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INTRODUCTION RESULTS

Simulation Study

Population data is crucial for policy decisions, but fine-scale population numbers are often lacking due to the challenge Table 1. Goodness of fit metrics of simulated data

of sharing sensitive data. To address population data needs at small geographic scales, Top-down population modelling

. . Models  Predictions Bias Imprecision MSE RMSE Pearsonr R?> % Coverage - From the simulation study, the BART model performed
approach has been one of the methods used to disaggregate census data to small area scales. Top-down population Random- In-sample better than the RF model across all model metrics.
mapping is a census-dependent process that uses census data to estimate and redistribute population numbers from Forest (district) 004 0417 0.03 0.17 0.93 0.96 . The R*for the BART model was almost 100%, whereas
larger administrative areas, such as provinces or districts, to smaller area units, typically at 100 m resolution (McKeen et the RF model was 96%.
al., 2023; Tatem, 2022).

Out-of-sample . The correlation between the disaggregated pixel level
Dasymetric population mapping (Stevens et al., 2015) involving the use of the Random Forest (RF) approach has been (district) -0.06  0.28 0.08 028  0.86 population count and the simulated pixel level population
widely used in top-down population disaggregation. This involves combining ancillary geospatial covariates with ob- Pixel- count was 0.66 for the RF model compared to 0.81 in the
served population data to produce a weight layer that is used to disaggregate the population totals into grid cells using Predictions 000  28.7 826 28.7  0.66 BART model. . . . .
the RF model. . Various other evalua_tlc_)n metrics, sgch as imprecision,
In-sample MSE, and RMSE, exhibited substantially lower values in
The RF model's major limitation is its inability to quantify the uncertainties associated with the predicted populations. Es- BART district) N 0009 . . the BART model in comparison to the RF model.
timates of predicted population uncertainty are useful in addressing inherent biases and variability in population esti-
mates and offer a degree of confidence in the estimated population, which can be useful for policy decisions. Out-of sample
(district) 0.002 0.02 0 0.02 0.99 93.59
In this study, we used a new approach using a Bayesian Additive Regression Tree (BART) to disaggregate population
data and quantify the predicted population's uncertainties. We also compared the BART model with the RF model to de- Pixel Predic-
termine the relative performance of the two models. The study adopted a simulation study involving both methods and tions 000 2244 50342 2244 0.81
also used both methods to disaggregate the 2021 census data for Ghana to compare the two approaches. Ghana 2021 Population Disaggregation

Table 2 provides model metrics for disaggregating Ghana's

2021 census data using the BART model and the RF mod-
METHOD = |

Data Source

Predictions Bias Imprecision MSE RMSE Pearsonr R? % Coverage .m\c/)\(/jeeloiasgirsvaed ’:.hat E[hne E,;ﬁ‘RT rr:lodeldoetjtp?_rgorrr\r)\f/lg}ze T/IFSE

We obtained population census data from Ghana's recent national population census in 2021 from the Ghana Statistical . ggregating the census dala. ihe ’

: L . o ) e ; and Bias were lower in the BART model compared to the

Service. For administrative purposes, Ghana is divided into 261 districts, and the population data was aggregated at In-sample RE model

these districts. The modelling also included 24 geospatial covariates associated with population distribution (district) -0.04  0.23 005 023 085 0.96 |

g geosp POp

Procedure Out-of- . . .

The process of disaggregating the population into small areas involved the following steps: sample - Flgure 2 depicts the disaggregated popula-

’ P ggregating the pop g sieps. (district) 003 015 002 015 092 tion's spatial distribution based on the BART

. The objective is to predict population density, which is used as a weighting layer. To obtain population density, we di- and RF models.
vided the observed population count for a given administrative unit by its total area, which serves as a response varia- In-sample o _
ble. (district) -0.01 0.07 0.04 0.07 0.99 0.998 98.91 - Both models have similar spatial patterns;

. however, the BART model has a wide range

. We th_en Io.g-tr_ansfc_)rmed the response varlable_ and Out-of- of values compared to the RF model.
combined it with district-level geospatial covariates i | ceospataicovanates | sample
to fit two separate models using the RF approach (district) -0.01 0.05 0.002 0.05 0.96 92.31 . One significant advantage of the BART model

d th BAR'pI' h ) P the RF model is its ability t dict credi
and the approacn. . P . . . . . i over the model is its ability to predict credi-
Both model P ) " i ) ‘. Spatial Distribution of Disaggregated Population and Uncertainty Quantification  pe intervals (ClIs), which prO\%de I ..

- Bolh models were subsequently used 10 maxe a oo ‘ both the lower and upper bounds of popula-
prediction on a set of geospatial covariates at 100 m o using admipunits > 08 | | - _ tion counts from the disaggregation process.
to obtain a predicted population density, which was g I " UpperCredible w7 Lower Credible
used as a Welghtlng Iayer to disaggregate the 2021 s ; ; :::: : Interval Intervél . In Figure 3, we present the lower and upper
total population at 100 m gridcells. s T | " rioh:56825 F o mm S credible intervals, the uncertainty, and the co-
: : } ° i 4’ L il ‘, LR 0 o S Low: 008 efficient of variation for both Ghana and its

Simulation Study | n Sl o | B g - ™ capital city, Accra.

. We also conducted a simulation study to investigate o | 77| . The coefficient of variation for most of the grid
the predictive performance of the RF model and the Extract pixel values of 1000 S ol cells is less than 0.2, suggesting that there is
BART model. Model Fitting covariates for predictions « relatively low variability around the mean pre-

| —— | - Coefficient of dicted population count.

. We used a regression tree model to simulate pixel- & l | | .. Uncertainty ~  Variation
level population count. We aggregated the simulated s e High : 2.42 © pm High: 062 . In conclusion, this study compares the relative
plxel populatlon to the dlstrlct Ievel to Obtaln the Slm' 1 3andom Forest Model Predictions o Data for Predictions H T — B‘(‘)RL OR;G B@ performance Of a new approach to populatlon

) S 2. BART Model [ ] _ : : ) _ ) )
ulated total population at district level \ i e disaggregation using a BART model with an
, Disagregated Population ] {fl | Mean 1977 1977 already existing approach, the RF model.

. We then used both BART and the RF models to dis- _ N Model performance was better in the BART
aggregate the simulated district population back to / | S model compared to the RF model.
the pixel level. |  / O

. We measured the predictive performance of both < Dasymetric Popuiation ' : o : Figure 3: Uncertainty estimate from the BART model To read the full paper,
models by comparing the simulated pixel population | kindly scan this QR code
with the disaggregated popu|ati0n_ i Figure 2: Spatial distribution of disaggregated population

. We calculated a variety of model metrics, including ¥ 5
correlation, root mean square error (RMSE), bias, e REFERENCES | | | | | o
and mean square error (MSE) to assess the perfor- . b ; Tatem, A. (2022). Small area population denominators for improved disease surveillance and response. Epidemics, 41, 100641
man f hm Is. Stevens, F. R., Gaughan, A. E., Linard, C., & Tatem, A. J. (2015). Disaggregating census data for population mapping using random forests with remotely-sensed and ancillary data. PLoS One, 10(2), e0107042

ance of both models
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