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ABSTRACT

Introduction The wealth index is widely used as a proxy
for a household’s socioeconomic position (SEP) and living
standard. This work constructs a wealth index for the
Mopeia district in Mozambique using data collected in year
2021 under the BOHEMIA (Broad One Health Endectocide-
based Malaria Intervention in Africa) project.

Methods We evaluate the performance of three
alternative approaches against the Demographic and
Health Survey (DHS) method based wealth index: feature
selection principal components analysis (PCA), sparse
PCA and robust PCA. The internal coherence between four
wealth indices is investigated through statistical testing.
Validation and an evaluation of the stability of the wealth
index are performed with additional household income
data from the BOHEMIA Health Economics Survey and the
2018 Malaria Indicator Survey data in Mozambique.
Results The Spearman’s rank correlation between
wealth index ventiles from four methods is over 0.98,
indicating a high consistency in results across methods.
Wealth rankings and households’ income show a strong
concordance with the area under the curve value of ~0.7
in the receiver operating characteristic analysis. The
agreement between the alternative wealth indices and the
DHS wealth index demonstrates the stability in rankings
from the alternative methods.

Conclusions This study creates a wealth index for
Mopeia, Mozambique, and shows that DHS method based
wealth index is an appropriate proxy for the SEP in low-
income regions. However, this research recommends
feature selection PCA over the DHS method since it uses
fewer asset indicators and constructs a high-quality wealth
index.

INTRODUCTION

The elimination of extreme poverty in all its
forms everywhere by 2030 is one of the major
goals of the United Nations’ Sustainable
Development Agenda. Despite consistent
and widespread progress, poverty remains
a major problem in Africa. Socioeconomic
position (SEP) of households is a key indi-
cator of poverty and generally measured in
terms of income and consumer spending.

;%78 Charfudin Sacoor,® Cassidy Rist © °

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Wealth index, derived from the assets of the house-
hold, is widely used as a proxy indicator for socio-
economic position (SEP) and living standard.

= Importance of principal components analysis (PCA),
in constructing the wealth index, has been well ac-
cepted by researchers.

WHAT THIS STUDY ADDS

= Thisresearch provides an alternative to Demographic
and Health Survey (DHS) methodology for construct-
ing a wealth index in data poor regions, and gives
insights into the effectiveness of using alternative
approaches for creating a wealth index, including
feature selection PCA, sparse PCA and robust PCA.

= The feature selection PCA method, when applied
to the district of Mopeia in Mozambique, shows an
improvement over the DHS methodology since it
reduces the required number of input variables by
40% and yet constructs a high-quality wealth index.

= The method works for the Mopeia region as well as
for the entire country, Mozambique.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= The proposed method reduces the burden of data
collection on investigators and simplifies the con-
struction of the wealth index.

= For other low-income and middle-income countries
which are data sparse, it will be easier to build the
wealth index, which is a key indicator of the SEP of
households.

In low-income and middle-income coun-
tries (LMICs) such as African countries,
where most of the population lives in rural
areas, this information is not readily avail-
able. Hence, the wealth index is developed
as a proxy measure for SEP in LMICs.” The
wealth index is constructed using asset-based
information including ownership of durable
assets, housing characteristics and access to
basic services, which are easier to obtain and
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are more reliable in terms of data collection than income
and consumption.”

Demographic and Health Survey (DHS) datasets are
widely used with the classical PCA (principal compo-
nents analysis) approach for the wealth index construc-
tion, known as the DHS Wealth Index.® When it comes
to explaining variation in education, child mortality,
nutrition, fertility and healthcare, classical PCA wealth
indices based on the DHS dataset frequently outperform
spending data.” *”

Despite its long success, questions have been raised
about the issues in the construction and interpretation of
wealth indices. For example, both Houweling et af’ and
Howe et al’ stated that the wealth index may differ between
urban and rural areas. This is because the PCA proce-
dure assigns more weight to indicators of assets owned
by more urban households (eg, television, communica-
tion tools, electricity), and less or even negative weights
to indicators of assets owned by rural households (eg,
livestock, agricultural land), leading to a gross underesti-
mation of the wealth of rural households. Thus, a recent
development proposed a polychoric PCA wealth index
with two principal components, to reduce the urban
bias in standard PCA with one component.'” PCA could
also be challenging to interpret due to extremely small
weights,'" and proxy methods such as combining cate-
gorical and sparse PCA (SPCA)'* have been described.
Such approaches, however, still have the issues of redun-
dancy caused by hundreds of categories and sensitivity to
outliers.

Here, we focus on building a wealth index for the
district of Mopeia in Mozambique. With a per capita GDP
of US$541.5 in 2022 reported by the World Bank, 64% of
the population in Mozambique is still below the extreme
poverty line (international poverty line is US$2.15 (2017
PPP) per day per capita).” For LMIC and data sparse
regions, this study offers new insights into the effective-
ness of using alternative PCA approaches for creating a
wealth index.

In addition to the classical PCA method, we apply three
alternative approaches for building the wealth index:
(1) Feature selection PCA approach, which only uses a
subset of asset indicators for estimating wealth. (2) SPCA
approach, which uses the well-known SPCA' method
using LASSO (elastic net) to provide an easily interpre-
table modified wealth index. (3) Robust PCA approach,
which uses the popular robust PCA method, ROBPCA,"
to overcome the sensitivity of classical PCA to outliers.

METHODS

Data

Data used for this study are drawn from the demographic
survey of the population in Mopeia in 2021 conducted
under the Broad One Health Endectocide-based Malaria
Intervention in Africa (BOHEMIA) study,'®'” including
25550 households and 131818 people in Mopeia district,
Zambezia province, in Mozambique. Several authors of

this study were engaged in the original data collection
phase of the BOHEMIA survey. The present research,
however, uses data extracted retrospectively from the
public dataset provided by the BOHEMIA demographic
study.'” This dataset offers an extensive set of 72 indica-
tors that capture detailed information about each partic-
ipating household. Out of these, we focus on 16 varia-
bles (table 1) as the socioeconomic indicators. These
particular variables were selected in accordance with
relevant literature obtained from the DHS website.” This
method ensures a thorough and well-founded socioec-
onomic analysis, grounding our research in established
methodologies.

The wealth index is validated using the household
income, which was collected by the BOHEMIA team
through the 2022 Health Economics Survey in Mopeia.
The Health Economics survey gathered income infor-
mation from 537 households for six consecutive months,
including labour income from each member of the
household, households’ non-farm business income, and
households’ agricultural income. The estimation of total
household monthly income in our analysis is derived
by combining the individual monthly incomes of all
members and all types of household monthly income.
Incomes were initially retrieved in 2022 Mozambican
meticais and later converted to 2022 US dollars (US$)
under the 2022 exchange rate of 63.85 metical /US$."

Classical PCA wealth index

We followed the steps used in constructing the DHS
Wealth Index'? to calculate our classical PCA wealth
index. The very first step is to convert each category of
the 16 asset ownership variables into 71 dummy variables
to form an assets’ binary dataset. Then PCA® is carried
out on the correlation matrix of the standardised assets’
binary data. The wealth index for each household is a
linear combination of all assets with the PCA weights
as corresponding coefficients according to the formula
described in online supplemental appendix section 1.1.

Feature selection PCA wealth index

The feature selection PCA selects a much smaller
number of asset indicators to build the wealth index.
In the classical PCA wealth index, several asset variables
have extremely small absolute weights indicating that
they are only weakly correlated to the first component.
By ignoring variables with small-magnitude loadings,
important features can be retained without losing much
information.”’ Here an absolute weight threshold of
0.01, which is approximately equal to the median of all
PCA weights, is applied to filter out the negligible asset
variables. A sensitivity analysis of choice of threshold
was conducted and is described in online supplemental
appendix section 2. Results suggest that researchers
should carefully consider the threshold to ensure
enough indicators are retained, thereby maintaining the
robustness of the wealth quintiles.
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Table 1 Percentage (or mean number) of households owning each asset indicator across wealth quintiles, and the regression
results between each asset indicator and classical PCA (DHS) rank

Mean (SE) or Wealth quintiles Regression*
% N=25550 Rank1 Rank2 Rank3 Rank4 Rank5
No of constructions (++++1) 1.565 1.320 1.404 1.559 1.716 1.827 0.133**
(0.890) (0.636) (0.738) (0.874) (1.009) (1.026)
No of members per sleeping room (++++) 4.030 3.348 3.776 4115 4.365 4.586 0.306™*
(2.013) (1.712)  (1.805)  (1.929) (2.088) (2.243)
No of bed nets (++++) 2.149 1.301 1.823 2.201 2.580 2.843 0.384**
(1.288) (0.954) (1.056) (1.124) (1.272) (1.374)
Ownership of cattle or pigs (---1) 7.86% 12.00% 7.51% 7.42% 7.01% 5.36% 0.193**
No of cows (> 1year of age)
1-4 (+4) 0.20% 0.04% 0.04% 0.35% 0.29% 0.27% 0.386***
5-9 (++) 0.06% 0.00% 0.02%  0.06% 0.10% 0.12% 0.617**
10 or more (++) 0.03% 0.00% 0.00% 0.02% 0.02% 0.10% 1.183*
No of cows (< 1year of age)
1-4 (+4) 0.27% 0.14% 0.29% 0.27% 0.33% 0.29% 0.134
5-9 (+) 0.07% 0.10% 0.04%  0.08% 0.10% 0.06% 0.026
10 or more (++) 0.02% 0.00% 0.00%  0.00% 0.02% 0.06% 1.604
No of pigs (>6 weeks of age)
1-4 (---) 4.90% 8.29% 4.86% 4.27% 4.17% 2.90% 0.253***
5-9 (--) 0.97% 1.27% 0.90% 1.00% 0.88% 0.82% 0.095*
10 or more (+) 0.28% 0.25% 0.24% 0.29% 0.29% 0.31% 0.064
No of pigs (<6 weeks of age)
1-4 (--) 2.77% 461% 2.63% 2.54% 2.19% 1.88% 0.224***
5=9I(=-) 0.92% 1.29% 0.88% 0.82% 0.78% 0.80% 0.119*
10 or more (+) 0.20% 0.27% 0.20% 0.14% 0.20% 0.22% 0.058
Main housing building type
Apartment (++) 0.19% 0.00% 0.02%  0.08% 0.41% 0.43% 0.860"**
Conventional house (++++) 18.17% 0.00% 0.00% 0.00% 0.68% 65.15% 5.610"*
Flat (+) 0.09% 0.08% 0.12%  0.08% 0.10% 0.08% 0.022
Hut (----) 29.01% 40.69% 38.53% 33.46% 26.42% 5.93% 0.417*
Precarious (---) 19.53% 13.48% 19.66% 23.60% 28.18% 12.74% 0.045***
Traditional mud house (----) 36.91% 4557% 41.15% 41.82% 42.13% 13.86% 0.274**
Other (++) 1.11% 0.18% 0.53% 0.96% 2.07% 1.82% 0.482**
Wall material in the main house
Adobe block (----) 54.55% 68.42% 67.63% 65.62% 53.87% 17.22% 0.501**
Bamboo (----) 26.02% 51.73% 31.73% 23.86% 18.77% 3.97% 0.632**
Bark (----) 4.17% 11.14% 4.43% 2.90% 1.76% 0.61% 0.708***
Brick block (++++) 15.67% 0.00% 0.04% 0.94% 13.29% 64.09% 2.524***
Cardboard (++) 0.09% 0.04% 0.08% 0.10% 0.08% 0.16% 0.269.
Cement blocks (++++) 3.55% 0.00% 0.00%  0.00% 0.25% 17.48%  4.443*
Other (----) 26.05% 40.14% 33.41% 28.16% 22.15% 6.36% 0.433***
Palm tree (----) 9.38% 19.82% 9.88%  8.32% 6.71% 217% 0.493***
Paper (++) 0.12% 0.08% 0.16% 0.14% 0.10% 0.14% 0.049
Plastic bags (---) 1.62% 528% 1.33% 0.57% 0.55% 0.39% 0.839"**
Reed (---) 3.80% 8.13% 3.92% 3.42% 2.97% 0.53% 0.483**
Continued
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Table 1 Continued

Mean (SE) or Wealth quintiles Regression*

% N=25550 Rank1 Rank2 Rank3 Rank4 Rank5
Tin (+4) 4.74% 117% 261% 5.38% 10.33% 4.19% 0.317**
Tinned wood (++) 4.63% 1.09% 2.53% 5.36% 10.20% 3.97% 0.316™*
Wood (+++) 9.77% 3.01% 6.13% 10.70% 16.58% 12.43% 0.347*
Zinc (++++) 12.13% 0.00% 0.04% 0.20% 7.36% 53.03% 2.745"**
Main water sources for consumption
Fountain (+++) 10.74% 4.05% 6.94% 1051% 17.01% 15.19% 0.502***
Hole protected with hand pump outside  50.58% 34.47% 48.21% 54.27% 56.58%  59.37% 0.373**
backyard (+++)
Hole with manual pump inside house (++) 0.49% 0.10% 0.31% 0.57% 0.68% 0.76% 0.508***
Mineral bottled water (++) 0.00% 0.00% 0.00%  0.00% 0.00% 0.02% 15.185
Other (-) 0.05% 0.02% 0.10% 0.02% 0.10% 0.00% 0.083
Piped water in neighbour house (++++)  1.39% 0.00% 0.04% 0.18% 1.37% 5.36% 1.589***
Piped water inside house (++++) 0.38% 0.00% 0.00% 0.00% 0.02% 1.90% 4.614*
Piped water within compound (++++) 1.48% 0.00% 0.00% 0.00% 0.08% 7.32% 4.633***
Protected inside backyard (++) 0.46% 0.14% 0.16% 0.43% 0.84% 0.72% 0.353***
Protected outside backyard (---) 4.81% 6.92% 5.82% 511% 4.19% 2.00% 0.4471**
Rainwater (--) 0.08% 0.12% 0.14% 0.10% 0.04% 0.00% 0.463*
Surface (river, lake, Lagoon) (----) 11.04% 20.85% 14.21% 10.96% 7.61% 1.55% 0.236***
Unprotected inside household (--) 1.78% 225% 231% 211% 1.72% 0.53% 0.258***
Unprotected outside household (----) 16.56% 31.05% 21.71% 15.62% 9.55% 4.87% 0.235**
Water from tank truck (-) 0.00% 0.00% 0.00%  0.02% 0.00% 0.00% 0.000
Time for taking main water sources
Under 10min (++++) 31.84% 6.02% 18.85% 37.14% 47.01% 50.20% 0.592***
Between 10-30min (----) 45.63% 61.50% 53.67% 41.29% 35.32% 36.34% 0.283**
Between 30-60 min (----) 17.75% 24.96% 21.67% 16.91% 14.48% 10.70% 0.250***
More than 1 hour (---) 4.76% 7.52% 578%  4.66% 3.17% 2.66% 0.281***
Main energy source for lighting
Batteries (----) 68.79% 84.70% 81.13% 79.22% 62.74%  36.18%  0.593**
Candles (-) 0.78% 0.06% 0.43% 1.23% 1.88% 0.29% 0.255***
Electricity (++++) 11.65% 0.00% 0.00% 0.00% 7.14% 51.10% 2.774**
Firewood (----) 11.96% 14.75% 16.28% 1552% 11.33% 1.94% 0.300***
Gas (-) 0.01% 0.00% 0.02%  0.04% 0.00% 0.00% 0.169
Generator (++) 0.04% 0.00% 0.00%  0.00% 0.00% 0.18% 17.383
Oil (+) 0.15% 0.00% 0.08%  0.06% 0.51% 0.10% 0.459***
Other (-) 1.55% 0.39% 1.49% 1.82% 3.15% 0.92% 0.180***
Solar panel (++++) 4.66% 0.10% 0.43% 1.86% 12.02% 8.90% 0.820™*
Ownership of radio (++++) 24.66% 7.93% 14.13% 22.80% 37.34% 41.12% 0.523**
Ownership of television (++++) 7.47% 0.02% 0.00%  0.04% 0.45% 36.85%  4.577*
Ownership of cell phone (++++) 38.47% 8.46% 21.28% 38.12% 57.63% 66.87% 0.746**

*The B’s are the slope coefficients of the logistic regression for all binary indicators, or the slope coefficients of the linear regression for
number of constructions, number of members per sleeping room, number of nets; p<0.1, *p<0.05, **p<0.01, **p<0.001.

T++++Positive PCA weight larger than 0.01; +++Positive PCA weight smaller than 0.01 and larger than 0.005; ++Positive PCA weight smaller
than 0.005 and larger than 0.001; +Positive PCA weight smaller than 0.001.

F----Negative PCA weight less than —0.01; ---Negative PCA weight larger than —0.01 and smaller than —0.005; --Negative PCA weight larger
than —0.005 and smaller than —0.001; —Negative PCA weight larger than —0.001.

DHS, Demographic and Health Survey; PCA, principal components analysis.
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SPCA wealth index

Another popular variable selection technique, which
develops accurate and yet sparse models is LASSO (elastic
net). Zou and Hastie'* proposed SPCA)by imposing the
LASSO (elastic net) constraint on the regression optimisa-
tion problem such that the modified PCA produces sparse
loadings (explained in online supplemental appendix
section 1.2). This efficient approach is integrated into
wealth index construction in our paper, producing SPCA
weights and a more interpretable wealth index.

Robust PCA wealth index

Classical PCA, feature selection PCA and SPCA methods
are sensitive to anomalous observations. This is because
the sample covariance or correlation matrix is very sensi-
tive to outliers. Robust PCA is an effective way of obtaining
principal components with little impact from outliers.

A well-known robust PCA method, called ROBPCA,"®
determines a robust subspace by obtaining an outlier-
free subset. The data are then projected onto this
subspace to robustly estimate the eigenvectors and eigen-
values. However, ROBPCA is typically suited for roughly
symmetric distributed data, which is not common in
assets’ binary data, especially in LMICs. Hubert et al?
proposed an improved ROBPCA algorithm, skewness-
adjusted ROBPCA, to address the issue of imbalanced
data. In this study, the construction of robust PCA wealth
index is performed using skewness-adjusted ROBPCA,
due to the imbalance in the BOHEMIA data.

Statistical analysis of wealth indices

Per DHS wealth index methodology, missing data in our
analysis are replaced by the average value of the respec-
tive variables, and all the asset variables are standardised
before applying the PCA algorithm. As for the parameter
setting, the number of principal components is set to one
in all four approaches as suggested by the DHS method."
The robustness parameter is set as 0.5 to yield maximal
robustness in the robust PCA process.

Because the wealth index presents only a relative
ranking of households, it is difficult to interpret and
compare the values of scores. To address these issues,
one of the popular approaches is to transform the
wealth index into wealth quintiles. Wealth quintiles are
calculated by dividing all households into equal quin-
tiles (20%) based on the wealth index. Households are
categorised into five ranks from ‘rank 1’ to ‘rank 5’ with
the wealth index scores from the first quintile to the last
quintile.

We examine the reliability of the wealth index from
two perspectives: the internal coherence and its consis-
tency with other wealth indices. The internal coherence
is examined using the summary statistics (percentage of
assets ownership or average number of asset indicator)
of how the assets’ ownership varies across five quintiles.
An intuitive heatmap is used to visualise the agreement
between the four indices, where misclassification between
quantiles can be observed directly. The association

between different PCA wealth indices is determined by
the Spearman’s rank correlation coefficients, a typical
non-parametric measure of rank correlation.

We validate the wealth indices through Spearman’s
rank correlation coefficient to measure the associa-
tion between wealth ventiles (calculated by dividing all
households into equal 5% quantiles based on the wealth
index scores) and logarithmic household income. The
validation of wealth indices is also evaluated by the
receiver operating characteristic (ROC) analysis which
is commonly used to calculate predictive capacity of a
classification model. An ROC curve is obtained by plot-
ting sensitivity against 1-specificity for all possible cut-off
points of wealth indices. Thus, the area under the ROC
curve (AUC) can be used as an informative measure of
the discriminating capacity of wealth indices, and the
closer the AUC is to one, the better is the performance.*

In terms of the stability of the wealth index on the
other dataset, the three alternative PCA approaches are
applied to the 2018 Malaria Indicator Survey (MIS) data
in Mozambique and are compared with the original DHS
wealth index reported on the DHS website.**

Data analysis in this paper is performed by using soft-
ware R V.4.1.2. The classical PCA algorithm is achieved
through ‘principal’ function in ‘psych’ package.” To
accomplish the alternative PCA techniques, we use ‘elas-
ticnet’ package® and ‘robpca’ package®’ to carry out
the SPCA and skewness-adjusted ROBPCA algorithm,
respectively.

Patient and public involvement statement

It was not appropriate or possible to involve patients or
the public in the design, or conduct, or reporting, or
dissemination plans of our research.

Reflexivity statement
A structured reflexivity statement is provided in online
supplemental appendix.

RESULTS

Importance of different asset indicators across methods
Figure 1 reports the PCA weights for each of the assetindi-
cators for each of the four PCA approaches using all 69
variables from the BOHEMIA demographic survey data.
The weights signify the relative contribution different
assets make to the wealth index.

In the classical PCA result (see the first plotin figure 1),
almost all wealth index coefficients have expected signs.
Variables indicating wealth (eg, lighting by electricity,
wall material made of zinc) have positive weights while
those representing poverty (eg, living in a hut, lighting
by firewood) have negative weights. However, there are
also some unexpected results. For instance, the ‘number
of members per sleeping room’ variable carries a positive
weight, indicating that a wealthier household has more
people per sleeping room.

More simplified PCA approaches, that is, feature
selection PCA, SPCA and robust PCA—resulted in a
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N=25550
Mean

Feature Selection Sparse
PCA PCA PCA

N=25550

Lighting energy source:Batteries

Wall material:Adobe block

Wall material:-Bamboo

Building type:Hut

Wall material:Other

Building type:Traditional mud house

Water source:Unprotected outside household
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Figure 1 Coefficients of asset indicators from classical PCA, robust PCA, feature selection PCA and sparse PCA in Mopeia,

Mozambique. PCA, principal components analysis.

succinct list of relevant household assets, trimming off
variables with negligible weights. Interestingly, none
of these methods assigned any weight to ‘cows’ owner-
ship’ variable. Moreover, some variables that were used
by a minority of households (eg, paper for wall mate-
rial, natural gas for lighting) were also ignored by three
alternative PCA methods due to sparseness. It is worth to
noting that while the threshold choice in feature selec-
tion PCA may seem subjective, its outcomes align with
those of SPCA. This agreement justifies setting 0.01 as the
threshold value in the filtering criteria in feature selec-
tion PCA.

Evaluation of wealth indices
All households are ranked into five levels: rank 1
(poorest), rank 2, rank 3, rank 4, rank 5 (richest). Each

group represents 20% of total households. In this section,
we investigate the internal coherence and cross-method
agreement of the wealth indices.

Internal coherence of wealth indices

Table 1 compares the average asset ownership across the
households in five wealth quintiles based on the classical
PCA approach. Since the other three techniques have
similar results as the classical one, their data are not
shown here (see online supplemental appendix section
3). The percentage of households, owning assets with
positive weights, generally rises from rank 1 to rank 5.
Conversely, the opposite trend is observed for assets with
negative weights. For example, only 8.4% of households
in rank 1 own cell phones, but this percentage increases
for higher ranks, reaching 66.9% in rank 5.

6
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PCA and sparse PCA. PCA, principal components analysis.

Table 1 also presents the regression analysis between
each asset indicator and classical PCA (DHS) rank. The
linear regression and the logistic regression are used to
examine the association between wealth ranks with assets
for numerical indicators and binary indicators, respec-
tively. The signs and the magnitude of regression coef-
ficients are consistent with those of the PCA weights,
particularly when the absolute PCA weights are more
than 0.001. Conversely, indicators with tiny absolute
weights (<0.001) exhibit limited discriminatory capacity
between wealth groups, as indicated by the statistically
insignificant results of the regression analysis.

Cross-method agreement of wealth indices

Figure 2 demonstrates the wealth ranks according to the
four PCA techniques. The value in each cell represents
the number of households under the corresponding
combination of wealth quintiles from three approaches.
For instance, among all households that have rank 1 in
classical PCA, 99.75% of households are classified in rank
1, with remaining 0.25% of households classified into
rank 2 in robust PCA. Almost all households are classi-
fied in the same group in all four indices. Approximately,
only 10% of the households appear in a different group,
which is an adjacent group with a difference of only one
rank. Additionally, the strong Spearman’s correlation
coefficients (all >0.98 with p<2.2e-16) across all methods
confirm this agreement (the table of spearman’s rank
correlation is shown in online supplemental appendix
table S4). Consequently, the wealth quintiles derived
from four different PCA approaches are robust to insig-
nificant asset indicators and outliers.

External validation of wealth indices
To further validate our indices, we cross-checked against
household income data and the 2018 DHS wealth index.

Consistency with household income classification

Income information for 537 households in the Mopeia
district is available from the Health Economics Survey
data collected by BOHEMIA project in 2022. However,
nearly all households reported zero personal income
(93.67%, N=503), and a majority of households reported

zero household income (77.47%, N=416). Here, we only
illustrate the association between the wealth indices and
138 households with non-zero total income. The analysis
for households with zero total income is demonstrated in
online supplemental appendix section 6.

The feature selection PCA wealth ventiles showed
a moderate association (Spearman’s rank correla-
tion=0.26) yet significant positive linear relationship
(p<0.02) with the average monthly income on a log scale
of 138 households with non-zero total income. All wealth
ventiles exhibit similar results, which are included in
online supplemental appendix table S5.

Classifying these households as ‘rich’ or ‘poor’
according to the 2022 international poverty line (US$2.15
(2017 PPP) per day per capita) from World Bank Report,"”
we used ROC curves to compare income classification
with wealth indices. Figure 3 shows the ROC curves, with
the feature selection PCA wealth index demonstrating
a high AUC value of 0.76 for the classification results,
suggesting its robust discriminating capacity. Notably, all
other wealth indices also exhibit strong performance,
with AUC values exceeding 0.75 (see online supple-
mental figure S3). Both the Spearman’s correlation and
ROC analysis show significant coherence between wealth
indices and households’ average monthly income.

Consistency with DHS wealth index based on 2018 MIS data in
Mozambique

The DHS household wealth index for Mozambique has
been estimated and reported on the DHS website based
on the 2018 MIS data.** Applying all three alternatives to
the 2018 MIS data, we investigate the consistency between
the alternative PCA wealth index with the original DHS
wealth index, and therefore, justify the stability of the
alternative methods over different data sets. Figure 4
demonstrates a strong correlation (Spearman’s rank
correlation=0.99, p<2.2e-16) between the DHS wealth
index and the feature selection PCA wealth index as well
as between the wealth quintiles (Spearman’s rank correla-
tion=0.95, p<2.2e-16). Using a threshold of 0.02 (approx-
imately equal to the median of all PCA weights), feature
selection PCA filtered out 63 of 107 asset indicators in the
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Figure 3 ROC curves and AUC values for classification
results of feature selection PCA wealth index according to
the income-based poverty status (N=138). AUC, area under
the curve; PCA, principal components analysis.

2018 MIS data from Mozambique, without significantly
affecting the quality of the wealth index.

DISCUSSION

Wealth indices have been widely used as a proxy measure
of SEP for households in LMICs. One popular way of
creating these indices within DHS datasets is the PCA
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approach, despite criticisms regarding its reliability and
the data burden it creates.” *® This work offers a new way
of calculating the wealth index for the Mopeia district in
Mozambique. This alternative methodology removes less
significant features and handles outliers more efficiently.

The analysis shows that wealth indices produced by
four PCA techniques exhibit strong internal coherence
and offer a viable indicator of the SEP of households.
The three alternative indices are highly consistent with
the classical PCA wealth index, a benchmark for the stan-
dard wealth index. Each wealth index exhibits a signifi-
cant correlation with household income and hence an
ability to discriminate between households’ levels of
poverty.

The alternative methods, feature selection PCA, SPCA
and robust PCA, use fewer asset indicators (about 40%
less), while still being able to construct a reliable wealth
index. A concise set of indicators and a simpler model
could make it easier for researchers to identify and
comprehend the major contributors. These results are
in line with other studies® * which support the idea of
designing a simpler questionnaire with fewer number
of questions to assess SEP. A shorter questionnaire has
a positive effect on response rate and response quality,
which further improves the accuracy of the follow-up
studies or strategies.”’

Both SPCA and robust PCA, while guaranteeing
the high quality of the wealth index, may compromise
computational simplicity. Therefore, the feature selection
PCA wealth index is recommended over the classic DHS
wealth index. Its efficiency is demonstrated by its ability
to generate comparable results while requiring 40% less
information—a significant reduction in the burden of
data collection and computational load. However, one

Rank 5
Rank 4
Rank 31

Rank 2 1

Feature selection PCA wealth index rank

Rank 11

Rank 1 Rank 2 Rank 3 Rank 4

DHS wealth index rank

Rank 5

Figure 4 Correlation between DHS household wealth index and the feature selection PCA wealth index, and numbers of
households under different wealth quintiles created using DHS wealth rank and feature selection PCA wealth rank. DHS,
Demographic and Health Survey; PCA, principal components analysis.
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aspect to consider is that the selection of the optimal
threshold may not be universally applicable across
regions. If a wealth index in other regions is needed,
the DHS data from previous years can be analysed, if
available, to identify valid thresholds and to eliminate
insignificant asset indicators before the questionnaire-
development stage, reducing the burden on investigators
and survey respondents.

Limitations
There could be some limitations in the proposed
method and analysis. First, the first principal component
from all PCA methods only explains a fraction of vari-
ation in the data. Some studies consider multiple prin-
cipal components to capture more wealth effect in the
data.!0%? However, there is an inevitable trade-off between
the higher explained variance and a clear interpretation
of the contribution of each asset indicator. Moreover,
the total proportion of variance explained may not be
considerably higher since the successive higher-order
components always explain smaller proportions than the
first component.*®

Another drawback is possibly the lack of generalis-
ability due to the high level of rurality in Mozambique.
Pursuant to the DHS method, we initially created a
composite wealth index by combining different urban
and rural wealth indices." However, the analysis revealed
that it was indistinguishable from a unified wealth index.
Hence, we developed only one wealth index for Mozam-
bique, without differentiating between urban and rural
areas. Although our method works well for Mozambique
(as shown in figure 4), its performance in more urban-
ised LMICs is unclear. Further analysis using diverse data-
sets from various socioeconomic settings is warranted to
evaluate the generalisability of our method.

CONCLUSIONS

This research presents a new approach for calculating a
wealth index for Mopeia, Mozambique. The commonly
used DHS method based wealth index is effective, but
we find the feature selection PCA approach achieves
comparable performance while using 40% less variables.
We identify variables that make minimal contribution in
calculating the wealth index, omit them and show that
their elimination does not affect the quality of the wealth
index. This simplifies the data collection process and
reduces the cost of data collection while improving the
quality of the survey results. Despite using fewer asset
indicators, feature selection PCA delivers a stable and
robust wealth index, and shows consistency in perfor-
mance with other methods, including the DHS method.
Thus, we recommend the feature selection PCA approach
as a practical alternative for wealth index calculations in
similar LMIC regions.
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1. Methods

1.1 Classical-PCA Wealth Index

We followed the steps used in constructing the DHS Wealth Index! to calculate the classical-PCA wealth index. The
principal component analysis (PCA) is carried out on the correlation matrix of the standardized asset ownership
binary data. PCA creates new orthogonal components by maximizing the variance of the data and the first principal
component accounts for the largest possible variance across the variables.? The weights of each household asset are
drawn from the PCA weights in the first principal component, assuming that wealth is the component that accounts
for the greatest amount of variation in the assets and characteristics of households. Therefore, the wealth index for
each household is a linear combination of all assets with PCA weights as corresponding coefficients. The formula is
shown below:
WI; = ayxj; + axxy + asxjz + -+ apxj,

where ay, k = 1, ..., p are PCA weights for p assets, x;j; are the standardized values of asset k of household i. If
asset k represents a numerical variable such as the number of constructions, x;;, = (X — X)/sy; If asset k
represents a dummy variable where 0 means not owning and 1 means owning the asset,

1 - ‘fk

, if household i owns asset k,
* Sk
Yik =30 - %,
P if household i does not own asset k,
k
where X, and s, are the mean and standard deviation of asset k for all households.

1.2 Sparse-PCA Wealth Index

The lasso (elastic net)’ is a penalized least squares approach that imposes additional constraints on the regression
coefficients. Hence, the lasso (elastic net) estimated f is obtained by minimizing

n 4 4 P
D wi=Bo= ) B+ A ) 1B+ 2, ) 1P
i=1 j=1 j=1 j=1
where 4,, A, are non-negative values. The lasso is a special case of the elastic net with 4, = 0.

Zou and Hastie (2006)* proposed a “self-contained” regression-type criterion for driving PCs by including the lasso
(elastic net) penalty into the PCA objective function in order to produce sparse weights. Let « and S be p X k

matrices, X; denote the i-th row vector of the matrix X,,,,,. Forany 4 > 0 and 4, ; = 0, let

n k k
(a.p) = lei —afTX|* + AZ|B]-|2 + le'jlﬁjl' subject to aTa = I.
i=1 = =

Then each column of 8 is proportional to the sparse PCA weights of each principal component. The PCA weights of
the first PC is obtained by normalization of §,, i.e., A = c(@,,,, ..., a,) = Ig_ll
1

2. Sensitive analysis of threshold selection in feature-selection-PCA

To validate the selection of the threshold for eliminating assets with small weights in feature-selection-PCA method,
a sensitivity analysis is conducted. The analysis involved examining the Spearman's rank correlation between
feature-selection-PCA and classical-PCA under varying thresholds as illustrated in Figure 1. The results indicated
that the correlation of wealth quintiles exhibited a gradual decline across various thresholds, while Spearman’s
correlation remained above 0.9 when more than 30% of asset indicators were retained in the PCA analysis.
Conversely, when less than 30% of indicators were retained, the correlation tended to decrease significantly and was
less than 0.9.
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Figure S1. Sensitive analysis of spearman’s rank correlation between feature-selection-PCA and classical-
PCA under varying thresholds

In addition, the average classification accuracy, sensitivity, and precision are calculated for five wealth quintiles
with varied thresholds (Figure 2). The results demonstrate that the average accuracy exhibits a slight decline,
whereas the average sensitivity and precision exhibit a notable drop. Note that when the threshold is set above 0.04
which preserves over 30% of indications for study, the feature-selection-PCA shows a high level of performance in
terms of average accuracy (greater than 0.9).
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Figure S2. Sensitivity analysis of feature-Selection-PCA classification results compared to classical-PCA:
average accuracy, average sensitivity, and average precision.

The findings of the sensitivity analysis suggest that the choice of the threshold may have a notable impact on the
correlation and accuracy of wealth quintiles, particularly when the percentage of retained indicators is less than
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30%. It is evident that there exists a trade-off between the removal of indicators and the capability of the feature-
selection-PCA wealth index. Therefore, researchers should carefully consider the threshold selection to ensure a
sufficient number of indicators are retained to maintain the robustness of the wealth quintiles.

3. Internal coherence of wealth indices for feature-selection-PCA, sparse-PCA, and robust-PCA

Table S1. Percentage (or mean number) of households owning each asset indicator across wealth quintiles,
and the regression results between each asset indicator and feature-selection-PCA rank.

Mean (SE) Wealth Quintiles Regression'
or %
N=25550 Rank 1 Rank 2 Rank 3 Rank 4 Rank 5 B
Number of constructions (++++%) 1-565 1.320 1.405 1.551 1.721 1.829 0-133%**
(0.890) (0.636) (0.736) (0.866) (1.015) (1.027)
Number of members per slecping room 4:030 3.350 3.767 4115 4372 4585 0-308 %%
(+++)
(2.013) (1.721) (1.795) (1.924) (2.094) (2.243)
Number of bed nets (++++) 2-149 1.304 1.808 2.196 2.595 2.844 0-387***
(1.288) (0.954) (1.064) (1.108) (1.269) (1.377)
Ownership of cattle or pigs (---°) 7-86% 11.90% 7.80% 7.20% 7.00% 5.40% -0-194%**
Number of cows (> 1 year of age)
1-4 0-20% 0.10% 0.20% 0.20% 0.20% 0.30% 0-159
5-9 0-06% 0.00% 0.00% 0.00% 0.10% 0.10% 0-432%*
10 or more 0-03% 0.00% 0.00% 0.00% 0.00% 0.10% 0.566-
Number of cows (< 1 year of age)
1-4 0-27% 0.30% 0.30% 0.20% 0.30% 0.30% 0-000
5-9 0-:07% 0.10% 0.00% 0.10% 0.10% 0.10% -0-106
10 or more 0-02% 0.00% 0.00% 0.00% 0.00% 0.00% 0-774
Number of pigs (> 6 weeks of age)
1-4 (---) 4-90% 8.30% 4.90% 4.30% 4.10% 2.90% -0-253%**
5-9 0-97% 1.10% 1.00% 1.00% 1.00% 0.80% -0-043
10 or more 0-28% 0.30% 0.20% 0.30% 0.30% 0.30% 0-097
Number of pigs (< 6 weeks of age)
1-4 () 2:77% 4.60% 2.70% 2.60% 2.20% 1.90% -0-226%**
5-9 0-92% 1.00% 1.00% 0.80% 0.90% 0.80% -0-065

! The pB's are the slope coefficients of the logistic regression for all binary indicators, or the slope coefficients of the linear regression for Number
of constructions, Number of members per sleeping room, Number of nets. ***: P <0-001; **: P <0-01; *: P<0-05; -: P <0-1

2 ++++: Positive PCA weight larger than 0-01; +++: Positive PCA weight smaller than 0-01 and larger than 0-005; ++: Positive PCA weight smaller
than 0-005 and larger than 0-001; +: Positive PCA weight smaller than 0-001

3

----: Negative PCA weight less than -0-01; ---: Negative PCA weight larger than -0-01 and smaller than -0-005; --: Negative PCA weight larger

than -0-005 and smaller than -0-001; -: Negative PCA weight larger than -0-001
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10 or more 0-20% 0.30% 0.20% 0.10% 0.20% 0.20% -0-097

Main housing building type

Apartment 0-19% 0.00% 0.10% 0.00% 0.40% 0.40% 0-664***
Conventional house (++++) 13-17% 0.00% 0.00% 0.00% 0.60% 65.20% 5-734%%*
Flat 0-09% 0.10% 0.10% 0.10% 0.10% 0.10% 0-000

Hut (----) 29:01% 41.10% 38.10% 33.80% 26.10% 5.90% -0-422%**
Precarious (---) 19-53% 13.80% 19.50% 23.50% 28.10% 12.70% 0-041***
Traditional mud house (----) 36:91% 44.80% 41.70% 41.70% 42.50% 13.90% -0-268%**
Other (++) 1-11% 0.20% 0.50% 0.90% 2.10% 1.80% 0-486%**

Wall material in the main house

Adobe block (----) 54:55% 67.60% 67.50% 65.70% 54.90% 17.20% -0-488%**
Bamboo (----) 26:02% 52.30% 31.30% 23.50% 18.90% 4.00% -0-635%**
Bark (----) 4-17% 11.30% 4.40% 2.80% 1.70% 0.60% -0-724%**
Brick block (++++) 15:67% 0.00% 0.00% 0.90% 13.10% 64.30% 2-545%%*
Cardboard 0-09% 0.10% 0.10% 0.10% 0.00% 0.10% -0-065

Cement blocks (++++) 3-55% 0.00% 0.00% 0.00% 0.30% 17.50% 4-369%**
Palm tree (----) 9-38% 20.10% 10.00% 8.00% 6.60% 2.20% -0-504%**
Paper 0-12% 0.20% 0.10% 0.10% 0.10% 0.10% -0-147

Plastic bags (---) 1-62% 5.60% 1.20% 0.50% 0.50% 0.40% -0-929%**
Reed (---) 3-80% 8.40% 3.90% 3.30% 2.90% 0.50% -0-503%**
Tin 4-74% 2.10% 3.40% 5.70% 8.60% 3.90% 0-199%**
Tinned wood 4-63% 2.00% 3.40% 5.60% 8.40% 3.70% 0-197***
Wood (+++) 9-77% 4.00% 7.10% 10.80% 14.80% 12.20% 0-281%**
Zinc (++++) 12:13% 0.00% 0.10% 0.20% 7.30% 53.00% 2-736%**
Other (----) 26:05% 40.20% 32.90% 28.30% 22.40% 6.30% -0-430%**

Main water sources for consumption

Fountain (+++) 10-74% 4.00% 6.70% 10.70%  17.00%  1520%  -0-356%%*
Hole protected with hand pump &qo o o o o o Py
outside backyard (1) 50-58% 3320%  49.00%  54.20%  57.10%  59.50%  0-247
E:l}:cw“h manual pump inside 0-49% 0.20% 0.40% 0.60% 0.50% 0.80% 0-258%**
Mineral bottled water 0-00% 0.00% 0.00% 0.00% 0.00% 0.00% 15-185
fiped ‘)”ater in neighbor house 1-39% 0.00% 0.00% 0.20% 1.40% 530% 1-580%%+
Eamns
fﬁi‘i;vater inside house 0-38% 0.00% 0.00% 0.00% 0.00% 1.90% 4-614%%*
Piped water within compound 1-48% 0.00% 0.00% 0.00% 0.10% 7.30% 4-633%%x
(+++H)
Protected inside backyard 0-46% 0.20% 0.10% 0.50% 0.70% 0.70% 0-338***
P)“’t“ted outside backyard (-- 4-81% 7.00% 5.70% 5.10% 430% 200%  -0.255%%*
Rainwater 0-08% 0.00% 0.10% 0.20% 0.10% 0.00% 20152
purve (Rver Lake Lagoom 000 2160%  1410%  1070%  730%  1S0%  0-526m
E“;Prmwed inside houschold 1-78% 2.30% 2.20% 2.20% 1.70% 0.50% 0-233 %+
Ef‘_’_’;omted outside household 16-56% 31.40%  21.50% 15.40% 9.60% 4.90% 0-512%%*
5

XieK, et al. BMJ Glob Health 2023; 8:€012639. doi: 10.1136/bmjgh-2023-012639



BMJ Publishing Group Limited (BMJ) disclaims al liability and responsibility arising from any reliance

Supplemental material placed on this supplemental material which has been supplied by the author(s) BMJ Glob Health
Water from tank truck 0-00% 0.00% 0.00% 0.00% 0.00% 0.00% 0-000
Other 0-05% 0.00% 0.00% 0.10% 0.10% 0.00% 0-084

Time for taking main water sources

Under 10 min (++++) 31-84% 6.10% 18.60% 37.00% 47.20% 50.20% 0-594%x*
Between 10-30 min (----) 45:63% 61.50% 54.10% 40.90% 35.30% 36.40% -0-285%**
Between 30-60 min (----) 17-75% 25.10% 21.40% 17.30% 14.20% 10.60% -0-254%**
More than one hour (---) 4-76% 7.30% 5.80% 4.80% 3.30% 2.70% -0-267***

Main energy source for lighting

Batteries (----) 68-79% 84.60% 81.30% 79.00% 62.90% 36.30% -0-591***
Candles 0-78% 0.00% 0.40% 1.10% 2.10% 0.30% 0-204%x*
Electricity (++++) 11:65% 0.00% 0.00% 0.00% 7.10% 51.10% 2-774%**
Firewood (----) 11:96% 15.00% 16.30% 15.90% 10.80% 1.90% -0-311%**
Gas 0-01% 0.00% 0.00% 0.00% 0.00% 0.00% 0-169
Generator 0-04% 0.00% 0.00% 0.00% 0.10% 0.10% 1-375%*
0Oil 0-15% 0.00% 0.10% 0.10% 0.50% 0.10% 0-409%**
Solar panel (++++) 4:66% 0.10% 0.40% 1.90% 12.10% 8.80% 0-814%x*
Other 1-:55% 0.30% 1.40% 1.80% 3.30% 1.00% 0-223%**
Ownership of radio (++++) 24-66% 8.00% 13.80% 22.80% 37.60% 41.10% 0-525%**
Ownership of television (++++) 7-47% 0.00% 0.00% 0.00% 0.50% 36.80% 4-455%x*
Ownership of cell phone (++++) 38:47% 8.60% 20.80% 37.70% 58.30% 66.90% 0-752%%*

Table S2. Percentage (or mean number) of households owning each asset indicator across wealth quintiles,
and the regression results between each asset indicator and sparse-PCA rank.

Mcano(SE) Wealth Quintiles Regression
N:02rS/5050 Rank 1 Rank 2 Rank 3 Rank 4 Rank 5 B
Number of constructions (++++) 1-565 1.320 1.409 1.545 1.723 1.828 0-133%%*
(0.890) (0.644) (0.742) (0.858) (1.014) (1.026)
Number of members per sleeping room 4-030 3352 3.782 4111 4365 4578 0-304%**
(++++)
(2.013) (1.724) (1.800) (1.936) (2.084) (2.240)
Number of bed nets (++++) 2-149 1.268 1.830 2.189 2.621 2.839 0-393***
(1.288) (0.941) (1.045) (1.111) (1.268) (1.376)
Ownership of cattle or pigs (---) 7-86% 10.40% 7.90% 7.50% 8.00% 5.40% -0-136%**
Number of cows (> 1 year of age)
1-4 0-20% 0.10% 0.20% 0.20% 0.20% 0.30% 0-200*
5-9 0-:06% 0.00% 0.00% 0.10% 0.10% 0.10% 0-474*
10 or more 0-03% 0.00% 0.00% 0.00% 0.00% 0.10% 0.566-
Number of cows (< 1 year of age)
1-4 0-27% 0.30% 0.30% 0.20% 0.30% 0.30% 0-022
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5-9 0:07% 0.10% 0.00% 0.10% 0.10% 0.10% -0-079
10 or more 0-02% 0.00% 0.00% 0.00% 0.00% 0.00% 0774

Number of pigs (> 6 weeks of age)

1-4 () 4-90% 7.20% 5.00% 4.50% 4.80% 3.00% -0-190%**
5-9 0-97% 0.90% 1.00% 1.00% 1.10% 0.80% -0-014
10 or more 0-28% 0.20% 0.30% 0.30% 0.30% 0.30% 0-092

Number of pigs (< 6 weeks of age)

1-4 (--) 2-77% 3.80% 2.70% 2.70% 2.80% 1.90% -0-135%**
5-9 0-92% 1.00% 0.80% 1.00% 0.90% 0.80% -0-028
10 or more 0-20% 0.20% 0.30% 0.10% 0.20% 0.20% -0-039

Main housing building type

Apartment (++) 0-19% 0.00% 0.10% 0.10% 0.40% 0.40% 0-699***
Conventional house (++++) 13-17% 0.00% 0.00% 0.00% 0.50% 65.30% 5-955%**
Flat 0-09% 0.10% 0.10% 0.10% 0.10% 0.10% 0-131

Hut (--) 29:01% 39.90% 38.00% 34.20% 26.90% 6.00% -0-401***
Precarious (++++) 19-53% 15.00% 20.40% 22.40% 27.40% 12.50% 0-013

Traditional mud house 36:91% 44.60% 40.90% 42.30% 42.70% 13.90% -0-261%**
Other (+++) 1-11% 0.30% 0.50% 1.00% 2.00% 1.80% 0-416%**

Wall material in the main house

Adobe block (----) 54:55% 68.60% 66.90% 66.00% 54.10% 17.30% -0-498%**
Bamboo (----) 26:02% 52.20% 32.00% 23.10% 18.80% 4.00% -0-640%**
Bark (----) 4-17% 10.90% 4.40% 3.00% 1.90% 0.60% -0-679%**
Brick block (++++) 15:67% 0.00% 0.00% 0.70% 13.30% 64.30% 2-566%**
Cardboard 0-09% 0.10% 0.10% 0.10% 0.00% 0.10% 0-000

Cement blocks (++++) 3-55% 0.00% 0.00% 0.00% 0.30% 17.50% 4-369%**
Palm tree (----) 9-38% 19.50% 10.00% 8.40% 6.90% 2.20% -0-482%**
Paper 0-12% 0.20% 0.10% 0.10% 0.10% 0.10% -0-065

Plastic bags (---) 1-62% 5.10% 1.40% 0.70% 0.50% 0.40% -0-813%**
Reed (---) 3-80% 7.70% 4.00% 3.60% 3.20% 0.50% -0-443%**
Tin (++) 4-74% 1.40% 3.10% 5.80% 9.30% 4.00% 0-259%**
Tinned wood 4-63% 1.40% 3.00% 5.70% 9.20% 3.80% 0-258%**
Wood (+++) 9-77% 3.50% 6.50% 11.10% 15.50% 12.20% 0-311%**
Zinc (++++) 12:13% 0.00% 0.00% 0.20% 7.40% 53.10% 2-7754%**
Other (----) 26:05% 40.00% 33.70% 27.50% 22.50% 6.40% -0-430%**

Main water sources for consumption

Fountain (++) 10-74% 0.00% 0.10% 0.20% 0.10% 0.00% 0.330%%*

?;1:‘ g;ﬁ:ﬁ;‘m‘ﬂ‘ handpump 5 500, 0.10% 0.40% 0.60% 0.50% 0.80%  0-222%%*

E:l}:cw“h manual pump inside 0-49% 31.60%  21.00% 15.20% 10.00% 4.90% 0-303%**

Mineral bottled water 0-00% 0.00% 0.00% 0.00% 0.00% 0.00% 15-185

fﬁi‘;’ater in neighbor house 1-39% 0.00% 0.00% 0.20% 1.40% 530% 1-530%%+
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Piped water inside house
(++++)

Piped water within compound
(++++H)

Protected inside backyard

Protected outside backyard (--
-)
Rainwater

Surface (River, Lake, Lagoon)
()

Unprotected inside household
()

Unprotected outside household
=)

Water from tank truck

Other

Time for taking main water sources

Under 10 min (++++)
Between 10-30 min
Between 30-60 min

More than one hour

Main energy source for lighting

Batteries (----)
Candles
Electricity (++++)
Firewood (--)

Gas

Generator (+)

Oil

Solar panel (++++)

Other

Ownership of radio (++++)

Ownership of television (++++)

Ownership of cell phone (++++)

0-38%

1-48%

0-46%

4-81%

0-08%

11:04%

1-78%

16-56%

0-00%
0-05%

31-84%
45-63%
17-75%
4-76%

68-79%
0-78%
11:65%
11:96%
0-01%
0-04%
0-15%
4:66%
1-55%
24-66%
7-47%
38:47%

0.00%

0.00%

4.30%

0.20%

20.10%

35.60%

6.30%

1.70%

0.00%
0.00%

5.40%
62.20%
25.30%

7.10%

85.30%
0.20%
0.00%
13.60%
0.00%
0.00%
0.00%
0.10%
0.80%
7.50%
0.00%
7.50%

0.00% 0.00% 0.00%
0.00% 0.00% 0.10%
7.40% 10.50% 16.30%
0.10% 0.60% 0.70%
14.60% 10.80% 8.10%
48.60% 53.50% 55.70%
5.40% 5.80% 4.50%
2.20% 2.30% 2.10%
0.00% 0.00% 0.00%
0.00% 0.10% 0.10%
17.70% 37.70% 48.30%
54.30% 40.60% 34.60%
21.80% 17.20% 13.80%
6.20% 4.50% 3.30%
81.30% 77.90% 63.00%
0.50% 1.20% 1.80%
0.00% 0.00% 6.90%
16.10% 16.60% 11.60%
0.00% 0.10% 0.00%
0.00% 0.00% 0.00%
0.10% 0.10% 0.40%
0.40% 1.90% 12.30%
1.40% 1.90% 2.80%
14.50% 22.30% 38.00%
0.00% 0.00% 0.50%

20.70% 38.40% 59.00%

1.90%

7.30%

15.10%

0.70%

1.60%

59.50%

2.00%

0.50%

0.00%
0.00%

50.10%
36.50%
10.70%
2.60%

36.30%
0.20%
51.30%
2.00%
0.00%
0.10%
0.10%
8.60%
0.90%
41.00%
36.80%
66.70%

461475
463375
-0.211#%%
-0-050
-0-480%%*
_0-142%%*
0-506%**
0-000

0-169

0-613%%
_0-294 %%
-0-260%%

.()598***
0190
2.8 12k
.()272***
0000
1-702%*
0-346%*
0-8 1455
0-109%*
0-530%%*
46455

0-770%%%

Table S3. Percentage (or mean number) of households owning each asset indicator across wealth quintiles,
and the regression results between each asset indicator and robust-PCA rank.

Mean (SE) Wealth Quintiles Regression
or %
N=25550 Rank 1 Rank 2 Rank 3 Rank 4 Rank 5 B
Number of constructions (++++) 1-565 1326 1.407 1.554 1711 1.827 0-13 1%
(0.890) 0.645)  (0.740)  (0.873)  (1.005)  (1.026)
Number of members per slecping room 4:030 3343 3.771 4.109 438 4.586 0-309%**
(++++)
(2.013) (1714 (1797)  (1.921)  (2.09)  (2.243)
8
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Number of bed nets (+-+++) 2:149 1.307 1.812 2201 2586 2.842 0-384%%%
(1.288) 0.958)  (1.058)  (1.122)  (1.268)  (1.375)
Ownership of cattle or pigs (---) 7-86% 12.80% 7.50% 7.00% 6.70% 5.30% -0-223%**

Number of cows (> 1 year of age)

1-4 0-20% 0.10% 0.20% 0.20% 0.20% 0.30% 0-179-
5-9 0-06% 0.00% 0.00% 0.00% 0.10% 0.10% 0-351-
10 or more 0-03% 0.00% 0.00% 0.00% 0.00% 0.10% 0.566-

Number of cows (< 1 year of age)

1-4 0-27% 0.30% 0.30% 0.20% 0.30% 0.30% -0-007
5-9 0-07% 0.10% 0.00% 0.10% 0.10% 0.10% -0-106
10 or more 0-02% 0.00% 0.00% 0.00% 0.00% 0.00% 0-774

Number of pigs (> 6 weeks of age)

1-4 (---) 4-90% 8.60% 4.90% 4.00% 4.00% 2.90% -0-277***
5-9 (--) 0-97% 1.40% 0.80% 1.00% 0.80% 0.80% -0-114*
10 or more 0-28% 0.30% 0.20% 0.30% 0.30% 0.30% -0-097

Number of pigs (< 6 weeks of age)

1-4 (-) 2-77% 4.90% 2.50% 2.50% 2.10% 1.80% -0-249%**
5-9(-) 0-92% 1.40% 0.90% 0.70% 0.70% 0.80% -0-144%**
10 or more 0-20% 0.30% 0.20% 0.10% 0.20% 0.20% -0-097

Main housing building type

Apartment 0-19% 0.00% 0.10% 0.00% 0.40% 0.40% 0-664***
Conventional house (++++) 13-17% 0.00% 0.00% 0.00% 0.60% 65.20% 5-702%%*
Flat 0-09% 0.10% 0.10% 0.10% 0.10% 0.10% 0-000

Hut (----) 29:01% 40.40% 38.50% 33.70% 26.40% 5.90% -0-414%**
Precarious (---) 19-53% 13.70% 19.40% 23.50% 28.30% 12.70% 0-045%**
Traditional mud house (----) 36:91% 45.70% 41.30% 41.80% 42.00% 13.80% -0-277***
Other (++) 1-11% 0.20% 0.50% 0.90% 2.10% 1.80% 0-486%**

Wall material in the main house

Adobe block (----) 54:55% 68.00% 67.80% 65.60% 54.30% 17.10% -0-497***
Bamboo (----) 26:02% 52.00% 31.80% 23.60% 18.80% 4.00% -0-635%**
Bark (----) 4-17% 11.30% 4.30% 2.90% 1.70% 0.60% -0-717***
Brick block (++++) 15:67% 0.00% 0.00% 0.90% 13.20% 64.20% 2-543%x*
Cardboard 0-09% 0.10% 0.10% 0.10% 0.00% 0.10% 0-022

Cement blocks (++++) 3:55% 0.00% 0.00% 0.00% 0.30% 17.50% 4-369%**
Palm tree (----) 9-38% 20.10% 9.80% 8.30% 6.70% 2.20% -0-500%**
Paper 0-12% 0.20% 0.10% 0.10% 0.10% 0.10% -0-097

Plastic bags (---) 1:62% 5.50% 1.20% 0.60% 0.50% 0.40% -0-890***
Reed (---) 3-80% 8.20% 3.90% 3.40% 2.90% 0.50% -0-488%**
Tin (++) 4-74% 1.40% 2.90% 5.40% 9.80% 4.10% 0-284%**
Tinned wood (++) 4:63% 1.30% 2.80% 5.40% 9.70% 3.90% 0-283%**
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Wood (+++) 9-77% 330% 6.60% 10.60%  16.00%  1240%  0-326%**
Zine (++++) 12:13% 0.00% 0.10% 0.20% 730%  53.10%  2:736%**
Other () 2605% 40.50%  32.90%  2840%  22.10%  630%  -0-435%xx

Main water sources for consumption

Fountain (+++) 10-74% 4.10% 6.80% 10.70%  17.00%  15.10%  0.353%*
?ﬁﬁg‘;ﬁg‘iﬁ‘gﬁfﬁd pump 50-58% 33.50%  48.80%  54.40%  56.80%  59.40%  0-244%xx
hH:::e“gﬂ)ma““al pump inside 0-49% 0.10% 0.30% 0.60% 0.70% 0.80% 0-383%%*
Mineral bottled water 0-00% 0.00% 0.00% 0.00% 0.00% 0.00% 15-185
fﬁi‘i}”am in neighbor house 1-39% 0.00% 0.00% 0.20% 1.40% 5.40% 1589
fﬁi‘;’ater inside house 0-38% 0.00% 0.00% 0.00% 0.00% 1.90% 4-614%x
fﬁi‘i;vater within compound 1-48% 0.00% 0.00% 0.00% 0.10% 730%  4-633%%*
Protected inside backyard (++) 0-46% 0.10% 0.20% 0.40% 0.80% 0.70%  -0-441%%*
?;"te“‘ed outside backyard (-- 4-81% 7.10% 5.70% 5.00% 4.20% 200%  -0.262%%*
Rainwater 0-08% 0.00% 0.10% 0.20% 0.10% 0.00% 0152
(S”rf;‘“ (River, Lake, Lagoon) 11-04% 21.20% 14.20% 10.80% 7.50% 1.50% 0-514%%*
Ef“)pmemd inside household 1-78% 2.30% 2.30% 2.10% 1.70% 0.50%  -0-236%**
Unprotected outside houschold 16-56% 31.60%  21.60%  1540%  9.50% 490%  0-517%
)
Water from tank truck 0-00% 0.00% 0.00% 0.00% 0.00% 0.00% 0-000
Other 0-05% 0.00% 0.00% 0.10% 0.10% 0.00% 0-042
Time for taking main water sources
Under 10 min (++++) 31-84% 6.20% 18.80%  36.90%  47.00%  5020%  0-590%**
Between 10-30 min (---—) 45-63% 61.10%  54.00%  4130%  3540%  3630%  -0-281%%*
Between 30-60 min () 17-75% 25.10%  21.40%  17.20%  1430%  10.70%  -0-252%%*
More than one hour () 4-76% 7.60% 5.80% 4.60% 3.20% 270%  -0-280%%*
Main energy source for lighting
Batteries (—--) 68-79% 8420%  81.30%  79.20%  63.00%  3630%  -0-586%**
Candles (-) 0-78% 0.10% 0.40% 1.30% 1.90% 0.30% 0-255%*
Electricity (++++) 11-65% 0.00% 0.00% 0.00% 7.10% 51.10%  2.774%%*
Firewood () 11-96% 1510%  1620%  1540%  11.20% 1.90%  -0-308%**
Gas 0-01% 0.00% 0.00% 0.00% 0.00% 0.00% 0-169
Generator 0-04% 0.00% 0.00% 0.00% 0.10% 0.10% 1-375%+
oil 0-15% 0.00% 0.10% 0.10% 0.50% 0.10% 0-409%+*
Solar panel (++++) 4-66% 0.10% 0.50% 1.90% 12.00% 8.90% 0-810%+*
Other (-) 1-55% 0.40% 1.40% 1.90% 3.10% 0.90% 0-176%+*
Ownership of radio (++++) 24-66% 8.20% 13.80%  22.80%  37.50%  41.00%  0-522%**
Ownership of television (++++) 7-47% 0.00% 0.00% 0.00% 0.50% 36.80%  4-455%%x
Ownership of cell phone (++++) 38-47% 8.80% 21.00%  38.00%  57.70%  66.80%  0-744%%x
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4. Cross-method agreement of wealth indices

Table S4. Spearman’s rank correlations and p-values among four wealth index ranks.

Feature-selection-

Classical-PCA rank Sparse-PCA rank Robust-PCA rank

PCA rank
Classical-PCA rank 1.000
Feature-selection-
PCA rank 0.992 1.000
(p-value < 2.2¢-16)
Sparse-PCA rank 0.985 0.985 1.000

(p-value <2.2e-16)  (p-value <2.2e-16)

Robust-PCA rank 0.996 0.994 0.984 1.000

(p-value <2.2e-16)  (p-value <2.2e-16)  (p-value <2.2e-16)

5. External validation of the wealth indices — Consistency with household income classification

Table S5. Linear regression results and Spearman’s rank correlations between average monthly income (2022
USS$) on log scale with four different wealth ventiles* (N=138).

Linear regression results >
Spearman’s rank

Intercept Slope correlation
Classical-PCA wealth ventiles 9.684 (p-value <.001) 0.675 (p-value = .009) 0.257
Feature-selection-PCA Ith
cature-selecion-TL-A wea 9.680 (p-value <.001)  0.664 (p-value =.011) 0.258
ventiles
Sparse-PCA wealth ventiles 9.685 (p-value <.001) 0.672 (p-value = .010) 0.260
Robust-PCA wealth ventiles 9.675 (p-value <.001) 0.663 (p-value =.011) 0.256

4 Wealth ventile is calculated by dividing all households into equal 5% quantiles based on the wealth index scores.
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Figure S3. ROC curves and AUC values for classification results of four different wealth indices according to
the income-based poverty status (N=138).

6. External validation of the wealth indices — Analysis for household with zero income

As implied in the paper, most of the households (399 out of 537) reported zero total income in the Health Economics
Survey data. To provide a more comprehensive analysis of the issue, we investigated the relationship between the

wealth index and households reporting zero income.

Figure S4 presents scatter plots of the wealth index quantiles for households with non-zero income and those

reporting zero income. It is observed that households with non-zero income demonstrate a larger minimum wealth
index, with the two groups exhibiting overlapping wealth index quantiles in the initial 50% quantile. However, in

the latter 50% quantiles, households with non-zero income maintain a consistently higher wealth index in
comparison to those with reported zero income.
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This finding underscores the strong relationship between wealth indices and whether households have zero income.
Although the study acknowledges the potential issue of respondent bias in self-reporting zero income, it nevertheless
provides valuable insights into the issue at hand.

Classical PCA Robust PCA

10.01

7.54

5.0

2.54

0.0

Feature Selection PCA Sparse PCA —*— Non-zero income group
10.0 1 —A— Zero income group

7.54

Quantiles of Wealth index

5.0

2.54

0.0

0.00 0.25 0.50 0.75 1.00 0.00 0.25 050 0.75 1.00
Therotical Quantiles

Figure S4. The QQ-plots for quantiles of wealth index of households.
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Appendix S1 — Author Reflexivity Statement

Title: Alternative Approaches for Creating a Wealth Index: Case of Mozambique

1. How does this study address local research and policy priorities?

In the context of the BOHEMIA project, this research was initiated to suggest an alternative to the
traditional DHS-methodology for formulating a wealth index, specifically for the Mopeia district of
Mozambique and similar data-limited areas. The recommended strategy aims to ease the data
collection process for researchers and streamline the construction of wealth index in low to middle-
income countries (LMICs).

2. How were local researchers involved in study design?

Local research partners from Manhica Health Research Center (CISM) in Mozambique (SI, EE, VM,
MS, PN, JM, EJ, HM, FM, FS, and CS) participated in this study in various capacities. They had
significant involvement in designing the Mopeia Census instrument, managing the data collection
operation, getting local IRB approvals etc. The data was anonymized before being used for building
the wealth index. All local investigators were offered an opportunity to contribute to data analysis
and manuscript write up.

3. How has funding been used to support the local research team?

The Centro de Investigagao em Saude de Manhica, a research institution based in Mozambique, is a
consortium member and received a sub-grant which covered all activities at country level including
salaries, operations and travel to present their scientific work.

4. How are research staff who conducted data collection acknowledged?

All researchers who participated in data collection are recognized as co-authors of this manuscript.
5. Do all members of the research partnership have access to study data?

All members of the partnership have access to data.

6. How was data used to develop analytical skills within the partnership?

The present study was not directly used to develop analytical skills within the partnership. The goal
of this research was to develop a wealth index that all partners could use in their own analysis. The
results are being applied to all manuscripts emerging from this project when applicable.

7. How have research partners collaborated in interpreting study data?

All research partners had access to the study protocol, analysis plan, publication plan and raw data.
All listed as co-authors received earlier versions of the manuscript and helped write and review the

final version of the manuscript and provided feedback through all stages of the study, including the
interpretation of study data.

8. How were research partners supported to develop writing skills?
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Junior researchers and students who are coauthors in this study, received support and guidance
from senior academicians and researchers to improve and polish their writing skills.

9. How will research products be shared to address local needs?

The study will be published in an open-access journal to ensure its availability to all local researchers
in Mopeia and beyond. The study's results will also be directly disseminated to partners and
stakeholders at community level as well as with local health authorities.

10. How is the leadership, contribution and ownership of this work by LMIC researchers
recognised within the authorship?

Over half of co-authors of this article are LMIC researchers. While the first and last author positions
are held by the US-based research team—who led the question's development, the analysis, and the
writing of the study—the contribution of LMIC researchers is crucial.

11. How have early career researchers across the partnership been included within the authorship
team?

Sl, EE, VM, MS, EJ, HM and FM are each early career researchers involved in this study.

12. How has gender balance been addressed within the authorship?

The authorship displays a balanced gender representation, comprising of ten male authors (XW, SI,
EE, VM, MS, EJ, HM, FS, CC and CS) and nine female authors (KX, AM, PRS, PN, JM, FM, RR, AC and
CR).

13. How has the project contributed to training of LMIC researchers?

Accross the project, over 300 field workers received training in GCP and data collection. 12 senior
researchers from Mozambique were trained in management of field operations. Two MScs from and
two PhDs from LMIC are emerging from this project.

14. How has the project contributed to improvements in local infrastructure?

This project funded and developed the opening of a research site in Mopeia from the Centro de
Ivestigacao em Saude de Manhica, this includes offices, an accredited pharmacy, a full entomology

lab and a sample storage facility.

15. What safeguarding procedures were used to protect local study participants and researchers?

This is a methodology paper that only uses secondary data collected under the BOHEMIA project so
this question is not relevant here. For the main BOHEMIA project study, various safeguards were
implemented, and ethical approvals (at WHO and national level) were obtained. Researchers also
received training to ensure participant confidentiality and privacy.
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