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Abstract

Small area population estimates are fundamental for effective decision making across government,
humanitarian, development and commercial sectors. Many countries face growing uncertainty in their
population figures due to disrupted, delayed or incomplete censuses —an issue highlighted during the
2020 round, with many censuses delayed and 15% of countries ultimately not undertaking one. To
address this gap, methods to provide census-independent or “bottom-up” modelled population
estimates have been developed that combine geospatial data derived from satellite imagery with
population data samples within a statistical modelling framework. Such methods have been applied
in collaboration with governments in more than ten countries to date, typically in data-scarce settings
where opportunities for comparison against independent population data are limited. An exception is
Zambia, where census-independent modelled population estimates were developed in 2020, and a
national population census subsequently conducted in 2022. Using data from the Zambia 2022
census, this study presents the first national comparison of census-independent modelled estimates
with recent census enumeration. We directly compare the modelled estimates with census counts
across geographic scales and explore subsets of estimates considered to most plausibly represent
residential populations. Our findings show that the modelled estimates are strongly correlated with
the 2022 census figures (R=0.95 for wards and districts) but tend to exceed census counts. Accounting
for the locations of residential census households reduces these disparities considerably,
highlighting the need for improved stratification of built settlement types in model input data. This
study strengthens the evidence base for bottom-up population modelling as an option in situations
where there are barriers to conducting a population census, whilst also identifying priorities for further
methodological development.

Main Text
1. Introduction

Reliable population figures are foundational for a wide range of critical activities, from planning and
delivering public services, to identifying vulnerable groups during emergencies and providing
denominators for metrics on disease prevalence or development indicators. As these data underpin
decision making for governments, humanitarian organisations, commercial actors and non-profit
organisations alike, accurate and up-to-date population figures are essential. Population data are
traditionally collected through population and housing censuses by national statistical offices,
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typically on a decadal basis. Between censuses, population figures are projected, considering rates
of fertility, mortality and migration.

As the time elapsed since the last census increases, the uncertainty in projected population figures
grows, particularly at local levels. Conducting a census is a massive logistical exercise with high
financial costs. For countries experiencing conflict, political instability or disasters associated with
natural hazards, censuses can be disrupted, delayed or cancelled, resulting in increasingly uncertain
population figures. Around 15% of countries globally did not undertake a census in the 2020 round
(2015-2024) (United Nations Statistics Division, 2025), including some of the world’s most populous
countries. India’s planned 2021 census was initially delayed due to COVID-19 and has yet to take
place, such that current population figures are projections grounded in enumeration from the 2011
census (Mallapaty, 2024), whilst Nigeria’s last national census was in 2006 (Makama, 2007). For some
countries, the time elapsed since the last census can stretch to many decades; the last national
census in Democratic Republic of the Congo (DRC) was conducted in 1984 (Marivoet & De Herdt,
2018), and in Afghanistan in 1979 (Pinney, 2012).

In response to these challenges, alternative methods of estimating population sizes at local levels
have been developed. Over the past decade, geospatial datasets derived from satellite imagery have
been used to both spatially disaggregate census population counts (Leyk et al., 2019; Stevens et al.,
2015), and to independently estimate population sizes (Boo et al., 2022; Leasure et al., 2020; Neal et
al., 2022; Weber et al., 2018). The latter approach, termed “bottom-up” (Wardrop et al., 2018) or
“census-independent”, utilises enumerated population samples together with comprehensively
mapped geospatial datasets in a statistical modelling framework. Geospatial datasets of factors
associated with population density and spatial distribution, are used as model covariates, enabling
prediction of population in locations without enumerated counts (Wardrop et al., 2018).

Mapped data on buildings, frequently derived from satellite imagery, have been fundamental in
advancing predictive modelling of populations (Lazar et al., 2025), given the close relationship
between the spatial distributions of population and buildings (Nieves et al., 2021; Rubinyi et al., 2021).
To date, the samples of population data used in bottom-up modelling have primarily comprised
household listings from surveys or other non-census forms of population enumeration. Census-
independent or bottom-up modelled estimates have now been developed for countries including
Afghanistan, Nigeria (Leasure et al., 2020; Weber et al., 2018), DRC (Boo et al., 2025; Boo et al., 2022),
Cameroon (Nnanatu et al., 2025a), Papua New Guinea (Nnanatu et al., 2025b), South Sudan,
Colombia (Sanchez-Cespedes et al., 2024), Mozambique (Neal et al., 2022) and Zambia (Dooley et al.,
2021), and is an area of active research for national statistical offices (Office for National Statistics,
2024).

The contexts in which modelled bottom-up population estimates have been developed are generally
settings where up-to-date, reliable, population data are scarce, inherently resulting in limited
opportunities for comparison againstindependent sources of population data (Lazar et al., 2025). The
accuracy of bottom-up estimates is typically assessed as part of the modelling process through out-
of-sample cross-validation, with the input population samples split into training and testing sets
(Leasure et al., 2020), but sample sizes are typically small. Opportunities forindependent assessment
against other population data are rare, although have long been identified as a priority (Wardrop et al.,
2018). Recent work by Darin et al. (2025) explored bottom-up model design using data from the 2018
Colombian census. However, of the countries where bottom-up modelled population estimates have
been developed from survey data, very few have subsequently conducted a census or extensive
population enumeration. Zambia is an exception - bottom-up modelled population estimates were



93
94
95
96
97
98
99
100
101
102
103
104

105
106
107
108
109
110
111

developed and published openly in 2020, with the 6th National Population and Housing Census
subsequently conducted in 2022.

In this study, we compare the 2019 Zambia bottom-up (census-independent) modelled population
estimates (Dooley et al., 2021; WorldPop, 2020), against population enumeration from the 2022
census (Zambia Statistics Agency, 2024). Our analyses are structured into three parts (Figure 1).
Firstly, we directly compare the modelled estimates and census data at a range of geographic scales.
Secondly, given the lack of data available on building type or use when the population modelling was
conducted, we use census data on residential household locations to explore the mismatch between
building footprints and residential populations. Building on this analysis, we finally estimate an
adjusted census population against which to compare the modelled estimates, accounting for
locations with residential populations in the census but without modelled population estimates.
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Figure 1. Overview of the comparative analysis, showing how the conservative and expanded subsets
of grid cells with modelled population estimates were identified, based on the locations of census
residential households. Grid cells with households but no building footprints were identified to
calculate a set of adjusted census comparators.
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2. Methods and Data

This section provides details of (i) the modelled population estimates dataset, (ii) the census-
enumerated population counts, (iii) the grid cell subsets based on stratification of built settlement,
(iv) the calculation of an adjusted census comparator and (v) the comparative analysis methods. The
modelled estimates were openly published in 2020, prior to the 2022 census being conducted, and
are based on geographically limited household listings with model covariates related to building size,
count and density (Dooley et al., 2021). The multiple input data sources for the population modelling
covered a range of timepoints, but are considered to be most representative of early 2019 (WorldPop,
2020). The full set of modelled population estimates at 3 arc second resolution, consist of 10,000
samples from the predicted posterior distribution for each grid cell, from which we calculated the
mean estimate and upper and lower 95% credible intervals (Cls), for different geographic units.
Throughout the analyses, we treatthe 2022 census counts as a definitive and accurate representation
of the population at the time of the census, and consider it as a benchmark against which modelled
estimates are evaluated.

2.1. Modelled population estimates

Previous work by Dooley et al. (2021) estimated counts of population at a spatial resolution of 3 arc
seconds (0.00083333 decimal degrees, approximately 100m), using a bottom-up modelling
approach. This utilised population counts from routinely collected survey data and pilot census
cartography, and a range of ancillary datasets as covariates, with similar approaches since
implemented for population modelling in other countries (e.g. Nnanatu et al., 2025a; Nnanatu et al.,
2025b). Population counts came from three sources: the Saving Mothers, Giving Life (SMGL) Maternal
Mortality Endline Census conducted in 2017 (Central Statistical Office, University of Zambia
Department of Population Studies, and ICF International, 2018), the Livestock Census (LSC) survey
conducted in 2018 (Ministry of Fisheries and Livestock, and Central Statistical Office, 2019), and the
pre-census pilot cartography, conducted in 2019. For each source, households had been enumerated
and the household location recorded using a GPS-enabled device. From these household point
locations, cluster boundaries were derived and population density per cluster calculated. For any
locations where clusters from different surveys overlapped, only the data from the most recent survey
was kept when the clusters from the three sources were combined into a single dataset. In the
combined dataset, 97% (112/116) of districts nationally, had one or more survey cluster.

All ancillary datasets were prepared in gridded (raster) format, with the same grid cell dimensions and
alignment. These included a range of metrics related to the count, size and density of buildings, as
well as classification of settlement types (rural, small urban or large urban), based on the count of
contiguous grid cells with one or more buildings. Metrics were calculated from building footprint data
(2D outlines of buildings, extracted from satellite imagery), using building footprints produced by
Ecopia with satellite imagery from Maxar through the DigitizeAfrica project (Price & Hallas, 2019).
Nationally, 93% of building footprints were extracted from satellite imagery dating from 2017-2019
(Supplementary Figure A.3). Any building footprint that had an area greater than 750 m? was excluded
in the calculation of metrics, as it was considered that these buildings were most likely non-
residential.

Population density was calculated as population per total building footprint area, and the ancillary
datasets were used as covariates to model population density. The statistical modelling approach
consisted of a core regression model to predict population density (with model weights used to
account for biases in the population counts associated with the survey sampling design) and an
observation error sub-model (to account for uncertainty in the population counts due to missing

4



161
162
163
164
165
166
167
168
169

170

171
172
173
174
175
176
177
178
179
180
181
182

183

184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208

households). A hierarchical random intercept was included in the regression model to account for
spatial similarity that was not explained by the covariates; districts were nested within provinces,
which were nested within settlementtype. Using the parameterised model, the probability distribution
(posterior predictions) of population counts was calculated for every grid cell at 3 arc second
resolution. The resulting dataset of census-independent modelled population estimates is openly
published (WorldPop, 2020). The gridded nature of the dataset provides flexibility in terms of
aggregation of grid cells to calculate estimates for areas of interest. Further details of the input data
preparation and modelling methods are described in Dooley et al. (2021).

2.2. Enumerated population counts from 2022 census

Censuses are conducted in Zambia on a decadal basis, implemented by the Zambia Statistics Agency
(ZamStats). The Fifth National Population and Housing Census was conducted in 2010, following
previous censuses in 1969, 1980, 1990 and 2000. The Sixth National Population and Housing Census
was scheduled for 2020, but was delayed to 2022, due to the COVID-19 pandemic and funding
constraints. The census was ultimately conducted between August 18th and September 14th 2022,
and was the first Zambian census to collect geolocated household-level data, recorded using GPS-
enabled devices (Zambia Statistics Agency, 2023). The collected data was then processed by
ZamStats to calculate demographic variables for different administrative units, with aggregated
population counts published for wards (n=1,858), districts (n=116) and provinces (n=10). The final
census results showed a population count of 19,693,423 and 4,087,031 households nationally
(Zambia Statistics Agency, 2024).

2.3. Stratification of built settlement

Aside from surveyed population counts, the other main source of input data for the modelled
population estimates, was building footprints, and the associated derived metrics. The building
metrics have a major role in the estimation of population density, as well as the presence of building
footprints also determining the grid cells for which non-zero population counts were predicted.
However, a key limitation of building footprint datasets concerns the lack of attributes on building type
or use (Chamberlain et al., 2024). In the context of bottom-up modelling, not being able to distinguish
residential and non-residential buildings could potentially lead to over- or under-estimation of
population. This is of particular concern in areas with predominantly non-residential buildings, and/or
if the input survey data does not include areas with non-residential buildings, as population counts
may be over-estimated as a result. To understand the influence that the inclusion of non-residential
building footprints in the bottom-up population modelling has, comparative analyses were also
conducted for subsets of grid cells identified as including residential households according to the
census.

Two subsets, which we term “conservative” and “expanded” were identified (Figure 1). For the
conservative subset, we included all grid cells that have one or more residential household points
recorded in the 2022 census (n=1,145,112; Supplementary Table A.8). Grid cells with one of more
residential households were based on the mastergrid file associated with gridded census-derived
population estimates (WorldPop and Zambia Statistics Agency, 2024). In the expanded subset, all grid
cells with one or more residential household points, plus the eight grid cells surrounding these, are
included (n=1,747,697). The conservative subset likely omits some grid cells with residential building
footprints, given differences in location between GPS-coordinates recorded for households and
building footprint centroids. Conversely, the expanded subset will include some grid cells without
residential buildings. The most realistic distribution of grid cells with residential buildings as of the
2022 census, likely falls between the two subsets.

5



209

210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226

227

228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247

248

249
250
251
252

253

2.4. Calculation of adjusted census comparator

Importantly, there are grid cells with residential census households recorded but with no building
footprints (and hence no modelled estimates of population). This may be due to temporal differences
between the household enumeration and the satellite imagery used in the building footprint extraction
(Supplementary Figure A.3), or errors in the location of recorded residential households or building
footprint data. Relatively consistent patterns in this mismatch are observed across provinces
(Supplementary Figures A.4 and A.5). To account for this mismatch, we estimated a set of adjusted
subnational census totals at ward-level.

For each ward, the count of census households in the subset of grid cells without building footprints
was multiplied by the mean household size (census population count divided by count of census
households). This estimate of the portion of the census population resident in grid cells without
building footprints, was then subtracted from the ward census population, to provide an adjusted
census total. Across the 380,754 grid cells nationally with residential census households but no
modelled population estimates, we estimated the census population resident in those grid cells to be
2,311,349, which when subtracted from the national census population total, gives an adjusted
national census population of 17,382,074 (Supplementary Table A.8).

2.5. Comparative analyses

Our analyses compare the bottom-up modelled population estimates with the census enumerated
counts, at a range of geographic scales. The modelled estimates were spatially aggregated to
calculate estimates for all wards, districts and provinces, with estimates corresponding to the (i)
mean and (ii) 95% credible intervals, calculated for each administrative unit from the posterior
predictions. Ward, district, province and national estimates, based on all grid cells and the two grid
cell subsets are provided in accompanying Supplementary dataset S1, alongside the corresponding
census counts and adjusted census comparators.

Forwards, and districts, the following model evaluation statistics were calculated based on the mean
value of the modelled estimates and the census counts: Pearson correlation coefficient (R), Root
Mean Square Error (RMSE; square root of the mean squared difference), Mean Absolute Error (MAE;
the mean absolute difference), Mean Absolute Percentage Error (MAPE; the mean absolute
percentage difference), Median Absolute Error (MedAE; the median absolute difference), bias (mean
of the difference), and imprecision (standard deviation of the difference). We firstly undertake this
comparative analysis with the full dataset of the modelled estimates (all grid cells) and subsequently
focus on two grid cell subsets. The identification of the two subsets, based on residential household
locations recorded as part of the census process, are described in section 2.3. The final part of our
analysis compares the subsets of modelled estimates with adjusted census totals, to account for
locations with residential households recorded in the census but no modelled population estimates.

3. Results

The results are structured in three parts. Section 3.1 has results of the direct comparison of
modelled population estimates and census counts. The modelled estimates calculated from
subsets of grid cells with residential households, are then compared with the census counts in
Section 3.2, and adjusted census comparators in Section 3.3.
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Figure 2. Modelled population estimates (~2019) with 95% credible intervals (Cls) plotted against
census counts (2022) for each (a) province (n=10) and (b) district (h=116) nationally. The diagonal
dashed line (y=x) on each plot shows a one-to-one relationship between the modelled and census-
enumerated counts. Districts are stratified as urban, rural or both urban and rural, based on
ZamStat’s binary rural/urban classification of wards.

3.1. Comparison of modelled estimates with census counts

The bottom-up modelled population estimates (~2019), correlate well with the enumerated counts
from the 2022 census. This is shown visually in Figure 2 for (a) provinces and (b) districts and in Figure
3 for wards, with the mean value of the modelled estimates (y-axis) generally well correlated with the
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census enumerated counts (x-axis). Alongside the modelled mean values, the 95% Cls of the
modelled estimates are also shown, which for half of provinces (5/10), and the majority of districts
(74/116, 64%) and wards (1,001/1,858, 54%), span the y=x line (Figure 4).

At the province-level, the modelled population mean estimates exceed the 2022 census enumerated
counts for all provinces, except Copperbelt and Eastern (Figure 2a). The mean estimates of population
for Muchinga, Western, Northern, Central, and Lusaka provinces are considerably higher, and the 95%
Cls do not span the y=x line. At the district-level (Figure 2b), the modelled population mean estimates
exceed the 2022 census enumerated counts for 69% of districts (n=80/116), of which 46 have 95% Cls
that span the y=x line. Of the 36 districts in which the modelled mean population estimates are lower
than the 2022 census counts, 28 have 95% Cls that span the y=x line. Across all districts, this bias
results in the mean value of the modelled population estimates exceeding the census count by an
average of 16,929 people per district (Table 1), butthisisreduced to 10,028 when the district of Lusaka
is excluded.

Table 1. Model evaluation statistics, comparing the mean value of the modelled estimates against
census enumeration for districts and wards.

District-level Ward-level

All grid Expanded Conservative | All grid cells Expanded Conservative
Statistic cells subset subset subset subset
R (Pearson) 0.984 0.985 0.981 0.955 0.961 0.958
RMSE 68,056.2 63,561.7 66,540.1 4,294.9 3,804.3 4,128.8
MAE 30,125.3 25,100.5 36,810.0 2,427.7 1,985.6 2,537.3
MAPE [%] 17.8 12.6 21.3 25.4 18.0 24.1
MedAE 17,748.9 13,034.9 23,091.9 1,314.5 972.6 1,549.0
Bias 16,928.5 -2,246.2 -26,808.3 1,056.9 -140.2 -1,673.7
Imprecision 66,203.1 63,797.6 61,165.0 4,164.0 3,802.7 3,775.4

At ward-level, modelled mean population estimates and census counts are still strongly correlated (R
= 0.96), but compared to district-level we expectedly see more variation in the differences between
modelled estimates and 2022 enumerated population counts (Table 1 and Figure 3b). This is reflected
in a MAPE value of 25.4% for ward estimates, compared to 17.8% for districts. When model evaluation
statistics for wards are stratified by province (Supplementary Table S1), values of MAPE range from
17.4% (Eastern) to 37.5% (Lusaka), and bias from -868.7 (Eastern) to 7,293.4 (Lusaka). This variability
is further explored in Supplementary Figure A.1, with scatterplots of ward-level population stratified
by province. The proportion of wards for which the census count is within the 95% CI of the modelled
estimates varies between provinces, ranging from 33% (Lusaka) to 69% (Eastern), with the proportion
of wards in Central, Luapula and Northwestern all exceeding 60% (Figure 4).

For Lusaka province, ward-level modelled estimates are very strongly correlated (R = 0.99;
Supplementary Table A.1), but generally higher than the enumerated counts in terms of both mean
values and 95% Cls (Figures 3a and 4). For Copperbelt province, ward-level modelled estimates are
slightly less strongly correlated (R = 0.92), with mean estimates lower than census counts by 434
people on average (Supplementary Table A.1). The census countis within the 95% Cls for 44% of wards
in Copperbelt province, with estimates for the upper 95% CI less than the census count in 27% of
wards: the highest for any province (Figure 4). Within Copperbelt, modelled estimates are generally
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lower than census counts in urban, more populous wards, and higher than census counts in rural,
less populous wards (Figure 3a and Supplementary Figure A.1).
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Figure 3. The difference between modelled population estimates (mean value) and census
enumerated counts is shown for all wards nationally (n=1858). Part (a) shows this difference mapped
at ward-level, with (b) showing the absolute counts as a scatterplot. In both (a) and (b), the census
count is also compared against the 95% Cls of the modelled estimates, shown in terms of boundary
outline colour in part (a) and line colour in part (b). Wards in which the lower 95% CI exceeds the
census count, are shown with a red outline/line, whilst wards in which the upper 95% Cl is less than
the census count are outlined in blue.

3.2. Comparison with stratified subsets

The results so far have focussed on comparing the bottom-up modelled estimates against census-
enumerated counts for different administrative units. Administrative unit totals have been calculated
based on posterior distributions of estimated population counts for all grid cells that have their
centroid within an administrative unit. At the national level, there are 2,273,498 grid cells summing to
give a mean estimated population of 21,657,131, with lower and upper 95% Cls of 20,912,731 and
22,474,310 respectively. With modelled population estimates predicted for all grid cells with one or
more building footprints (which have no attributes on building function or use), any stratification of
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these grid cells and calculation of aggregate values of the estimates from a subset, will inevitably
result in reduced population estimates.

Figure 4. The proportion of administrative units for which the census totals (left three bars) or adjusted
census totals (right bar) are (1) within the 95% Cls of the modelled estimate (grey), (2) the lower 95%
Cl exceeds the census total (red), or (3) census total exceeds the upper 95% CI| of the modelled
estimate (blue). Results are shown for all administrative units in Zambia and also stratified by
province, with proportion of districts shown in the upper row and proportion of wards shown in the
lower row. Tabulated values are provided in Supplementary Tables A.2, A.3, A.6 and A.7.

Figures 5 and 6, show administrative unit totals calculated from stratified subsets of the modelled
population estimates, which we refer to as “conservative” and “expanded” subsets. Specifically,
these are subsets of grid cells considered to reflect the spatial distribution of residential households
at the time of the 2022 census (Figure 1). The conservative subset consists of the grid cells with
modelled population estimates that contain one or more residential census households. The
expanded subset relaxes this definition to also include the eight surrounding grid cells (to account for
potential differences between building footprint centroids and GPS-recorded household locations).
The conservative subset consists of 1,145,112 grid cells (approximately half the number of grid cells
in the full set of modelled estimates), whereas the expanded subset includes 1,747,697 grid cells
(Supplementary Figure A.2). Summing the values of the conservative subset gives a mean national
value of 16,583,699, with 95% Cls of 16,002,549 - 17,231,084. The expanded subset sums to a mean
national value of 19,432,901, with 95% Cls of 18,775,278 - 20,165,145.

In Figure 5A, the difference between modelled estimates and census counts, considering all grid cells
and the two subsets, are shown for provinces, districts and wards. At province-level, the mean value
of the modelled estimates with the expanded subset exceeds the census count in four provinces, but
the census count is within the 95% Cls for six provinces. With the conservative subset, the province
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estimates (mean value and upper 95% CI) are less than the census count for all provinces except
Lusaka.

Figure 5. (A) The difference between the bottom-up modelled estimates of population and the 2022
census enumeration, for provinces (top left), districts (bottom left) and wards (top right), with values
stratified by province (see map in Figure 2). Differences are quantified in terms of the mean modelled
value, with aggregated estimates calculated from all grid cells, as well as the “expanded” and
“conservative” subsets of grid cells. For wards and districts, the distribution of values is represented
as a boxplot, whilst for provinces, the difference between the modelled province estimate and census
count is shown, alongside the difference between the 95% Cls and census count. (B) The plots in the
bottom right show the difference between the modelled estimates, based on the conservative subset,
and the adjusted census totals. Note that Lusaka district is excluded from plot B.

At the district-level, for the expanded subset of grid cells, the mean value of the modelled estimates
exceeds the census count in 40% of districts (46/116), with the census count being within the 95% Cls
11
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of the modelled estimates for 75% of districts (Figure 4). Of the remaining districts, the upper 95% ClI
is less than the census count for most districts (20%; Supplementary Table A.2). When calculated
from the conservative subset of grid cells, the modelled estimates are lower than the census counts
for most districts, with the mean value less than the census count in 93% of districts (108/116). The
proportion of districts for which the modelled estimates are within the 95% Cls is reduced to 44%,
with the upper 95% CI being less than the census count for all remaining districts except those in
Lusaka province (Figure 4). The district of Lusaka has the largest difference between the modelled
estimates and census count (Figure 5), irrespective of whether calculated from the full set or subset
of estimates (all grid cells: 2,826,439 (2,630,819 - 3,034,425), expanded subset: 2,816,522 (2,621,134
—-3,024,264), conservative subset: 2,749,855 (2,555,681 - 2,955,915) and census count: 2,212,301).

In terms of ward-level estimates, the mean value of the modelled population estimates exceeds the
census count in 65% (1,208/1,858) of wards (Figures 3 and 6). Calculating ward-level values from the
modelled estimates with the expanded subset of grid cells reduces this to 44% (816/1,858) of wards,
and with the conservative subset of grid cells to 13% (239/1,858) of wards (Figures 5 and 6).
Considering also the upper and lower 95% Cls, the census counts are within the 95% Cls for 66% and
44% of wards with the expanded and conservative subsets respectively, compared to 54% of wards,
when estimates are calculated from the full modelled estimates dataset (Figure 4). The percentage of
wards for which the lower 95% CI of the modelled estimates exceeds the census count is 35%
(657/1,858) when calculated from all grid cells, compared to 12% (232/1,858) and 2.5% (46/1,858) for
the expanded and conservative subsets respectively (Figure 4). Thus, the proportion of wards
nationally for which the census count exceeds the upper 95% CI of the modelled estimates increases
from 11% of wards with the full dataset, to 53% with the conservative subset. This varies sub-
nationally though, with census counts exceeding the upper 95% CI of the modelled estimates based
on the conservative subset in over 70% of wards in Muchinga and Southern provinces, but only 17%
of wards in Lusaka province (Figure 4).

The model evaluation statistics in Table 1, show an improvement when comparing metrics for all grid
cells against the expanded subset, for both ward- and district-level. The magnitude of the change does
vary by province, but reductions in MAE, MAPE, MedAE and RMSE at ward-level with the expanded
subset are observed for all provinces, except Eastern (with a negligible increase in RMSE for wards in
Luapula; Supplementary Table A.1). Changes in model evaluation statistics with the conservative
subset are more complicated, with some metrics improving and others worsening (Table 1). In terms
of bias, ward-level estimates have a negative bias with both the expanded and conservative subsets
of grid cells, with an average under prediction across all wards nationally of 140 and 1,673 people
respectively compared to the census counts (Table 1). Bias (and other metrics) vary considerably
between provinces however, with the large differences observed for ward-level estimates in Lusaka
province (Supplementary Table A.1) skewing the national average. For the conservative subset, ward-
level estimates are negatively biased for all provinces except Lusaka (range of bias values per
province: -3,107 to -928, Lusaka = 4,480). When the wards in Lusaka province are excluded, the
maghitude of the negative bias in the ward-level mean estimates increases, with modelled estimates
on average 590 (expanded subset) or 2,091 people (conservative subset) less than the census counts.
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Figure 6. The difference between the modelled estimates aggregated at ward-level and census
enumerated counts for the (a) expanded and (b) conservative subsets of grid cells. Absolute
differences in terms of the mean population estimate are mapped in panel (i) and the ward-level
population values shown on the scatterplot in panel (ii). In both (i) and (ii), the 95% Cls of the modelled
estimates are compared against the census counts, with differences indicated by the boundary
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outline colour in panel (i) and the line colour of the Cls in panel (ii). Wards in which the lower 95% CI
exceeds the census count, are shown with a red outline/line, whilst wards in which the upper 95% ClI
is less than the census count are outlined in blue.

3.3. Comparison of stratified subsets with adjusted census counts

The comparisons based on stratified subsets described above, do not account for grid cells where
residential households were recorded in the census process, but with no building footprints and
therefore no modelled estimates of population (n=380,754 grid cells nationally). To provide a fairer
comparison, we also calculated adjusted census totals, considering just the grid cells with both
residential census households and modelled population estimates. The adjusted national census
total of 17,382,074 (Supplementary Table A.8) compares favourably with the national total of the
modelled estimates based on conservative subset (mean national value of 16,583,699, with 95% Cls
of 16,002,549 - 17,231,084). Focussing subnationally, Figure 5B shows the difference between the
modelled estimates for districts and wards based on the conservative subset and the adjusted census
counts. The difference is of a smaller magnitude, compared to unadjusted census counts, with the
mean estimate being less than the adjusted census total for 66% of districts and 63% of wards. The
adjusted census population totals are within the 95% Cls of the modelled estimates, calculated from
the conservative subset for 75% of districts and 69% of wards nationally, with the lower 95% CI
exceeding the adjusted census total for 4.3% and 6.8% of districts and wards respectively (Figure 4).
In Central, Muchinga and Northern provinces, adjusted census population totals are within the 95%
Cls of the modelled estimates (conservative subset) for over 90% of districts (S| Appendix; Table A.7).

Figures A.6 and A.7 (Sl Appendix) show the subsets of modelled estimates plotted against the adjusted
census counts, at province, district and ward-level. Both subsets of modelled estimates are strongly
correlated with the adjusted census totals (R > 0.96 at ward and district-level nationally;
Supplementary Table A.4). Model evaluation statistics show the conservative subset of the modelled
estimates and the adjusted census totals compare favourably for both districts and wards
(Supplementary Table A.4), for example MAPE (12.3% and 16.2% respectively) and bias (-6,882.9 and
-429.7 respectively). Table A.5 provides the same statistics for ward-level estimates, stratified by
province; MAPE values were lowest for wards in Muchinga (10.7%) and highest in Lusaka (23.1%), with
the smallest magnitude of bias for wards in Western (-76.5) and the greatest magnitude for wards in
Lusaka (5,283.7).

4. Discussion

The need for small area population estimates is well recognised, but with growing challenges around
accuracy and availability of demographic data, there is areal need to consider alternative approaches
to censuses and registry-based sources (Espey et al., 2025). Census-independent or ‘bottom-up’
modelled estimates (Wardrop et al., 2018) have now been developed in partnership with governments
for many countries. This study provides the first empirical comparison of bottom-up modelled
population estimates with enumerated population counts from a subsequently conducted national
census. Specifically, we focus on population count data in Zambia, comparing census-independent,
modelled estimates (Dooley et al., 2021; WorldPop, 2020), against enumeration from the 2022
Population and Housing Census (Zambia Statistics Agency, 2024), across multiple spatial scales.

The modelled population estimates are highly correlated with the census-enumerated counts across
all geographic scales that we studied (province, district and ward). A key consideration in this
comparison is the temporal difference between the bottom-up modelled population estimates (circa
2019) and the census (2022). If the spatial distribution of population remained broadly stable between
these timepoints (as would be expected with relatively high population growth rates nationally), 2022
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census counts would typically be expected to exceed the 2019 modelled estimates. Our results show
that the mean values of the bottom-up modelled population estimates exceed the census count in
80% of provinces, 69% of districts and 65% of wards. The census-enumerated counts are within the
95% Cls of the modelled estimates for half of provinces, 64% of districts and 54% of wards, with the
lower 95% CI exceeding the census count in 50% of provinces, 29% of districts and 36% of wards.
Overall, the modelled estimates tend to be higher than the census counts, despite representing a
timepoint prior to the census.

To understand what may be driving these differences, we first focussed on the ancillary geospatial
datasets that are used as predictive variables. The Zambia bottom-up modelling incorporated
predictive variables related to building area and counts, alongside a simple three-strata classification
of settlement type (Dooley et al., 2021). The building footprint data used to derive these variables did
not include attributes to stratify residential and non-residential buildings. Comparing the locations of
residential households recorded as part of the census process with the building footprints shows
considerable differences (Supplementary Figures A.4 and A.5). The subset of grid cells with one or
more residential households (conservative subset), reduces the number of grid cells with modelled
population estimates nationally by half, corresponding to a 23% reduction in the mean national
population estimate. The expanded subset of grid cells still results in a 23% reduction in the number
of grid cells with an associated 10% reduction in the mean national population estimate. With both
subsets, the difference between modelled estimates and the census count at the national-level is
reduced (Figure 5), but the magnitude of the difference between modelled estimates and census
counts varies sub-nationally, with modelled estimates based on subsets being much lower than the
census counts in some locations (e.g. province estimates for Copperbelt, Eastern and Southern).

Comparisons based on the conservative and expanded subsets provide insights into differences
between the building footprints and residential dwellings, but do not account for locations with
residential census households but no building footprints, and hence with no modelled population
estimates. To address this limitation, we separately calculated a set of adjusted census totals, to
provide an adjusted comparator. The modelled estimates based on the conservative subset compare
favourably with the adjusted census totals (mean national estimate of 16,583,699, (95% Cls:
16,002,549-17,231,084) versus adjusted census total of 17,382,074), with mean estimates exceeding
the adjusted census total for 34% of districts and 37% of wards. The lower 95% Cls for the modelled
estimates (conservative subset) exceeded the adjusted census totals for only 4.3% of districts and
6.8% of wards, meaning that adjusted census totals were within the 95% Cls, or greater than the upper
Cl, for 96% of districts and 93% of wards. Together these results show that much of the discrepancy
between the modelled estimates and the census counts, can be explained by limitations with the
ancillary data on building footprints, leading to over-estimation of population in locations without
residential households. Once these are accounted for, the bottom-up modelled population estimates
are broadly consistent with the adjusted census comparator.

The province for which we see the greatest difference between the bottom-up modelled population
estimates and the census enumerated counts, is Lusaka. Within Lusaka province, the greatest
difference occurs in Lusaka district, which encompasses most of the capital’s urban area (Figure 3)
and is the most populous district nationally (Figure 2). The 2022 census recorded a population of
2,212,301, whereas the modelled estimate was 2,826,439 (95% CI: 2,630,819 - 3,034,425). This
substantial difference suggests that the bottom-up modelling overestimated the population of Lusaka
considerably. Even after restricting the analysis to the expanded subset of grid cells, the lower bound
of the 95% ClI still exceeds the census count of in two of Lusaka province’s six districts (Lusaka and
Chongwe) and 43% of its wards (51/118) (Supplementary Tables A.2 and A.3). Notably, the districts of
Lusaka and Chongwe, were the two districts where the 2019 census cartography pilot exercise was
conducted, which included geolocated listing of households (Zambia Statistics Agency, 2023). As the
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population count data collected during the pilot census cartography was one of three input data
sources for the bottom-up population modelling and was the most spatially extensive of these (Dooley
et al., 2021), we would expect that the modelled population estimates for these two districts to be
comparatively accurate. The large difference between the modelled estimates and census counts is
therefore surprising. Interestingly, sub-national population projections based on the 2010 census,
provide mid-year population figures for Lusaka district of 2,627,716 in 2019 and 2,946,566 in 2022
(medium variant (Central Statistical Office, 2013b) — substantially higher than the 2022 census count
of 2,212,301.

In comparing the modelled estimates and census counts, there is the complicating factor of the
COVID-19 global pandemic which occurred between the collection of model input population data
(2017-2019) and the census in 2022. Alongside a heavy burden of morbidity and mortality, the COVID-
19 pandemic caused widespread changes in patterns of everyday life, including population
movements, with out-migration from urban areas observed in some countries (Duan et al., 2026;
Gonzalez-Leonardo et al., 2022; Rowe et al., 2023). It is therefore conceivable that there were
considerable changes in the geographic distribution of population between these timepoints,
including potentially the urban population within the city of Lusaka between 2019 and 2022.

In this work, we compared the modelled estimates against counts from the 2022 Population and
Housing Census, considering the census as a definitive and accurate representation of the
population. Whilst censuses remain the primary source of population data for most countries, they
rarely achieve full coverage, and thus adjustments to address undercounting are necessary (Pelletier
et al., 2020). Common methods to adjust for undercounting include Dual Systems Estimation based
on a post-enumeration survey (O'Hare, 2017). The undercount in the Zambia 2010 Census was
estimated to be 7.3% nationally, with higher rates in rural areas (9.5%) and lower rates in urban areas
(3.8%) (Central Statistical Office, 2013a). For the 2022 census, no post-enumeration survey results
have yet been published, meaning that the extent of under-counting cannot be assessed. This
uncertainty limits our ability to fully interpret the differences observed between the bottom-up
modelled estimates and the census counts. Possible other contributing factors include potential
over-enumeration in the household listing data used for model input (including pilot census
cartography), errors in the geolocation of households and/or errors in the imputation of missing
households used for modelling. Further work should explore these factors in more detail.

The considerable differences in the population estimates calculated from the two subsets of grid cells
at all spatial scales, underscores the critical influence of building footprints as ancillary datasets in
bottom-up modelling. We considered two subsets of grid cells, based on a conservative and expanded
definition applied to the location of residential households recorded in the census. Whilst this binary
classification is a simplification of the gradient across residential and non-residential building types,
it nonetheless provides valuable insights into the influence of building footprint data in bottom-up
population modelling. It also highlights the need for more refined approaches to more accurately map
the gradient of residential and non-residential building types. Since the bottom-up modelled
estimates for Zambia were developed in 2020, the availability and diversity of building footprint
datasets has increased rapidly (Chamberlain et al., 2024; Minghini et al., 2024). Emerging near-global
datasets that could be used in future work as predictive variables, include temporally explicit building
footprints (Sirko et al., 2023), and data to stratify residential and non-residential built settlement or
estimate building heights (Che et al., 2024; Esch et al., 2022; Oostwegel et al., 2025; Pesaresi et al.,
2024).

As planning for the 2030 census round commences, national statistical offices (NSOs) are facing
mounting challenges including declining response rates and funding cuts (Espey et al., 2025). With
demographic data gaps almost inevitable in this context, there is a potential role for modelling
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approaches to estimate population counts, with the caveat that modelled estimates are no
replacement for the much wider range of sociodemographic variables collected through a census. To
date, most bottom-up population modelling efforts have been led by academic institutions,
collaborating with NSOs. If we are to see more widespread adoption of such approaches, investment
to support sustained strengthening of statistical modelling capacity within NSOs is needed (Lazar et
al., 2025). Further research is also needed to assess the accuracy of population estimates from
bottom-up models in diverse contexts, and to guide methodological advancements in terms of input
data, model form and appropriate spatial scales. Our comparative analysis of modelled estimates
and census counts for Zambia, demonstrates that modelling approaches can produce relatively
accurate small area estimates, but highlights the need for temporally aligned data on building type
and use. Ongoing developments in satellite-derived data offer promising opportunities to better
capture building form and function, which should further improve the accuracy of modelled
population estimates.

Data Availability

All data in the paper are available to readers. The bottom-up modelled population estimates for
Zambia are available to download (WorldPop, 2020) via the WorldPop Open Population Repository
(https://doi.org/10.5258/SOTON/WP00662). The Zambia 2022 Census population counts for wards,
districts and provinces are published in Table 5.2 in the 2022 Census of Population and Housing
Summary Report: Volume Two (Zambia Statistics Agency, 2024). The census totals, as well as the
modelled estimates (mean and 95% Cls) calculated from all grid cells and the expanded and
conservative subsets, are provided for all provinces, districts and wards nationally in Supplementary
Dataset S1.
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