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Abstract
Objectives: Small-for-gestational age (SGA) is a causal factor for malnutrition (undernutrition). The available evidence on this causal
relationship is based on observational studies and suffers from confounding and collider biases. This study aimed to construct a theoretical
causal model to estimate the effect of SGA on malnutrition in children aged less than 5 years.

Methods: For the causal model, we designated term-SGA status as the exposure variable and malnutrition at 6 months to 5 years of age
(diagnosed by World Health Organization criteria) as the outcome variable. Causal estimands were formulated for three stakeholders. A
‘‘rapid narrative review’’ methodology was adopted for literature synthesis. Studies (observational and randomized) listing the causal fac-
tors of malnutrition in children aged less than 5 years from the Indian subcontinent were eligible. Four databases (PubMed, Scopus, Web of
Science, and ProQuest) were searched and restricted to the last 10 years (search date: December 15, 2023). Information about the causal
factors (covariates) of malnutrition and study characteristics was extracted from the article abstracts. Next, a causal model in the form of a
directed acyclic graph (DAG) (DAGitty software) was constructed by connecting exposure, outcome, and covariate nodes using the sequen-
tial causal criteria of temporality, face validity, recourse to theory, and counterfactual thought experiments.

Results: The search yielded 4818 records, of which 342 abstracts were included. Most of the studies were conducted in India (39%) and
Bangladesh (27%). The literature synthesis identified 81 factors that were grouped into 17 nodes, referring to 5 domains: socioeconomic,
parental, child-related, environmental, and political. The DAG identified 12 different minimal sufficient adjustment sets (conditioning sets
for regression analysis) to estimate the total effect of SGA on malnutrition.

Conclusion: We offer an evidence-based causal diagram that will minimize bias due to improper selection of factors in studies focusing
on malnutrition in term-SGA infants. The DAG and adjustment sets will facilitate the design and data analysis of future studies. � 2024
Elsevier Inc. All rights are reserved, including those for text and data mining, AI training, and similar technologies.
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1. Introduction

Small-for-gestational age (SGA) is defined as being born
with birth weight below 10th percentile for gestational age
[1]. Approximately 16% of all births are SGA, with rates
ranging from 7% in high-income countries to 41.5% in
South Asia [2e6]. Although a diverse array of maternal,
environmental, placental, and fetal factors have been impli-
cated, a lack of nutrient supply to the fetus is believed to be
the main cause of reduced fetal growth in SGA infants
[7e10]. SGA has its own set of consequences, including
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a higher risk of mortality than its appropriate-for-
gestational age counterparts. Similarly, problems related
to growth are a matter of concern. Literature reports both
extremes of growth abnormalities in SGA infants, that is,
undernutrition as well as obesity and metabolic syndrome
[11e16]. Typically, SGA infants display catch-up growth
(maximally between 3 and 6 months) in postneonatal life,
which is more pronounced in weight than in length [17].
Most are expected to approach their genetic growth trajec-
tory by the age of 2 years and demonstrate normal growth
afterward with appropriate care and nutrition, barring those
with genetic or syndromic illnesses [18,19].

Impaired intrauterine growth in SGA infants and subse-
quent postnatal undernutrition are two manifestations of the
same phenomenon. The factors that influence growth in the
intrauterine period often influence growth in the postnatal
and data mining, AI training, and similar technologies.
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What is new?

Key findings
� We identified key causal factors of childhood

malnutrition in the Indian subcontinent through a
systematic review.

� We applied the principles of causal theory to
construct a directed acyclic graph (DAG) to depict
the causal pathways leading to malnutrition in term
small-for-gestational age infants.

What this adds to what is known?
� This study is the first to integrate causal theory rec-

ommendations to develop an evidence-based DAG
for malnutrition in term small-for-gestational age
infants.

� This DAG provides a transparent template with
explicit assumptions that are open to scrutiny by
other experts in malnutrition research.

What is the implication and what should change
now?
� Using the estimands, a causal model, and mini-

mum adjustment sets at their disposal, researchers
can now design better observational studies to un-
cover causality in this population.

� The set of identified factors can be used to
construct additional DAGs to investigate the rela-
tionship between different exposures and malnutri-
tion, using their own set of assumptions.

period also because the family environment, social factors,
and resources generally remain the same. For instance, the
infant of a malnourished mother (owing to household food
scarcity) may be deprived of transplacental nutrient supply
during the antenatal period and may not receive optimal
postnatal complementary feeding. Therefore, we hypothe-
sized that SGA infants who are nurtured in an environment
of care and adequate feeding are unlikely to be malnour-
ished. Although the literature consistently associates
SGA/low birth weight with childhood malnutrition, there
is no clarity on whether this association is causal
[12,20e23]. Health agencies such as the World Health Or-
ganization (WHO) and United Nations International Chil-
dren’s Emergency Fund (UNICEF) list malnutrition as
one of the consequences of SGA, but causality is implied
rather than proven [24,25]. Nevertheless, it is crucial to
determine causality, because it guides the choice of inter-
vention. If SGA causes childhood malnutrition, these
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infants would require customized postnatal monitoring
and feeding plans. By contrast, if SGA is not causal, it
would ignite a search for other sociodemographic causal
factors of malnutrition and targeted interventions to modify
them. As it is common practice to use the terms undernutri-
tion and malnutrition interchangeably, we have referred to
undernutrition as malnutrition in the remainder of the
manuscript.

The literature is replete with observational studies that
list factors related to childhood malnutrition in low- and
middle-income countries [9]. However, these studies have
many limitations that render causal conclusions untenable.
First, no attention has been paid to differentiating whether
the relationships among the factors are associational or
causal [26]. Furthermore, the aims of modeling are unclear,
that is, to predict or understand causality [27]. Without
these conceptual distinctions, the obtained effect estimates
are neither causal nor reliable. Another common error is
making regression-based adjustments for all available cova-
riates without distinguishing among confounders, media-
tors, or colliders, which can introduce bias [28e30].
Finally, the list of putative factors is rarely comprehensive,
and the factors for regression analysis are generally chosen
according to available data [31]. Therefore, observational
studies are rarely able to provide true estimates of the
causal effects of exposure on outcomes. Directed acyclic
graphs (DAGs) can address this problem by applying causal
theory to observational data to provide a model for esti-
mating unbiased effect sizes [32e35]. Despite the growing
use of DAGs in epidemiological research, their application
in studies of childhood malnutrition remains limited.

This study aimed to construct a causal model to estimate
the effect of term-SGA on malnutrition (diagnosed accord-
ing to WHO criteria) in children aged less than 5 years
belonging to the Indian subcontinent [36]. We hypothesized
that term-SGA infants who do not have genetic or endo-
crine abnormalities and receive good care and nutrition
would not develop malnutrition.
2. Materials and methods

We followed the ‘‘Evidence Synthesis for Constructing
Directed Acyclic Graphs’’ approach proposed by Ferguson
et al [33]. A systematic review (Agency for Healthcare
Research and Quality Evidence-based Practice Centers
[AHRQ-EPCs] ‘‘rapid narrative review’’ methodology)
was initially conducted to identify the causal factors of
malnutrition, and then a causal diagram (DAG) was con-
structed using knowledge from the published literature
and expert opinion [37]. We used the ‘‘Esti-
mand/Estimator/Estimate’’ framework for study flow
[32]. We describe the estimands and the estimator in the
following section. The derivation of estimate was beyond
f Medicine Siriraj Hospital from ClinicalKey.com by Elsevier on 
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the scope of this study. The review approach was narrowed
down using the web-based ‘‘Right review knowledge trans-
lation tool’’ (https://rightreview.knowledgetranslation.net/)
[38]. At present, there are no EQUATOR (https://www.
equator-network.org/) network reporting guidelines for
rapid narrative review. Therefore, we have reported this
research following the WHO guidance document on rapid
reviews (Supplementary Table 1) [39].

2.1. Estimands

We formulated three causal estimands aligned with our
study objectives, targeting the perspectives of parents, clini-
cians/nutrition counselors, and public health specialists/pol-
icymakers [40,41] (Table 1).

2.2. Estimator

Causal (DAG) and statistical (regression models for co-
variate conditioning) models constitute the estimators. For
this purpose, a two-step procedure was adopted. First, we
identified the causal factors of malnutrition through a sys-
tematic review, and then constructed a causal model (Evi-
dence Synthesis for Constructing Directed Acyclic
Graphs approach) [33].

2.2.1. Step 1: systematic review
Study eligibility criteria: We included original research

(observational studies or randomized controlled trials
[RCTs]) that examined the factors associated with malnu-
trition in children aged 6 months to 5 years, belonging to
the Indian subcontinent (India, Pakistan, Nepal,
Bangladesh, Bhutan, Sri Lanka, and Maldives). We
included studies on human subjects published in English
over the last 10 years (January 2014 to December 2023).

Literature search: We searched 4 databases (PubMed,
Scopus, Web of Science, and ProQuest) for all publications
written in English from January 1, 2014 to December 15,
2023, using search strategies customized to each database.
A literature search was conducted on December 15, 2023.
The details of the search strategy are provided in
Supplementary Table 2. Search terms were entered into
the databases, and references and abstracts were imported
into the Rayyan QCRI software [42]. Duplicate studies
were excluded from the analysis. Two reviewers (S. T.
and N. C.) independently screened titles and abstracts based
on the eligibility criteria. Any unclear decisions were dis-
cussed with a third reviewer (V. C.) and studies that did
not meet the inclusion criteria were excluded.

2.2.1.1Data extraction. During the initial scoping of the
literature, we noticed that the evidence base on our research
objective was very large and there were too many articles
listing risk factors. Therefore, we adopted a pragmatic
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approach, whereby only the abstracts were reviewed to
identify risk factors significantly associated with malnutri-
tion. We did not pool the results of the studies or assess
their quality. With this strategy, we hoped for a comprehen-
sive inclusion of published literature to achieve saturation
of the most frequently reported causal factors. Two authors
(S. T. and N. C.) independently completed the data extrac-
tion in duplicate. Any disagreements were resolved by
consensus and discussion with another reviewer (V. C.).
A summary table was created for the study characteristics
from the included abstracts. Summary details included the
year of publication, country, research design, sample size,
anthropometric indices, and factors associated with malnu-
trition (Supplementary Table 3).
2.2.2. Step 2: causal modeling using directed acyclic
graphs

DAGs are diagrammatic representations of the assumed
causal pathways leading from a defined exposure to the
outcome. DAGs are composed of nodes interconnected by
unidirectional edges (arrows) that do not loop back to the
same node; hence, they are termed as acyclic [32e35].
The nodes represent variables, such as exposure, outcome,
and confounders. The edges depict the direction of the hy-
pothesized relationships between the variables (nodes). The
edges do not indicate whether the relationship is positive/
negative, linear/nonlinear, or small/large; therefore, DAGs
are nonparametric [32]. A causal path is a collection of 1
or more connected nodes, with edges flowing in the same
direction. A confounder is a variable that influences both
the exposure and outcome. The mediator variable falls on
the causal path from exposure to the outcome. A competing
exposure is the ancestor of the outcome but is unrelated to
primary exposure [32]. A collider is a variable caused by at
least two other variables. A direct causal effect is the effect
of exposure on the outcome through paths that do not
involve mediators, whereas a total causal effect is the com-
bined effect transmitted through all causal paths. To esti-
mate the true effect, we must close all confounding
(backdoor) paths from the exposure to the outcome, which
is called deconfounding [35]. Deconfounding is achieved
by conditioning using regression modeling. In contrast,
conditioning on the collider is not recommended because
it opens a backdoor path [43]. DAG provides multiple
‘‘minimal sufficient adjustment sets’’ of variables for an un-
biased estimate of the causal effect of a specific exposure
on a specified outcome [44,45].

Ferguson et al recommend the construction of DAG in
three sequential steps: Mapping / Translation /
Integration.

Mapping of the theory from each study produces implied
graphs (IGs). Each relationship in the individual IGs is then
assessed under sequential causal criteria and a
 Medicine Siriraj Hospital from ClinicalKey.com by Elsevier on 
mission. Copyright ©2025. Elsevier Inc. All rights reserved.
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Table 1. Estimands for research objectives

Design feature Scenario 1 Scenario 2 Scenario 3

Stakeholders Public health specialists/
policymakers as stakeholders

Parents Clinicians/nutrition counselors

Expectations of stakeholders Public health specialists/
policymakers will be interested in
determining the proportion of
SGA infants who have
malnutrition in the under-5 age
group. This information could be
used to develop policies for
better antenatal care and
targeted postnatal intervention.

Parents will be concerned about
both the risk of mortality in the
neonatal period and the risk of
malnutrition later.

The clinician/nutrition counselors
will be interested in knowing
whether dietary intervention can
prevent malnutrition in SGA
babiesda purist viewpoint.

Population of interest Term newborn infants from Indian
subcontinent countries

Same as Scenario 1 Same as Scenario 1

Primary exposure Inclusion:
Cases: SGA infants, defined as a

weight below the 10th percentile
for the gestational age.

Control group: Neonates with
appropriate weight for age.

Exclusion: Term infants with genetic
and syndromic illnesses.

Same as Scenario 1 Same as Scenario 1

Variable (end-point) at the patient
level

Children who develop acute or
chronic malnutrition between
6 mo and 5 y of age, as
diagnosed by the WHO criteria.

Children who die (any time after
birth until the age of 1 mo) or
develop acute or chronic
malnutrition between 6 mo and
5 y of age, as diagnosed by the
WHO criteria.

Same as Scenario 1

Population-level summary
measure

Odds ratio Same as Scenario 1 Same as Scenario 1

Intercurrent events Death at any time up to 5 y of age Death in the neonatal period. Death in the neonatal period.

Handling of intercurrent event Treatment policy strategy: All
included infants will be analyzed
for the outcome (malnutrition)
regardless of the intercurrent
event.

Composite strategy: Death in the
neonatal period will be added to
malnutrition as a composite
outcome. The likelihood of death
is higher in SGA infants during
the neonatal period. We assume
that the number of deaths from
causes other than malnutrition
would be similar in the
postneonatal age group in both
groups.

Principal stratum strategy: Both
cases and controls will be
included in the analysis starting
from 1 mo of age. By excluding
neonates who died before 1 mo of
postnatal age, we can isolate the
effect of SGA on malnutrition.
We assume that the number of
deaths from causes other than
malnutrition would be similar in
both groups after this exclusion.

SGA, small-for-gestational age; WHO, World Health Organization.
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counterfactual thought experiment, which gives rise to
translational DAGs. All the translational DAGs are then
combined to form one integrated DAG. Our approach devi-
ated from this method. As we expected a large number of
eligible studies, we adopted a pragmatic approach, whereby
we first constructed a single IG by considering all the fac-
tors identified in our review. We designated ‘‘malnutrition’’
as the outcome and ‘‘SGA’’ as the exposure variable of in-
terest. Two directed edges were drawn from the exposure,
passing through two mediators (‘poor nutritional intake’
and ‘persistent catabolic state’) and terminating at the
outcome [22]. The remaining causal factors were desig-
nated as the unassigned covariates. Directed edges were
drawn from each covariate to the exposure and outcome
Downloaded for Anonymous User (n/a) at Mahidol University Faculty o
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(assuming that all were confounders). IG was saturated
by drawing undirected edges between all confounders.

The hypothesized relationship between nodes was as-
sessed in both the forward and reverse directions using
Bradford Hill’s criteria of temporality, face validity,
and recourse to theory [46]. Finally, a counterfactual
thought experiment was applied to each relationship
[32,33,35].

These criteria were applied sequentially. The criterion of
‘‘temporality’’ requires that the postulated cause always
precedes the effect (if ‘yes,’ proceed to the next criterion;
If not, assess the reverse relationship). The next step was
to assess ‘‘face validity’’ and whether the postulated rela-
tionship was plausible (if ‘yes,’ proceed to the next
f Medicine Siriraj Hospital from ClinicalKey.com by Elsevier on 
rmission. Copyright ©2025. Elsevier Inc. All rights reserved.
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criterion; if not, assess the reverse relationship). ‘‘Recourse
to theory’’ criterion stipulates that the postulated relation-
ship must be supported by theory (If yes, always proceed
to the counterfactual thought experiment) [46].

The final step was the ‘‘counterfactual thought experi-
ment’’. This is a systematic thought experiment in which
potential outcomes are compared in a scenario in which
the entire study sample is exposed vs one in which there
is no exposure. The counterfactual thought experiment en-
tails retrospective reasoning, in which outcomes in the real
world are compared with outcomes in an alternative world
where causal factors are absent [32,33,35].

We prepared a final DAG by removing edges where a
potential relationship could not be conceptualized. The
entire process of constructing the DAG was undertaken
by two authors (V. C. and S. T.) sitting together, and going
by consensus. Any disagreements were resolved in a
meeting involving all 4 authors. DAGitty version 3.1 was
used for the construction of DAG [44].
3. Results

3.1. Results of the literature search

The literature search yielded 4818 records, of which 405
were screened for detailed assessment. Ultimately, 342 ab-
stracts were used for the data extraction (Fig. 1).
Figure 1. Flow chart showing the result of literature search
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3.2. Study characteristics

The sample sizes of the included studies varied widely
from 47 to 564,518 participants with a median (interquar-
tile range) of 2035 (7557). The highest number of studies
were from India (39%), followed by Bangladesh (27%).
The most common study designs were cross-sectional
(76%) and cluster surveys (16%). Both urban and rural pop-
ulations were included in 82% of studies. The anthropo-
metric outcome measures were length/height-for-age
(72%), weight-for-age (54%), and weight-for-height/
length (52%). Mid-upper arm circumference and body mass
index were used as nutritional indicators in less than 5% of
the studies (Supplementary Table 4).
3.3. Factor identification and handling

The literature review identified 81 factors, with the most
commonly reported being maternal education, poverty,
maternal malnutrition, socioeconomic status, and low birth
weight (Supplementary Table 5). Upon scrutiny, we labeled
the 4 factors as purely predictive and excluded them from
the causal model. The remaining 77 factors were grouped
into 17 single or composite nodes, referring to five do-
mains: socioeconomic, parental, child-related, environ-
mental, and political (Table 2).

Composite nodes (supernodes) comprised of factors that
had similar causal mechanisms. The availability of home,
and selection of abstracts for qualitative synthesis.
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Table 2. Causal factors, causal domains, and potential causal mechanisms of malnutrition

S. No. Causal factors Causal domain Number of studies reporting the factor Potential causal mechanisms

1. Poverty Socioeconomic 211 Less availability of food and housing;
poor sanitation; maternal malnutrition

2. Mother’s education Parental 155 A less educated mother is likely to be
unemployed and have high-risk
fertility behavior; likely to be less
aware of care during pregnancy and
child-rearing practices; might lack
autonomy in family decisions.

3. High-risk fertility behavior Parental 153 Very young or elderly mothers or those
with less birth spacing can be
malnourished, and all these can lead
to low birth weight, lactation failure,
and poor infant feeding.

4. Maternal malnutrition Parental 89 This can lead to pregnancy
complications, low birth weight, and
lactation failure.

5. Household security and hygiene Socioeconomic 88 Lack of housing, safe water, and
sanitation will lead to social insecurity,
less availability of food, and recurrent
infection; similar to poverty.

6. Awareness of mothers regarding
antenatal and child care

Parental 45 Lack of awareness might lead to high-risk
fertility behavior and malnutrition in
mother; low birth weight infant,
suboptimal feeding and immunization.

7. Child neglect Child-related 37 Apathy toward child can lead to poor
feeding and immunization, and
recurrent infection.

8. Recurrent infections Child-related 33 Catabolic state, poor appetite affecting
nutrient intake.

9. Immunization of child Child-related 20 Unimmunized children can have serious/
life-threatening and/or recurrent
infections.

10. Mother’s employment status Parental 16 Maternal unemployment can contribute
to poverty and lack of mother’s
autonomy.

11. Access to healthcare Political 15 Lack of health facilities in the vicinity
affects immunization rates and
awareness of mothers regarding
antenatal and child care.

12. Domestic violence or lack of mother’s
autonomy

Parental 12 This can affect nutritional status of
pregnant lady and her children and
immunization of children.

Can also lead to neglect of children in the
household.

13. Bottle feeding Child-related 8 Delays in complementary feeding can
lead to inadequate nutrition;
unhygienic bottle-feeding practices
can cause recurrent infections.

14. Migration, residence in disaster-prone
areas, and marginalized communities

Environmental 7 Acts through household insecurity,
decreased food availability, maternal
malnutrition, and poor immunization.

15. Psychiatric illness/addiction in the
family

Parental 5 It can affect nutrition of mother and
child, employment of mother; can
cause poverty and poor awareness
regarding maternal and child care.

16. Air pollution Environmental 3 Low birth weight through uteroplacental
insufficiency; chronic or recurrent
respiratory morbidities.

17. Genetic disorder or chronic systemic
illness

Child-related 2 Through chronic catabolic state or poor
feeding.

6 S. Tiwari et al. / Journal of Clinical Epidemiology 177 (2025) 111611
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safe water, and sanitation measures was labeled as ‘house-
hold security and hygiene.’ Inadequate nutrition and recur-
rent infections are likely to occur if household security and
hygiene are compromised. Marginalized or migrant com-
munities and people living in disaster-prone areas were
grouped as a single node, as all of them were vulnerable
because of poor access to household security and hygiene,
opportunities for education, stable occupation, immuniza-
tion, and access to healthcare. Domestic violence and a lack
of mothers’ autonomy were combined, as they could cause
emotional deprivation in the child and affect their nutri-
tional intake and healthcare needs. In this context, the ‘au-
tonomy’ implies ‘‘freedom of decision-making in matters
related to herself and her child’’ [47]. Psychiatric illness
and addiction in the family were clubbed together, with
the assumption that any such family circumstance could
cause neglect of the child, resulting in malnutrition. Simi-
larly, genetic disorders and chronic systemic illnesses were
combined into a single node, as both could lead to malnu-
trition via a persistent catabolic state and poor nutrient
intake. Table 2 lists the 17 factors, causal domains, and
causal reasoning.

3.4. DAG and minimal sufficient adjustment sets

The final DAG constructed using Bradford Hill’s criteria
and a counterfactual thought experiment is shown in
Figure 2. A detailed account of the decision for each
possible edge is provided as a decision log in
Supplementary Table 6. A summary of the retained edges
Figure 2. Directed acyclic graph (DAG) depicting the causal relationship betw
at 6 months to 5 years of age (outcome), incorporating causal pathways an
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is presented as a directed edge index (Supplementary
Table 7). The DAG consisted of 21 nodes, including pri-
mary exposure, outcome, mediators, and covariates. There
were 59 edges interconnecting the nodes. The DAG identi-
fied 12 minimal sufficient adjustment sets to estimate the
total effect of SGA on malnutrition. Minimal sufficient
adjustment set-1 consisted of a total of 9 variables of 17
candidate variables (access to healthcare, air pollution,
antenatal/childcare awareness, domestic violence/lack of
mother’s autonomy, genetic disorder/chronic systemic
illness, maternal malnutrition, migration/residence in
disaster-prone area/marginalized communities, poverty,
psychiatric illness/addiction). The other adjustment sets
are listed in Supplementary Table 8. No model has been
proposed for estimating the direct effect of SGA on malnu-
trition, because the relationship between these 2 is only in-
direct through mediators. The DAGitty code for the DAG is
provided in Supplementary Table 9.
4. Discussion

Here, we present a case study aimed at addressing an
important gap in the literature regarding the causal effect
of SGA on malnutrition. Although we hypothesized that
SGA does not cause malnutrition, the available literature
cannot answer this question. Whether our hypothesis is true
can only be answered by a well-designed observational
study in which all possible confounders have been condi-
tioned upon, all colliders identified, and there is no
een term-small for gestational age status (exposure) and malnutrition
d covariates (mediators, confounders, and colliders).
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measurement or selection bias [29]. Even large sample size
datasets from cluster surveys on childhood nutrition cannot
mitigate collider and confounding bias, because the list of
covariates is often incomplete and selected without causal
reasoning [31].

We performed a robust systematic review of the litera-
ture to identify the causal factors unique to the Indian sub-
continent. This ensured comprehensiveness in our
adjustment set and minimized unmeasured confounding.
We acknowledge that an observational design can never
perfectly address unmeasured confounding, which is an
advantage offered by the randomization procedure in an
RCT [48]. Moreover, even with an optimal collection of
causal factors, residual confounding cannot be eliminated
because of the imperfect measurement of latent traits in
the variables [31]. Despite the aforementioned limitations,
observational studies are the only recourse in this scenario
because it is not ethical or feasible to conduct an RCT [49].

Most previous studies on this causal query have not
considered a formal causal model to inform data genera-
tion. To our knowledge, this is the first study to integrate
causal theory recommendations to develop an evidence-
based DAG for malnutrition among SGA infants. In a pre-
vious systematic review, Mertens et al synthesized data
from longitudinal studies and identified the causes of
growth faltering in children from low- and middle-income
countries [9]. The authors constructed the DAGs for each
exposure. However, there are several noticeable weaknesses
in DAGs that cannot be compensated by the robust statisti-
cal techniques used in that review. First, there were errors in
selecting mediators and other covariates. Second, there is a
conflation between causal and predictive goals, although
both require different methodological approaches. Ram-
spek et al highlighted that conflation is a significant prob-
lem in observational studies and results in biased
estimates and erroneous conclusions [50]. In another sys-
tematic review, Christian et al estimated study-specific
and pooled risk estimates of stunting, wasting, and under-
weight due to SGA and preterm birth. They found that
the odds of stunting, wasting, and underweight were 2e3
times higher in term-SGA infants than in term
appropriate-for-gestational age infants [12]. However, the
trustworthiness of this effect size is debatable, because
the adjustment set was incomplete and not based on a
causal model.

We provide a simplified DAG for malnutrition in SGA
infants. A notable strength is that we formulated estimands
that catered to the interests of different stakeholders.
Explicit estimands that account for intercurrent events
add to the validity of estimates drawn from this causal
model. Interestingly, the causal model halved the number
of covariates required for deconfounding, thereby allowing
Downloaded for Anonymous User (n/a) at Mahidol University Faculty o
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for parsimony in variable selection. Moreover, the avail-
ability of 12 minimal sufficient adjustment sets ensures
flexibility in selection of confounders. We did not review
the full texts of the articles because of the large number
of eligible manuscripts. Instead, we adopted a pragmatic
approach to extract the required information from abstracts.
Unlike a typical systematic review process, we adopted a
rapid review methodology in which research quality ap-
praisals were not performed [37]. Nonetheless, we believe
that in the context of our objectives, this method provides
credible information from the end-user perspective [51].
Additionally, we assume that factors that were consistently
(consistency assumption of Bradford Hill criteria) reported
across studies provide a reasonable idea of important causal
factors [46].

Translating a causal model into data generation requires
the operationalization of causal variables [52]. Most of the
factors depicted in this DAG can be quantified using scales
(eg, health-seeking behavior, child neglect, domestic
violence, mothers’ autonomy, psychiatric illness, and socio-
economic status), health cards (eg, immunization and ante-
natal/postnatal care), or targeted interviews (eg, history of
infections, drug abuse, dietary intake, breastfeeding, and
complementary feeding).

Although we aimed to understand the causal effect of
SGA on malnutrition, the same set of factors can be used
to construct more DAGs to examine the focal relationship
between different exposures and malnutrition, with their
own set of assumptions. Our DAG provides a transparent
template with explicit assumptions that are open to scrutiny
by other experts in malnutrition research. We did not
include the structural approach of time-varying confound-
ing in this DAG, although many covariates can have
time-varying properties, such as breastfeeding, complemen-
tary feeding, poverty status, parental occupation, and avail-
ability of housing and sanitation [53]. We refrained from
including the time-varying structure, as it would have made
the DAG extremely complex. This qualitative evidence syn-
thesis is not backed by quantitative analyses as that was
beyond the scope of this study.
5. Conclusion

We offer an evidence-based DAG that will minimize
bias due to improper selection of causal factors in studies
focusing on malnutrition in term-SGA infants. Understand-
ing the causal factors of malnutrition is important for both
clinicians and policymakers. The availability of different
estimands, causal models, and minimum adjustment sets
can help researchers design future research and analyze
their data. In addition to investigating causality, DAG can
f Medicine Siriraj Hospital from ClinicalKey.com by Elsevier on 
rmission. Copyright ©2025. Elsevier Inc. All rights reserved.
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be applied to develop predictive models. Our study bridges
an important gap in the malnutrition literature.
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