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Abstract The expansion in the scope, scale, and
sources of data on the wider social determinants of
health (SDH) in the last decades could bridge gaps in
information available for decision-making. However,
challenges remain in making data widely available,
accessible, and useful towards improving population
health. While traditional, government-supported data
sources and comparable data are most often used to
characterize social determinants, there are still capacity

and management constraints on data availability and
use. Conversely, privately held data may not be shared.
This study reviews and discusses the nature, sources,
and uses of data on SDH, with illustrations from two
middle-income countries: Kenya and the Philippines.
The review highlights opportunities presented by new
data sources, including the use of big data technologies,
to capture data on social determinants that can be useful
to inform population health. We conducted a search
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between October 2010 and September 2020 for grey
and scientific publications on social determinants using
a search strategy in PubMed and a manual snowball
search. We assessed data sources and the data environ-
ment in both Kenya and the Philippines. We found
limited evidence of the use of new sources of data to
study the wider SDH, as most of the studies available
used traditional sources. There was also no evidence of
qualitative big data being used. Kenya has more publi-
cations using new data sources, except on the labor
determinant, than the Philippines. The Philippines has
a more consistent distribution of the use of new data
sources across the HEALTHY determinants than Ken-
ya, where there is greater variation of the number of
publications across determinants. The results suggest
that both countries use limited SDH data from new data
sources. This limited use could be due to a number of
factors including the absence of standardized indicators
of SDH, inadequate trust and acceptability of data col-
lection methods, and limited infrastructure to pool, an-
alyze, and translate data.

Keywords Social determinants of health .Data sources .

Big data . Kenya . Philippines

Introduction

A broad range of non-biological factors—known as the
social determinants of health (SDH)—shape the health of
individuals and populations. However, SDH are often
overlooked by decision-makers, who predominantly focus
on healthcare delivery as the primary determinant of health
[1]. Lack of actionable and timely data on SDH may
impede efforts to bring attention to these determinants
and incorporate them in decision-making about how to
improve population health.

The world has seen a dramatic expansion in the scope,
scale, and sources of data [2], including on health out-
comes and the wider SDH in the past couple of decades
[3]. This “data revolution” [4] is expected to help close
data gaps towards increased health equity, but requires
further development of data collection. It has given rise
to a number of global efforts designed to improve the
availability of these data. The African Data Consensus
2015, for example, encouraged governments in the region
to introduce data initiatives in their home countries and
provided guidance on the use of technology, the produc-
tion of disaggregated data, and making data open and
accessible. [5]

Despite the rise in data availability, there remain chal-
lenges [6] and limitations to data availability, accessibility,
and usefulness for decision-making geared towards im-
proving population health.

First, global health has continued to rely largely on
traditional, government-supported data sources while
large amounts of data collected by newer sources are
controlled by the private sector [7]. The World Health
Organization’s (WHO) SCORE initiative to consolidate
essential population data and vital statistics is limited to
globally comparable data that is reported by member
states and has gaps [8]. Therefore, more granular or
contextual data may not be available in a number of
countries. Additionally, challenges in the use and anal-
ysis of complex data exist even in high-income coun-
tries (HICs), such as Canada [9].

Second, many countries, particularly low- and middle-
income countries (LMICs), face capacity constraints to
handle big data. There is the issue of availability; frequent-
ly, data are collected on paper, are in unintelligible formats,
or are stored without direct or open access [10]. Further-
more, data sharing may not be valued or prioritized across
sectors, national or international organizations, and acade-
mia. Fragile countries may have only minimal data collec-
tion resources, including infrastructure, which means that
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there are still a number of LMICs that are not following
international standards for data collection andmanagement
and that not all have quality controls in place [11, 12]. This
may be due to outdated laws or lack of national oversight
agencies in those countries.

Third, data on SDH are often collected or acquired
privately, including by companies, non-governmental
organizations (NGOs), think tanks, private charities,
and philanthropies. Data from these sources may not
be publicly or readily available; concurrently, data col-
lection and use in HICs by large corporations are being
scrutinized due to privacy concerns [5]. Also, capacity
for health data collection in the private sector, even in
HICs, may become strained, as evidenced during the
COVID-19 pandemic [13].

Fourth, data are often being collected and stored by
different sectors in isolated ways, often by a multiplicity
of governmental agencies. When data are neither harmo-
nized nor interoperable across sectors, integrating data for
informed decision-making to address SDH becomes
more difficult [14, 15]. Capacity and infrastructure also
play an important role: countries with smaller populations
and robust public health systems, such as Sweden and
Denmark, have more inter-linked registries [16]. In con-
trast, LMICs have limitations in data infrastructure to
collect, store, process, translate, and communicate data.

Fifth, while non-conventional data sources can help
bridge data gaps in regions facing deficits in data col-
lection, few systems have the capacity to put data in
context, or the capacity to protect users, consumers, or
patients [5, 17, 18]. Large information technology com-
panies like Google and Facebook are often suspect for
use by decision-makers because of their surveillance-
like models [19] and there is the threat of data breaches,
as shown by a recent case in Finland [20].

This paper aimed to document the nature, sources,
and uses of data on SDH in two middle-income coun-
tries—Kenya and the Philippines—to better understand
the implications of this shifting data landscape for re-
search, decision-making, and policy on the wider SDH.

Methods

We chose to focus on Kenya and the Philippines be-
cause (1) in these countries, there is evidence of recent
developments in data collection using new sources,
including initiatives and legislation; (2) they are compa-
rable in basic characteristics such as World Bank

country income classification and type of government;
and (3) they represent different geographic locations and
sociocultural contexts.

Kenya and the Philippines are two of the nine
roadmap countries of the Global Partnership for Sus-
tainable Development Data Roadmap Countries/
Territories [21]. These countries have open data portals
available online: https://www.opendata.go.ke/ for
Kenya and https://data.gov.ph/ for the Philippines. In
2016, they were the top-ranked LMICs for open data;
the Philippines was in the 36th place and Kenya was in
the 42nd place in the global rankings [22]. Kenya was
the first country in Africa to establish a fully online
health information system by 2011 [23]. The Philippines
has both a Statistical Development Program (2018–
2023) and a National Mapping and Resource Informa-
tion Authority (NAMRIA) in charge of geospatial data
[24]. Since 2013, data-producing government agencies
are consolidated in the Philippines Statistics Authority
(PSA) [25]. According to the World Bank, the statistical
capacity overall score for Kenya is 52.22 and for the
Philippines is 81.11 out of 100 [26].

Concepts and Definitions

To select a specific set of SDH, as social and economic
factors that may influence health [27], we set three main
conditions: (1) Determinants that are generally accepted
to directly affect health, to ensure that data will be
available across countries; (2) determinants on which
data are commonly found across countries, to ensure
saturation of findings; (3) and well-documented deter-
minants, to ensure that ample literature examining these
determinants using various data sources exist.

We focused on seven of the most acknowledged de-
terminants of health: healthcare (H), education (E), access
to healthy choices (A), labor/employment (L), transpor-
tation (T), housing (H), and income (Y), collectively
termed “HEALTHY” determinants. Access to healthy
choices includes food security and physical activity.

Data Focus

We initially focused our search on new sources of data
but, because results were limited, we also included
traditional sources of data for comparison. These new
sources included (1) electronic medical records (EMRs),
electronic health records (EHRs); (2) social network
data; (3) mobile phone data (e.g., call data records); (4)
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GIS data; (5) satellite imagery; (6) economic/market/
commerce/consumer data (e.g., retail scanner data, con-
sumer purchase data, patient payments); (7) remote
tracking and sensing (e.g., sensor data from digital de-
vices, wearable technology); (8) internet/media content
(e.g., search engine, web scraping, text mining); and (9)
crowd-sourced and citizen-generated data. The tradi-
tional data sources included (i) survey data (e.g., house-
hold, facility); (ii) census data; (iii) administrative data
(e.g., claims files); (iv) medical records; (v) vital records
(e.g., simplified birth records, complete birth records);
(vi) community health assessments.

Literature Search Strategy

We limited our search to English language studies be-
tween October 1, 2010, and September 30, 2020. English
is an official language in Kenya and the Philippines. For
our initial search, we broke down the research question
into the following component concepts (Supplemental
Table 3): Data collection/Data sources, Social determi-
nants of health, Employment/labor, Income, Transporta-
tion, Education, Health care, and Access to healthy
choices. We created a search strategy with PubMed
MeSH terms that included these concepts and synony-
mous key words/phrases, including colloquialisms and
alternative spellings. We used a similar search string at
the Boston University Library, Google Scholar, and Goo-
gle, and we identified additional literature or specialized
informants through snowball sampling based on author-
ship of publications, references of publications, and ref-
erences by authors of previously identified literature. For
literature recommendations, we also contacted subject
matter experts at WHO, institutes of public health, and
within the private sector, who specialize in data science,
public health, and/or SDH. The grey literature included
publications from United Nations agencies, the World
Bank, the Asian Development Bank, WHO, national
statistical agencies and ministries of health, and NGOs.

Analytical Strategy

We compiled publications that used new data sources on
any HEALTHY determinant in Kenya or the Philippines.
We conducted thematic analyses by first organizing find-
ings by country, publication name, data collection tool,
type of data source, description of the data, and research
notes. We subsequently identified and documented more
specific data sources, their use, information captured, and

additional literature on the data environment of the two
countries. The discussion centers on comparing and con-
trasting the countries and the needs and opportunities that
exist to use data better or differently and in newways. The
conclusion focuses on implications for decision-making.

Results

Data Sources in Kenya

Data Context

Kenya is the ninth largest economy in Africa and the
highest ranked country in the continent for open data
[22]. In 2019, Kenya had 62 active digital platforms,
50% of them being “homegrown” that serve 49.6 out of
52.6 million people [28]. It was the first country in sub-
Saharan Africa to establish a fully online health infor-
mation system using a free and open software by 2011
[23]. The Africa Data Consensus of 2015 triggered
Kenya to improve data collection and use with new data
technology and sources [29]. However, the country’s
health management information system has yet to col-
lect robust data on social determinants of health [30].

Some reforms have been forward looking, including:
the National Information, Communications and Tech-
nology (ICT) Policy (2019) [31], the Data Protection
Act, and ensuing regulations that allowed the use of
mobile phone to make payments, which gave way to
the “health wallet” app that collects health claims data
with government support [12].

Kenya is also one of the five countries in the Africa
Regional Data Cube that is harnessing Earth observation
data and satellite technology through a public-private
partnership [32]. As an example, the country was part of
the Urban ARK partnerships between researchers, prac-
titioners, and city- and community-level activists in
eight countries in sub-Saharan Africa [33].

One of the limits in the use of new data sources in
Kenya is the apparent lack of support from the govern-
ment. The Kenya Open Data Initiative (KODI) only
shares official, not crowd-sourced or other type of data,
while initiatives from different private organizations
using other new data sources are not consolidated under
a single state institution or program [34]. Limited gov-
ernmental support also affects implementation and con-
tinuity of independent initiatives. Two such examples
are given. First, Uwezo’s annual, citizen-led
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assessments of the education system was originally
supported by the Ministry of Education [35], but these
assessments ended in 2015 and were replaced by sur-
veys [36]. Second, the Datashift study [35] claimed data
were citizen-generated, but data collection was actually
based on a scorecard filled out by parents. All this may
explain why even a recent study [37] on fast internet in
relation to employment does not use any new data
sources and relies strictly on surveys [37].

Nevertheless, traditional sources have their own sets
of issues in Kenya, such as the “discrepancies between
administrative data and independent household surveys
[which] suggest official statistics systematically exag-
gerate development progress.” These discrepancies may
be due to an intent on the part of the government to
mislead donors or because the government itself is
misled by frontline service providers reporting the data
[38]. In corroboration of this finding, for apparently
similar reasons, the country’s growth figures are also
not considered trustworthy [39].

Main Findings

Figure 1 summarizes the traditional and news sources of
data that have been used in Kenya in the context of
health and its wider SDH (see Supplemental Table 1
for details on more specific types of data sources and
information captured, and Supplemental List 1 for
references).

Data Sources in the Philippines

Data Context

Philippines’ latest National Strategy on Statistics, which
covers the 2018–2023 period, calls for the enhancement
of administrative-based data and the exploration of op-
portunities in the use of big data and citizen-generated
data [25]. With the creation of the Philippines Statistics
Authority (PSA), the Philippines has also taken steps
towards streamlining data. The creation of PSA in 2013,
which entailed consolidating four other data-producing
government agencies, has (a) increased the timeliness of
data updates at the national and regional levels; (b) made
national data more transparent; and (c) enhanced inno-
vation in the conduct of government-led household
surveys by making geotagging an integral part of such
surveys [40].

Through the Smarter Philippines Data Analytics
Research and Development, Training and Adoption
project (Project Sparta), the government has commit-
ted to training 30,000 personnel in data analytics.
The project, a collaboration between the Department
of Science and Technology (DOST) and the Devel-
opment Academy of the Philippines (DAP), is aimed
at, among other things, establishing the essential
infrastructure on data science and analytics [41].
The Nationwide Operational Assessment of Hazards
(NOAH) program, focusing on disaster risk manage-
ment in the Philippines, has been using light detec-
tion and ranging (LiDAR)-based topographic maps to
help identify vulnerability to natural hazards [42].

Main Findings

Figure 2 below summarizes the traditional and news
sources of data that have been used in the Philippines
in the context of health and its wider social determinants
(see Supplemental Table 2 for details on more specific
types of data sources and information captured, and
Supplemental List 2 for references).

Cross-Country Comparison

Across the two countries, there are a variety of new
sources being used for data on SDH, with some deter-
minants having fewer types of data sources than others
(Fig. 1). GIS/GPS data appear to be used quite frequent-
ly. More often than not, GIS/GPS-based data are used in
conjunction with traditional sources of data to undertake
predictive analyses. There is relatively greater use of
GIS/satellite-based data in transportation. In Kenya,
transportation was the determinant with the most varied
data sources and, therefore, with the most combinations
with other determinants (healthcare, housing, income,
and education). Remote sensing is used in the two
countries and Google Trends are used in the Philippines
but not in Kenya. Education is often viewed as one of
the major determinants of health, yet the use of new data
sources in education is still very limited (Fig. 3).

Discussion

We conducted an inventory of the nature, sources, and
uses of data on HEALTHY SDH, in two LMICs, Kenya
and the Philippines, with a focus on new data sources.
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We found limited evidence on the use of new sources of
data to study the wider SDH, as most of the studies
available used traditional sources. HEALTHY determi-
nants were not often combined in the publications.
There was also no evidence of qualitative big data being
used. Regarding the number of publications and distri-
bution across the HEALTHY determinants, the study
found Kenya has more publications using new data
sources than the Philippines, with the exception of the
labor determinant. The Philippines has a more consis-
tent distribution of the use of new data sources across
the HEALTHY determinants compared to Kenya,
where there is greater variation in the number of publi-
cations across determinants.

In the Philippines, surveys provided data on all
HEALTHY determinants except transportation, while
administrative data were available only for labor and
transportation. No census data were found within the
study period (2010–2020). The most commonly used
resources in the Philippines include Demographic and
Health Survey (DHS); Family Health Survey, Maternal
and Child Health Survey (MCHS); Functional Literacy,

Education and Mass Media Survey (FLEMMS); and
Family Income and Expenditure Survey (FIES). The
DHS is used not just to investigate health behaviors
and outcomes but also to understand HEALTHY deter-
minants in relation to health. DHS-based HEALTHY
determinants that were examined in the context of the
Philippines include education, distance to health facility,
income (as proxied by a wealth index), and physical
condition of a house.

In terms of the new sources of data, two
transportation-based platforms in particular have
received national and international attention in the
Philippines. They are Open Roads and Open Traf-
fic. By making it possible for the public to keep
track of publicly funded road projects, the Open
Roads initiative promotes transparency and ac-
countability. Open Traffic allows people to
gather/analyze information on traffic speed by
collecting GPS-based data from the mobile phones
of taxi drivers.

Citizen-generated data (CGD), which is produced by
Civil Society Organizations (CSOs) and NGOs that

Fig. 2 Variety of data sources on
SDH in the Philippines

Fig. 1 Variety of data sources on
SDH in Kenya
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compile citizen or beneficiary information for project
monitoring and other purposes, holds a great promise
for the Philippines. CGD data includes data on health as
well as all HEALTHY determinants. A recent publica-
tion by the Partnership in Statistics for Development in
the 21st Century (PARIS21) in collaboration with the
PSA noted that as many as 81 SDG indicators can be
based on the CGD [43].

In Kenya, surveys provided data on all
HEALTHY determinants, administrative data pro-
vided information on all determinants but housing,
and the census was used only for housing. The
most commonly used sources in Kenya are the
Demographic and Health Survey (DHS) and Kenya
Integrated Household Budget Survey (KIHBS);
two World Bank surveys on service delivery and
enterprise are also used.

Regarding new data sources, some innovations
can be highlighted, such as the combination of
different types of data to locate informal settle-
ments, including open data (for places of worship
as an indicator); search engines; social media data
(F l i ck r API ) ; G IS da t a f i l e s , Ma j i d a t a ,
OpenStreetMap, Google Map Maker, Google Earth
Engine, and LandScan (for information on housing
clusters, population and road density, street inter-
sections, pit latrines, water kiosks, and travel

patterns). With an estimated 46.5% of Kenya’s
inhabitants living in informal settlements, this is
an example of how more/better data on SDH may
be captured through non-traditional means. Addi-
tionally, the use of remote sensing of photosyn-
thetic activity data to gauge vegetation cover as a
drought indicator/an indicator of food availability
in relation to child malnutrition has been proposed
[44]. Such data have the potential to then influ-
ence decision-making [45].

Active legislation, needed technology, and in-
vestment in health and SDH data collection are
largely insufficient for filling data gaps in the
two countries. Trust in and acceptability of data
collection methods are not government and re-
searcher priorities in Kenya and the Philippines.
Furthermore, big qualitative data may not be a
focus of research and governments. In the Philip-
pines in particular, despite various efforts, signifi-
cant data gaps remain. This was evident in the
SDG data gap assessment undertaken by the
PSA, which found that data are not available for
nearly 50% of the SDG indicators that are relevant
to the Philippines [43].

As one of the studies in Kenya emphasizes, for data
to be truly open, there must be mechanisms in place to
guarantee they are available [46]. Giving strong support

Fig. 3 Publications by
determinant and type of source
(each square represents a
publication included in the review
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to open data can incentivize more open data through the
creation of collaborative programs and projects and
especially through having this shared goal.

Limitations

This study has several limitations. First, the data map-
ping exercise is not exhaustive. Although we attempted
to gather as many data sources as possible on
HEALTHY determinants for each country, private sec-
tor data are not publicly available. In addition, the search
concentrated on the application and use of data sources,
not on conceptual models or proposals. Second, our
study does not articulate the causal pathways and rela-
tionships that exist between the HEALTHY determi-
nants and health. The relationship between these deter-
minants and health is explored in the existing literature
base that examines the association between a specific
determinant and health. Therefore, for the purposes of
this study, we assume as a given that the HEALTHY
determinants do matter for health. Third, while for the
most part the data sources are mutually exclusive, it is
not always the case. For instance, citizen-generated data
comes from a mix of several different sources. We have
included it as a “new” data source because it is non-
traditional in its involvement of CSOs and NGOs in data
collection. Fourth, we did not assess the quality of the
studies. Fifth, since the use of new data sources is
relatively recent, the field is not yet developed to de-
scribe the full extent of their variety or to properly index
them to allow for easy discovery. Finally, the lack of
global SDH indicators and indexing descriptors may
influence the amount of research in the field, and thus
the search findings. WHO’s SCORE initiative to stan-
dardize country health data does not include SDH mea-
sures and a proposal on indicators of government action
on SDH is yet to be adopted. Similarly, only one
region—Latin American—has expanded the variety of
SDH descriptors to index publications [47, 48]. There-
fore, our findings may not necessarily reflect the full
amount of relevant studies that have been conducted.

Conclusions

Difficulties in finding literature on SDH in Kenya
and the Philippines point towards two major prob-
lems. On the one hand, there is a limited number
of standardized indicators of new data sources and

SDH, and their corresponding search descriptors,
which do not truly encapsulate their variety. On
the other, the use of new sources on SDH is still
in an incipient stage in the exemplar countries of
this study.

The fact that proposals to create indicators of gov-
ernment action on SDH [47] or search terms on SDH
[48] are recent and also independent from each other
points to the novelty and diversity of the field, as well as
a shared interest in the matter. However, a lack for a
global initiative towards reaching consensus also sug-
gests we may expect delays in new sources of data on
SDH being more adequately indexed. In addition, pub-
lications in journals from data informatics and related
fields that are not indexed as SDH literature may hold a
wealth of information on SDH that are not being lever-
aged. It is crucial that attention is directed toward mak-
ing studies and their insights more readily accessible and
thus applicable to decision-making and further research.

Concurrently, in terms of the need for data-
based decision-making (i.e., having the “right” da-
ta for the “right” decisions), there is potential for
creative intersectoral work. While some capacity
and infrastructure building is required for data
collection on SDH, some data are already avail-
able. For example, estimating food security
through remote sensing can help identify malnutri-
tion risk in a timely manner and in a way that
may not be equally captured in a survey.

The planning stage of data collection should
consider requirements for interoperable data ex-
change across sectors and compiling data that are
not directly managed by a country, so that studies
combine multiple SDH. It is relevant to note that
Kenya’s participation in different intergovernmen-
tal and regional data platforms, data sharing mech-
anisms, and benchmarking exercises has allowed
the country to learn and make reforms.

Some of the data sources discussed here will
become conventional as newer data sources con-
tinue to emerge, together with innovations in the
tools and models that will help to streamline their
use. The combination of new with traditional
sources of data support the notion that the two
types of sources complement each other in the
SDH data landscape. It is important to stress that
standardizing global measures for cross-country
comparisons does not preclude the importance of
contextualizing the use of new data sources to
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address information gaps according to the needs
and conditions of a country.
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