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A Bayes ian Cohort Component Projection Model to Estimate 
Women of Reproductive Age at the Subnational Level  
in Data-Sparse Settings
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ABSTRACT Accurate esti ma tes of sub na tional pop u la tions are impor tant for pol icy for
mu la tion and mon i tor ing pop u la tion health indi ca tors. For exam ple, esti ma tes of the 
num ber of women of repro duc tive age are impor tant to under stand the pop u la tion at risk 
of mater nal mor tal ity and unmet need for con tra cep tion. However, in many lowincome 
countries, data on pop u la tion counts and com po nents of pop u la tion change are lim ited, 
and so sub na tional lev els and trends are unclear. We pres ent a Bayes ian constrained 
cohort com po nent model for the esti ma tion and pro jec tion of sub na tional pop u la tions. 
The model builds on a cohort com po nent pro jec tion frame work, incor po rates cen sus 
data and esti ma tes from the United Nation’s World Population Prospects, and uses 
char ac ter is tic mor tal ity sched ules to obtain esti ma tes of pop u la tion counts and the com
po nents of pop u la tion change, includ ing inter nal migra tion. The data required as inputs 
to the model are min i mal and avail  able across a wide range of countries, includ ing 
most lowincome countries. The model is applied to esti mate and pro ject pop u la tions 
by county in Kenya for 1979–2019 and is val i dated against the 2019 Kenyan cen sus.

KEYWORDS Population pro jec tion • Bayes ian meth ods • Subnational • Cohort 
com po nent mod els • Women of repro duc tive age

Introduction

Reliable esti ma tes of demo graphic and health indi ca tors at the sub na tional level are 
essen tial for mon i tor ing trends and inequalities over time. As part of mon i tor ing 
prog ress toward global health tar gets such as the Sustainable Development Goals 
(SDGs), there has been increas ing rec og ni tion of the sub stan tial dif fer ences that can 
occur across regions within a coun try (He et al. 2017; Lim et al. 2016; World Health 
Organization 2016). The anal y sis of nationallevel trends is often inad e quate, and 
sub na tional pat terns should be con sid ered to fully under stand likely future tra jec to
ries. Indeed, esti ma tes and pro jec tions of impor tant indi ca tors such as child mor tal ity 
and con tra cep tive use are now being published at the sub na tional level (New et al. 
2017; Wakefield et al. 2019).
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To effec tively mea sure health indi ca tors of inter est, we need to be  able to  accu rately 
esti mate the size of the pop u la tion at risk. In order to con vert the rate of inci dence 
of a par tic u lar demo graphic or health out come to the num ber of peo ple affected by 
that out come, we need a good esti mate of the denom i na tor of those rates. Hence 
pop u la tion counts are essen tial knowl edge for pol icy plan ning and resource allo ca
tion pur poses. However, even some thing as seem ingly sim ple as the num ber of peo
ple in an area of a cer tain age is rel a tively unknown in many countries, par tic u larly 
lowincome countries that do not have wellfunc tion ing vital reg is tra tion sys tems. 
And as pre vi ously reported out comes have shown, dif fer ences in esti ma tes of the 
pop u la tion at risk can have a large effect on the resulting esti ma tes of key indi ca tors. 
For exam ple, in 2017 the United Nations Interagency Group for Child Mortality 
Estimation (UNIGME) and the Institute for Health Metrics and Evaluation (IHME) 
both published esti ma tes of under-five child mor tal ity in countries world wide (UN-
IGME 2017; Wang et al. 2017). However, esti ma tes for 2016 dif fered mark edly, with 
IHME’s esti mate being 642,000 deaths lower than the UNIGME esti mate. The main 
rea son for the dis crep ancy was the dif fer ent sets of esti ma tes of live births: IHME 
assumed there were 128.8 mil lion live births in 2016, which was 12.2 mil lion lower 
than the 141 mil lion used by UNIGME.

Data on pop u la tion counts by age and sex at the sub na tional level vary sub stan
tially by coun try, and often data avail abil ity and qual ity are the worst in countries 
where out comes are also rel a tively poor. For exam ple, many lowincome countries 
may have only one or two his tor i cal censuses avail  able, and very lit tle data avail  able 
on inter nal migra tion or mor tal ity rates at the sub na tional level. This sit u a tion is in 
stark con trast to many highincome countries, where mul ti ple data sources on pop
u la tion counts, mor tal ity, and migra tion may exist. These vary ing data avail abil ity 
con texts pres ent chal lenges in esti ma tes of both pop u la tion and the com po nents of 
pop u la tion change. In datarich con texts, the chal lenge is to rec on cile mul ti ple data 
sources that may be mea sur ing the same out come. In datasparse con texts, the chal
lenge is to obtain rea son able esti ma tes with out many obser va tions. In both cases, 
tra di tional demo graphic mod els are often uti lized, which often cen ter around a cohort 
com po nent pro jec tion frame work and take advan tage of the fact that pat terns in pop u
la tions often exhibit strong reg u lar i ties across age and time. However, these clas si cal 
meth ods do not give any indi ca tion of uncer tainty around the esti ma tes or pro jec
tions, and incor po rat ing infor ma tion from dif fer ent data sources often requires ad 
hoc adjust ments to ensure con sis tency. To over come these lim i ta tions, we pro pose a 
method that builds on clas si cal demo graphic esti ma tion of sub na tional pop u la tions 
by incor po rat ing these tech niques within a prob a bi lis tic frame work.

In par tic u lar, we pres ent a Bayes ian constrained cohort com po nent model to esti
mate sub na tional pop u la tions, focus ing on women of repro duc tive age (WRA)—
that is, women aged 15–49. This sub group forms the pop u la tion at risk for many 
impor tant health indi ca tors, such as fer til ity rates, mater nal mor tal ity, and mea sures 
of con tra cep tive prev a lence. The model presented embeds a cohort com po nent pro
jec tion setup in a Bayes ian frame work, allowing uncer tainty in data and pop u la tion 
pro cesses to be taken into account. At a min i mum, the model uses data on pop u la
tion and migra tion counts from censuses, as well as nationallevel infor ma tion on 
mor tal ity and pop u la tion trends, taken from the United Nations World Population 
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Prospects (United Nations 2019a). Because data require ments are rel a tively mod est,  
the  meth od ol ogy is appli ca ble across a wide range of countries and over comes  
lim i ta tions of pre vi ous sub na tional cohort com po nent meth ods, which require rel
a tively large amounts of data. Estimates and pro jec tions of pop u la tion by age are 
pro duced, as well as esti ma tes of sub na tional mor tal ity sched ules and in and out
migra tion flows. Hence, results from the model are help ful in under stand ing pop u-
la tions at risk of demo graphic and health out comes at the sub na tional level, but also 
in under stand ing the driv ers of pop u la tion change and how these may in turn affect 
trends in indi ca tors of inter est.

The fol low ing sec tion gives a brief over view of existing meth ods of sub na tional 
pop u la tion esti ma tion and out lines the con tri bu tions of the model pro posed here. We 
then describe the main data sources typ i cally avail  able for sub na tional pop u la tion 
esti ma tion in lowincome countries, using counties in Kenya as an exam ple, followed 
by a detailed descrip tion of the pro posed meth od ol ogy. Next, we pres ent results of 
fit ting the model to data in Kenya and val i date its out-of-sam ple pro jec tions against 
the 2019 cen sus. Finally, pos si ble exten sions are discussed.

Existing Methods of Subnational Population Estimation

Methods to esti mate pop u la tion at the sub na tional level are sim i lar to esti ma tion 
meth ods at the national level. However, there are sev eral nota ble chal lenges of sub na
tional pop u la tion esti ma tion that do not exist at a coun try level. First, migra tion flows 
are more impor tant at the sub na tional level. While migra tion flows are often assumed 
to be neg li gi ble at the national level, they are usu ally larger as a pro por tion of total 
pop u la tion size at the regional level. In addi tion, migra tion flows at the sub na tional 
level are also often more dif fi cult to esti mate. Any par tic u lar region could have net in- 
or out-migra tion, and flows to and from dif fer ent regions can dif fer mark edly in mag-
ni tude. In some con texts, inter na tional migra tion can also be an impor tant com po nent 
of demo graphic change, par tic u larly in regions of armed con flict. Second, when esti-
mat ing sub na tional pop u la tions, it is impor tant to ensure that the sum of all  regions 
agrees with national esti ma tes pro duced else where. In prac tice, this usu ally involves 
a pro cess of cal i bra tion against a known national pop u la tion so that they match the 
total. Lastly, data qual ity and avail abil ity are often poorer at the sub na tional level. 
Populations at the regional level are smaller and data are often more vol a tile, and data 
on key indi ca tors of mor tal ity and inter nal migra tion are often lacking or unre li able. 
This means that it is par tic u larly impor tant at the sub na tional level to address and 
quan tify uncer tainty in pop u la tion counts and com po nents of change.

Traditional Methods

Perhaps the sim plest and least datainten sive meth ods of sub na tional pop u la tion 
 esti ma tion involve inter po la tion and extrap o la tion of regional shares of the total pop
u la tion (Swanson and Tayman 2012). Given two (or more) censuses, one can cal
cu late the rel e vant shares of the pop u la tion by age, sex, and region and see how 
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they have changed over time. Intercensal esti ma tions of pop u la tions assume con stant 
increase (or decrease) over time. Projection of pop u la tions into the future can then be 
made on the basis of assump tions of con stant lev els or trends in shares. For exam ple, 
the U.S. Census Bureau pro duces sub na tional pop u la tion esti ma tes for the major ity 
of countries world wide (U.S. Census Bureau 2017). The meth ods used to pro duce 
such esti ma tes involve mak ing assump tions such as con stant or logis tic growth and 
iter a tively cal cu lat ing pop u la tion pro por tions by age, sex, and region such that they 
match the coun try’s total pop u la tion (Leddy 2016).

The most com monly used meth ods of pop u la tion esti ma tion and pro jec tion are 
cohort com po nent meth ods. These cen ter on the demo graphic account ing iden tity, 
which states that the pop u la tion size (P) at time t is equal to the pop u la tion size at t −1,  
plus births (B) and inmigrants (I), minus deaths (D) and outmigrants (O) (Wachter 
2014):

 Pt = Pt−1 + Bt−1 + It−1 − Dt−1 −Ot−1.  (1)

This equa tion is for a total pop u la tion, but the same account ing equa tion holds 
for each age-group sep a rately (where births affect only the first age-group). The 
cohort com po nent method of pop u la tion pro jec tion (Leslie 1945) takes a base line 
pop u la tion with a cer tain age struc ture and pro jects it for ward using age-spe cific 
mor tal ity, fer til ity, and migra tion rates. Cohort com po nent meth ods are impor tant 
because they allow for over all pop u la tion change to be related to the main com
po nents of that change. By esti mat ing pop u la tion size on the basis of the com po
nents of fer til ity, mor tal ity, and migra tion, the method allows changes in these 
com po nents to be taken into account. However, cohort com po nent meth ods are 
more datainten sive than extrap o la tion meth ods, which is par tic u larly an issue at 
the sub na tional level. Especially for devel op ing countries, where wellfunc tion ing 
vital reg is tra tion sys tems do not exist, suf fi cient data on mor tal ity, fer til ity, and 
migra tion are often lacking.

Other meth ods of sub na tional esti ma tion involve build ing regres sion mod els 
that relate other var i ables of inter est to changes in pop u la tion over time. For exam
ple, one could regress the ratio of cen sus pop u la tions (area of inter est / total pop
u la tion) against the ratio of some other indi ca tor, such as births, deaths, vot ers, or 
school enroll ments (for a detailed review, see Swanson and Tayman 2012). How
ever, given the lack of data avail  able in many devel op ing countries—on pop u la tion 
counts, let alone other indi ca tors of growth—these meth ods have lim ited use in our 
con text.

These tra di tional meth ods of pop u la tion esti ma tion are deter min is tic and do not 
account for ran dom var i a tion in demo graphic pro cesses and pos si ble mea sure ment 
errors that may exist in the data. In prac tice, the pop u la tion data that are avail  able in 
devel op ing countries are often sparse and may suf fer from var i ous types of errors. 
When esti mat ing and projecting pop u la tion sizes through time, it is par tic u larly 
impor tant in devel op ing coun try con texts to give some indi ca tion of the level of 
uncer tainty around those esti ma tes, based on sto chas tic error, mea sure ment error, and 
uncertainties in the under ly ing mod el ing pro cess.
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Bayes ian Methods

The use of Bayes ian meth ods in demog ra phy has become increas ingly com mon, as it 
pro vi des a use ful frame work to incor po rate dif fer ent data sources in the same model, 
account for var i ous types of uncer tainty, and allow for infor ma tion exchange across 
time and space (Bijak and Bryant 2016). Bayes ian meth ods have been used to model 
and fore cast national pop u la tions (Raftery et al. 2014; Raftery et al. 2012; United 
Nations 2019a), fer til ity (Alkema et al. 2011), mor tal ity (Alexander and Alkema 
2018; Alkema and New 2014; Girosi and King 2008), and migra tion (Bijak 2008). In 
terms of esti mat ing the full demo graphic account ing iden tity, Wheldon et al. (2013) 
pro posed a method for the recon struc tion of past pop u la tions. The model embeds the 
demo graphic account ing equa tion within a Bayes ian hier ar chi cal frame work, using 
infor ma tion from avail  able censuses to recon struct his tor i cal pop u la tions via a cohort 
com po nent pro jec tion frame work. The authors showed that the method works well 
to esti mate pop u la tions and quan tify uncer tainty in a wide range of countries with 
vary ing data avail abil ity (Wheldon et al. 2016). The method presented in Wheldon 
et al. (2013) is designed for pop u la tion recon struc tion at the national level, and as 
such, account ing for inter nal migra tion is not an issue. In addi tion, their method relies 
on and cal i brates to national pop u la tion esti ma tes pro duced as part of the UN World 
Population Prospects.

In the field of sub na tional esti ma tion, Bayes ian meth ods have also been used 
in many dif fer ent con texts. For sub na tional mor tal ity esti ma tion, many research
ers have used Bayes ian hier ar chi cal frame works to share infor ma tion about mor
tal ity trends across space and time, in con texts where the avail  able data are both 
reli able (Alexander et al. 2017; Congdon et al. 1997) and sparse (Schmertmann and  
Gonzaga 2018). For sub na tional fer til ity esti ma tion, Sevcikova et al. (2018) pro posed 
a Bayes ian model that pro duces esti ma tes and pro jec tions of sub na tional total fer til ity 
rates (TFRs) that are con sis tent with national esti ma tes of TFR pro duced by the UN. 
Building from the local level up, Schmertmann et al. (2013) pro posed a method that 
uses empir i cal Bayes ian meth ods to smooth vol a tile fer til ity data at the regional level, 
before mod el ing using a Brass rela tional model var i ant.

In terms of pop u la tion esti ma tion at the sub na tional level, John Bryant and col
leagues have shown how the demo graphic account ing equa tion can be placed within 
a Bayes ian frame work to account for and rec on cile dif fer ent data sources, pop u la
tion counts, and the com po nents of pop u la tion change (Bryant and Graham 2013;  
Bryant and Zhang 2018). Bryant and Zhang (2018) showed how the under ly ing demo
graphic pro cesses can be cap tured through a pro cess or sys tem model, and dif fer ent 
types of uncer tainty around data inputs are cap tured through data mod els. The focus 
of Bryant and Graham (2013) was pro duc ing sub na tional pop u la tion esti ma tes for  
New Zealand—rec on cil ing and incor po rat ing infor ma tion about the pop u la tion from 
sources such as censuses and school and vot ing enroll ments. The approach that we 
take in this arti cle is sim i lar to the Bryant et al. approach, in that we model pop
u la tion change with a pro cess model, the com po nents of which are described by 
 sys tem mod els, and dif fer ent sources of infor ma tion are com bined through the use of  
data mod els. However, whereas Bryant et al. tried to over come chal lenges of com
bin ing mul ti ple data sources that may be mea sur ing the same out come, we are try ing 
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to over come the chal lenges of esti mat ing sub na tional pop u la tions in con texts where 
there are extremely lim ited amounts of data avail  able.

There has been an increas ing amount of research using geolocated data and  
sat el lite imag ery to esti mate pop u la tion sizes and flows in devel op ing countries 
(Leasure et al. 2020; Wardrop et al. 2018). Led by the WorldPop pro ject at the  
University of Southampton (WorldPop 2018), research ers have used infor ma tion 
from sat el lite imag ery to iden tify areas of set tle ments and com bined this infor ma tion 
with cen sus data to obtain highly gran u lar pop u la tion den sity esti ma tes across Africa 
(Leasure et al. 2020; Linard et al. 2012). While this work con trib utes to infor ma tion 
about sub na tional pop u la tions, the focus and goals of this esti ma tion work are dif
fer ent from our goals in this study. In par tic u lar, the goal of much of the WorldPop 
work is pri mar ily to obtain esti ma tes of total pop u la tion and pop u la tion den sity at a 
very gran u lar level, rather than to obtain pop u la tion esti ma tes by age and sex. The 
results have then been com bined with data on age and sex dis tri bu tions from cen
suses (or more recent sur veys) to map the dis tri bu tion of pop u la tions by age and sex. 
More recently, WorldPop’s “bot tomup” approach starts with a cen sus or sur vey for 
a par tic u lar coun try and uses spa tial mod els to pro duce spa tially gran u lar esti ma tes 
of pop u la tions by age and sex for a sin gle year (Wardrop et al. 2018). However, less 
atten tion has been paid to how age dis tri bu tions across regions change over time. 
But changes in age dis tri bu tions are impor tant in under stand ing broader pop u la tion 
change and how this will impact global health indi ca tors of inter est. In addi tion, 
our approach is grounded in under stand ing the main com po nents of demo graphic 
change—mor tal ity and migra tion—over time and how they affect pop u la tion sizes, 
rather than just esti mat ing the pop u la tion size as a sin gle out come.

The meth od ol ogy pro posed here incor po rates a cohort com po nent pro jec tion 
model into a Bayes ian hier ar chi cal frame work to under stand changes in pop u la tion 
struc tures over time. It allows esti ma tes to be driven by avail  able data and for uncer
tainty to be incor po rated around esti ma tes and pro jec tions. The approach has sim i
lar i ties with meth od ol o gies described in Wheldon et al. (2013) (but with a focus on 
sub na tional esti ma tion) and in Bryant and Graham (2013) and Bryant and Zhang 
(2018) (but with a focus on datasparse sit u a tions).

In par tic u lar, we intro duce a frame work to esti mate sub na tional pop u la tion 
counts and com po nents of pop u la tion change that relies on a min i mal amount of 
data that are avail  able for the vast major ity of countries world wide. Observations 
on sub na tional pop u la tion counts and inter nal migra tion move ments are taken from 
censuses, but no infor ma tion on sub na tional mor tal ity pat terns is required. We 
instead use a mor tal ity model approach based on prin ci pal com po nents derived 
from national mor tal ity sched ules. Using prin ci pal com po nents for demo graphic 
mod el ing and fore cast ing first gained pop u lar ity after Lee and Carter used the tech-
nique as a basis for fore cast ing U.S. mor tal ity rates (Lee and Carter 1992). More 
recently, prin ci pal com po nents has become increas ingly used in demo graphic mod
el ing, in both fer til ity and mor tal ity set tings (Alexander et al. 2017; Clark 2016; 
Schmertmann et al. 2014).

While one strength of our approach is being  able to esti mate com po nents of sub
na tional pop u la tion change with lim ited data, another strength of the pro posed frame
work is that it can be read ily extended to include other data or esti ma tes. For exam ple, 
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gridded esti ma tes pro duced as part of the WorldPop pro ject could con ceiv ably be 
treated as an addi tional data input to the model. Conversely, sub na tional pop u la tion 
esti ma tes and uncer tainty bounds using our approach may be use ful as inputs to help 
inform WorldPop’s esti ma tes.

Data

We aim to esti mate female pop u la tion counts for ages 15–49 per five-year age-group 
for sub na tional areas that are the sec ond admin is tra tive level down. This data descrip
tion focuses on Kenya, for which the model is applied in later sec tions. However, the 
data and meth ods are more broadly appli ca ble to other countries that have sim i lar data 
avail  able. Inputs used to obtain esti ma tes come from two main sources: microlevel 
data from censuses, and national pop u la tion and mor tal ity esti ma tes from the 2019 
World Population Prospects. These data sources are outlined in the fol low ing sec tions.

Overview of Kenyan Geography

In Kenya, the first admin is tra tive units are prov inces, and the sec ond admin-
is tra tive units are counties. There are eight prov inces, includ ing the cap i tal,  
Nairobi, and 47 counties. The county bound aries have changed over time but have 
been sta ble since the 2009 cen sus. We aim to pro duce esti ma tes of pop u la tions 
of women of repro duc tive age at the county level based on county bound aries in 
2009. Within the model, we also make use of har mo nized dis trict bound aries (see 
the fol low ing descrip tion), which are slightly larger than counties. There are a 
total of 35 dis tricts.

Census Data

Data inputs on sub na tional pop u la tion counts and inter nal migra tion flows come 
from national censuses. The cen sus data are avail  able through Integrated Public 
Use Microdata Series (IPUMS) International (Minnesota Population Center 2017). 
IPUMS International con tains sam ples of microdata for 305 censuses from 85 dif
fer ent countries. The major ity of countries of inter est have rel a tively recent censuses 
avail  able through IPUMS International. Kenya has decen nial censuses avail  able from 
1979 to 2009, and we use data from these years to fit the model in the Kenyan con text. 
Microlevel data are not avail  able for the 2019 Kenyan cen sus, but pop u la tion counts 
by sex and five-year age-group and county are avail  able through the national sta tis tics 
office. While we do not use the 2019 data in model fit ting, it is used for model eval u-
a tion and val i da tion, as detailed in the Model Evaluation sec tion in Results.

In the micro-level IPUMS data, loca tion of res i dence is reported at the first (prov-
ince) and sec ond (county) admin is tra tive lev els, as well as at a har mo nized dis trict 
level. For Kenya, the prov inces are sta ble over time, but before 2009 the county 
bound aries changed. Hence, we only have data at the county level for Kenya for 
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2009. However, we can make use of the har mo nized dis tricts for data in years prior 
to 2009. The dis tricts rep re sent slightly larger groups than the 47 Kenyan counties, 
which are har mo nized and tem po rally sta ble (IPUMS 2018). In all  cases, each 2009 
county is com pletely contained in one unique dis trict.

We use cen sus data to obtain infor ma tion on two dif fer ent quan ti ties: observed 
pop u la tion counts and observed pat terns of in and outmigra tion. Female pop u la tion 
counts by five-year age-groups for ages 15–49 and sub na tional admin is tra tive region 
are obtained directly from the IPUMS International microdata. Because these data are 
sam ples (most com monly 10%), the microdata are mul ti plied by the per son weights 
to obtain counts by age and area.1

Information on inter nal migra tion between counties and dis tricts is also obtained 
from national censuses. This is based on ques tions about a migrant’s loca tion of res
i dence one year ago. We cal cu lated in and outmigra tion counts by agegroup, for 
each region and each cen sus. For the 2009 cen sus, the cal cu la tions were based on 
counties; for all  ear lier years, the cal cu la tions were based on dis tricts.

National Estimates from World Population Prospects

The World Population Prospects (WPP) are the offi cial pop u la tion esti ma tes and pro-
jec tions pro duced by the United Nations. WPP is revised every two years, with the lat
est revi sion being in 2019 (United Nations 2019a). WPP esti ma tes are pro duced using a 
com bi na tion of cen sus and sur vey data and demo graphic and sta tis ti cal meth ods. Both 
pop u la tion counts and mor tal ity esti ma tes from WPP are used in the model.

We use esti ma tes from WPP 2019 in two ways. First, we would like to ensure that 
the sum of pop u la tion esti ma tes at the regional level agrees with published esti ma
tes at the national level. Hence, the stan dard national pop u la tion counts pro duced by 
WPP are used as a con straint in the model, sub ject to uncer tainty. The WPP mod els 
pop u la tions of five-year age-groups every five years from 1950 to 2100.

In addi tion, national mor tal ity esti ma tes pro duced by WPP are used as the basis of 
a mor tal ity model for pat terns at the regional level, cap tur ing HIV/AIDSrelated pat
terns of mor tal ity. To gen er ate these pat terns, we use esti ma tes from mul ti ple coun
tries in the subSaharan region. WPP uses the rela tion ship between infant mor tal ity 
and the prob a bil ity of dying between ages 15 and 60, that is, 45q15, to esti mate a life 
table based on Coale–Demeny model life tables (United Nations 2019b). We use esti
ma tes of the prob a bil ity of dying between ages x and x +5, or 5qx.

Other Potential Data Sources

We use cen sus data and WPP esti ma tes as inputs to the model. There are other avail 
able data sources that could be used as inputs. These sources and the rea sons for not 
includ ing them are discussed in online Appendix A.

1 The sam pling error intro duced by con sid er ing sam pled microdata is accounted for in the data model; 
refer to Methods for details.
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1721Estimating Women of Reproductive Age in Data-Sparse Settings

Model

Overview

In this sec tion, we describe the mod el ing frame work to esti mate female pop u la tions 
by five-year age-group and county. The model is outlined for the sit u a tion where, as 
in the Kenyan case, we do not observe countylevel infor ma tion for every  cen sus, 
but we have infor ma tion on larger, har mo nized dis tricts that fully encap su late the 
counties. This sit u a tion is com mon for many lowincome countries, where geo
graphic bound aries may vary over time but there exist other sta bly defined bound aries 
through the microdata on IPUMS.

There are many com po nents and sev eral types of data going into the model at 
dif fer ent stages. The over all model frame work is sum ma rized visu ally in Figure 1. 
We define ηa,t ,c to be the under ly ing “true” pop u la tion of women in agegroup a,  
year t, and county c. Our main mod el ing goal is to obtain esti ma tes and pro jec tions of 
these quan ti ties. The pop u la tion counts fol low a cohort com po nent pro jec tion (CCP) 
model, which assumes that pop u la tion counts in the cur rent time period are those 
from the pre vi ous period, after tak ing into account expected changes in mor tal ity 
and migra tion. The CCP model also includes an addi tional age–time mul ti plier that 
cap tures any other var i a tion not already cap tured by expected changes in mor tal ity or 
migra tion. Our setup allows for changes in mor tal ity and migra tion to be projected 
for ward even if there are no data on these com po nents, and is use ful in datasparse 
con texts where there is lim ited infor ma tion avail  able on the indi vid ual com po nents of 
pop u la tion change. Note that the goal is to esti mate adult pop u la tions only and hence 
the model does not include a fer til ity com po nent. More details on how esti ma tes in 
the first age-group are derived are discussed in the fol low ing.

Fig. 1 Diagram showing the main components of the Bayesian cohort component projection model
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1722 M. Alexander and L. Alkema

As illus trated in Figure 1, the mor tal ity, the migra tion, and the addi tional age–time 
mul ti pli ers have addi tional “pro cess mod els” (shown in the third row), and data on pop
u la tion counts and migra tion are related to the under ly ing pro cess through data mod els 
(shown in the top row). The fol low ing sec tions broadly describe each com po nent of 
the model. The full model spec i fi ca tion and details can be found in online Appendix B.

Population Model

The model for pop u la tion includes the cohort com po nent pro ject model; the data 
model, which relates obser va tions of pop u la tion counts from the cen sus to the under
ly ing quan ti ties of inter est; and the nationallevel con straint, which relates the sum of 
the countylevel pop u la tions to WPP esti ma tes.

Cohort Component Projection Model

The under ly ing pop u la tion ηa,t ,c can be expressed as

 ηa ,t ,c = ηa −1,t −1,c ⋅ 1− γ a −1,t −1,c( )( ) ⋅ 1+ φa −1,t −1,c( ) ⋅ εa −1,t −1,c( ),  (2)

where γ a,t ,c is the expected con di tional prob a bil ity of death in agegroup a, year t, and 
county c; φa,t ,c  is expected net migra tion (i.e., in minus outmigra tion) as a pro por tion 
of pop u la tion size; and εa,t ,c  is an addi tional age–year–county mul ti plier. The mul ti
plier allows for addi tional changes in age that may not have already been cap tured by 
the constrained mor tal ity and migra tion com po nents.

Note that this is a form of a cohort com po nent pro jec tion frame work. As men
tioned pre vi ously, our main mod el ing goal is to obtain esti ma tes of the ηa,t ,c, but we 
are also inter ested in esti ma tes of expected mor tal ity (γ a,t ,c) and expected migra tion 
(φa,t ,c), and, if non zero, the log mul ti pli ers (log εa,t ,c).

Data Model

Define yi to be the ith observed pop u la tion count. Depending on the year of the cen
sus, yi is observed at either the county c level or dis trict d  level. The data model is

 log yi |ηa,t ,c ∼

N log ηa i⎡⎣ ⎤⎦,t i⎡⎣ ⎤⎦,c i⎡⎣ ⎤⎦
,sy2 i⎡⎣ ⎤⎦( )  if t[i] = 2009,

N log ηa[i],t[i],c[i]( )c  ∈ d[i]∑ ,sy2 i⎡⎣ ⎤⎦
⎛

⎝⎜
⎞

⎠⎟
 if t[i] < 2009,

⎧

⎨
⎪
⎪

⎩
⎪
⎪

  (3)

where sy2 is the sam pling error based on the fact that the microdata in IPUMS are a 10% 
sam ple.2 The sec ond case of this equa tion dic tates that if we have obser va tions prior to 
2009, we can relate these only to ηa,t ,cs that have been summed to the dis trict level.

2 Sampling errors were cal cu lated assum ing a bino mial dis tri bu tion and using the delta method.
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Constraints on National Population

We would like to ensure that the countylevel pop u la tions ηa,t ,c imply a national 
level pop u la tion that is con sis tent with pre vi ously published esti ma tes in WPP. We 
would like to use WPP esti ma tes; how ever, these do not have asso ci ated uncer tainty 
 published, so we assume the fol low ing. We con strain the sum of the county pop u la
tions by age and year to be within the inter val Λa,t ,Ωa,t( ):
 Λa,t < ηa,t ,cc∑ ≤ Ωa,t , (4)

with lower bound Λa,t and upper bound Ωa,t  deter mined by the national esti ma tes pro
duced by WPP. Specifically, for the lower bound Λa,t , we assume the fol low ing prior:

 log Λa, t ∼ N log 0.9 WPPa, t , 0.12( )T , log WPPa, t( ).  (5)

This prior dic tates that the prior prob a bil ity of ηa,t ,cc∑ < 0.9 WPPa,t  is 50%. The 
stan dard devi a tion of 0.1 on the log scale cap tures the uncer tainty asso ci ated with 
the lower bound. We assign a WPPinformed prior to upper bound Ωa,t  in a sim i lar 
man ner:

 log Ωa, t ∼ N log 1.1 WPPa, t , 0.12( )T log WPPa, t , ( ) .  (6)

Note that in this setup, we do not use WPP esti ma tes as “data” to directly inform 
the sum of the county esti ma tes as in other work (e.g., WorldPop esti ma tes). Instead, 
we use the WPP esti ma tes to exclude com bi na tions that are extreme as com pared to 
the WPP esti ma tes.

Priors on First Year and Age-group

Because we are inter ested in esti mat ing and projecting adult pop u la tions, the cohort 
com po nent pro jec tion frame work does not explic itly take fer til ity into account. How
ever, the pro jec tion frame work still requires an ini tial pop u la tion of 15yearolds 
from which to pro ject pop u la tions for ward. Additionally, the model requires ini tial 
pop u la tions in the first year of recon struc tion. We place pri ors on the size of these ini-
tial pop u la tions using infor ma tion about the national pop u la tions from WPP and the 
county pop u la tion pro por tions from the censuses.

In par tic u lar, we use the fol low ing pri ors:

 log η1,t ,c ∼ N log WPP1,t + log prop1,t ,c , 0.012( ),  (7)

 log ηa,1,c ∼ N log WPPa,1 + log propa,1,c , 0.012( ),  (8)

where WPPa,t is the nationallevel pop u la tion count from WPP in the rel e vant agegroup 
and year, and propa,t ,c is the pro por tion of the total pop u la tion in the rel e vant agegroup, 
year, and county, which was cal cu lated by inter po lat ing cen susyear pro por tions and 
assum ing the pro por tion of a dis trict’s pop u la tion in each county was con stant at a level 
equal to 2009.
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Mortality Model

Equation (2) requires esti ma tes of the expected con di tional prob a bil ity of death in 
each agegroup, year, and county. As discussed in the Data sec tion and the online 
appen dix, we do not have reli able infor ma tion about mor tal ity by age at the county 
level, and hence we use infor ma tion about mor tal ity trends at the national level as 
the basis for a mor tal ity model at the sub na tional level. A semiparametric model is 
used to cap ture the shape of national mor tal ity through age and time, while allow
ing for dif fer ences by county. In par tic u lar, we model county mor tal ity on the logit 
scale as

 logit γ a ,t ,c( ) = Ya ,0 +βt ,c ,1 ⋅Ya ,1 +βt ,c ,2 ⋅Ya ,2 ,  (9)

where Ya,0 is the mean age-spe cific logit mor tal ity sched ule of the national mor tal ity 
curves and Y1:A,1 and Y1:A,2 are the first two prin ci pal com po nents derived from national- 
level mor tal ity sched ules. Modeling on the logit scale ensures that the death prob a bil
i ties are between zero and one.

The county-spe cific coef fi cients βt ,c,k are mod eled as fluc tu a tions around a national 
mean:

 βt ,c ,k = Bt ,knat + δt ,c ,k ,  (10)

 δt ,c,k |δt  −  1,c,k ,σδ
2 ∼ N δt  −  1,c,k ,σδ

2( ),  (11)

where Bt ,knat are the national coef fi cients on prin ci pal com po nents, derived from WPP 
data. The county-spe cific fluc tu a tions are mod eled as a ran dom walk.

Principal com po nents cre ate an under ly ing struc ture of the model in which reg
u lar i ties in age pat terns of human mor tal ity can be expressed. Many dif fer ent kinds 
of shapes of mor tal ity curves can be expressed as a com bi na tion of the com po nents. 
Incorporating more than one prin ci pal com po nent allows for greater flex i bil ity in the 
under ly ing shape of the mor tal ity age sched ule.

Principal com po nents were obtained from a decom po si tion of a matrix that con
tains a set of stan dard mor tal ity curves. We used national life tables published in the 
World Population Prospects 2019 for a set of 26 countries in subSaharan Africa.3  
These countries were cho sen because, like Kenya, they expe ri enced sub stan tial 
increases in mor tal ity owing to HIV/AIDS.

In par tic u lar, let X be a N ×G matrix of logit mor tal ity rates, where N  is the 
num ber of years and G is the num ber of agegroups. In this case, we had N = 16 
years (esti ma tes every five years from 1950 to 2025) of G = 7 agegroups (15–19, 
20–24, . . . , 45–49). The sin gu lar value decom po si tion (SVD) of X is

 X = UD ′V ,  (12)

where U is a N × N  matrix, D is a N ×G matrix, and V is a G ×G matrix. The first 
two col umns of V (the first two right-sin gu lar val ues of X) are Y1:A,1 and Y1:A,2.

3 Benin, Burkina Faso, Burundi, Cameroon, Central Afri can Republic, Chad, Comoros, Democratic Republic 
of the Congo, Ethiopia, Ghana, Guinea, GuineaBissau, Kenya, Madagascar, Mali, Mauritania, Niger, Nigeria, 
Senegal, Sierra Leone, South Africa, Togo, Uganda, United Republic of Tanzania, Zambia, and Zimbabwe.
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The mean mor tal ity sched ule and the first two prin ci pal com po nents for  Kenyan 
national mor tal ity curves between ages 15–49 from 1950 to 2020 are shown in Figure 2. 
The mean logit mor tal ity sched ule shows a stan dard age-spe cific mor tal ity curve, with 
mor tal ity increas ing over age. The first two prin ci pal com po nents have demo graphic 
inter pre ta tions. The first shows the aver age con tri bu tion of each age to mor tal ity improve-
ment over time. This inter pre ta tion is sim i lar to the bx term in a Lee–Carter model (Lee 
and Carter 1992). For the case of Kenya, the sec ond prin ci pal com po nent most likely 
rep re sents the rel a tive effect of HIV/AIDS mor tal ity by age (Sharrow et al. 2014).

Migration Model

The sec ond pop u la tion change com po nent of Eq. (2) refers to the netmigra tion rate in 
a par tic u lar age-group, year, and county. Specifically, define the net-migra tion rate as

 φa,t ,c =
ψ a,t ,c
in − ψ a,t ,c

out

ηa−1,t−1,c
,  (13)

where ψ a,t ,c
in  is the num ber of inmigrants and ψ a,t ,c

out  is the num ber of outmigrants.
For the migra tion com po nent, we use observed data from the cen sus. In a sim i lar 

way to the pop u la tion model, we have a pro cess model, which defi nes the under ly ing 
migra tion pro cess for the “true” migrant param e ters, and a data model, which relates 
obser va tions from the cen sus to the under ly ing truth.

Process Model

The model form for the num ber of inmigrants and outmigrants is informed by pat terns 
observed in the raw cen sus data. In par tic u lar, looking at the age dis tri bu tion of both in 
and outmigra tion (i.e., the pro por tion of total migrants who are in agegroup a) sug gests 
that, while the over all mag ni tude of migra tion changes over time, the age pat terns in 
migra tion are fairly con stant (see fig ures in online Appendix C). This obser va tion is con-
sis tent with the large body of migra tion esti ma tion lit er a ture, where strong age pat terns 
of migra tion moti vate both para met ric and semiparametric mod els (e.g., Rogers 1988; 
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Fig. 2 Mean logit mortality schedule and first two principal components
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Rogers and Castro 1981; Wisniowski et al. 2015). This obser va tion allows us to sim plify 
the expres sion for the num ber of inmigrants and outmigrants, which are mod eled as

 ψ a,t ,c
in = Ψt ,c

in ⋅Πa,c
in ,  (14)

 ψ a,t ,c
out = Ψt ,c

out ⋅Πa,c
out ,  (15)

where Ψt ,c
in  and Ψt ,c

out are the total num ber of in and outmigrants, respec tively, and 
Πa,c
in  and Πa,c

out are the rel e vant age dis tri bu tions. In this way, the age dis tri bu tions are 
assumed to be con stant over time while the total counts vary.

The total num ber of inmigrants and outmigrants are esti mated for each county– 
period. We model the total counts as a sec ondorder ran dom walk to impose a cer tain 
level of smooth ness in the counts over time. As the model cap tures inter nal migra tion 
flows in and out of each county, it must be the case that the sum of all  in-migra tion 
flows minus the sum of all  out-migra tion flows equals inter na tional net-migra tion. 
Lacking suf fi cient reli able infor ma tion on inter na tional migra tion for Kenya, we con-
strain the abso lute dif fer ence between the sum of all  esti mated in and outmigra tion 
flows to be less than 10% of the total pop u la tion for that age-group and period. See 
online Appendix B for fur ther details.

Data Model

Finally, we relate the observed age-spe cific in- and out-migra tion counts in the cen
suses, denoted Mi

in and Mi
out , respec tively, to the under ly ing true counts ψ a,t ,c

in  and 
ψ a,t ,c
out  through the fol low ing data model:

 logMi
in |ψ a,t ,c

in ∼
N logψ a[i],t[i],c[i]

in ,sin2 [i]( )  if t[i] = 2009,

N log ψ a[i],t[i],c[i]
in( ),sin2 [i]c∈d[i]∑( )  if t[i] < 2009,

⎧
⎨
⎪

⎩⎪
 (16)

 logMi
out |ψ a,t ,c

out  ∼
N logψ a[i],t[i],c[i]

out ,sout2 [i]( )  if t[i] = 2009,

N log ψ a[i],t[i],c[i]
out  ( ),sout2 [i]c∈d[i]∑( )  if t[i] < 2009.

⎧
⎨
⎪

⎩⎪
 (17)

In a fash ion sim i lar to the data model for pop u la tion, data observed prior to 2009 
can only be related to the migra tion counts that have been summed to the dis trict 
level. In addi tion, the sin2  and sout2  are the sam pling errors based on the fact that the 
microdata in IPUMS are a 10% sam ple.

Additional Age–Time Multiplier εa,t ,c

In the mod els for expected mor tal ity and migra tion discussed in the fore go ing, con
straints are imposed on the age-spe cific effects. In par tic u lar, the use of the SVD approach 
to model mor tal ity results in mor tal ity age pat terns that are lin ear  com bi na tions of the 
mean sched ule and the com po nents of change (the Y ’s). Additionally, the migra tion 
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model assumes a con stant age pat tern of migra tion over time with vary ing mag ni tudes 
of in and outmigra tion. We assume these forms in order to greatly reduce the num ber 
of param e ters that need to be esti mated in each model, such that rea son able esti ma tes of 
mor tal ity and migra tion rates can still be obtained in datasparse set tings.

To allow for county-spe cific age and time var i a tion that may not have already been 
cap tured by other com po nents, we intro duced an addi tional age–time mul ti plier εa,t ,c in 
the pop u la tion cohort com po nent model (see Eq. (2)). We model these mul ti pli ers on 
the log scale, and to ensure identifiability we assume that the mean of the sum of the log 
mul ti pli ers over all  agegroups is zero. See online Appendix B for more details.

This setup assumes that in gen eral, pat terns of pop u la tion change are well cap tured 
by the mor tal ity and migra tion com po nents, and hence, in the absence of more infor
ma tion, we expect the mul ti plier terms to be close to zero. Observing many esti mated 
non zero mul ti plier terms may sug gest that the mor tal ity and migra tion com po nents 
need to be reformulated.

Computation

The model was fit ted in a Bayes ian frame work using the sta tis ti cal soft ware R. 
Samples were taken from the pos te rior dis tri bu tions of the param e ters via a Mar kov 
Chain Monte Carlo (MCMC) algo rithm. This was performed using JAGS soft ware  
(Plummer 2003). Standard diag nos tic checks using trace plots and the R̂ diag nos tic 
(Gelman et al. 2020) were used to check con ver gence.

Best esti ma tes of all  param e ters of inter est were taken to be the median of the 
rel e vant pos te rior sam ples. The 95% Bayes ian cred i ble inter vals were cal cu lated by 
find ing the 2.5% and 97.5% quantiles of the pos te rior sam ples.

Data and code are avail  able at https:  /  /github  .com  /MJAlexander  /subnational   
bayes  ccp.

Results

We illus trate some key results of pop u la tion counts, mor tal ity, and migra tion. Addi
tional results are presented in online Appendix E.

Population Estimates and Projections

Population esti ma tes and pro jec tions are shown in Figure 3. Part a shows the pop
u la tion of women of repro duc tive age by prov ince in 1979–2019. The black lines 
and asso ci ated shaded area rep re sent the model esti ma tes and asso ci ated 95% cred
i ble inter vals, respec tively. The red dots indi cate decen nial censuses. Populations of 
WRA increase in every prov ince, with the largest province being Rift Valley. While 
Northeastern is the smallest prov ince by pop u la tion size, the growth rate is rel a
tively rapid, likely owing to the rel a tively high fer til ity rates in this prov ince (Kenya 
National Bureau of Statistics 2015; Westoff and Cross 2006), whereas rapid pop u la
tion increases in Nairobi are driven by inmigra tion.
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Part b of Figure 3 illus trates pop u la tions over age and time for three counties. Note 
the dif fer ent yaxis scales for each county. For Nairobi, pop u la tions are much larger 
and the pres ence of net inmigra tion far surpasses the effects of mor tal ity, lead ing 
to an inverted Ushaped age dis tri bu tion. For Wajir, a rel a tively rural county in the 
north east, pop u la tion growth seems rapid over time. For Baringo, pop u la tions are 
rel a tively small and decline reg u larly over age owing to mor tal ity.

Mortality

In addi tion to get ting esti ma tes of pop u la tion counts, we also obtain esti ma tes of the 
com po nents of pop u la tion change, namely, mor tal ity and migra tion. Regarding mor
tal ity, there is evi dence of var i a tion across the counties. Focusing on three counties 
as above, mor tal ity pro files are quite dif fer ent, with Nairobi’s esti ma tes being higher 
than those of the other two counties shown (Figure 4).
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Fig. 3 Population estimates and projections of women aged 15–49 by province and for three counties, by 
age and year, Kenya, 1979–2019
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Fig. 4 Estimates of mortality by age and year for three counties

Migration

In addi tion to mor tal ity, there is sub stan tial var i a tion in pat terns in migra tion 
across Kenyan counties. Figure 5 shows esti ma tes of all  migra tion com po nents in 
the three case study counties. For total inmigra tion and outmigra tion esti ma tes  
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Fig. 5 Estimates of migration components by year and age for three counties
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(part a), flows into and out of Nairobi are much larger, with net in-migra tion  
reaching over 200,000 peo ple per year. Flows into Wajir are much smaller (<10,000 
peo ple), and in 2019 Baringo had net outmigra tion of around 10,000. The esti mated 
age pat terns of migra tion for the three counties are also shown in part b. Some dif fer
ences exist, with Nairobi’s immi grants much more con cen trated around ages 20–24.

Age–Time Multiplier

Figure 6 shows the age–time mul ti pli ers ε for the three exam ple counties. For  
Baringo, the mul ti pli ers are essen tially always zero on the log scale. This obser va tion 
is true for the major ity of counties (see online Appendix E for plots for addi tional 
counties), which sug gests that most of the pat terns over age and time are cap tured 
well by the mor tal ity and migra tion com po nents. For county–years for which mul ti
pli ers do devi ate from zero, esti ma tes are at most around 10% of the total pop u la tion 
mag ni tude, and usu ally between 0% and 5%. For exam ple, for Nairobi, the esti mated 
mul ti plier sug gests that, after account ing for the expected mor tal ity and migra tion 
com po nents, in 2009, we see an addi tional increase around age 20 (of around 10%) 
and an addi tional decrease of almost 10% for the oldest agegroup.

Model Evaluation

A national cen sus was conducted in Kenya in 2019. While the microlevel data are 
not yet pub licly avail  able (e.g., via IPUMS), the resulting pop u la tion counts by age, 
sex, and county have been published by the Kenya National Bureau of Statistics 
(Kenya National Bureau of Statistics 2019). We can there fore eval u ate the 2019 pro
jec tions from our model with the actual counts from the 2019 cen sus.

We extracted cen sus pop u la tion counts by age, sex, and county from a PDF file 
containing the results fol low ing code pro vided by Alexander (2022). We com pared 
the 2019 pro jec tions from the Bayes ian cohort com po nent pro jec tion model (referred 
to as Bayes CCP) with these counts and cal cu lated sev eral sum mary met rics. We 
define the rel a tive error eg  for a par tic u lar group g as
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Fig. 6 Estimates of specific age–time multipliers for three counties
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 eg =
yg ,2019  −  η̂g ,2019

yg ,2019
,  (18)

where yg ,2019 refers to the cen susbased pop u la tion count for that pop u la tion and η̂g ,2019 
to the modelbased pro jec tion. A group g  can refer to an age–county or age–dis trict 
group, for exam ple.

On the basis of the errors, we cal cu lated mean, median, and rootmeansquared 
errors (RMSEs) by agegroup and for the total pop u la tion. We com pared these results 
to the results of a sim i lar lin ear extrap o la tion model, where the pop u la tion in 2019 
was esti mated by apply ing the same pro por tion change seen between the 1999–2009 
censuses. Errors were sum ma rized over dis tricts, as esti ma tes by county are not pos
si ble with the lin ear extrap o la tion method (as we have only one pre vi ous set of cen sus 
obser va tions by county).

Error sum ma ries by agegroup and for the total pop u la tion are shown in Table 1. 
In gen eral, the Bayes ian model pro jec tions are within ∼1% of the cen sus pop u la tions. 
The mag ni tudes of the RMSEs for the sim ple lin ear inter po la tion are 3–4 times as 
high as those of the Bayes CCP. The bias results sug gest that the point esti mate from 
the Bayes CCP is often slightly lower than the cen sus obser va tion, whereas lin ear 
inter po la tion sub stan tially over es ti ma tes pop u la tion counts.

We also cal cu lated the cov er age of the 95% pre dic tion inter vals of the Bayes ian 
CCP model esti ma tes for 2019, com pared to the observed 2019 cen sus counts, and 
the pro por tion of cen sus counts above and below the pre dic tion inter vals. If the model 
is well calibrated, on aver age around 90% of the observed cen sus counts should fall 
within the 90% pre dic tion inter vals, and 5% of obser va tions should fall above and 
below the inter val. Table 2 reports cov er age by agegroup and sug gests that in gen eral 
the cov er age of the cred i ble inter vals matches expec ta tions. However, in some age
groups, there is a rel a tive bias toward obser va tions fall ing below the inter val rather 
than above.

We also cal cu lated the prob a bil ity inte gral trans form (Angus 1994) to assess the 
con sis tency between the 2019 pro jec tions and observed counts. Results are presented 
in online Appendix F.

Table 1 Summary of errors in dis trict pop u la tion sizes by agegroup com par ing 2019 cen sus counts with 
two meth ods, lin ear inter po la tion and the Bayes ian cohort com po nent pro jec tion model (Bayes CPP)

Mean Error Median Error RMSE

Agegroup Interpolation Bayes CCP Interpolation Bayes CCP Interpolation Bayes CCP

15–19 –0.070 –0.058 0.128 0.010 0.013 0.005
20–24 –0.228 –0.081 –0.040 –0.033 0.016 0.005
25–29 –0.266 –0.019 0.018 0.006 0.020 0.005
30–34 –0.146 0.043 0.035 0.047 0.020 0.005
35–39 –0.254 –0.161 –0.008 –0.179 0.035 0.012
40–44 –0.058 –0.074 0.185 –0.048 0.038 0.009
45–49 –0.246 –0.065 0.049 0.011 0.061 0.021
Total Population –0.101 –0.045 0.119 0.011 0.031 0.010
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Discussion

In this arti cle, we pro posed a Bayes ian cohort com po nent pro jec tion frame work for 
esti mat ing the pop u la tion of women of repro duc tive age when lim ited amounts of 
data are avail  able. The model uses infor ma tion on pop u la tion and migra tion counts 
from censuses, as well as mor tal ity pat terns from national sched ules, to recon struct 
pop u la tions from cohorts mov ing through time. The mod el ing frame work also nat
u rally extends to allow the pro jec tion of pop u la tions. In addi tion, the model ensures 
that the national pop u la tions implied by the sum of sub na tional areas agree with 
national prepublished UN WPP esti ma tes.

The model was used to esti mate and pro ject pop u la tions of women of repro duc
tive age for counties in Kenya over the period 1979–2019. Results suggested con tin
ued growth of WRA pop u la tions in all  dis tricts, and accel er ated growth in par tic u lar 
in areas such as Nairobi and Northeastern. The mor tal ity com po nent of the mod
el ing frame work high lighted the stag nat ing prog ress of lon gev ity seen through the 
1990s and 2000s, largely due to HIV/AIDS, but also indi cated more recent mor tal ity 
declines. The esti ma tes from the Kenyan exam ple also high lighted sub stan tial dif fer
ences in inter nal migra tion pat terns across the nation.

The model requires inputs only from national censuses and WPP esti ma tes, 
which are avail  able for the major ity of countries. Thus, while the model was tested 
on esti ma tion in Kenya, the meth od ol ogy is appli ca ble to a wide range of countries 
with very lit tle alter ation. For exam ple, there are cur rently cen sus microdata avail 
able for almost 100 counties on the IPUMS International website. At a min i mum, 
in addi tion to WPP esti ma tes, data on pop u la tion counts and in and outmigra tion  
flows by sub na tional area are ide ally required for two cen sus years. These could 
be obtained via IPUMS as in our case, or using sum mary aggre gate counts if these 
are avail  able. Such counts at two time points are the min i mum require ment, but 
the more data that are avail  able, the less uncer tain esti ma tes are likely to be. The 
amount of uncer tainty and deci sions about when it would be appro pri ate to imple
ment this model are con text spe cific. For exam ple, a coun try that has rel a tively sta-
ble pop u la tion growth (with rel a tively con stant or uni formly chang ing demo graphic 
rates) is likely to have less uncer tainty around esti ma tes than a coun try that has 
expe ri enced fluc tu at ing rates over time. Censuses can be avail  able for any year, as 
his tor i cal, inter me di ate, and future pop u la tions can be reconstructed and  projected. 

Table 2 Proportion of 2019 cen sus county counts fall ing within, above, and below the 90% pre dic tion 
inter vals as esti mated by the Bayes ian CPP model

Agegroup Proportion in Interval Proportion Above Proportion Below

15–19 .89 .02 .08
20–24 .89 .00 .09
25–29 .89 .04 .04
30–34 .91 .06 .02
35–39 .87 .01 .09
40–44 .92 .04 .04
45–49 .87 .04 .05
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However, note that the lon ger the pro jec tion period (i.e., the more  his tor i cal the 
censuses), the larger the pro jec tion uncer tainty. For countries with sub stan tial 
inter na tional migra tion, we rec om mend extending the model to account for this 
com po nent of pop u la tion change. For exam ple, if the size of the netmigra tion  
flows is known, the con straint on net-migra tion, which is cur rently set to be approx-
i ma tely zero, could be updated.

After we ran a series of val i da tion mea sures, the pro posed model outperformed 
a bench mark model of lin ear inter po la tion. In addi tion to hav ing lower per for mance 
than Bayes CCP, with the sim ple inter po la tion method it is not pos si ble to eas ily 
get esti ma tes by county, because 2009 was the first year that the cur rent geo graphic 
bound aries of counties were established. Another advan tage of the Bayes ian model is 
that the pop u la tion esti ma tes also have an asso ci ated uncer tainty level, and that esti
mat ing not only pop u la tion counts but also mor tal ity and migra tion rates allows us to 
bet ter under stand the driv ers of pop u la tion change by county.

There are sev eral other advan tages and con tri bu tions of this mod el ing frame work 
to the esti ma tion of sub na tional pop u la tions. The model is governed by a cohort 
com po nent pro jec tion model, track ing cohorts as they move through time. This has 
advan tages over more aggre gate tech niques, such as inter po la tion and extrap o la tion, 
because it allows us to under stand trends in over all pop u la tion as a pro cess gov
erned by sep a rate com po nents that add or remove pop u la tion. This pro cess takes into 
account inter cen sal events, such as trends in HIV/AIDS mor tal ity, and pro duces esti
ma tes and pro jec tions with uncer tainty.

Second, the mod el ing frame work pro poses a par si mo ni ous model for inter nal net
migra tion across sub na tional areas. In cohort com po nent mod els, migra tion com po
nents are often assumed to be neg li gi ble or con sid ered to just be the resid ual once 
mor tal ity has been taken into account. Very few data usu ally exist on migra tion pat
terns, and esti ma tion of all  migra tion com po nents by age, region, and year becomes 
very inten sive. After observ ing key pat terns in the data, we pro posed a netmigra tion 
model that sep a rates migra tion pat terns into inde pen dent age and time com po nents. 
The result is an age-spe cific net-migra tion model with param e ters that are eas ier to 
esti mate when data are lim ited.

More broadly, one of the con tri bu tions of our pro posed frame work over existing 
work in this area is the use of mor tal ity and migra tion mod els that have rel a tively 
strong func tional forms, which allow plau si ble esti ma tes to be pro duced even in the 
absence of goodqual ity data. Our approach to mod el ing mor tal ity through the use 
of char ac ter is tic age pat terns is inspired by the long demo graphic tra di tion of using 
model life tables when infor ma tion on mor tal ity is sparse.

While we have illus trated the util ity of this approach in datalim ited con texts, the 
frame work can nat u rally be extended to include addi tional sources of data. For exam
ple, if there exist obser va tions of age-spe cific mor tal ity rates at the sub na tional level 
(even at some ages), these data could be used as inputs to the mor tal ity model. If more 
reli able data on inter nal migra tion flows were avail  able, the existing migra tion pro cess 
model—which assumes a fixed age sched ule with vary ing mag ni tude over time—
could be reformulated to be more flex i ble. In gen eral, to be  able to han dle pop u la tion 
pro jec tion in a con text of low data avail abil ity, the model pro posed here includes mor
tal ity and mor tal ity pro cess mod els that sep a rate age and time trends into inde pen dent 
effects. Additional spe cific age–time effects were then cap tured by the mul ti plier ε. 
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If more data are avail  able, the under ly ing pro cess mod els could be extended to bet ter 
under stand these age–time effects and how they relate to either mor tal ity or migra tion.

Another pos si ble exten sion of this frame work is to include other total  pop u la tion 
esti ma tes, such as those from WorldPop, as addi tional “data” that could be used to 
inform esti ma tes. We view this meth od ol ogy and sub na tional pop u la tion esti ma tes 
pro duced from it as com ple men tary to esti ma tes pro duced by efforts such as the 
WorldPop pro ject. As men tioned ear lier, the pri mary goal of the WorldPop esti ma tes 
is to pro duce extremely fine-grained esti ma tes of total pop u la tion, whereas we are 
more inter ested in under stand ing pop u la tion pat terns by age and sex and the under ly
ing com po nents of pop u la tion change within larger sub na tional areas.

This model was devel oped to esti mate and pro ject adult pop u la tions only, and in 
 par tic u lar, women of repro duc tive age. The model appears to per form well for this sub
pop u la tion. Notably, a lim i ta tion of the model is that we do not esti mate pop u la tions 
from birth or at older age pop u la tions. We do not explic itly model fer til ity within the 
cohort com po nent pro jec tion frame work, but rather use infor ma tion from censuses and 
WPP to place plau si ble prior dis tri bu tions on the ini tial agegroup of inter est (in this 
case, ages 15–19). A pos si ble exten sion to the frame work pro posed here would be the 
mod el ing of a larger set of agegroups, starting at birth, and explic itly incor po rat ing fer
til ity rates. As for mor tal ity and migra tion mod els, a model for fer til ity would need to be 
moti vated by the type and amount of data avail  able at the sub na tional level.

While this model frame work has the advan tage of explic itly includ ing a com po
nent to esti mate inter nal migra tion flows, a lim i ta tion is that we assume there are no 
biases in the observed migra tion data. In prac tice, this may not be true: one can imag
ine recall biases and “heaping” biases cre at ing underreporting. From explo ra tion of 
other migra tionrelated data from censuses and Demographic and Health Surveys, it 
appears these data are the least likely to exhibit such biases. Thus, in the absence of 
bet ter qual ity data on migra tion, we make the assump tion that the obser va tions from 
this cen sus ques tion have no bias.

Another lim i ta tion is related to the national con straint in the model. We set the 
national totals to be between approx i ma tely 90% and 110% of the WPP national 
pop u la tion esti ma tes. Ideally, we would be  able to use uncer tainty around the WPP 
esti ma tes within this model, how ever, cur rently this is not avail  able.

The incor po ra tion of a cohort com po nent pro jec tion model into a prob a bi lis tic 
set ting allows for dif fer ent sources of uncer tainty, such as sam pling and nonsampling 
error, to be included in the mod el ing pro cess. The Bayes ian hier ar chi cal frame work 
allows infor ma tion from dif fer ent data sources to be con sol i dated with out the need 
for postestimation redis tri bu tion changes, as is often the case with sub na tional pop u
la tion esti ma tion (Swanson and Tayman 2012). In addi tion, com pared with tra di tional 
deter min is tic tech niques, it allows for increased flex i bil ity in mod el ing pop u la tion 
pro cesses while still keep ing the basis of an under ly ing demo graphic pro cess. ■
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