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Key Features

* The Multimorbidity in Africa Digital Innovation, Visualisation, and Application (MADIVA) research hub was established to
facilitate the study of multimorbidity and associated risk factors, disease clustering, and stratification in African populations.

* The hub has harmonized and integrated data from population-based health and demographic surveillance system (HDSS)
platforms from two sub-Saharan African settings representing both rural and urban populations.

* The platform consists of baseline population data collected from 1992 to 2024 in Agincourt, South Africa and from 2002 to
2019 in Nairobi, Kenya, with annual follow-ups and 10 nested health-related cohorts.

* The HDSS platforms contribute, overall, a total of >4 million person-years of observation from 574598 individuals (54.8%
females, 45.2% males). The harmonized nested cohorts contribute 130 550 observations on non-communicable diseases from
67478 individuals (58.7% females, 41.3% males; mean age 44.5 years; 19.34 SD).

* The main categories of the data include socio-demographic characteristics, household and individual socio-economic status,

and self-reported and objectively measured histories of chronic diseases and their treatments, as well as lifestyle behaviours.

In addition, genotyping data are available for ~6000 individuals.

Data from the MADIVA hub provide a valuable resource for the longitudinal analyses of multimorbidity patterns, exploration

of disease clustering, and the development of context-specific public health interventions.

Interested researchers can contact the hub at info@madiva.africa or visit https://www.madiva.africa.

Data resource basics

The burden of non-communicable diseases (NCDs) is rapidly in-
creasing across Africa, driven by demographic and lifestyle tran-
sitions [1]. Concomitantly, levels of multimorbidity—commonly
defined as the coexistence of two or more chronic conditions in

an individual—are also rising [2, 3]. Multimorbidity is associated
with increased premature mortality [4], lowered quality of
life [5], diminished mental health [6, 7], increased risk of
polypharmacy [8], and intensified health services utilization and
associated costs, particularly in resource-poor settings [9].
Despite its significant impact, multimorbidity remains relatively
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under-researched compared with individual disease condi-
tions [10].

Despite the complexities associated with multimorbidity and its
rising burden in sub-Saharan Africa, most of the studies con-
ducted have been in silos [11], making comparison of the findings
difficult across the region. The systematic harmonization and
integration of multiple datasets for multimorbidity may
increase sample sizes and the comparability of study findings
[12-14]. Additionally, data collected from longitudinal studies as
well as Health and Socio-demographic Surveillance sites are a
good source for understanding the dynamics of diseases in a pop-
ulation [15]. While individual datasets from various sources often
capture similar constructs by using different measures, data har-
monization enables comparability across these heterogeneous
sources and facilitates their integration in a consistent and coher-
ent manner. This facilitates cross-study comparisons to monitor,
measure, and verify evolving population-level trends. In this data
resource profile, we provide an overview of a novel data resource
for the study of multimorbidity and associated risk factors in
Africa produced by the Multimorbidity in Africa Digital Innovation,
Visualisation and Application (MADIVA) research hub.

MADIVA is a research hub of the Data Science for Health
Discovery and Innovation in Africa (DS-I Africa) Initiative. The goal
of DS-I Africa is to leverage data science technologies to transform
biomedical and behavioural research, including developing solu-
tions that lead to improved health for individuals and populations
in Africa. As part of MADIVA’s objectives, the hub is utilizing sec-
ondary data from two health and demographic surveillance sys-
tem (HDSS) sites—rural Bushbuckridge (Agincourt), South Africa,
and two urban informal settlements (Korogocho and Viwandani)
of Nairobi, Kenya collected by the African Population and Health
Research Center (APHRC)—to produce a harmonized data re-
source for the study of multimorbidity in Africa. Both sites have
rich datasets from longitudinal and cohort studies gathered by
the HDSS as well as nested research studies spanning several
years. These existing data resources include demographic data,
clinical health records, and genomic data, which are valuable for
the study of multimorbidity. The aim of this paper is to discuss
the data resource, with a particular emphasis on the analytical
dataset created from multiple secondary data sources. It provides
a comprehensive foundation for examining different health condi-
tions, multimorbidity, and the associated health effects, including
comprehensive studies of illnesses trends, risks factors, and long-
term consequences across diverse populations.

Data collected

The data included in the MADIVA data resource come from two
primary sites. The first is the Agincourt HDSS (hereafter
Agincourt), which is in the rural north-east of South Africa, close
to the border with Mozambique. Agincourt was started in 1992
and currently includes an active population of ~117 000 individ-
uals from ~22 000 households in 31 villages [16]. The second is
the Nairobi Urban Health and Demographic Surveillance System
(NUHDSS), which was established in 2002 in two slum communi-
ties in Nairobi (Korogocho and Viwandani). The NUHDSS plat-
form investigates the long-term consequences of urban slum
residence on health and socio-economic outcomes and, as of

2019, consisted of ~88974 active individuals from ~33462
households [17].

The current MADIVA database comprises representative,
population-based, individual-level longitudinal and health sur-
veys, including biomarkers, conducted in 2010 or later (for the
Agincourt nested studies) and 2007 or later (for the NUHDSS
nested studies). The research hub leveraged six studies (five lon-
gitudinal and one observational) from Agincourt and four longi-
tudinal studies from the NUHDSS. Although all these nested
studies were conducted independently at the respective sites at
different time points, they all include biomarker information as
well as self-reported responses that provide valuable informa-
tion for the study of multimorbidity. In addition to the studies
nested in the HDSS sites, the harmonization included socio-
demographic and household information as well as individual
event history from the respective HDSS platforms. Table 1 pro-
vides an overview of the various studies incorporated into the
MADIVA data-harmonization process, detailing the data time
points, volume, and types of data collected.

Datasets from the indicated studies (see Table 1) and the
HDSS were collated into a relational database and then harmo-
nized by using Structured Query Language. The harmonization
process was guided by a stepwise and iterative approach,
involving data-specification definitions and approval. The data-
specification document highlights the expected variables,
variable naming conventions, and the value domains, such as 0—
no, 1—yes, 333—don’t know, 444—refused, 888—not applicable,
999—missing, etc. The current version of the data-specification
document is available at http://github.com/MADIVA-DSI/data.
Based on the data specification, we documented the variables
collected for each study, including identifying domains and core
target variables for each domain relevant for the study of
multimorbidity.

The dataset from each integrated study was then extracted
based on the data specification. This complex process involved
aligning variable definitions across the studies (i.e. identifying
and reviewing which questions align across studies as per the
data specification), checking data quality and ensuring consis-
tency, especially for biomarker measures, documenting variable
skip patterns, and confirming which responses were missing
from respective studies.

After the extraction, the dataset went through a rigorous re-
view, validation, and profiling process to identify any data-
quality issues from the extraction process. Data quality was en-
sured through a structured, multilayered approach involving
study-specific internal consistency checks, as well as review and
audits of harmonized datasets. Initial cleaning addressed dupli-
cates, implausible values, coding non-responses and missing
values, and logical inconsistencies—particularly in core demo-
graphic and temporal variables such as age, sex, and event
dates (e.g. birth, death, and diagnosis). The data-profiling stage
provided descriptive statistics with graphical representations for
each variable enabling seamless review such as range checks,
frequency distributions, and cross-tabulations to detect anoma-
lies and verify the integrity of transformed and integrated varia-
bles. To assess completeness, we also calculated variable-level
missingness across sites and time points, and visualized pat-
terns to identify potential biases. Where necessary, the original
metadata, data dictionaries, and survey instruments were
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consulted to support variable interpretation, with direct input
from local data managers to resolve context-specific discrepan-
cies. These quality-control procedures were repeated iteratively
during harmonization, enhancing the reliability and comparabil-
ity of the integrated datasets.

The finalized datasets in the relational database were
imported into STATA, where the variables were carefully docu-
mented based on the data specifications. The resulting docu-
mented STATA dataset was used to generate comprehensive
metadata documentation based on the Data Documentation
Initiative (DDI) [18] standard and the international standard for
data and metadata exchange using the DDI Metadata Editor
(Nesstar Publisher [19]). The current version of the MADIVA DDI
documentation is available at the repo http://github.com/
MADIVA-DSI/data. The integration and harmonization processes
are summarized in Fig. 1. A profile of the main categories of
datasets generated from the integration and harmonization pro-
cess is presented in Table 2.

The NCD indicators dataset

To facilitate the study of multimorbidity in Africa, the NCD indi-
cators dataset leveraged data from existing health-related
nested studies, which had their own research objectives but
shared a common interest in NCDs, human immunodeficiency
virus (HIV), and biomarkers, and their relationship with socio-
demographic factors of the surveillance populations covered.
The dataset was collated by the Data Management and Analytics
Core of the MADIVA research hub, to meet the need for valid, re-
liable, and well-curated and well-documented data to help to
understand, characterize the burden, and address the complexi-
ties associated with multimorbidity in Africa. Currently, 67478
(~12%) of the combined HDSS unique individuals have at least
one observation from these NCD and health surveys, which were
nested within the respective HDSS sites. The NCD and health
surveys contribute a total of 130550 observations, mainly
among individuals aged >20years, with close to 59% being
observations from females. The participants included residents
of NUHDSS (with 11864 unique individuals who contributed
23965 observations) and Agincourt (with 55 614 unique individu-
als who contributed 106 585 observations).

Data Sources
¢ HDSS

* NCD Surveys format

* Health Facility
Integration Validation
¢ Linking different datasets ¢ Formatting

* Extraction,
Transformation and
Loading (ETL)

Data specification
® Standard common

> o Skip logic, Range checks -
* Consistency in coding
 Standardize dates and time

The variables harmonized and integrated from these surveys
are broadly categorized into the following domains:

i) socio-demographic: sex, age, marital status, educational
level, employment status;

ii) health examinations and measurements such as blood pres-
sure, pulse, height and weight, body mass index (BMI), waist
and hip circumference;

iii) physical-activity status: activities of daily living, vigorous,
moderate exercise, sedentary activity, pain;

iv) self-reported health conditions: diagnosis and treatment (in-
cluding traditional treatment) of HIV, hypertension, diabetes,
tuberculosis (TB), stroke, angina, high cholesterol, kidney dis-
ease, asthma, cancers, thyroid disease;

v) healthcare utilization: number of health-facility/clinic visits;

vi) behavioural risk factors and health behaviours: tobacco use,
alcohol consumption, diet (fruit, vegetables, soft drinks);

vii) sexual behaviour: condom use, number and types of sex-
ual partners;

viii) point-of-care and laboratory results: blood assays: total

cholesterol, high-density lipoprotein, low density lipoprotein,
triglycerides, glucose, haemoglobin, HIV (viral load, antiretro-
viral therapy).

More information describing the data categories and variables
can be found on page 4 of the Supplementary Material, available
as Supplementary data at /JE online.

Data resource use

The harmonized MADIVA dataset has only recently been assem-
bled, making it a new and promising resource for studying NCDs
and multimorbidity within HDSS populations across both rural
and urban settings in sub-Saharan Africa. Although there have
been a few publications based on the harmonized dataset
[20-22], several analyses are currently underway. Initial work fo-
cuses on examining the prevalence and patterns of multimor-
bidity across the surveillance populations and assessing the
trajectories of major chronic conditions and cardiometabolic
risk factors contributing to multimorbidity, including HIV, hyper-
tension, diabetes, stroke, and obesity.

Harmonization

® |dentified core variables

* Mapping

* Transforming individual data
format

Profiling

* Descriptive statistics

* Graphical representation of
prevalence and

multimorbidity

* Patterns disaggregated by
age and sex

Figure 1 MADIVA data-harmonization and data-integration process. ETL, Extract, Transform, Load.
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A Prevalence of conditions
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Figure 2 Age- and sex-specific distribution of chronic conditions and multimorbidity across sites. (a) Prevalence of selected chronic conditions (HIV,
hypertension, diabetes, dyslipidaemia, obesity, tuberculosis, and angina) by age group and sex in Agincourt and Nairobi Urban surveillance sites. (b)
Distribution of the number of chronic conditions per individual by age group and sex in Agincourt and Nairobi Urban surveillance sites.

Ongoing and planned analyses also include the application of
machine-learning approaches, including auto-stratification techni-
ques, to identify subpopulations with distinct risk profiles and dis-
ease trajectories. These methods are being used to explore the
clustering of risk factors and conditions, improve the prediction of
NCD outcomes, and identify groups at higher risk of adverse health
outcomes. Further planned work includes analyses of mortality pat-
terns, as well as disease-specific investigations aimed at improving
the prediction and characterization of NCD risk and multimorbidity.

Beyond these, the harmonized dataset provides a valuable
platform for addressing broader questions in epidemiology,

population health, and health systems research. By integrating
data from multiple longitudinal studies nested within HDSS plat-
forms, the resource enables comparative and longitudinal analy-
ses that are difficult to undertake by using individual
studies alone.

Chronic conditions and multimorbidity

Among the 67478 unique individuals who contributed to the
130550 NCD indicator dataset observations, 53% (35876) suf-
fered from at least one of the following conditions: HIV (19.7%),
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hypertension (35.6%), diabetes (6.3%), heart disease/failure
(3.0%), stroke (6.0%), dyslipidaemia (43.9%), TB (3.4%), any can-
cers (4.8%), angina (12.8%), kidney disease/failure (7.3%), liver
disease (1.2%), asthma (11.5%), thyroid disease (2.4%), and obe-
sity (34.1%). Figure 2a highlights the prevalence of the top seven
conditions and their differences by sex, age, and the respective
HDSS sites. The figure generally shows increasing prevalence
with age, particularly from the Agincourt HDSS. Furthermore, as
many as 27% have two or more conditions, with observed differ-
ences across sex and age groups. Figure 2b summarizes the dif-
ferences by age and sex, and Supplementary Table 3 provides
details on the number of conditions across various socio-
demographic characteristics. Supplementary Figure 3 presents
the counts for the top 25 disease combinations.

Strengths and weaknesses
Strengths

The harmonized MADIVA database represents one of the first co-
ordinated efforts to integrate longitudinal health and socio-
demographic data across multiple population-based studies in
South Africa and Kenya. The inclusion of both rural and peri-
urban populations allows contextual comparisons and insights
into geographic disparities in multimorbidity, including variation
across demographic and socio-economic groups within the two
countries. The standardization of core variables across distinct
and independent studies enhances the analytic consistency of
the dataset and supports cross-site, cross-country, and longitu-
dinal analyses. The dataset is well suited for tracking multimor-
bidity patterns over time, investigating disease clustering, and
informing context-specific public health interventions. An addi-
tional strength of the MADIVA database is the inclusion of bio-
marker and biological measurement data across contributing
studies. These include blood pressure, blood glucose, lipid pro-
files, and anthropometric indicators—core variables for defining
cardiovascular and metabolic risk factors central to the study of
multimorbidity. This makes the MADIVA database a valuable
population-based resource for epidemiological analyses, includ-
ing disease clustering and risk stratification. Moreover, the inte-
gration of the HDSS dataset adds depth to the database by
incorporating longitudinal socio-economic indicators at both
individual and household levels. This facilitates nuanced explo-
ration of the interplay between socio-economic status and the
burden, distribution, and care pathways associated with multi-
morbidity in diverse African contexts. In addition, the dataset
can reliably be used for mortality analysis across both sites
(2002-15 for Nairobi Urban HDSS and 1992 to date for the
Agincourt HDSS). Furthermore, work is ongoing to map the data-
base to the Observational Medical Outcomes Partnership
Common Data Model.

Weaknesses

The limitations of the MADIVA database primarily stem from the
inherent challenges of harmonizing heterogeneous measures
across independent studies conducted in distinct geographic
and cultural settings. Additionally, variation exists in the

collection of certain biomarkers—such as those used to define
diabetes—due to differences in the fasting-status protocols,
measurement techniques (e.g. point-of-care versus laboratory-
based testing), and the instruments used across the different
studies and sites. These methodological differences may influ-
ence cross-site comparability. To address this, we have system-
atically documented all survey-specific measurement nuances
in the data-specification document to support the transparent
interpretation of findings.

Self-reported measures can be influenced by recall and report-
ing biases, which are affected by respondents’ education or health
literacy. Although this may have led to the underestimation of
disease prevalence or care-seeking behaviours, particularly in
resource-limited settings, most studies included follow-up ques-
tions on treatment and care, to enhance accuracy.

Data resource access

Access to the MADIVA data is available with approval from
the Research Ethics Committee at the University of the
Witwatersrand, South Africa. Researchers wishing to access this
data resource may contact the principal investigator, Professor
Scott Hazelhurst (Scott.Hazelhurst@wits.ac.za). The data dictio-
nary for the integrated, harmonized, de-identified participant-
level MADIVA database, including the database schema and
data-specification document, is available at http://github.com/
MADIVA-DSI/data. Additional information about MADIVA, includ-
ing details on collaboration and data access, is also provided at
https://www.madiva.africa/.

Ethics approval

The University of the Witwatersrand Human Research Ethics
Committee (Medical) (HREC M210825) and the Kenyan AMREF
Research and Ethics and Scientific Review Committee (AMREF-
ESRC P1206/2022) have approved MADIVA’s projects.
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