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ABSTRACT
Introduction Several factors have been implicated in 
child stunting, but the precise determinants, mechanisms 
of action and causal pathways remain poorly understood. 
The objective of this study is to explore causal 
relationships between the various determinants of child 
stunting.
Methods and analysis The study will use data 
compiled from national health surveys in India, Indonesia 
and Senegal, and reviews of published evidence on 
determinants of child stunting. The data will be analysed 
using a causal Bayesian network (BN)—an approach 
suitable for modelling interdependent networks of causal 
relationships. The model’s structure will be defined in a 
directed acyclic graph and illustrate causal relationship 
between the variables (determinants) and outcome (child 
stunting). Conditional probability distributions will be 
generated to show the strength of direct causality between 
variables and outcome. BN will provide evidence of the 
causal role of the various determinants of child stunning, 
identify evidence gaps and support in- depth interrogation 
of the evidence base. Furthermore, the method will support 
integration of expert opinion/assumptions, allowing for 
inclusion of the many factors implicated in child stunting. 
The development of the BN model and its outputs will 
represent an ideal opportunity for transdisciplinary 
research on the determinants of stunting.
Ethics and dissemination Not applicable/no human 
participants included.

INTRODUCTION
Childhood stunting is associated with myriad 
proximal and distal factors. Historically, inves-
tigations into the aetiology of stunting were 
focused primarily on dietary intake, with 
inadequate consumption of nutritious food 
and low dietary diversity identified as the 
primary risk factors.1–3 However, improving 
nutrition through intervention studies had 
inconsistent effects on child growth.4 5 Atten-
tion then shifted to the impact of infectious 

diseases, such as diarrhoea, on child nutri-
tional status. Research studies into improving 
hygiene through provision of clean water, 
toilets and handwashing with soap also 
showed variable results, offering conflicting 
evidence of the role of water, sanitation and 
hygiene in improving childhood growth.6 7 It 
now appears that inadequate diets and infec-
tious diseases can interact to contribute 
to stunting. Exposure to enteropathogens 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ The risk factors for child stunting include concerns 
ranging from inadequate nutrition to epigenetics, 
environment, gut health, climate change and more.

 ⇒ Child stunting presents itself from the complex inter-
actions of many risk factors together.

 ⇒ The importance of specific risk factors for child 
stunting is subject to local conditions complicating 
actions against stunting.

WHAT THIS STUDY ADDS
 ⇒ A probabilistic approach to modelling child stunting 
that reflects current understanding of the risk fac-
tors and how they interact.

 ⇒ Identification of key determinants of child stunting 
with examples of how they vary across locations 
with high prevalence.

 ⇒ Information on data gaps needed to reduce the un-
certainty around the determinants of child stunting 
and their interaction.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ The directed acyclic graph may illuminate hidden 
relationships and biases among interacting factors, 
spurring interdisciplinary investigations.

 ⇒ The results may inform programmatic interventions 
and policies on factors or combinations of factors to 
address child stunting.
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among people living in settings with poor sanitation and 
hygiene can modify gut structure and function and lead 
to reduced digestion and absorption of nutrients.8 These 
effects may be amplified in some individuals due to the 
expression of epigenetic traits in response to environ-
mental triggers.9 In addition, underlying the aetiology of 
stunting are multitude of other factors, including socio-
economic status, childcare practices, parental education, 
malaria, air pollution, etc.10–15

Knowledge around the aetiology of child stunting 
is largely derived from observational studies through 
correlation of factors with measures of child growth (such 
as height- for- weight z- scores). Data alone cannot show 
causality. Drawing causal inferences requires both statis-
tical inference and sound knowledge of the domain/
subject area, otherwise the statistical outcomes can be 
biased16 or even paradoxical.17 The challenges of correla-
tion studies are variables being included haphazardly 
in the model based on statistical associations without 
considering their causal influence on other factors. 
This is supported by an example from Hernán et al on 
the impact of folic acid supplementation on neural tube 
defects, where the authors suggest lowering the OR of the 
intervention by roughly 20%, from 0.80 to 0.65, taking 
into consideration a priori causal knowledge, as opposed 
to relying solely on statistical associations.18 Hernán et al 
show that statistical strategies for variable selection and 
confounding recommend adjusting for a third variable 
representing whether the pregnancy ends in stillbirth or 
therapeutic abortion. However, a priori causal knowledge 
indicates that adjusting for this variable is likely to bias 
the causal effect estimates between folic acid supplemen-
tation and neural tube effects.

In addition, estimating causal effects requires the inclu-
sion of confounding variables, which may be limited by 
availability of data, especially when using secondary data. 
Thus, it is not uncommon to see disregard of potentially 
important confounding variables in correlation models 
where there are no data, despite knowledge of the impact 
of the variable on the study’s outcome. This proce-
dure also leads to biased estimates due to unobserved 
confounders. Such data limitations are particularly chal-
lenging for research into child stunting, where very few 
or no datasets exist that include the multitude of deter-
minants, and where some purported determinants are 
purely based on hypotheses and observation with only 
limited data.

An underlying causal model enables the determina-
tion of the causal relations that can be estimated and 
provides guidance in collecting additional information 
where data are lacking. Furthermore, recent studies of 
child stunting conducted in Bangladesh and India have 
adopted machine learning—random forests, gradient 
boosting and quantile regression—to learn from the data 
and discover further evidence of associations between 
stunting and various determinants.19–21 However, these 
approaches also risk spurious predictions, especially 
when making similar predictions outside the study, 

because they do not exploit the causal understanding of 
their domain. Thus, there is a need to apply modelling 
frameworks that integrate causal knowledge and multiple 
types of data.22

Bayesian networks (BNs) by comparison offer an 
opportunity to build holistic causal models, based on 
the current understanding of the complex factors 
determining child stunting and their inter- relationship. 
Encoding a holistic model of causal relations is critical 
in assessing diverse intervention opportunities, to inform 
programmes and policies, and to identify evidence gaps 
in domain knowledge. Causal structure of these models 
can provide a basis for causal assumptions in future 
studies.

The aims of this study are to: (1) create a directed 
acyclic graph (DAG) summarising probable causal factors 
of child stunting at the whole child level, (2) parame-
terise BNs based on the DAG by using secondary data, 
and (3) assess the drivers of stunting in Indonesia, India 
and Senegal, and examine evidence gaps using BNs.

METHODS AND ANALYSIS
This study will develop a causal BN model using secondary 
data from national health surveys in India, Indonesia and 
Senegal to explore the determinants of child stunting 
at the whole child level. By using innovative methods to 
explore both the literature and secondary data on child 
stunting, this study will be able to capture and make 
explicit the interdisciplinary assumptions underpinning 
the different research workstreams of the UK Research 
and Innovation (UKRI) Global Challenges Research 
Fund (GCRF) Action Against Stunting Hub. The BN 
modelling process will consist of three inter- related and 
co- dependent steps: (1) develop a detailed causal struc-
ture of the whole child approach, (2) compile relevant 
secondary datasets, and (3) parameterise separate BNs 
for each country to bring together biological, social and 
environmental drivers of stunting in various contexts.

Model development

The model structure: the whole child DAG
The core of a BN is the DAG. As illustrated in figure 1, 
DAG is a graphical model illustrating the presumed link-
ages among risk factors, symptoms and outcomes. The 
interdisciplinary research knowledge at GCRF Action 
Against Stunting Hub will be used as a leverage to develop 
a DAG to show a causal model of child stunting using 
the whole child hypothesis. This method enables the 
identification of linkages among key drivers of stunting 
including: epigenetics, food, nutrition, cognition and 
learning environments. The DAG encoding the whole 
child hypothesis will be developed through mixed data 
and expert- driven approach.

Descriptions of factors determining child stunting 
will be compiled from published, peer- reviewed liter-
ature using Google Scholar and Web of Science. The 

copyright.
 on M

ay 6, 2024 at O
rta D

ogu T
eknik U

niversitesi. P
rotected by

http://bm
jpaedsopen.bm

j.com
/

bm
jpo: first published as 10.1136/bm

jpo-2023-001983 on 22 M
arch 2024. D

ow
nloaded from

 

http://bmjpaedsopen.bmj.com/


3Rosenstock TS, Yet B. BMJ Paediatrics Open 2024;8:e001983. doi:10.1136/bmjpo-2023-001983

Open access

literature will be searched using combinations of the 
following keywords: child stunting and Boolean opera-
tors combining food environment, diets, nutrition, home 
environment, epigenetics, cognition and learning envi-
ronment. Both primary research articles and reviews will 
be considered. Relationships described in the studies will 
be recorded in a Direct Edge Index (DEI).23 DEI is a list 
which identifies the affecting factor, the affected factor 
and the type of relationship between the two. An example 
of DEI is depicted in table 1. Findings from studies will 

be added to the DEI until no new factors or relationships 
are uncovered. In contrast to Evidence Gap Maps, the 
DEI literature review is not intended to be systematic or 
exhaustive. Rather, the review simply aims to limit bias 
by ensuring that major factors identified in the literature 
inform the construction of the DAG.

Next, the factor labels used in the DEI will be stan-
dardised across the studies. For example, height- for- age 
and length- for- age are both measures interchanged across 
studies to indicate child stunting. Such repetitions will 

Figure 1 A depiction of directed acyclic graph for child stunting: visualising the whole child approach. ANC, antenatal care; 
ASF, animal source food; HH, household; IUGR, intrauterine growth restriction; MDDW, minimum dietary diversity for women; 
SES, socioeconomic status.

Table 1 Examples of edges compiled in the Directed Edge Index based on the literature review

Study Origin of edge Termination of edge Bidirectional

Prado et al32 Dietary diversity Diarrhoea incidence No

Mosites et al33 Gestational age at birth Stunting No

Onubi et al34 Probiotics Increased weight No

Beal et al15 Supplementary feeding Weight gain No

Galway et al35 Distance to nearest road Fruit and vegetable consumption No

Oh et al36 Micronutrient supplementation Preterm birth No

Webb- Girard et al37 Agricultural training Nutrient- rich agriculture No

Vilcins et al38 Dirt floor Infection No
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be eliminated within the standardised list of factors 
and relationships, and very closely related factors will 
be synthesised. The resulting DEI will then become the 
reference point for developing the DAG. The description 
of supporting and conflicting evidence for each relation 
in the DEI will be documented in an evidence base.24 In 
the DAG, the DEI’s standardised factors become ‘nodes’ 
and the relationships between the factors described in 
the DEI become ‘edges’, drawn as lines between nodes 
indicating the direction of the effect (figure 1 and online 
supplemental table 1). We will begin the process of devel-
oping the DAG in this way to reduce participant bias in 
structuring the model.25

The DAG developed will then be presented to an inter-
disciplinary team of experts at the UKRI GCRF Hub and 
country experts for review along with the supporting 
evidence base. An interview will be conducted with a 
domain expert in each key driver of stunting including 
epigenetics, food, nutrition, cognition and learning envi-
ronments. The results of DEI will be presented to each 
domain expert, and feedback will be collected as a rele-
vant part of the DEI with respect to their area of expertise. 
Experts may suggest adding or removing variables and 
adding, removing or reversing edges during the inter-
view. Suggestions that do not conflict with DEI or other 
experts will be incorporated in the DAG and recorded 
in the evidence base. When DEI and expert suggestions 
conflict, a second domain expert will review the sugges-
tion and the majority of opinion will be reflected in the 
DAG. Note that the evidence base will document both 
conflicting and supporting evidence corresponding to 
the DAG.

This iterative engagement process makes explicit the 
team’s abundant tacit expertise to further develop the 
DAG. The DAG will facilitate graphical presentation of 
evidence on the determinants of child stunting and their 
inter- relationship. The DAG also acts as a boundary object 
for cross- disciplinary work, the development of a common 
understanding across diverse teams, and communication 
with stakeholders and the scientific community. Similar 
research in different countries could in the future inter-
rogate the DAG’s structure to determine what changes 
in factors (nodes) or relationships (edges) are needed 
to capture the contextual circumstances affecting child 
stunting in each country. The model’s underlying struc-
ture will be general for the determinants of child stunting 
but informed by the knowledge of experts in India, Indo-
nesia and Senegal.

Secondary data: Demographic and Health Surveys in India, 
Indonesia and Senegal
The objective of the data and evidence compilation is to 
parameterise the BN model illustrated by DAG, which 
will be used to explore the drivers of child stunting. 
BN offers a suitable medium to identify the parts of a 
model with scarce data and to combine multiple types of 
evidence—raw data and meta- analyses—to learn model 
parameters.26 Given that no single study to date has 

captured all the factors implicated in child stunting that 
could be identified in the DAG, this approach is crucial 
to reconcile data across studies, qualitative beliefs and 
‘gaps’ where limited data are available.

Secondary data are the most immediately useful infor-
mation to estimate the conditional probability distribu-
tions of the interactions shown by nodes and edges in 
the DAG. DAG- relevant data from the Demographic and 
Health Surveys (DHS), with a focus on India, Indonesia 
and Senegal, will be compiled. These datasets will include 
information on dietary intake, anthropometry, access to 
healthcare, stunting and the home environment. We 
expect to parameterise most of the model based on data 
from thousands of individual children across the three 
countries. In addition, ancillary data will be compiled 
from other publicly available datasets on agriculture 
and air pollution to support model parameterisation. In 
particular, we will match the closest spatial particulate 
matter 2.5 air pollution data and Global Agro- Ecological 
Zones (GAEZ) agricultural production and gap data for 
child’s birth year with the household Global Positioning 
System coordinates in the DHS dataset.

Some nodes in the DAG may have missing data in the 
DHS and ancillary datasets, and some nodes may be 
unobserved or essentially unmeasurable. We will use BN 
abstraction operations and expectation–maximisation 
(EM) algorithm to deal with the unobserved variables 
and missing data. First, we will remove unobserved and 
unmeasurable variables with BN abstraction operations 
to create a simplified DAG that matches with the avail-
able data. BN abstraction operations are graphical oper-
ations on DAG that remove or merge variables without 
disturbing the independence assumptions in the rest of 
the DAG.27–29 Since BN abstraction operations are algo-
rithmic, the link between the original and simplified DAG 
remains clear. After this step, we will have a simplified 
DAG that has corresponding data from DHS, pollution 
and GAEZ datasets. The evidence base will highlight the 
evidence gap by documenting the link between the orig-
inal and simplified DAG that is parameterised. Second, we 
use the EM algorithm to learn the conditional probability 
distributions of the simplified DAG. The EM algorithm 
learns BN parameters from missing data by iteratively 
estimating the expectations of the missing instances 
and computing the conditional probability distributions 
based on these expectations. An evidence base for the 
BN model will document the datasets and methods used 
to estimate the conditional probability distributions in 
different parts of the model. The evidence base will be 
available online for domain experts to browse and review 
the underlying evidence of the BN model.

Data analysis
This desk study will use two software programs to conduct 
the analysis. Descriptive statistics, preparatory analysis and 
parameter learning will occur in R.30 Descriptive statistics 
will summarise information on the factors in the model 
derived from the national health surveys. Parameter 
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learning will define the conditional probability distribu-
tion parameters of each variable in BNs. The BN will be 
built in PyAgrum V.10.31 PyAgrum is a Python library for 
BN modelling.

Patient and public partnership strategy
This study will use only secondary and published evidence 
with no direct involvement of patients and members of 
the public; thus, no patient and public consultations 
will be held. However, the study’s concept was discussed 
with experts in the study countries (India, Indonesia and 
Senegal), and they will be involved in dissemination of 
the findings.

The findings of the study will be published in peer- 
reviewed journals. Results will also be disseminated 
through a blog post. All data, models and codes used will 
be available upon completion of the project in a public 
repository.
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