In this paper, we compute cumulatedifer(P and F) for three
age ranges: 15-24, 15-34, and 18:4fhe P/F ratios are used to summarize

differences between indirect and direct estimates.

° This could potentially be computed for the 7 age groups, and will be done in a future version.
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Figure 3 and Figure 4 compare (in Rwanda and Meataghn direct and
indirect estimates of the age-specific fertilityasfor different periods, as well
as the fertility trends of cumulated fertility (2=}, 15-34 and 15-49).

In Rwanda, the crisscross estimates of the TFR eamtically for the 15-49,
and differ greatly from the direct estimates. Imtcast, trends from direct and
indirect estimates are in very good agreement dionwdated fertility up to 24
and 34. Age specific fertility rates show that satee indeed very close for
direct and indirect estimates up to age 35. Aftge &5, differences can
become substantial, and rates estimated with tissccoss method are even
negative between 2005 and 2808 he Madagascar case is also characterized
by large fluctuations of the indirect estimatestitd TFR 15-49, with a very
low TFR for the 1997-2003 period, probably reflagtian overrepresentation
of low fertility women in the 2003 survey. Fluctigats of the indirect TFR 15-
34 are much less pronounced, and estimates ofitfectp to 24 are in close

agreement for direct and indirect estimates.

Trends in direct and indirect estimates of cumualdéstility (15-24, 15-34 and
15-49) are represented for 12 other countries (Ei@). Differences between
direct and indirect estimates for fertility betweEn and 49 can be substantial.
In Benin for instance, the most recent indirecineste is implausibly low; the
second indirect estimate of the TFR in Nigerial$® @learly implausibly high.
In the end, direct and indirect estimates of fiyt15-49) match in very few
cases, and fluctuations are much larger with ties@ross method than with
the direct method. Indirect and direct estimates iar better agreement for

cumulated fertility to lower ages.

10 Negative rates at old ages arise when parities at a given age in the first survey are higher than parities
at a higher age in the second survey, reflecting either omissions of early births in the second survey, or
overrepresentation of low fertility women in the second survey (or overrepresentation of high fertility
women in the first survey).
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Figure 3 : Comparisons of direct and indirect eatems of age-specific fertility rates for four

periods, and trends in cumulated fertility for #nage ranges, Rwanda.
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Figure 4 : Comparisons of direct and indirect eates of age-specific fertility rates for

three periods, and trends in cumulated fertilitytfoee age ranges, Madagascar.
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Analyses of all the surveys and all the countriesylts not shown) further
indicate that indirect estimates are on averagedmithan direct estimates (the
P/F ratios tend to be positive). In addition, vy situations are found where
indirect estimates are lower than direct estimatesvo consecutive surveys.
In contrast, a situation in which the indirect estie is lower than the direct

estimates is very likely to be followed by the oppe.
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The key idea here is that these patterns refldfdrent types of data quality
issues. A P/F ratio that increases or decreasesgdyr with age is likely to
reflect differences in sample implementation or ssians of early births rather
than recent omissions. Recent omissions, in cantramild lead to P/F ratios
that increase less steeply with age. Different $ypedata quality issues also
translate into contrasting evolutions in the P/fosover time. For instance,
varying omissions of recent births will lead todiuations of the P/F ratio, but
the ratio will remain greater to one. Differencassample composition may
lead to wide fluctuations of the P/F ratio, whiclaynbe much below 1 or
much greater than one.

Figure 5 : Trends of cumulated fertility rates fioree age ranges, comparisons of direct

and indirect estimates in 12 countries.
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BJ: Benin; CM: Cameroon; DR: Dominican Republic; ET:i&pia; GH: Ghana; HT: Haiti; ID:
Indonesia; MZ: Mozambique; NG: Nigeria; PH: ThelPipines; VN: Vietnam; ZW: Zimbabwe.

6. Mapping thelinksbetween data quality problemsand P/F ratios
6.1. Simulations
Simulations are used to ‘map’ the links betweeradgiality problems and

differences between direct and indirect estimafefertility. The objective of
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this exercise is to make an inventory of the coratiams of data quality
problems and the associated values of P/F ratol&r¢ict/direct). This can then
be used to identify the combinations of data quaptoblems that are

compatible with the observed P/F ratios.

This inventory is done in two stages. First, dataliy problems were
introduced in simulated individual birth historiés Several types of data
quality problems were combined randomly for eachvesyy and two

consecutive surveys with different data qualityljpeons were also combined
randomly (see Box 1 for an explanation of the datality problems). In total,

50 000 combinations of 2 surveys were created (b ddmbinations of the
first and second survey, and 25 000 of the secaddlee third surveys).

For each of these 50 000 simulations, we know l{&)data quality problems
that were introduced in the birth histories, (2 threct and indirect estimates
of age-specific fertility, as well as (3) the trualue of age-specific fertility
rates. P/F ratios are computed from the indiredtdirect estimates of fertility
for three age ranges (15-24, 15-34 and 15-49) tonsarize differences

between direct and indirect estimates.

The 50 000 combinations represents a relativelyllssaample of possible
combinations of data quality problems. In a singlarvey, 10 000
combinations of data quality problems are possiblee consider 10 degrees
of intensity for each of the four problems; 100 limil combinations are
possible for two surveys. The second stage consistseating a much larger
set of combinations of data quality problems andhefassociated P/F ratios.

Instead of simulating such a large number of comtimns of birth histories —

1 50CSIM is used to create 3 pseudo-surveys conducted 5 years apart. Each simulated survey contains
birth histories for a sample of around 10 000 women. These birth histories are free from data quality
problems. Direct and indirect estimates of TFRs are identical, and are equal to the true value of fertility.
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which is time consuming - it is possible to useegression model to predict
P/F ratios from data quality problems.

Box 1. Description of data quality problems in slatad birth histories

Four types of data quality problems are consideredesponding to the first four problems

discussed in point 34

- Displacements of recent births. In these simulations recent births are those {that
occurred in the five years preceding the surveythBiare displaced from the fifth year
before the survey (this corresponds roughly tofitet year of the health module in
DHS) to the year just before. In simulations, tleecgntage of displaced births varies
from O to 40%.

- Differencesin sample implementation. This is operationalized by randomly removing
a percentage of births regardless of the age amdirtte at which they occurred. The
percentage of removed births varies from 0 to 20%high percentage of removed
births corresponds to an overrepresentation offéstility women in the sample.

- Omissions of early births. Here, we consider that the percentage of omilitietths
increases linearly with the number of years befbeesurvey. As a result, the percentage
of omissions increases with the age of the motiad, omissions at a given age are also
more frequent further back in time. It is maximuBy&ars before the survey (at age|15
for women aged 50 at the time of the survey). Tlaimum percentage varies from(0
to 20%.

- Omissions of recent births. Some recent births (last 5 years) are omittedit as
thought to occur in DHS as a consequence of thgthgrneath module. The percentage
of omissions of recent births is independent frown age of the respondent, and ranges
from O to 20%.

The results of the 50 000 simulations of pairswi/eys are used to fit three
linear regression models of the P/F ratios (oneeiach age range) on the
intensity of the four data quality problems in eawhthe two surveys (8

variables). These models have very large R? (dos89%); in other words,

2 The other 2 problems related to age declarations have not been taken into account be will be in
further analyses.
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the data quality problems predict almost perfettlg P/F ratios. A large
number of combinations of data quality problemsafying intensity can be
prepared (e.g. 10 million), and P/F ratios are ioted from the regression

coefficients in a straightforward way.

Regression results are useful for predictions,dvatalso interesting in their
own right, as they indicate how data quality praideinfluence the P/F ratios
(Table 2). As expected, the P/F ratios for agegtdsre very sensitive to
differences in sample composition: a differencelf in the level of fertility
leads to an increase/decrease of the P/F ratiodrg than 5%. If the sample
composition is similar across surveys, the P/Fosawill not be affected (the
sum of coefficients is very close to zero). The R#tos are also very sensitive
to omissions of early births. Interestingly, evethe percentage of omissions
of early births is similar across surveys, the Rffio will be lower than one
(the sum of the coefficients is negative). The R0 will also depend on the
degree of omissions of recent births in the fixgtvey, but very little in the
second survey. This is simply explained: if recbinths are omitted in the
second survey, it will lead to underestimating bibit direct estimate and the
indirect estimate. In contrast, omissions of red®@rihs in the first survey will
lead to underestimating parities in the first syrvand thus overestimating
fertility with the crisscross method. In contrasie direct estimate will not be
affected by omissions of recent births in the firstrvey. Finally,
displacements of births have a limited impact oR Ritios. Displacements
have no effects on the indirect estimates, and feaa small underestimation
of the direct estimate of fertility. As a resulietP/F ratio will slightly increase
with displacements of births in the second surdée P/F ratios at 15-34 are
less sensitive to omissions of early births, ardnaore sensitive to differences
in sample composition and to omissions of recemihi Finally, the P/F ratios
at 15-24 only depend on omissions of recent bighd on differences in

sample composition.
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Table 2. Linear regressions of the PF ratios oicatdrs of data quality.

P/F 15-24  P/F15-34  P/F 15-49

Constant 0.963 0.963 0.9744
First survey

Displacements -0.004 -0.017 -0.025
Sample composition 0.430 1.777 5.631
Early omissions 0.025 0.266 1.804

Recent omissions 0.414 0.924 1.265
Second survey

Displacements 0.211 0.227 0.229

Sample composition -0.431 -1.778 -5.640
Early omissions -0.080 -0.523 -2.605
Recent omissions 0.046 0.094 0.079
R2 0.986 0.988 0.988

Note: indicators of data quality are expressedeirc@ntages.
The coefficients should be interpreted in the folloy way: a
1% increase in recent omissions in the first suise@ssociated
with an increase of the P/F ratio at 15-49 of 1.265

In summary, these results show that P/F ratiosnawee sensitive to some
types of issues than to others, and that the sfigcthe data quality problems
on P/F ratios depend on the age group.

7. Linking observed situations with simulations

With real data, we only observe direct and indirestimates of age-specific
fertility rates. The idea of the method is to use simulations to infer data
quality problems from the observed P/F ratios. Tikidlustrated with three

countries. In the first country (Vietham), two Dh&re conducted, and P/F
ratios are available only at one point. In the otia® examples (Ethiopia and
Nigeria), three or more surveys were conducted.uRedor additional

countries are presented in appendix 1.

7.1.1. Casestudy 1: two surveysin Vietnam

The Vietnam situation is shown on Figure 5, for tihve surveys conducted in
1997 and 2002. The crisscross estimate is higleer the direct estimate at
ages 15-49 and 15-34 and more slightly at agest1F-@ble 3).
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Table 3: P/F ratios, two surveys (Vietham)

Surveys P/F 15-24 P/F 15-34 P/F 15-49
1-2 1.101 1.187 1.335

10 million combinations of data quality problems pairs of surveys are
generated randomly, and the regression models sed to predict the P/F
ratios for each age range. The distance betweenbi$erved P/F ratios and the
P/F ratios in simulations is computed as the squ@otof the sum of squares
of the differences between these quantities. T Eimulations that lead to
the P/F ratios that are the closest to the obsdPEdatios are select€d The
table below shows the PF ratios in the closest Isitiom and in the 1000

closest.

Table 4: P/F ratios in the closest simulation dred*008' closest simulation, (Vietnam)

Surveys P/F 15-24 P/F 15-34 P/F 15-49
Closest 1.100 1.186 1.335
1000" closest | 1.104 1.193 1.333

Potential data quality problems in each surveythen inferred from these
1000 simulations. The distribution of the data dugbroblems in the 1000
simulations is represented for each survey (Figuesach line corresponds to a
survey); the median value of the distribution amel 10th and 90th percentiles
are also computed (Figure 7). In this case, digtidns are not very

concentrated, and no strong conclusion emergeseTdre however signs of

13 . L . . . .
Given that several combinations of data quality problems (simulations) may lead to very similar
patterns of P/F ratios, it is more relevant to select a sample of simulations rather than the closest

simulation.
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omissions of recent births in the first survey, dsplacements of births in the

second survey.

Figure 6 : Distribution of the data quality indioeg (1000 simulations) in two surveys in
Vietnam (DHS 1997, DHS 2002).
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Figure 7 : Summary measures (median, p10 and gabgaata quality indicators (1000
simulations) in two surveys in Vietham (DHS 199H®$2002).
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7.1.2. Casestudy 2: Threesurveysin Ethiopia
The second case study is Ethiopia. The indiredmests of the TFR are
greater than the direct estimates for the two gamtime regardless of the age

range considered (Figure 5). The P/F ratios arevshio Table 5.

Table 5: P/F ratios, two surveys (Ethiopia)

Surveys Ratio 15-24 Ratio 15-34 Ratio 15-4
1-2 1.16 1.32 1.37
2-3 1.07 1.13 1.27

The following steps are used. As in Vietham, 10dianlcombinations of data
guality problems in pairs of surveys are generatgalomly. The P/F ratios
are predicted with the regression model. The digtdretween the observed
P/F ratios and the P/F ratios in simulations is potad for the first pair of
surveys, as in the Vietnam case, and the 1000 atrook that lead to the
closest P/F ratios are selecttdThese simulations provide 1000 possible
combinations of data quality issues in the firstl a®econd survey that are
compatible with the observed P/F ratios computednfthese surveys. For
each of these 1000 selected simulations, 10 00Mications of data quality
problems are randomly generated for the third sufleading to a total of 10
million combinations), and P/F ratios are predicteth the regression models
in the same way as in the first step. Among thé&smillion combinations, the
1000 combinations that lead to P/F ratios thatchrsest to observed P/F ratios
are selected. Combining three surveys helps reduaimcertainty in the
diagnostic for the second survey, since it inflleenthe two sets of P/F ratios.

14 . L . . . .
Given that several combinations of data quality problems (simulations) may lead to very similar
patterns of P/F ratios, it is more relevant to select a sample of simulations rather than the closest

simulation.
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The distribution (1000 simulations) of the data lgyaindicators in each

survey are shown on Figure 8. The median valudefdistribution and the
10" and 90th percentiles are also computed (Figurd@®dse results suggest
several data quality issues. First, it seems tret furvey was affected by
severe omissions of recent births. Secondly, ressliggest the sample
implementation has varied across surveys, with léwtility women

overrepresented in the first survey compared to sheond and the third
survey. Omissions of early births seem to have lssmng in the second

survey, as were displacements.

Although these results are only indicative, theggast that recent fertility was
underestimated in the first survey for two majas@ns: omissions of recent
births and overrepresentation of low fertility wamen the second survey,
recent fertility may have underestimated (to a dessxtent) because of
omissions of recent births, and the third survegnse less affected by
omissions of recent births.

Figure 8 : Distribution of the data quality indioeg (1000 simulations) in three surveys in
Ethiopia (DHS 2000, DHS 200, DHS 2011).
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Figure 9 : Summary measures (median, p10 and g3bBgalata quality indicators (1000
simulations) in three surveys in Ethiopia (DHS 20D8IS 2005, DHS 2011).
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Graphs represent median, 10th percentile and 90th percentile.

Another way of evaluating the data quality consistscomparing fertility
trends by single year from successive surveys (@oha&er, 2013). Figure 10
shows the trend in the TFR for the 15 years precedach of the three DHS
in Ethiopia. Red dots indicate published fertilirates. Overall, these
comparisons also suggest there were omissionscehteirths in Ethiopia:
recent fertility rates are lower than rates atdhme dates computed from the
next surveys. Omissions of recent births seem tgrbeater in the first than in
the second survey. From these graphs it is diffitubscertain whether there
were omissions in the latest survey. The differanceample implementation
also seems plausible from this figure, with theraitdevel of fertility lower in
the first survey. Greater displacements in the rs@ceurvey also seem
plausible. In further analyses, we will apply methaliscussed in Schoumaker
(2011) that allow estimating omissions of recenthisi displacements and
difference in sample implementation by pooling gys/together. This would
allow confirming diagnostics based on the crisssrsthod.
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Figure 10 : Reconstructed fertility trends (TFR4%-by single calendar year, three DHS,
Ethiopia (red dots represent published TFRS)
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7.2. Casestudy 3: Four surveysin Nigeria
Nigeria is the third case study. As shown on Figuyrendirect estimates vary
strongly, suggesting some serious data qualityess®/F ratios are shown

below.

Table 6: P/F ratios, four surveys (Nigeria)

Surveys Ratio 15-24  Ratio 15-34  Ratio 15-49
1-2 1.00 0.97 0.93
2-3 1.12 1.36 1.79
3-4 1.06 1.00 0.91

The same procedure as in Ethiopia is used, witlséloend step repeated one
more time because 4 surveys are available in Nigdihe 1000 simulations

that lead to P/F ratios that are closest to themesl P/F ratios are selected.

Figure 11 : Distribution of the data quality indiees (1000 simulations) in four surveys
in Nigeria (DHS 1990, DHS 1999, DHS 2003, DHS 2008)
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Figure 12 : Summary measures (median, p10 andqf98g data quality indicators (1000
simulations) in four surveys in Nigeria (DHS 199HS 1999, DHS 2003, DHS 2008).
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Graphs represent median, 10th percentile and 90th percentile.

Results strongly suggest that the sample compaositias varied across
surveys. Low fertility women were overrepresentedthie second survey,

while they were underrepresented in the third surteseems omissions of
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recent births were also more frequent in the sesningdey, contributing to the
underestimation of fertility. Omissions of earlyrtbs also varied across
surveys, and differences between the third anddbgh surveys are strong
(early births are less likely to have been omiitedhe fourth survey than in
the third survey). Finally, these results also ssfjghat displacements of

births were strongest in the latest survey.

As in Ethiopia, this rough diagnostic is consistevith the reconstructed
fertility trends (Figure 9). The second survey (@P% below the others
(reflecting a sampling issue), and the drop inilfgrtin the few years before
the survey may reflect omissions of births. Reaanissions in the latest two
surveys seem less pronounced than in the secomgysun contrast, the
reconstructed trends suggest important omissioiseiriirst survey. This was
not clearly shown by the direct and indirect congars.

Figure 13 : Reconstructed fertility trends (TFR4%-by single calendar year, four DHS,
Nigeria (red dots represent published TFRS)
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8. Preliminary conclusions

The method described here consists in using ratiosrisscross and direct
estimates of cumulated fertility up to differenteag(P/F ratios) to provide a
rough diagnostic of data quality issues. It rebesthe fact that different data
quality problems influence direct and indirect msties in different ways.
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Simulations are used to map the links between glaadity problems and P/F
ratios for different age ranges. Observed P/F satice interpreted using

simulation results.

Tests of this method on several countries sughestittis useful to provide a
quick diagnostic of data quality. It points to paial data quality issues that
can influence fertility levels and trends. This akuidiagnostic can be
complemented with other methods. At this stage, rtteghod is still quite
experimental. Further research will be done todedé the method. First, the
method will be tested with simulated data for whigta quality problems are
known. The percentages of omissions, displacemetntsshould fall between
the 18" and 98 percentile of the distribution most of the tima.the same
way, surveys with no data quality problems shoudléally be identified as
such. Testing the method in wide variety of sitasi and comparing the
diagnostics with other methods (as in Ethiopia &hgeria) will also allow
evaluating the validity of this approach. Applyinng subpopulations (e.g.
educated vs. uneducated) would be another resesehue. The way the
selected simulations are interpreted can also bprowed. Currently,
distributions of data quality indicators are doreparately. Other methods
could be used to group patterns that are closeath @ther, and obtain
distributions ofcombinationsof data quality problems, rather than separate
data quality problems. Using this method as a Hasisorrecting estimates of
recent fertility estimates is another possible aese avenue. Finally, for the
method to be used, it should be easy to use. Aftisedly tool that performs
the computation of the direct and crisscross TFR& that compares the

observed pattern to the simulated patterns is urmlgstruction.
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Appendix 1. Diagnostics in selected countries
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Graphs represent median, 10th percentile and 90th percentile.

43



