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A B S T R A C T

Background: Zero-dose (ZD) children remain a critical public health concern, particularly in low- and lower- 
middle-income countries (LLMICs), where over 80% of the global ZD population resides, disproportionately 
concentrated among the most marginalised. Geospatial approaches have emerged as effective tools for identi
fying and targeting immunisation gaps. However, no review has systematically documented the spatial ap
proaches used to predict or map ZD prevalence and routine immunisation (RI) coverage. This scoping review 
addresses this gap across LLMICs.
Methods: We searched six databases for peer-reviewed articles published up to 2025, on spatial modelling of 
childhood vaccination coverage in LLMICs. We extracted details on study characteristics, covariate types and 
sources, modelling methods, and limitations; stratifying findings between studies mapping RI coverage and those 
estimating ZD prevalence. Articles were thematically summarised focusing on geospatial data, modelling ap
proaches, and corresponding gaps.
Results: We included 102 articles from 68 LLMICs, with 70% published between 2021 and 2024, and 87% 
concentrated in Ethiopia, Nigeria, and India. Most studies mapped RI coverage indicators, only 19.6% assessed 
ZD prevalence, based on two distinct definitions. Studies relied predominantly on survey-based vaccination data. 
Covariate data were dominated by demographic factors (49%) with limited representation of hard-to-reach 
contexts such as conflict areas and nomadic populations. Methods included clustering and autocorrelation 
analysis (54%), spatial interpolation (45%), small-area estimation (13%), and machine learning (8%). Key gaps 
included inconsistent ZD definitions, data inaccuracies and scarcity, and limited use of routine vaccination data.
Conclusions: Geospatial mapping of RI coverage is expanding across LLMICs but relies predominantly on 
exploratory approaches insufficient for precise targeting, while dedicated ZD mapping remains sparse. Geospatial 
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modelling is constrained by overreliance on survey data, limited application of routine data, and underrepre
sentation of marginalised populations. Addressing these gaps requires integrated data systems, and reproducible 
modelling approaches underpinned by sustained investment in local analytical capacity.

1. Introduction

Childhood immunisation is a pillar of public health, significantly 
reducing morbidity and mortality from vaccine-preventable diseases 
(VPDs) [1]. Since the launch of the World Health Organisation (WHO) 
Expanded Programme on Immunisation (EPI), global immunization 
coverage has improved substantially, with approximately 85% of chil
dren worldwide now receiving the third dose of diphtheria, tetanus, and 
pertussis containing vaccine (DTP3), a widely used marker of immuni
sation system performance [2]. However, even in countries with high 
immunisation coverage, there are still pockets of zero-dose (ZD) chil
dren - those who do not receive any routine immunisation (RI) [3,4].

ZD children are operationally defined by WHO and Gavi as those 
missing the first dose of DTP-containing vaccine (DTP1) by the end of 
their first year of life [4,5]. DTP1 serves as a reliable indicator since it is 
universally administered in RI, recommended at six weeks, marking 
initial contact with RI services [6]. Years of suboptimal vaccine 
coverage, compounded by the COVID-19 pandemic, have resulted in an 
accumulation of ZD and under-immunized populations, fuelling out
breaks of VPDs such as measles, which caused approximately 136,000 
deaths in 2022 [7]. Over 80% of global ZD children reside in low- and 
lower-middle-income countries (LLMICs), with a few countries (e.g., 
Nigeria, India, and Sudan) accounting for a disproportionate share [2]. 
These children are mostly concentrated in marginalized areas such as 
remote rural areas, urban informal settlements, conflict zones and 
refugee populations [8], and are often among the most under-served 
populations within health systems. The lack of RI is not only an indi
cator of missed immunisation but also a proxy for limited or absent 
contact with routine health services [4]. As such, ZD status often reflects 
wider patterns of exclusion, including reduced access to primary 
healthcare, maternal and child health services, and other essential in
terventions [9].

Structural barriers to vaccination, including inadequate funding for 
immunisation programs, geographic inaccessibility of immunizing 
health facilities, armed conflicts, among others, have been cited as long- 
standing barriers to immunisation uptake in LLMICs [9,10]. The COVID- 
19 pandemic further exacerbated global declines in RI rates. In India, for 
instance, the coverage of DTP3 dropped from 91% to 85% during this 
pandemic [11]. Consequently, global initiatives such as the Immunisa
tion Agenda 2030 (IA2030) [12] and the Gavi Strategy 5.0 aim to ach
ieve immunisation equity, with a particular focus on reaching ZD 
children [13,14]. To achieve this, it is crucial to precisely identify, 
target, and reach ZD children with equitable and cost-effective in
terventions immunisation [15,16].

To map RI coverage and identify ZD children, spatial, statistical, or a 
combination of both approaches, have been employed [16–18]. These 
approaches often integrate covariates (factors or determinants of ZD and 
RI coverage) with vaccination coverage, to generate high-resolution 
estimates of ZD prevalence or RI coverage. Approaches that incorpo
rate a geospatial lens emerge as effective tools for unmasking disparities 
in ZD prevalence and RI coverage that are often obscured by regional or 
national estimates [15,19]. High-resolution geospatial techniques are 
especially valuable for identifying ZD children who are often found in 
small clusters masked by national or regional averages, as they can 
integrate multiple datasets to reveal geographic iniquities [16,17,20]. 
Spatial approaches used for mapping RI coverage and estimating ZD 
prevalence have considerably advanced in the last two decades [21–23], 
fuelled by the increasing availability of immunisation data from routine 
health information systems (e.g., District Health Information Software-2 
(DHIS2)) and household surveys (e.g., Demographic and Health Surveys 

(DHS) and Multiple Indicator Cluster Surveys (MICS)) that incorporate 
global positioning systems (GPS) [24,25], as well as georeferenced 
health facility datasets [26], satellite derived variables and development 
of advanced methods to synthesize these datasets [27]. For example, the 
number of countries using DHIS2 for health reporting increased from 11 
to 99 between 2010 and 2025 [28], while DHS have increased sub
stantially between 1985 and 2025, now covering 92 out of 129 LMICs 
[28–30]. Integrating spatial analysis with demographic and health data 
enables design of context-specific interventions, precise targeting and 
resource allocation, thus improving the efficiency and equity of immu
nisation strategies.

However, to date, no synthesized evidence has described the geo
spatial approaches and data used to identify ZD children or RI coverage 
in LLMICs. Previous literature reviews have mainly focused on factors or 
determinants [31–33], barriers [34,35], and inequalities [36–38] asso
ciated with RI coverage or ZD prevalence. While findings of these re
views highlight disparities in vaccine coverage among vulnerable 
groups, they lack a geospatial lens, leaving a critical gap in under
standing the landscape of spatial mapping of ZD and RI coverage and key 
spatial determinants. So far, only one narrative review has applied a 
geospatial lens to examine microplanning, geospatial, and machine 
learning approaches for reaching ZD and under-immunised children. 
While it provides an overview of the strengths and limitations of these 
approaches, it was restricted to 18 publications and reports in SSA only 
mainly published in 2024 and 2025, did not explicitly focus on spatial 
methods, and it did not critically assess the methods, data and sources 
used in the studies [39].

To address this gap, we conducted a scoping review of geospatial 
approaches used to map immunisation coverage in LLMICs, focusing on 
both RI coverage and ZD prevalence. Although ZD children represent the 
most extreme form of immunisation exclusion, they sit within a broader 
continuum of RI performance, and the geospatial methods used to map 
each largely overlap. Examining both yields a comprehensive synthesis: 
RI coverage mapping characterises the overall landscape of immunisa
tion performance, while ZD mapping pinpoints the most excluded 
communities. Specifically, we aimed to (i) outline the relevant spatial 
datasets that have been used to map ZD prevalence and RI, (ii) outline 
the methods used in mapping ZD children and RI coverage and (iii) 
highlight gaps in both geospatial data and methodological frameworks 
used and synthesize recommended strategies to address these gaps.

A scoping review was appropriate because evidence on geospatial 
methods for identifying ZD children and RI coverage is diverse, cross- 
disciplinary, and evolving. Research varies in terms of data sources, 
characteristics, and methods, making traditional systematic reviews for 
mapping the literature impractical.

2. Materials and methods

2.1. Search strategy

We adhered to Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses extension for scoping reviews (PRISMA-ScR) guidelines 
[40] and the protocol was registered in Open Science Framework [41]. A 
comprehensive search for peer reviewed articles was conducted in April 
2025 in six electronic databases: PubMed, Web of Science, Scopus, 
Cochrane, Embase, and EBSCOhost-CINAHL. Search terms were 
designed in accordance with the Population-Context-Concept (PCC) 
framework [42], where Population encompassed all studies about 
vaccination coverage; Concept referred to studies using spatial or 
spatial-statistical modelling methods; and Context to studies in LLMICs. 
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Supplementary File 1 Table S1 shows how search terms were designed 
on the PCC framework.

2.2. Screening and selection criteria

Article screening was conducted in two phases (title and abstract 
screening and full-text review) by two reviewers (AMN and MMM), to 
minimize bias in article selection. Disagreements regarding exclusion or 
inclusion of articles were resolved by a third reviewer (PMM). We 
included studies published in English up to April 2025, that were con
ducted in LLMICs and used or explicitly described the use of spatial data 
to map or model ZD children or routine childhood immunisation 
coverage. We also included studies using geospatial methods to predict, 
visualize, or analyse coverage of routine childhood vaccinations such as 
DTP1, and measles-containing vaccines (MCV). Since national immu
nisation schedules vary across countries [43], the specific vaccines 
assessed differed between studies, reflecting the routine childhood 
immunisation programmes and data sources available in each setting. 
Studies were excluded if they were conducted outside LLMICs, focused 
on immunisation coverage without specific attention to childhood 
vaccination, or addressed only clinical aspects of vaccine efficacy or 
safety without examining coverage. We also excluded literature reviews 
and studies that examined determinants, barriers, or correlates of 
immunisation uptake without incorporating a spatial component. The 
inclusion and exclusion criteria are detailed in Supplementary File 1 
Table S2.

Search terms were first piloted on PubMed and adapted to the other 
databases. Grey literature from unpublished reports conference pro
ceedings websites dissertations and snowballing of eligible studies was 
eligible if it was cited in the included papers. Supplementary Box 1 il
lustrates the search terms used PubMed database and adapted in other 
databases.

2.3. Data extraction

From each study, we extracted: (i) bibliographic information, 
including title, authors, Digital Object Identifier (DOI), year of publi
cation, and study objective, (ii) study characteristics such as the 
geographical setting and study period, (iii) vaccine-related details, 
including vaccine type, source of vaccination data and how ZD was 
defined in the study, where applicable, (iv) types and sources of cova
riates, (v) modelling approaches, including model type, software used, 
and whether modelling code was available, (vi) results, such as spatial 
and temporal resolution of estimates and spatial aggregation units, and 
(vii) limitations and recommendations reported by the authors. A 
summary of the variables we extracted from the articles is presented in 
Supplementary File 1 Table S3.

2.4. Data synthesis

Data synthesis was performed independently by two reviewers (AMN 
and PMM) using integrated narrative and thematic approaches to syn
thesize the extracted data, as these methods are well suited to integrate 
diverse findings from scoping reviews.

As there is no standardized framework for classifying geospatial 
approaches for ZD prevalence and RI coverage modelling, we adopted a 
bespoke taxonomy, informed by the objectives of the review and the 
common analytical structure of included studies. We summarised the 
studies by their geographical distribution, year of publication, whether 
they provided spatial modelling methods, spatial data or both, the type 
of vaccines they assessed, the target age groups used to compute 
coverage and how ZD was defined. Thematic summarisation involved 
inductively identifying recurring themes related to geospatial data and 
modelling approaches. Modelling methods were hierarchically orga
nized into bespoke or ad-hoc themes and sub-themes based on the core 
concepts and relative methodological complexity. Covariates identified 

from the studies were thematically classified into broad categories (such 
as demographic, and health system) and specific sub-categories like 
household characteristics factors. This classification was informed pri
marily by the contextual usage of the covariates in the studies. Modelled 
estimates were summarised based on the aggregation units (for example, 
by administrative region or by pixel), spatial and temporal resolution, 
while tools, packages, reported limitations and recommendations were 
presented narratively. In addition, we identified limitations beyond 
those explicitly reported in the studies and proposed recommendations 
to address these gaps, with the aim of strengthening future ZD preva
lence and RI coverage modelling.

3. Results

3.1. Article search and screening

Of 15,587 initially retrieved articles (15,586 from databases and one 
peer-reviewed paper from snowballing of studies), 7,871 duplicates 
were removed. The remaining 7,716 articles underwent title and ab
stract screening, resulting in the exclusion of 7,445 articles that were 
either literature reviews, focused on immunisation other than routine 
childhood vaccination (e.g., COVID-19) or did not include or describe 
spatial data or methods (Figure 1).

Of the 271 articles selected for full-text review, the full text of one 
article could not be found. We further excluded 169 articles that did not 
use geospatial methods (n = 151), did not focus on childhood vaccina
tion (n=7) or vaccination coverage (n=5), or focused on disease 
modelling without addressing vaccination coverage (n=5).

3.2. Study characteristics

Studies either focused exclusively on ZD (n=20; 19.6%) or on RI 
(n=82; 80.4%). Thus, in this review, we refer to studies focused on ZD 
only as “ZD studies” and those focused on broad RI as “RI studies”. RI 
studies are presented in Supplementary File 2 Table S1 and ZD studies 
in Supplementary File 2 Tables S2.

Among all 76 LLMICs [30], 68 (89.5%) countries had at least one 
included study (Fig. 2). Of the 102 studies, 18 (17.6%) were conducted 
across multiple countries as detailed in Supplementary File 1 Table S4, 
while 84 (82.4%) focused on a single country Supplementary File 1 
Table S5 shows studies focused on a single country. Ethiopia (38%), 
Nigeria (30%), and India (19%) accounted for the largest portion of 
studies, together representing 87% of all included studies. Of the 84 
single-country studies, 90% covered the entire country, while the 
remainder focused on specific subnational areas, including states, 
provinces, districts, counties and cities as outlined in Supplementary 
File 1 Table S5.

The included studies were published between 2010 and 2025, with 
the majority (70%) published between 2021 and 2024 (Figure 3). 
Among the ZD studies, 90% (n = 18/20) were published between 2022 
and 2024, while most RI studies (n=19/82; 23%) were published in 
2024. Most studies (n=86/102; 84.3%) provided both geospatial data 
and methodological approaches for modelling vaccination coverage. 
The rest (n=16/86;15.7%) only examined associations or correlations 
between covariates and vaccination outcomes without spatially pre
dicting vaccination coverage. Among these 16 studies, four were ZD 
studies.

Seven of the 20 ZD studies were conducted in multiple countries: one 
spanned the whole of SSA [44], two covered all low- and middle-income 
countries (LMICs) [45,46] and the remaining four were conducted in 
various combinations of individual countries. The rest of the studies 
(n=13) spanned individual countries, with Nigeria accounting for the 
majority (n=4) (Supplementary File 2 Table S2). Eleven of the 82 RI 
studies spanned multiple countries. The same pattern as in all studies 
was observed, where Ethiopia (n=25), Nigeria (n=13), and India 
(n=12) had the most RI studies.
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3.3. Vaccination

3.3.1. Vaccines studied
Most studies (71.6%; n=73/102) examined multiple vaccines, 

resulting in 29 unique vaccine combinations as summarised in Sup
plementary File 1 Table S6. Overall, MCV1 (n=68), DPT1 (n=55) and 
DPT3 (n=55) were the most frequently studied vaccines, and this 
pattern remained consistent across stratified ZD and RI studies. 95% (n 

Fig. 1. The PRISMA flow diagram showing the different phases of the scoping review from literature search, article screening and exclusion.

Fig. 2. Number of included studies by country. Light grey colour shows countries that were excluded from the study because they were not LLMICs.

A.M. Njogu et al.                                                                                                                                                                                                                               Vaccine 89 (2026) 128904 

4 



= 19/20) of ZD studies assessed DPT1, either in combination with other 
vaccines (n = 14), yielding five distinct vaccine combinations, or as the 
only vaccine (n=5). One ZD study did not specify the vaccine assessed. 
Notably, no ZD study assessed MCV2. A detailed tabulation of vaccines 
and the corresponding number of studies is presented in Supplemen
tary File 1 Table S7. Across all studies, 24 different age groups were 
used to report coverage of 21 vaccines as illustrated in Supplementary 
File 1 Table S23. The number of target age groups used for the same 
vaccine also varied, going up to 21 for MCV1, with the most common age 
group being children aged 12–23 months (n=32 studies). Similarly, the 
most common age group for DTP1 and DTP3 was children aged 12–23 
months See Supplementary File 1 Table S23 for a detailed tabulation 
of the age groups and the corresponding vaccines.

3.3.2. ZD definition
Across the 20 ZD studies, ZD was operationalized inconsistently, 

using two definitions and four target age-groups. Specifically, a ZD child 
was defined as: one who had not received DTP1 in 17 studies 
[17,44,45,47–59] or one missing a single dose in the routine vaccination 
schedule in three studies [60–62]. In addition, five age groups were used 
to define the target population for evaluating ZD children, including <1 
year (n=2), 0–23 months (n=1), 12–23 months (n=12), 12–35 months 
(n=3) and <5 years(n=1). One study did not specify the target age 
groups used to define ZD. A summary of the target age-groups used is 
presented in Supplementary File 1 Table S8.

3.4. Data characteristics and sources

3.4.1. Vaccination data

3.4.1.1. Survey data only. Of the 102 studies, 90 (18 ZD studies and 72 

RI studies) obtained vaccination status data from survey-based sources. 
Of these, seven ZD studies and 49 RI studies relied on DHS data only 
while 13 studies (7 RI studies and 6 ZD studies) combined DHS data with 
other household survey data like Multiple Indicator Cluster Surveys 
(MICS) (n=13). Other studies (n=12) used field survey data collected 
after Supplementary Immunisation Activities (SIA), clinical trials and 
community demonstration projects. Additionally, three studies (2 ZD 
and 1 RI) used pre-modelled vaccination estimates from the Institute for 
Health Metrics and Evaluation (IHME)’s local burden of disease project 
[45,46,63] which were derived using data from multiple household 
surveys.

3.4.1.2. Routine data only. Overall, only seven of all included studies 
(6.9%) relied on vaccination data from routine health information sys
tems only. Two of these were ZD studies conducted in Cameroon and 
Pakistan, while the remaining five were RI studies conducted in Zambia, 
Mozambique, Pakistan (2 studies) and Nigeria.

3.4.1.3. Studies combining survey and routine data. Only five studies 
used both routine and survey data to assess vaccine coverage. These 
included two studies in Ethiopia integrating DHIS2 and DHS data, one 
study in Zambia combining HMIS records with data from 20 household 
surveys, a study in Pakistan linking health facility records with post-SIA 
survey data, and another study in Madagascar using EPI records and 
longitudinal cohort study data. Notably, none of these studies focused on 
ZD children. Further details on vaccination data sources for RI and ZD 
studies, respectively, are provided in Supplementary File 1 Tables S9 
& S10.

3.4.2. Covariates
We extracted details on covariate data immunisation from 81 of the 

Fig. 3. Distribution of studies by year of publication and information provided: (a) both geospatial data and methodological approaches for modelling ZD children 
and (b) only geospatial data on factors associated with immunisation coverage. Not all publications from 2025 were included in the review as the search was 
conducted in April 2025.
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Table 1 
Summary of covariates and data inputs across all included studies. The numbers in brackets represent the number of covariate instances within each category. Under 
data sources, values indicate how many covariate types within each category were derived from that specific source.

Broad category Subcategory Specific covariates Data source

Demographic (n=461, 
49.3%)

Population (n=32)
Density (n=22), subset of the population (n=5) and other 
characteristics (n=5)

Empirically modelled (n=1), National population Census 
(n=4), NGO, HMIS, Global mapping projects (n=24), 
Existing survey (n=1), Global health organization (n=1)

Urbanicity (n=51)
Urban/rural dichotomy (n=40), urban continuum (n=7) and 
settlements (n=4)

Global mapping projects (n=11), Global health organization 
(n=1), Existing survey (n=31), Satellite-based (n=2), 
University research unit (n=1), Primary data collection 
(n=1), Electronic Immunisation Registry (n=1)

Age (n=44) Age of the care giver (n=13) and the child (n=31) Existing survey (n=37), Primary data collection (n=6)

Socio-economic 
(n=77)

Household wealth/assets (n=37), occupation (n=15), poverty 
(n=15), economic environment (n=7) and bank account (n=3)

Empirically modelled (n=2), Existing survey (n=59), 
University research unit (n=1), Primary data collection 
(n=3), Global health organization (n=2), Global mapping 
projects (n=8)

Education and 
awareness (n=91)

Maternal education (n=42), literacy (n=12), Media and internet 
(n=23), knowledge of disease (n=4) and other aspects of 
education (n=10)

Existing survey (n=73), Global mapping projects (n=4), 
Primary data collection (n=8), Electronic Immunisation 
Registry (n=1), HMIS (n=1), Empirically modelled (n=1)

Culture and beliefs 
(n=34)

Ethnicity (n=10), religion (n=19) and social group (n=5)
Existing survey (n=27), University research unit (n=3), 
Primary data collection (n=3), HMIS (n=1)

Child characteristics 
(n=53)

Child's gender (n=28), birth order (n=17) and birth interval 
(n=2) and others (n=6)

Existing survey (n=45), Primary data collection (n=5), 
Electronic Immunisation Registry (n=1), HMIS (n=2)

Household 
characteristics 
(n=54)

Household head (n=17), size (n=11), marital status (n=13), 
number of children (n=10), and others (n=3)

Existing survey (n=46), Primary data collection (n=7), 
Empirically modelled (n=1)

Fertility and 
reproduction (n=14)

Fertility (n=3), parity (n=6), pregnancy (n=4) and desire for 
last child (n=1)

Existing survey (n=11), Global mapping projects (n=1), 
Primary data collection (n=2)

Nutrition and 
hygiene (n=11)

Water (n=3), sanitation (n=3), breast feeding and diet (n=5) Existing survey (n=9), Empirically modelled (n=2)

Health system (n=179, 
19.1%)

Disease & morbidity 
(n=12)

Childhood diarrhoea (n=1), respiratory infections (n=1), 
malnutrition (n=2), malaria (n=4), Polio (n=2) and others 
(n=2)

Global mapping projects (n=6), Existing survey (n=1), 
Empirically modelled (n=2), Primary data collection (n=1)

Health care 
utilization (n=91)

Antenatal care (n=30), postnatal care (n=12), place of delivery 
(n=23), mode of delivery (n=3), skilled birth attendance (n=6), 
autonomy in decision making (n=8) and possession of a health 
card or document (n=9)

Existing survey (n=83), Primary data collection (n=3), 
Global mapping projects (n=1), Electronic Immunisation 
Registry (n=1)

Health intervention 
(n=20)

Bed nets (n=3), family planning (n=2) and other vaccinations 
(n=15)

Existing survey (n=12), Primary data collection (n=1), 
Electronic Immunisation Registry (n=1), Empirically 
modelled (n=1)

Access to health care 
services (n=46)

Proximity to healthcare (n=32), availability of healthcare 
facilities and workers (n=14)

Global mapping projects (n=13), Primary data collection 
(n=9), Existing survey (n=2), Empirically modelled (n=13), 
HMIS (n=2), Crowdsourced (n=1), census (n=1), Satellite- 
based (n=1), Global health organization (n=2), Electronic 
Immunisation Registry (n=1)

Health financing 
(n=10)

Health insurance (n=6) and expenditure (n=4) Existing survey (n=9), Global mapping projects (n=1)

Infrastructural (n=36, 
3.8%)

Access to 
infrastructure 
(n=36)

Transport infrastructures (n=18), electricity (n=3) and night- 
time lights as a proxy (n=15)

Crowdsourced (n=8), Global mapping projects (n=6), 
Empirically modelled (n=3), Existing survey (n=2), Satellite- 
based (n=12), Global climate database (n=1), Other global 
databases (roads, boundaries, water bodies) (n=2)

Hard to reach (n=74, 
7.9%)

Conflict (n=12) Conflict areas and proximity to such areas University research unit (n=1), Global mapping projects 
(n=9)

Remoteness (n=57)
Access to cities (n=20) and settlements (n=16) proximity to 
cultivated areas (n=6), protected areas (n=4) and water bodies 
(n=10)

Crowdsourced (n=9), Satellite-based (n=9), Empirically 
modelled, Global mapping projects (n=27), Other global 
databases (roads, boundaries, water bodies) (n=4), Regional 
mapping agency (n=1)

Migration (n=3) Migration status (n=3)
Existing survey (n=1), Primary data collection (n=1), HMIS 
(n=1)

Slums (n=2) Slum areas (n=2) Global health organization (n=1), Existing survey (n=1)

Physical and 
environmental 
(n=148, 15.8%)

Topographical 
(n=21) Elevation (n=16) and slope (n=5)

Satellite-based (n=14), Regional mapping agency (n=1), 
National mapping agency (n=3), Global mapping projects 
(n=1)

Hydrological (n=41) Precipitation (n=21), evapotranspiration (n=8), aridity (n=5) 
and soil/vegetation moisture (n=7)

Global research partnership (n=7), University research unit 
(n=14), Global climate database (n=9), Satellite-based 
(n=7), Empirically modelled (n=1)

Atmospheric 
conditions (n=45)

Temperature (n=37), cloud cover percentage (n=3), frost day 
frequency (n=3) and mean vapour pressure (n=2)

University research unit (n=17), Satellite-based (n=16), 
Global climate database (n=7)

Vegetation 
conditions (n=21)

Enhanced vegetation index (n=13), normalized difference 
vegetation index (n=5) and other indices (n=3)

Satellite-based (n=20)

Agricultural (n=20) Livestock density (n=13), irrigation (n=3) and the growing 
season and suitability (n=4)

Global mapping projects (n=10), Primary data collection 
(n=1), Global health organization (n=7), University research 
unit (n=2)

Others (n=38, 4.1%)
Geographical 
location (n=38)

Representation of space through coordinates (n=2), subnational 
(n=23) or national regions (n=13).

Satellite-based (n=1), Other global databases (roads, 
boundaries, water bodies) (n=7), Existing survey (n=21), 
HMIS (n=1), Crowdsourced (n=1), Global health 
organization (n=1), Primary data collection (n=1), 
Empirically modelled (n=1)
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102 studies, comprising 17 ZD studies and 64 RI studies. The remaining 
21 studies were excluded from covariate extraction either because they 
did not use covariates in modelling (n=5) or they performed exploratory 
spatial analysis without predicting vaccine coverage [45,57,64–66]. 
Supplementary File 1 Table S11 shows the 21 the studies.

The following section reports covariates extracted from all included 
studies, as differences between ZD and RI studies were minimal. Where 
there were notable differences, findings specific to either group are 
highlighted. Also, since individual studies included multiple covariates, 
percentages reported in this section reflect the total number of covariate 
instances extracted across all studies (n=936) rather than the number of 
studies.

3.4.3. Types of covariates
We identified six general categories of covariates (Table 1). De

mographic factors, accounted for nearly half (n=460/936; 49.4%) of all 
the covariates used, while health system factors and physical and 
environmental factors represented 19.1% (n=179/936) and 15.8% 
(n=148/936) of all covariates, respectively. Factors representing hard- 
to-reach contexts, such as exposure to conflict, and remoteness 
comprised only 7.9%. Infrastructural factors such as access to electricity 
and covariates representing spatial characteristics such as the region 
where the child resided (classified as “others” in Table 1) were also less 
frequently used. The distribution of covariates was largely consistent 
between ZD and RI studies, with ZD studies showing slightly greater use 
of variables related to hard-to-reach populations at 9.1% (n=23/253) 
(Figure 4). Supplementary File 1 Table S13 provides more details of 
covariates and data inputs across ZD studies only.

A comprehensive breakdown of all covariates (n=936) beyond the 
six classes (Table 1) shows that the most frequently used variables are 
those linked to healthcare access and utilization, education and 
awareness, socio-economic status, characteristics of the child and the 
household and environmental factors. Details on the covariate data 
extracted from RI studies are presented in Supplementary File 1 
Figure S1 and Table S12.

3.4.3.1. Sources of data on covariates. Covariate data were drawn from 
a wide range of sources, including secondary household surveys for 51% 
(n=477) of all 936 extracted covariates. Other major sources were 
university-led global mapping initiatives (n=149/936; 15.9%), mapping 
agencies and global organizations (n=80/936; 8.5%), and satellite- 
derived products (n=73/936; 7.8%). Other sources included primary 
data collection, national population censuses, crowd-sourced data, 
model-derived outputs, and HMIS. For 69 covariates, studies triangu
lated multiple data sources and data sources were not reported for 39 
covariates.

Covariates obtained from secondary surveys were mostly from DHS 
(n=420/477; 88%) and MICS (n=48/477;10%). Global mapping pro
jects led by universities or independent research groups also provided 
substantial sources of covariates: Worldpop, University of Southampton 
(33%) and Malaria Atlas Project, Kids Research Institute Australia and 
Curtin University (19%), among other similar projects. A summary of 
the sources of covariates across all 81 studies is provided in Table 1, and 
a breakdown of the number of covariates by source is provided in 
Supplementary File 1 Table S14 for all studies and Supplementary 
File 1 Table S14b for ZD studies.

3.5. Modelling vaccination coverage

Studies clustered around ten broad themes. Most focused on geo
spatial mapping of vaccination coverage, hotspot analysis, ZD and 
under-immunisation, and determinants of immunisation inequity such 
as wealth and maternal education. Other themes included vaccine 
timeliness and dropout, geographic accessibility, vaccine delivery stra
tegies, spatial integration of immunisation within broader health 

programmes and use of advanced spatial-statistical methods and ma
chine learning to address challenges in data quality and coverage esti
mation. A summary of these themes is presented in Supplementary File 
2 Table S3.

3.5.1. Modelling methods
Several modelling approaches were used across the 86 modelling 

studies, spanning from exploratory spatial clustering methods to 
advanced geostatistical and machine learning techniques. These ap
proaches were either spatial (67.4%) or spatiotemporal (32.6%) and 
were summarised into five categories: i) spatial autocorrelation and 
clustering approaches, ii) small area estimation (SAE) methods, iii) 
spatial interpolation techniques, iv) machine learning methods and v) 
other methods such as disaggregation and multi-criteria decision anal
ysis as shown in Table 2. Most studies (n=51) applied multiple methods, 
either sequentially or in combination to address different analytical 
objectives, including spatial pattern detection, variable selection, and 
prediction.

3.5.1.1. Spatial autocorrelation & clustering. Over half of the methodo
logical studies (n=46/86; 53.5%) analysed spatial autocorrelation and 
clustering of immunisation status either as standalone analysis (n=15; 
32.6%) or in combination with other statistical methods (n=31; 67.4%) 
such as time series and logistic regression analysis. Methods used 
included global and local Moran's I, hotspot analysis using the Getis-Ord 
Gi* statistic, and Kulldorff's spatial scan statistic, as shown in Table 2.

3.5.1.2. Small area estimation. SAE modelling frameworks were used in 
14% (n=12/86) of studies to estimate vaccination coverage in small 
geographic areas where there were limited sample sizes. SAE ap
proaches varied, depending on whether they accounted for spatial 
autocorrelation only or incorporated both spatial and temporal de
pendencies and whether they included covariates or not.

3.5.1.3. Spatial interpolation. Spatial interpolation methods ranged 
from simpler approaches like inverse distance weighting and kriging to 
more complex Bayesian geostatistical modelling (Table 2). Kriging was 
implemented in three forms – ordinary, universal, and empirical 
Bayesian – predominantly in ArcGIS (Esri, Redlands, CA, USA, without 
covariates, and mostly in Ethiopia (83.3%).

Bayesian MBG studies produced gridded estimates at 1 km or 5 km 
resolution, incorporated covariates (n=21), and were implemented 
primarily using R-INLA (n=20). Out of the studies that used MBG, 16 
reported uncertainty estimates via 95% credible intervals, standard 
deviations, or non-exceedance probabilities. In contrast to kriging 
studies, the majority of MBG analyses were conducted in Nigeria (n=14) 
and only three in Ethiopia.

3.5.1.4. Machine learning. Only seven studies (~8%) as shown in 
Table 2 used machine learning algorithms to estimate vaccination 
coverage, spanning tree-based models (random forests, decision trees, 
gradient boosting), regularization models (LASSO, ridge regression), 
additive models, neural networks (multi-layer perceptron), and 
instance-based models (nearest neighbour).

Methods used in RI studies were broadly consistent with those used 
across all included studies. For ZD studies Bayesian MBG was the most 
used method (n=9, 45%), and local spatial autocorrelation analyses 
exclusively applied Getis-Ord Gi* statistic, with no use of Local Moran's 
I. Supplementary File 1 Table S15 shows the methods used in ZD 
studies.

3.5.2. Tools and reproducibility
To model or map vaccination coverage, R [131] and STATA [132]

were the two dominant statistical software used in 49 (11 ZD, 38 RI) and 
39 (7 ZD, 32 RI) studies, respectively. Specialized mapping tools which 
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were mostly used for interpolation, data management and visualization 
of vaccination data included ArcGIS (Esri, Redlands, CA, USA) (n=38) 
and QGIS (n=6) [133]. Supplementary File 1 Table S16 shows a 
summary of the tools and software used in the studies. In terms of 
reproducibility, only seven (three ZD, four RI) of the 86 studies shared 
their analytical code publicly.

3.6. Modelled outputs, gaps and recommendations

3.6.1. Aggregation units, spatial and temporal resolution

3.6.1.1. ZD studies. Of the 16 ZD studies that estimated ZD prevalence, 
spatial outputs were presented as gridded surfaces only (n=1), at 
administrative units only (n=5), or as both (n=8); two studies did not 
report the spatial resolution of their outputs. Among studies producing 
gridded outputs, spatial resolutions of 1 km (n=5), 5 km (n=2), and both 
1 km and 5 km (n=1) were used. Notably, majority of these studies 
(n=8) used geostatistical approaches. Studies reporting estimates at 
administrative units did so at the first administrative level (n=1), second 
administrative level (n=2), or health area level (n=2). Spatial resolution 
and aggregation units for ZD studies are summarised in Supplementary 
File 1 Tables S18 and S19.

3.6.1.2. RI studies. Out of 82 RI studies, 70 (85.4%) modelled vaccine 
coverage. Spatial resolution of coverage estimates was presented as 
gridded surfaces only (n=6), aggregated at administrative units only 
(n=26) or as both gridded surfaces and administrative units (n=15). The 
remaining 23 studies used exploratory spatial autocorrelation and 
clustering methods and did not produce coverage estimates. Studies 
providing estimates as gridded surfaces used spatial resolutions of 1km 
(n=10), 5km (n=6), and 10km (n=1), both 1km and 5km (n=2), and 
two studies did not report the spatial resolution used. Spatial resolution 
and aggregation units for ZD studies are summarised in Supplementary 

File 1 Tables S20 and S21.
Across all modelling studies (ZD and RI combined; n=86), 27 pro

duced annual estimates at the country level (n=19) or multi-country 
level (n=8), while the remaining 59 reported estimates for a single 
time point.

3.6.2. Evidence gaps and recommendations
We synthesised gaps and limitations in the vaccination data, cova

riates, and modelling methods used, as reported in Supplementary File 
1 Table S22 and drawing on both the limitations and recommendations 
reported by authors and our own critical appraisal, proposed recom
mendations to address them, as detailed in Supplementary File 3 and 
summarised in Supplementary File 1 Figure S2.

Data limitations centred on the overreliance on DHS and other 
household survey data, with no triangulation with routine administra
tive sources such as DHIS2. Data scarcity in marginalized areas and 
systematic underrepresentation of populations in these areas led to 
critical blind spots in coverage estimates. Other limitations included 
inaccurate population denominators, low spatial and temporal resolu
tion of survey data, and exclusion of key covariates such as conflict 
exposure and vaccine stocks.

Methodological limitations included reliance on single cross-sectional 
survey rounds, masking of subnational heterogeneities due to reliance 
on exploratory analyses, inconsistent reporting of uncertainty in 
modelled estimates, and method-specific weaknesses such as poor 
kriging performance in unsampled areas. Broader gaps encompassed 
limited use of spatio-temporal modelling, low reproducibility of the 
studies, and poor model transferability to other contexts.

To address these gaps, we proposed several recommendations, as 
shown in Supplementary File 3, such as formally integrating survey 
and routine data through data fusion frameworks; investing in 
community-based data collection and proxy indicators (e.g., satellite- 
derived settlement density, travel time to facilities) to improve 
coverage of marginalised populations; adopting spatio-temporal models 

Fig. 4. Distribution of covariate categories and sub-categories across ZD studies. Since studies had multiple covariates, the tree diagram displays the relative fre
quency of covariate instances within each category and sub-category, with tile size proportional to the number of instances. Percentages are based on the total 
number of covariate instances extracted across all studies (n=253).
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to capture trends between survey rounds; and promoting open sharing of 
code and data to improve reproducibility.

4. Discussion

This scoping review mapped the geospatial approaches used to es
timate RI coverage and ZD prevalence across LLMICs and their associ
ated gaps. Across 102 studies in 68 LLMICs, we found that while this 
domain has grown substantially over the recent years, evidence remains 
geographically concentrated in Ethiopia, Nigeria and India, and domi
nated by a narrow set of data sources – household survey data. Routine 
administrative data remains largely underused despite its potential for 
continuous, granular monitoring. Most RI studies rely on simpler 
exploratory methods that do not estimate coverage in unsampled areas. 
Critical gaps persist in data triangulation, spatio-temporal modelling 
limiting the capacity to track vaccination trends, and analytical focus on 
the most marginalised populations that have high ZD burden. Yet even 
in these high-burden settings, most studies mapped overall RI coverage 
rather than ZD prevalence. Addressing these gaps is crucial for geo
spatial approaches and tools to meaningfully inform immunisation 
programming. Below, we discuss each point and its implications for the 
identification of ZD children and mapping RI coverage in LLMICs.

The geographic concentration of studies in just three countries – 
Ethiopia, Nigeria, and India – reflects greater research attention due to 
high ZD burden in these countries [2]. However, research investment is 
still limited in conflict-affected and fragile countries, such as Yemen and 
South Sudan that have high ZD burden [2]. Further, the surge in pub
lications between 2022 and 2024 signals growing recognition of geo
spatial approaches as essential for immunisation programming, likely 
driven by global initiatives like the Immunisation Agenda 2030 [134]
and the Big Catch-Up aimed at recovering from COVID-19-related 
decline in childhood immunization [135]. Still, there is need to 

expand the geographic scope of geospatial immunisation research 
through targeted funding and capacity building in underrepresented 
settings.

Regardless of the growing recognition of the value of geospatial 
approaches for immunisation programming [39], mapping of ZD chil
dren is limited in scope and uptake relative to their demonstrated utility 
for identifying pockets of ZD children [17,44]. This reflects technical 
and structural barriers; generating high-resolution ZD estimates requires 
high resolution spatial data, advanced modelling, and cross-sector 
collaboration, which remain unevenly available in many LLMICs [15]. 
Thus, RI and ZD modelling studies are led by a handful of well-resourced 
academic groups, e.g., IHME local burden of disease and Worldpop’s 
VaxPop project [136,137]. In addition, limited translation of ZD esti
mates in routine country planning, where administrative unit averages 
still dominate further discourages adoption of geospatial approaches 
[20,138].

The small proportion of ZD studies identified (~20%) is compounded 
by inconsistent operationalisation of the ZD concept: studies defined ZD 
as not receiving any routine vaccine [60–62], or missing DTP1 
[17,44,45,47–59] and used different target age groups to assess preva
lence. These definitions capture distinct populations and can substan
tially distort prevalence estimates and undermine comparability across 
settings. For example, globally, DTP1-ZD (14.2%) is nearly double that 
of completely unvaccinated children (7.5%) [139]. Subsequently, this 
has important consequences on policy and programmatic actions for 
reaching the most disadvantaged children [130]. Standardising the ZD 
definition and target age groups, guided by context, is therefore essen
tial. Where routine administrative data are reliable, the DTP1-based 
definition is operationally justified as it enables continuous facility- 
level monitoring [139,140]. In marginalized settings where even par
tial immunisation is rare, the broader no-vaccine definition may better 
capture the most marginalised children [140]. Regardless of the 

Table 2 
Spatial and spatiotemporal methods used to model or map vaccination coverage. Values indicate the number of studies employing each method. As some studies 
applied multiple methods, percentages do not sum to 100%.

General category Sub-category Method Reference

Spatial autocorrelation, hot spot 
analysis and cluster detection 
(n=46; 53.5%)

Global spatial 
autocorrelation

Global Moran’s I (n=37) [52,60,62,65,67–99]

Local spatial 
autocorrelation

Local Moran’s I (n=15) [67,69,71,72,76,78–80,82,90,96,97,100–103]
Subtype not specified (n=2) [65,94]
Getis-Ord Gi* statistic (n=21) [52,60,67,70,74–77,82,84–88,91,95,103–105]

Cluster detection Kulldorff’s spatial scan (n=21) [56,60,62,67,68,70–72,74,76,77,81,82,85,86,88,91,95,98,103,106,107]

Small area estimation (n=12; 
14%)

Spatial model Various SAE spatial specifications (n=6) [17,57,92,101,108,109]
Spatiotemporal 
model

Various spatiotemporal SAE model 
specifications (n=6) [110–115]

Spatial Interpolation (n=39; 
45.3%)

Other Inverse distance weighting (n=1) [52]
Exact method not stated [99]

Kriging

Universal kriging (n=2) [76,85]
Empirical Bayesian kriging (n=3) [72,76,82]
Ordinary kriging (n=10) [62,67,70,71,76,77,82,86,88,103]
Type not specified (n=6) [60,81,83,89,91,95]

Geostatistical 
models

Bayesian model-based geostatistics (MBG) 
(n=21)

[15,17,18,44,47,51,54,58,59,61,66,116–126]

Reused outputs derived from a 
geostatistical model (n=1)

[45]

Artificial Intelligence (Machine 
learning (n=7; 8.1%))

Additive Generalized Additive Models (GAMs) 
(n=5)

[44,54,116,127,128]

Tree-based models
Gradient Boosting Model (GBM), and 
Boosted regression trees (BRT), Random 
forests (RF), Decision Tree (DT), (n=6)

[44,54,63,83,116,128]

Regularization- 
linear models

Least Absolute Shrinkage and Selection 
Operator (LASSO), Ridge classifier (n=3) [44,54,63]

Neural Networks Multi-Layer Perceptron (MLP) (n=1) [48]
Instance-based Nearest Neighbour (n=1) [48]

Others (n=4; 4.7%)

Disaggregation Spatial regression (n=1) [129]
Multi-criteria 
decision analysis Vulnerability index (n=2) [53,58]

​
Adjusted numerator (routine) and 
denominator (population) (n=2)

[64,130]
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definition adopted, consistent application and transparent reporting of 
any deviations are prerequisite for comparable evidence.

The diversity of vaccine combinations (Supplementary File 1 
Table S6) and age groups (Supplementary File 1 Table S23) used 
across studies reflects the absence of standardised reporting practices. 
While the dominance of MCV1, DTP1, and DTP3 aligns with their pro
grammatic importance in tracking immunisation system performance 
[2], the use of up to 21 different age groups for a single vaccine, as 
observed for MCV1, further undermines cross-study comparability. 
These further cements the need for standardized reporting even for 
broader RI.

The main source of vaccination and covariate data in both RI and ZD 
studies was DHS (Supplementary File 1 Table S8). These surveys are 
nationally representative, standardized, and are less vulnerable to 
reporting incompleteness or treatment-seeking biases. They have accu
rate population denominators and detailed socio-demographic in
dicators. However, they are cross-sectional and fail to capture 
subnational heterogeneities [133]. The recent defunding of DHS further 
threatens tracking of health indicators in LLMICs, including ZD [25]. In 
contrast, there was limited use of routine vaccination data despite its 
continuously increasing availability through DHIS2 [28]. Routine health 
facility data is timely, has high spatial granularity and it can enable 
continuous ZD and RI monitoring. However, it is prone to incomplete
ness, outliers, and inaccurate population denominators since estimating 
health facility catchment areas is challenging [141]. Hence, leveraging 
routine data requires advanced methods, which may explain why 
studies used survey data [108]. This highlights a need to address sys
temic and structural gaps to improve collection and reporting of routine 
data [142], for instance, using rapid and targeted assessment tools such 
as lot quality assurance sampling and micro-planning to pinpoint low 
coverage areas [143], and triangulation of survey and routine data to 
leverage their differing strengths [141].

There was no triangulation of routine and survey data – the five RI 
studies combining both datasets treated them separately (e.g., using 
DHS coverage to adjust DHIS2 denominators) rather than jointly 
modelling them [130]. Joint modelling of routine and survey data is 
crucial, to maximise the complementary strengths of both data types. 
Such integrated frameworks have proven superior in other applications, 
for instance in mapping malaria incidence [141], by improving esti
mation accuracy and revealing hidden inequities that single-source 
models miss; for example, in Madagascar, integrating routine malaria 
surveillance and survey data revealed fine-scale spatial heterogeneity 
that was less apparent from either data source alone [141]. Integrated 
routine-survey modelling pipelines represents a high-impact priority for 
ZD mapping, enabling frequent monitoring and robust estimation in 
data-sparse areas.

Demographic, and health-system factors were the most applied, 
consistent with evidence identifying these as key barriers to vaccination 
uptake [144]. Still, there is a significant gap in the covariates used to 
capture marginalized or hard-to-reach populations, mainly due to data 
unavailability or scarcity in these settings [44,46]. There is higher 
prevalence of ZD and under-immunisation in marginalized settings [46], 
therefore, limited use of covariates capturing these contexts constrains 
the ability of models to identify populations at greatest risk of ZD. Future 
ZD studies should prioritize covariates capturing marginalization such 
as conflict exposure, displacement, and remoteness. Collaborative ef
forts by data agencies, local health authorities and international part
ners such as the International Organization for Migration (IOM) and 
United Nations High Commissioner for Refugees (UNHCR) are needed to 
expand covariate data in marginalized areas.

Most RI studies relied on exploratory autocorrelation and clustering 
approaches which do not interpolate estimates for unsampled locations 
and cannot generate high-resolution gridded estimates. Gridded esti
mates are valuable because they can be directly overlaid with high 
resolution population estimates (typically derived from national popu
lation censuses [145]), to estimate ZD population, or with other spatially 

resolved health indicators to identify overlapping dual or triple burdens 
[46,58]. They can also be aggregated to subnational administrative units 
that align with the scales at which immunisation programmes are 
planned and evaluated [116,127]. Dominance of exploratory methods 
reflects limited technical capacity, as these methods require less 
expertise and computational resources than advanced modelling 
approaches.

Capacity building in LLMICs, especially in SAE, geostatistical and 
machine learning approaches is essential to move beyond descriptive 
spatial analysis to predictive modelling. These advanced modelling ap
proaches are better suited to estimate ZD, as they incorporate covariates, 
generate uncertainty and produce outputs at operationally meaningful 
scales [146,147]. Alternative user-friendly web tools such as Maplaria 
[148], MBGapp [149], and sae4health [150] that apply these models 
can also be used as they can host computations remotely and require no 
coding or advanced statistical knowledge. Yet, most studies using SAE, 
MBG or machine learning generated estimates at 1–10 km resolution, 
insufficient for precise identification of localised ZD clusters. Higher 
resolution outputs (such as 100 m) would enable more accurate tar
geting but achieving this requires fine-scale input data that remain 
largely unavailable across LLMICs [145].

Uptake of machine learning remains limited, partly due to the evi
dence that geostatistical models slightly outperform machine learning in 
estimating vaccine coverage [19] and the substantial technical and 
computational capacity required to use these models. However, with 
increasing availability of geospatial big data and satellite-derived 
covariates, it is crucial to explore the full potential of AI in this 
domain. AI models can handle large, multidimensional datasets, such as 
DHS and routine HMIS data, enabling integration of different variables 
and recognition of non-linear patterns in data [47]. They can also 
improve the efficiency of analytical tasks, for instance, using Large 
Language Models (LLMs) to automate feature extraction or multimodal 
foundation models that integrate multiple types of data including text, 
video, images and audio [151,152].

Only 31% of the studies incorporated a spatiotemporal framework, 
reflecting the complexity of spatiotemporal modelling and the scarcity 
of longitudinal data. Temporal estimates are critical for understanding 
vaccination trends over time and linking fluctuations to events or sea
sonal factors. Where longitudinal routine data are available, spatio
temporal approaches should be employed to bridge microplanning 
needs and dynamic monitoring of immunisation performance. Promot
ing the availability and use of longitudinal routine data, alongside 
advancing spatiotemporal modelling approaches is essential to enhance 
temporal analysis and prediction of ZD prevalence.

Overall, our review characterises the landscape of spatial ZD and RI 
coverage modelling in LLMICs, highlighting persistent data and meth
odological limitations that constrain the accuracy, equity, and compa
rability of estimates. Hard-to-reach populations are systematically 
excluded from analysis due to the lack of both reliable vaccination data 
and covariates capturing marginalized contexts. This leads to model 
misspecification in the settings where ZD burden is highest. Further, 
heavy reliance on household surveys, with limited triangulation with 
DHIS2 data, restricts the effective use of routine data. Addressing these 
challenges requires standardization of RI and ZD reporting, improved 
integration of survey and routine data through joint modelling, and the 
incorporation of non-traditional data sources such as satellite imagery, 
mobility data, and conflict databases. Strengthening data collection in 
underserved settings through approaches such as community health 
worker enumeration and rapid assessments is equally crucial. We pre
sent a synthesis of identified gaps and proposed recommendations in 
Supplementary File 1 Figure S2 and Supplementary File 3.

5. Strengths and limitations

This review synthesizes evidence from a broad range of geospatial 
studies focused on assessing childhood vaccination coverage, providing 
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a consolidated understanding the gaps in data and sources, methods, and 
structural limitations of studies already available in the literature. To 
our knowledge, it is the first review to examine ZD prevalence and RI 
coverage through a geospatial lens, offering a unique contribution to the 
field and helping clarify a potential roadmap on how spatial data and 
methods can be applied to map vaccination coverage.

This review has several limitations. First, the included articles were 
published in English, potentially excluding other relevant studies pub
lished in other languages, especially French language studies from West 
Africa. Second, the included studies varied in ZD definitions, target age 
groups, spatial scales, and modelling approaches, limiting direct 
comparability of estimates across settings. Third, consistent with 
scoping-review methodology, we did not formally assess the quality or 
bias of studies. In addition, our search was limited to peer-reviewed, 
indexed literature published up to April 2025, potentially excluding 
relevant programme reports, and more recent studies in the field. 
Fourth, we acknowledge a minor deviation from the registered protocol 
[41]. We included articles from LLMICs, rather than LMICs as originally 
proposed. This refinement was made because the majority of the global 
ZD burden is concentrated in LLMICs and the evidence examined in this 
review are predominantly used in these settings. However, this decision 
excluded upper-middle-income countries that have persistent ZD chil
dren and under-immunisation, potentially limiting the applicability of 
the findings in these contexts. Finally, some aspects of the synthesis, 
including the classification of covariates and modelling approaches, 
involved interpretive judgement, and the reported limitations may 
under-represent issues not identified by the original study authors.

6. Policy implications

This review has several implications for policy and practice. Immu
nization programmes should move beyond administrative-unit averages 
and adopt spatially disaggregated estimates to identify and reach 
localised ZD pockets. Realising this requires three enabling conditions: 
sustained investment in local analytical capacity; institutional integra
tion of spatial estimation into routine programme planning and budg
eting; and stronger data foundations, including a harmonised ZD 
definition and routine data systems that can be triangulated with survey 
data. Without these, geospatial tools will remain technically advanced 
but concentrated in a few well-resourced settings, failing to translate 
into equitable immunization gains.

7. Conclusion

Our review emphasizes the critical role that geospatial data and 
methods play in modelling and mapping ZD prevalence and RI coverage, 
and highlights substantial gaps in the data and methods used, offering 
insights into where improvements are needed to better estimate 
immunisation coverage. Future research should prioritize triangulating 
routine and household survey data while placing greater emphasis on 
understudied populations such as nomadic groups, refugees, urban slum 
residents, and conflict-prone areas.

In addition, studies should move beyond describing spatial patterns 
through clustering and similar exploratory methods and progress to
wards generating monitoring tools (e.g., dashboards) and using spatio
temporal statistical and machine learning models that integrate survey, 
routine, and geospatial data to predict ZD prevalence and RI coverage at 
detailed spatiotemporal scales. Overall, this review provides a founda
tional reference for future ZD and RI surveillance and modelling work as 
well as for policymakers seeking to integrate geospatial evidence into 
programming and monitoring. The covariates and methodological ap
proaches identified across studies offer a practical starting point for 
researchers, while the documented gaps and recommendations can 
guide efforts to strengthen and streamline geospatial modelling of ZD 
populations and RI coverage.
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