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Section in
technical brief

Cross-sectional
data

Longitudinal
data

Outcomes:
mortality

Outcomes:
anthropometric

Key considerations

- Cross-sectional data provide a snapshot of a given situation at one point in time
- Relationships between exposures and outcomes can be investigated for their strength of

associations, but causality cannot be determined

- Repeated cross-sectional (panel) data can enable an exploration of time trends
- This data can be relatively quick to collect, but does not allow for an estimation of incidence,

is limited in its ability to explore seasonality, and does not enable the process of wasting and
stunting to be explored

- The Wasting and Stunting Technical Interest Group (WaSt-TIG) have utilised

survey data in particular

- Cross-sectional data has been useful to generate hypotheses that have been further explored

using different study designs

- These record characteristics from a group of individuals followed over time, with repeated

measurements in the same people

- This type of data can capture incidence and potential predictors of outcomes, but are still subject

to bias and do not guarantee that causality can be assessed

- Longitudinal cohort studies allow for investigations of multiple exposures with multiple

outcomes, a dynamic exploration of the interplay between exposure and outcome over time, and
an investigation of seasonal trends

- They are prone to loss-to-follow-up, may be expensive to conduct, and may have limitations

for generalisability

- The WaSt-TIG have used population cohorts and cohorts from nutrition treatment programmes

- The ultimate functional outcome of interest is mortality
- Mortality is a rare outcome
- Cause of death is often captured bluntly, making it difficult to attribute the full contribution of

nutritional deficits to risk of death

- Anthropometric criteria are imperfect proxies that help screen people for risk of mortality and adverse

outcomes, but in themselves are not necessarily the primary outcome (which is often mortality)

- Anthropometric outcomes are markers of risk on the pathway to poor functional outcomes
- Itis important to consider the process that leads to an individual becoming wasted or stunted, and

not just a focus on anthropometric cut-offs

- To enable comparison between studies, clear case definitions are required for incident cases, relapse,

persistent wasting, anthropometric recovery, episodes of wasting and stunting and concurrent
wasting and stunting (WaSt)

- Low weight-for-age is helpful to consider in study design as it captures children who are

concurrently WaSt (those at elevated risk of mortality), including infants under 6 months of age

- Anthropometric recovery does not necessarily mean that functional recovery (immune function,

cognitive function, the ability to grow and stay well) has been achieved; anthropometric outcomes
should be complemented by other measures of immediate and longer-term functional recovery

- The timing of outcome measurement matters, as peaks in wasting, stunting, and concurrent WaSt vary
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Section in
technical brief

Choice
of exposures

Considering
seasonality

Study duration

Data collection
frequency

Pooling
datasets

Data cleaning

Systematic
reviews

Key considerations

- Given the interplay between wasting and stunting over time, anthropometric outcomes can also

act as exposures of interest

- Common exposure variables, beyond anthropometry, are limited to age and sex in many datasets
- Other useful exposure variables to collect include socio-economic indicators, food security,

biochemical measures of nutrition status, measures of infection and inflammation, parental
characteristics (especially maternal nutrition and health) and gestational age

- Considering seasonality is essential for understanding the pattern of both

exposures and outcomes

- There is no single pattern of seasonality; the seasonality of a particular setting can vary year on

year and is constantly feeding in multiple stresses into different pathways

- Seasonality can sometimes be estimated by rainfall and temperature records
- Seasonal trends are fluctuations around a mean that are cyclical in nature; these can be modelled

in many different ways

- Although dependent on research questions, generally for population cohorts longitudinal birth

cohorts (covering pre-natal characteristics) followed up at least to 24 months are ideal

- For studies using programme data from nutrition treatment programmes, a minimum follow-up of

six months is suggested to capture the period of the highest risk of relapse

- Generally, more frequent data collection is better for greater precision around the timing of

exposures and outcomes

- Monthly data collection is particularly useful
- Increased data collection frequency is only useful if quality can be maintained
- Frequency will also depend on the definition of certain exposure variables, e.g. the minimum

interval required to capture an episode of growth faltering

- Not all exposure variables may need to be collected at each data collection time point
- Integration of study design with existing demographic surveillance systems can be beneficial if

data quality is good

- Mortality, severe wasting and concurrent WaSt are examples of relatively rare outcomes, requiring

proper sample size calculations to ensure their detection

- Pooling datasets is a common strategy to reach the sample sizes needed and improve

interpretations of generalisability of findings

- Successful pooling requires standardisation of datasets and proper permissions obtained

- Survey data can be cleaned by using flags for extreme, likely implausible, values
- Common data cleaning protocols for surveys include World Health Organization (WHO) and

Standardised Monitoring and Assessment of Relief and Transitions (SMART) flags

- The type of data cleaning protocol used can influence outcome estimates
- Data cleaning criteria for data from clinical and treatment programme and research settings can

be less clear-cut. These datasets often contain very sick children where some ‘implausible’values
may well reflect the reality

- Other data cleaning methods to consider include defining internal cut-offs, and pre-establishing

acceptable variation between data collection timepoints

- Looking at digit preference and the shape of the distribution provide further ways

to assess data quality

- Systematic reviews can be very useful for summarising the existing evidence base, exploring the

extent that certain observations have been seen in different contexts, and generating hypotheses
for future research questions

- Itis recommended to build on search terms used in previous reviews because search criteria that

allow for wasting and stunting terms to be searched separately (rather than being addressed
within the same article) will lead to an overwhelming number of articles being returned




cdlitnen,.

R
Nigs

iNntroduction

The Wasting and Stunting
Technical Interest Group

In 2013, the Emergency Nutrition Network (ENN) started
to explore the separation between wasting and stunting
in evidence generation, programming and policy. The
aim was to better understand the complex relationships
and associations between wasting and stunting in infants
and young children, and examine whether current
separations were justified or useful for achieving the
goals of improving nutritional status and decreasing
mortality risk in vulnerable populations. To facilitate this
process, ENN set up the Wasting and Stunting Technical
Interest Group (WaSt-TIG), a group of 41 volunteer expert
researchers, programmers and donors in the fields of child
growth, nutrition and epidemiology. The WaSt-TIG began
by examining the existing evidence on the relationship
between these two outcomes of undernutrition,
identifying and prioritising gaps in evidence, and then
set about filling in some of those evidence gaps. Since
2014, the project has gone through three phases, and is
currently in its fourth phase of implementation:

- Phase 1.2014-15: Reviewing existing evidence, defining
and prioritising the gaps

- Phase 2.2016-17: Exploring existing datasets to
investigate associations between wasting and stunting
and the implications for individuals

- Phase 3.2018-19: Delving deeper and communicating
what had been learnt to date

- Phase 4. 2020-date: Exploring implications for policy and
practice, for both programming and research

Aim and intended audience

The aim of this technical brief is to capitalise on and share
the extensive experience of the WaSt-TIG in scrutinising
data through the lens of the relationship between
wasting and stunting in the hope that it will inspire and

facilitate others to do the same. Data used by the group
include multiple datasets drawn from diverse settings and
which have been collected with a variety of objectives,
methodologies and study designs.

As a result of the work of the WaSt-TIG, there are a number
of lessons that have been learnt that may help researchers
and programmers involved in research, in their research
methodologies. These are relevant not only for the design
and planning of new studies, but also for the analysis of
existing datasets that can be looked at through the lens of
wasting and stunting.

Overview of technical brief

In this technical brief, we start with an overview of the
main characteristics of cross-sectional and longitudinal
data, and how these different types of data have been
used by the WaSt-TIG. In doing so, we set out some of

the strengths and limitations of both, and discuss which
research questions lend themselves to the different types
of data. We focus on these two types of data as these
comprise the study designs that have been predominantly
used by the WaSt-TIG to date. This is not to suggest

that other types of studies (e.g. case-control studies,
intervention studies and meta-analyses) are unimportant,
and we trust that the lessons learnt will be helpful for all
types of studies looking at wasting and stunting.

In the second part of the technical brief, we summarise
some of the learning and best practices arising from

the collective experience of the WaSt-TIG, focusing on
the choice of outcomes and exposures, consideration

of seasonality, duration of studies, frequency of data
collection, pooling datasets and data cleaning. We finish
with reflections on systematic reviews, and then provide
short overall concluding thoughts.

Box 1 provides an overview of key epidemiological
concepts that are referred to in this technical briefing paper.




BoX 1: key epidemiological concepts

Studies can be categorised into two broad groups:
those that are observational and those that are
experimental.

Observational studies: These are non-experimental,
meaning that no interventions are given. Participants
are simply observed and/or have measurements
taken without any attempt to influence the outcome.
There are three main types of observational studies:
cross-sectional, case-control and cohort studies.

Experimental studies: These involve the introduction
of an intervention and assess its impact on the study
population outcome(s). Those involved in the study
are usually randomised into a group receiving the
intervention and a group that does not receive it

(a control group for comparison).

All study designs can be influenced by various forms of
bias. This is particularly true of observational studies.
Bias leads to a false or incomplete interpretation of the
true association between an exposure and an outcome.
For example, this can include selection bias (e.g. where
selection of study participants into a cohort may not
be truly random and therefore may not accurately
represent the population of interest), information bias
(where measurements of exposures and outcomes
may be inaccurately measured or classified) and
confounding bias (1).

Confounders are variables associated both with the
exposure and with the outcome, and if they are not
taken into account, they can distort the interpretation

of the data. By way of illustration, Maria is looking at
cross-sectional data taken from a survey of infants

and children aged 0-59 months. She is interested in
the association between being breastfed that day (the
exposure) and being wasted (the outcome). Maria finds
there is a positive association between being breastfed
and being wasted. She knows that this may not
necessarily be a causal relationship, and she decides

to look at age as a potential confounding variable. She
finds that age is indeed associated with the exposure
(younger children are more likely to be breastfed than
older children) and is also associated with the outcome
(younger children are more likely to be wasted than
older children). Age is therefore a confounder in this
example. If Maria's sample contained more younger
infants than older children, age could help to explain
the association observed between being breastfed and
being wasted.

Age
/ Confounder \

Being breastfed

that day ——— Being wasted

Exposure Outcome

There are many useful resources that go into a more
detailed overview of the above concepts. Readers
wanting more information are directed to resources such
as Pearce (2012) (2), Delgado-Rodriguez et al. (2004)

(1) and McNamee (2003) (3). There are also free online
courses that cover an introduction to epidemiology.'

' Many such courses can be accessed here: https://www.coursera.org/search?query=epidemiology&
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Cross-sectional data

Key characteristics of cross-sectional data
Cross-sectional data provides us with a snapshot of a
situation within a specific population in a given location
at one point in time (4). Most studies using single time
point cross-sectional data are observational and enable an
estimation of the prevalence of the outcome of interest at
a given point in time (e.g. wasted, stunted or concurrently
wasted and stunted children) (2).

If exposure variables are collected within cross-sectional
studies, this allows for the investigation of the direction?
and strength of associations between certain exposures
and outcomes. These are often called ‘prevalence case-
control studies’ (2) and look at the difference in outcomes
between exposed and non-exposed study subjects. In
cross-sectional studies, associations between exposures
and outcomes are not necessarily causal. As with other
observational studies, cross-sectional studies are prone
to confounding and other types of bias. Box 2 provides
further information on ways to assess the strength of
evidence for a causal relationship.
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2 By ‘direction’ we are referring to whether the association between
the exposure and outcome is positively or inversely correlated.
Whether the association is positive or inverse tells us nothing about
the timing of exposure and outcome, nor about the strength of
claims of causality (see Box 2).

BOX 2: Assessing strength of

evidence for causality using
the Bradford Hill criteria

The Bradford Hill criteria were set out in an address in
1965 (5) to provide researchers with a flexible set of
criteria to help assess how likely it is that associations
found in data, investigating a disease outcome and
various exposures, are causal in nature.

1. Strength of the association: Small effect sizes
do not necessarily imply there is no causal link
between the exposure and outcome, but generally
larger effect sizes are more likely to strengthen
claims of causality.

Consistency: This is the extent to which findings

have been repeatedly seen in different contexts

(different places, investigators, circumstances

and periods of time).

Specificity: The likelihood of causation is greater

the more specific the outcome (disease) and

the sub-group of people affected (population),

and where there are few other likely pathways

that might explain the association between the
exposure and outcome.

Temporality: It must be considered whether

the exposure of interest occurred before the

measurement of the outcome, or whether there is

possibility for reverse causality (i.e. the outcome
affecting the exposure).

Biological gradient: This is also known as

dose-response. If the likelihood of an outcome

increases with greater exposure, this generally
strengthens claims of causality.

Plausibility: This is the extent to which the

association between the exposure and outcome

is biologically plausible, with the caveat that new
discoveries going beyond current knowledge
are always possible.

7. Coherence: This is the triangulation of findings
using different sources of evidence, for example,
the convergence of epidemiological and
laboratory findings.

8. Experiment: This is the extent to which
an association between an exposure and
outcome has been confirmed in experimental
(intervention) studies.

9. Analogy: This is whether there are
other associations between similar
exposures or outcomes.
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There have been many scientific advances since
1965, with examples provided by researchers on
how the criteria can be applied in the face of modern
molecular techniques (6), for example, but to this
day they remain helpful aspects to consider when
assessing causation.
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Repeated cross-sectional data taken within the same

population at different points in time,* sometimes referred

to as panel data, enable a description of how change
occurs over time at the population level, although not

at the individual level (4). Note that this design is not
restricted to observational studies, as cluster-randomised
trial designs may use repeated cross-sectional data in

an experimental context where subjects are assigned to
different exposures.

Studies using cross-sectional data can be relatively quick
to conduct, and they enable multiple outcomes and
exposures to be investigated. As such, they are often
used in the first stages of research to explore hypotheses
of mechanisms and associations that could be further
explored in other study designs, such as longitudinal or
intervention studies.

Other key limitations of cross-sectional data within the
context of exploring the relationship between wasting
and stunting include:

- The inability to estimate incidence of wasting and
stunting, which prevents estimation of the true burden
of the outcome. For example, particularly in the
context of wasting, the use of prevalence data alone
underestimates the burden, and a context-specific
incidence correction factor is required to generate more
realistic estimates (7).

- The difficulty of establishing seasonal trends in wasting
and stunting. The effect of seasonality on estimates
of undernutrition is well-established (8-11). Although
repeated cross-sectional data allow for a limited
exploration of seasonality, the identification of seasonal
peaks and patterns of co-variation over the year requires
longitudinal datasets (12).

- The inability to explore the process of wasting and
stunting, i.e. how and why anthropometric status
changes over time, as cross-sectional data enables
only the measurement of an individual’s status
at one pointin time.

The use of cross-sectional data in

the WaSt-TIG

The WaSt-TIG started by exploring existing cross-sectional
datasets, first, because they were easily accessible to the
group, and second, because the lens of the relationship
between wasting and stunting was new and so it was

felt that a number of questions could be at least partly
answered with this type of data. Analysing cross-sectional
data was felt to represent a useful starting point for

the WaSt-TIG to help guide which remaining questions
needed to be asked of existing longitudinal data, and
then which questions needed further primary research.

Furthermore, even if a question had been looked at
cross-sectionally in one context, it remained useful to
look at it at in another context for the triangulation of
research findings.

Much use has been made of survey data for this
hypothesis-generating phase of the work. Common types
of nutrition surveys using standardised sampling and
data collection methodologies include Demographic and
Health Surveys (DHS), Multiple Indicator Surveys (MICS),
specific national nutrition surveys* and Standardised
Monitoring and Assessment of Relief and Transitions
(SMART) surveys. DHS and MICS surveys tend to have
better national and sub-national representation but

less precision around nutrition outcome estimates,
whereas SMART surveys tend to have better precision
around nutritional outcome estimates but may have
limited national representativeness since they often

look at sub-national or small-scale levels (13). However,
national-scale SMART surveys have also been conducted
(14). The WaSt-TIG have used all types of surveys in their
analyses (15-17), have pooled data from DHS and MICS
(15, 16), and have analysed SMART surveys separately (17).

Selected papers in which the WaSt-TIG have used
cross-sectional data are summarised in Table 1 and the
main research questions that the cross-sectional data
have been used to answer are presented in Table 2.
Examples include:

- An early analysis of data from 560 nutrition surveys in
Asia and Africa looked at the extent to which mid-upper
arm circumference (MUAC) measurements could identify
children who were stunted as well as wasted (12).

- DHS surveys from Bangladesh, the Democratic Republic
of the Congo, Ethiopia, Pakistan and Nigeria were
used to estimate the burden of children who were
concurrently wasted and stunted in those countries (18),
estimates that had previously never been calculated.
Additional analyses using DHS and MICS surveys from
84 countries further explored the global burden of
concurrence and were stratified by age and sex (15, 16).

- SMART surveys from 51 countries were used to examine
how best to identify children who were concurrently
wasted and stunted, the severity of wasting and stunting
in those children, and the overlap between wasting,
stunting, and underweight measures in children (17).

There is general consensus from the WaSt-TIG that while
cross-sectional data were extremely useful in the first two
phases of the project, generating many hypotheses that
have subsequently been explored in other study designs,
there is likely limited utility in continued exploration of
survey data unless new hypotheses come to light.

3 Different people may be sampled at these different time points, but the overall sample population is the same.
4 For example, the most commonly used nutrition data in Pakistan are from the serial national nutrition surveys in 2001, 2011 and 2018.
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Longitudinal cohort data

Key characteristics of longitudinal cohort data
Longitudinal cohort datasets record characteristics from

a group (‘cohort’) of individuals that have been followed
over time, with repeated measurements/observations in
the same people (19). In these datasets, it is possible to
investigate people who are exposed or unexposed to a
certain factor, and then to estimate the subsequent risk of
developing an outcome of interest.

Unlike cross-sectional datasets, longitudinal datasets
enable the calculation of the incidence of an outcome
(new cases over time), rather than only the prevalence of
an outcome. They also enable the exploration of potential
predictors/drivers of an outcome, due to the ability to
know that a certain exposure occurred before the outcome
of interest. However, while they can account for more
confounding than cross-sectional datasets, they are still
subject to bias and it not possible to make definitive causal
claims. As described above for cross-sectional studies,
using the criteria in Box 2 can help in assessing whether it
is likely that causal relationships are present (21).

Longitudinal cohort studies have the advantages

of allowing the investigation of multiple exposures

with multiple outcomes, allowing for a more dynamic
exploration of the interplay between exposure and
outcome over time, and enabling an investigation of
seasonal trends if follow-up investigations capture
different seasonal windows. However, they are prone to
loss to follow-up of individuals (introducing potential
bias if those remaining in the study are different to those
who have been lost to follow-up®) (19). There are also
important limitations related to the representativeness of
the cohort to the general population. The generalisability
of longitudinal cohorts to the wider population depends
on several factors. For example:

- How similar those enrolled into the cohort are to the
wider population: population cohorts may share more
similar characteristics of the general population than,
for example, cohorts comprised of sick children from
nutrition treatment programmes, but even then, there
may still be important limitations to generalisability. For
example, some population cohorts may be limited to a
specific geographical location that is more accessible to
researchers, or enrolment into a population birth cohort
may depend on the referral of births at health clinics
rather than births occurring home.

- How the study was conducted may influence
representativeness: for example, a closely monitored
population cohort may involve better referral and
healthcare provision for participants than in the general
population, and therefore underestimate adverse
outcomes compared to the general population.

- While population cohorts of entirely untreated children
are very useful for exploring scenarios in the absence of
interventions, and especially valuable for investigating
associations between anthropometric indicators
and mortality, given the widespread availability of
treatment for severe wasting, these datasets are
rare and relatively old.

Use of longitudinal cohort data by the Wast-TIG
The WaSt-TIG have used two main types of longitudinal
cohort datasets in their research to date:

1. Population cohorts: These have comprised a defined
group of people, usually from community rather than
clinical settings, and have often made use of existing
demographic health surveillance data.

2. Cohorts from nutrition treatment programmes:
These are often datasets from Community-based
Management of Acute Malnutrition (CMAM)
programmes, comprising individuals admitted for the
treatment of severe wasting and monitored regularly
until discharge (and in some studies then subsequently
followed up post-discharge).

These two types of cohorts have been used to explore
different questions pertaining to the relationship between
wasting and stunting by the WaSt-TIG (selected papers
and questions summarised in Table 1 and Table 2).

For example, population cohorts have been used to:

- investigate which anthropometric indices are
independently associated with near-term mortality
in untreated’ children in Senegal (22), and in a later
meta-analysis of 12 cohorts of untreated children (23);

- explore the effect of age and sex on the relationship
between anthropometry and mortality (24, 25);

- explore the effect of seasonality on episodes of
becoming wasted, and the interrelationships between
early growth trajectories and subsequent risks of
becoming wasted or stunted in The Gambia (11); and

- build hypotheses around best anthropometric criteria
for identifying high-risk children for treatment in CMAM
programmes, and modelling the potential implications
for programme size and workload (23).

o

Cohorts can be either prospective or retrospective. In prospective studies the individuals are enrolled into the cohort, have exposure variables

measured at baseline and are followed up over time. At the time of enrolment, they have not yet developed the outcome of interest. In retrospective
cohorts the individuals have already developed the outcome of interest, and the researchers look back in time to assess the exposure variables.
More details on these definitions, with illustrations, can be found in Euser et al. (2009)(20).

@

~

However, this potential bias can be described accurately by comparing those followed versus not.
The data were collected before therapeutic feeding services for severe wasting were widely available in those contexts; ‘untreated’ here therefore

refers to children not receiving the package used today to treat severe wasting using a CMAM approach.
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Programme cohorts have been used to: - explore how children with concurrent wasting and
stunting (WaSt), with a focus on those who are severely
underweight, respond to treatment (an analysis of their
growth trajectories and outcomes) to inform future
intervention study protocols aimed at testing the level
of treatment intensity needed for this group (27).

- explore whether treatment for severe wasting enables
a restarting or acceleration of linear growth (12, 26);

- determine the proportion of children admitted for
wasting treatment who are stunted (12); and

Table 1: selected work from the Wast-TIG exploring associations between wasting and stunting

Paper description Type of data Research questions investigated

A technical briefing 560 nutrition surveys Cross-sectional, - Can MUAC identify children who
paper, including in Asia and Africa survey are stunted as well as wasted?
a narrative review - Does treatment for wasting enable a

CMAM programme Longitudinal,
data from programme
Malawi and the

Democratic Republic

and analyses of
various types of

data to summarise
associations between

restarting or acceleration of linear growth?
- What proportion of children admitted for
wasting treatment are stunted?

wasting and stunting GRHiSCengo
in programme
datasets (12)
1 An analysis of DHS surveys Cross-sectional, Burden of concurrent WaSt
five high burden from Bangladesh, survey

country datasetsto  the Democratic
estimate the burden  Republic of the
of concurrent WaSt Congo, Ethiopia,
for the 2015 Global Pakistan, Nigeria
Nutrition Report (18)

2 A re-analysis of DHS ~ DHS and MICS Cross-sectional,  Burden of concurrent WaSt, stratified by age,
and MICS datasets surveys from survey gender and United Nations region
from 84 countries 84 countries

to generate a

pooled prevalence
estimate of the
burden of concurrent
WaSt in those
countries (15, 16)

2 An analysis of Cross-sectional Cross-sectional, - Exploring the degree of overlap between
cross-sectional surveys using SMART  survey wasting, stunting and
datasets (SMART methodology from underweight children in surveys
surveys) to examine 51 countries - The association between being wasted
concurrence in and being stunted
more detail and - The severity of wasting and stunting
look at how best to in WaSt children
identify concurrently - The prevalence of WaSt by age and sex
wasted and stunted - Identifying the weight-for-age z-score and
children (17) mid-upper arm circumference thresholds

that best detect cases of WaSt
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Paper description Type of data Research questions investigated

An analysis focusing
on identifying those
children at most risk
of mortality using
cohort data from
Niakhar, Senegal (22)

2 An additional paper
which specifically
explores the patterns
of concurrent WaSt
in children under
five years of age in
the Niakhar, Senegal
cohort, highlighting
the increased risk
in boys (24)

3 Data from the
Medical Research
Council Unit The
Gambia surveillance
programme has
been another key
focus on the WaSt
work, with detailed
analysis carried
out on cohorts of
0-24-month age
groups in relation
to seasonality and
growth, wasting
as a risk factor for
stunting and vice
versa (11)

4 A multiple cohort
individual-
participant data
meta-analysis of
the risk of mortality
(within six months)
by anthropometric
case definition (23)

Community-based
cohort study,
untreated children,
Senegal

Longitudinal,
research cohorts

Community-based
cohort study,
untreated children,
Senegal

Longitudinal,
research cohorts

Retrospective cohort
analysis, based on
growth-monitoring
records spanning
four decades from
clinics in rural areas
in The Gambia

Longitudinal,
research cohorts

Retrospective cohort
analysis, based on 12
community-based
cohorts of untreated
children

Longitudinal,
research cohorts

- Which anthropometric indices
are independently associated
with near-term mortality

- Prevalence of wasting, stunting

and interaction

- Effect of age, sex and

anthropometric indicators on the
prevalence of concurrent WaSt

- Effect of age, sex, stunting, wasting,

and interaction on mortality

- Age-related differences in the prevalence

of stunting, wasting or concurrence

- Estimate whether infants who were wasted

in their first wet season tended also to be
wasted in the subsequent wet season

- Early growth trajectories and

subsequent risks of stunting

- Individual weight-for-length trajectories as

predictors of subsequent risk of stunting

- Longitudinal prediction of stunting through

the use of time-lagged wasting

- Which anthropometric diagnostic criteria

best identify children with a high risk of
death? Stratification by age

- Furthermore, how suitable are these

criteria for use as a case-finding and
admission criteria for therapeutic
feeding programmes?

- Hypotheses for implications for programme

intensity requirements by considering
the risk of mortality by different
anthropometric categories
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Paper description Type of data Research questions investigated

An extended analysis
based on the above
study (23) to further
investigate variations
in mortality risk
associated with
anthropometric
deficits in by age
and sex, with an
aim of informing
programming and
policy decision
making (in
progress) (25)

4 An exploration
of how severely
underweight and
wasted children

respond to treatment

using a pooled
secondary data
analysis to inform
future intervention
studies (in
progress) (27)

Retrospective cohort
analysis, based on 12
community-based
cohorts of untreated
children

Longitudinal,
research cohorts

17 CMAM datasets Longitudinal,

programme data

- Assess the effect of sex and age and

geographical region on mortality
associated with a number of
anthropometric case definitions

- How children with WaSt, with a particularly

focus on low weight-for-age z-score
(WAZ), respond during wasting treatment
programmes, including those who are
considered “non-responders”

- To explore WAZ growth trajectories

of children receiving treatment for
wasting in CMAM programmes

- To explore how WAZ relates to other

growth trajectories (MUAC, weight-for-
length z-score, length-for-age z-score)
in children receiving treatment for
wasting in CMAM programmes

- To explore WAZ and other growth

trajectories among children whose MUAC
does not reach the criteria for being
discharged as “cured” in order to inform
future discharge criteria
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Table 2: Examples of research questions looked at by the WaSt-TIG and types of datasets that

can and cannot answer them

Examples of research questions Cross-sectional Longitudinal Longitudinal (CMAM
(population cohort)  programme data)

What is the prevalence of wasting, stuntingand ¢ 4 v

concurrent WaSt?

Is the prevalence of concurrent WaSt greater v v ®

than could be expected if wasting and stunting
were independent phenomena? In other
words, is there evidence for a direct relationship
between the two?

Does wasting appear to be associated with v v v
stunting at one point in time, and vice versa?

What are the environmental, socio-economic, v v R
demographic, household characteristics

associated with wasting, stunting and

concurrent WaSt?

What are the environmental, socio-economic, v v ®
demographic, household characteristics

predictive of (i.e. drivers of) wasting,

stunting and concurrent WaSt?

What anthropometric (diagnostic) criteria v v v?
best capture children concurrently wasted
and stunted?

What is the influence of seasonality on wasting, v/ (Repeated v v
stunting and the relationship between the two? cross-sectional)
What is the association between earlier ® v 8

anthropometric status (birth anthropometry,
process/episodes of wasting/stunting) and later
experiences of nutritional deficits, morbidity
and mortality?

How does being treated for wasting affect & ®° v
linear growth?

Could children with certain anthropometric ® % v
criteria (or combinations of criteria) at

admission to wasting treatment programmes

be treated effectively with different intensities

of intervention?

Sex differences and stratification by age can v v 4
be carried out for all the above questions
(dependent on power)

& Note this will be a biased cohort of children already in a therapeutic feeding programme, so care should be taken with generalising to the wider population.
9 Unless the cross-sectional or longitudinal datasets contain a subset of children who were previously treated for wasting.

© Programme data can help build hypotheses around the best anthropometric criteria for identifying high risk children for treatment in CMAM
programmes, and modelling the potential implications for programme size and workload. However, an experimental study, such as a randomised
controlled trial, would then be needed to test the hypotheses.
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Choosing and
defining outcomes

As with all research studies, outcomes need to be

clearly defined, with details of how they are calculated,
and communicated in language that is accessible and
consistent with previous studies (where possible). The
primary functional outcome of interest is mortality.
Anthropometric measures reflect potential exposures on
the pathway to mortality and are therefore considered as
outcomes in many studies. For consistency, we also refer
to anthropometric outcomes for the purpose of this paper.

Mortality

Mortality is a rare outcome in many datasets, especially
where sample sizes are small and where treatment is
offered to individuals. For studies that do investigate
mortality as an outcome, it can be challenging to obtain a
cause of death (28). Most of the WaSt-TIG studies looking
at mortality have only been able to consider all-cause
mortality: categories of mortality causes, where they are
collected, tend to be very broad. For those starting new
cohorts, training on obtaining verbal autopsies will help
provide the necessary context to determine the likelihood
of deaths being nutrition-related or not (29, 30).

Anthropometric outcomes

The process of wasting and stunting

When considering the choice of outcomes, it is common
to focus on a fixed anthropometric cut-off, such as

those used to define a wasted, stunted or concurrently
wasted and stunted child. There is increasing recognition,
however, that it is important to consider the process that
leads to an individual becoming wasted or stunted, i.e. the
process of wasting and stunting. In the latest Lancet (2021)
maternal and child nutrition update series, Victora et al.
presented the distribution of height-for-age z-score (HAZ)
and weight-for-height z-score (WHZ) curves from the DHS
included in the paper’s analysis, and how they compared
to the WHO (2006) standards (31). In this paper, the DHS
surveys had HAZ and WHZ distributions that were shifted
to the left of the standard growth curves. This meant that
populations represented by the DHS surveys not only had
increased proportions of stunted and wasted children
compared to well-nourished populations, but also that
the whole population had a lower WHZ or HAZ than if they
had been well-nourished, i.e. even those children who

seemingly fell in the non-wasted or stunted categories
were growing below their potential. This reinforces a

need to focus on the process of wasting and stunting, on
how many children grow below their potential and the
implications of this, rather than solely on those who reach
the classification of being wasted or stunted (see Box 3 for
an illustration of this).

BoXx 3: An illustration of how to

consider the process of wasting

Take the case of a boy, Yusuf, who was measured
at the start of July with a healthy WHZ = +2.1.
Shortly afterwards, Yusuf became ill and started to
lose weight. At the start of September, Yusuf was
measured again and was found to have WHZ =
-1.5. At this stage, he would still not be classified
as being wasted, as his WHZ is above the cut-off of
WHZ <-2. However, he has been through a process
of wasting, potentially with implications for later
linear growth or other outcomes. It is therefore the
trajectory (and change from baseline) that could
be of interest from a research and programming
perspective, alongside the considerations of specific
anthropometric cut-offs.

Considering incidence

Researchers should maximise the utility of longitudinal
datasets by not limiting analyses to wasting and stunting
at one point in time, but also by considering cumulative
incidence / incidence proportion (new cases in a time
period). In the case of the WaSt-TIG, this is important

as capturing incidence enables a better estimate of the
true burden of wasting and stunting in the population,
compared to capturing information on prevalence alone.
Having a more accurate picture of the burden enables
better caseload projections for programmes, and
enables a more realistic exploration of the relationships
between wasting and stunting. For example, at the
population level it has been shown that using only

data on the prevalence of severe wasting vastly
underestimates the true burden, and that the extent of
the underestimation varies markedly by country (e.g.
underestimating the burden by 1.3 times in Niger, and
by 30.1 times in Burundi) (7).
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Defining relapse, persistent wasting and episodes

To understand the experience of wasting and stunting

in individual children, and the implications for different
outcomes, it is important to look at whether episodes

of being wasted are repeated over time (relapse cases).

In order to do this consistently, a decision is required on
the length of time children need to be ‘recovered’ before
being considered a relapse case. For example, some
studies use a minimum 60-day period of recovery before a
relapsed case is recorded (32).

In some studies, a definition of persistent wasting has been
adopted as a way of quantifying those children who dip in
and out of being wasted (doing so more frequently than
could be captured by the definition of relapse above).

A definition of persistent wasting needs to be decided

in advance, and depends on the study timeframe and
frequency of measurements. For example, Mertens et

al. (2020) in their meta-analysis of cohorts decided that
persistent wasting would be defined as those that have

at least half of their WHZ measurements falling below -2
over the first two years of life, where measurements were
taken at least monthly (32). While different studies may use
different definitions, the most important aspect is for the
definition to be clearly stated, to facilitate interpretation of
results between studies.

For population cohorts looking at episodes of wasting and
stunting researchers will need to decide how to designate
the start and end of a unique episode (the episode period).
This will depend on how frequently measurements are
collected (see section below), with some studies using the
mid-point of two time points to estimate this."

Concurrent WaSt

For studies looking at individuals who are concurrently
WaSt (whether as an outcome or an exposure), a clear
definition is particularly important, as those who are
categorised as wasted by a low MUAC definition will
likely not be the same individuals as those categorised

as wasted by low weight-for-length/height (33-35). In
most studies, the definition for concurrent WaSt has been
those individuals with a weight-for-length/height z-score
(WLZ/WHZ) <-2 and a length-for-age/height-for-age
z-score (LAZ/HAZ) <-2."? Box 4 provides the rationale for
this and explains why many subsequent studies have
continued to use this definition, despite the increasingly
widespread use of MUAC.

While concurrent WaSt has been an important focus in
many of the studies that the WaSt-TIG have supported
(Table 1), a key advantage of longitudinal analyses is

the opportunity to improve the understanding of how
episodes of wasting contribute to the aetiology of
stunting and, likewise, how stunting (already evident

at birth or later episodes) contributes to the risk of later
wasting. As such, concurrence of wasting and stunting
may only be part of the picture to consider, and a
longer-term exploration of the interplay between stunting
and wasting (i.e. with both as potential outcomes and
exposures) may be relevant. Indeed, the WaSt-TIG and
others have gone on to explore such themes (11, 38).

BoX 4: The definition of concurrent

WaSt within the WaSt-TIG

A key paper that influenced the thinking behind
many of the topics addressed by the WaSt-TIG

was the McDonald et al. 2013 meta-analysis of 10
datasets from low- and middle-income countries,
which explored the effect of multiple rather

than single anthropometric deficits on the risk of
mortality in children (39). In this paper, the highest
risk of mortality was among children who were
concurrently stunted (HAZ<-2), wasted (WHZ <-2)
and underweight (weight-for-age z-score [WAZ] <-2);
compared with children with no anthropometric
deficit, the mortality hazard ratio was 12.3 (95% Cl:
7.7, 19.6). The recruitment dates for the included
studies ranged from 1977 to 1995; MUAC was not
included in the analyses.

Additional analyses using cross-sectional datasets
comprising almost 1.8 million children showed that all
children with concurrent WaSt were also underweight
(17), and therefore that it was sufficient to simplify
approaches by focusing on concurrent WaSt rather
than the overlap of all three anthropometric deficits,
i.e. a focus on concurrent WaSt does not deliberately
ignore underweight. Since the WaSt-TIG have wanted
to explore how best to capture children at the

highest risk of mortality, the same case definition

of concurrent WaSt has been commonly used since
then, i.e. WHZ/WLZ <-2 and HAZ/LAZ <-2.

Studies have shown that both WAZ and MUAC
measures are reasonably good at identifying children
with WaSt. Furthermore, a combination of severely
low MUAC (<115mm) and severely low WAZ (<-

3) criteria capture children at the highest risk of
death, including those with concurrent WaSt (17,

22), who would otherwise (due to the number of
measurements required) be more difficult to identify.

" Investigators will not know the final outcomes of some individuals after the end of the study (right-censoring) (e.g. whether an individual in a
current episode of wasting would go on to recover, die or not respond) and therefore a decision needs to be made in advance on how to deal
with this. For example, some investigators require that datasets need to have at least half of cases recovered in the study period (32).

2 From a research point of view, it is important to recognise that in very young (or very stunted) children with a length <45cm, WLZ is not calculated (36)
and therefore the presence of concurrent WaSt cannot be determined. Furthermore, some researchers would argue that small-for-gestational age needs
to be considered as a separate anthropometric category in the newborn period, with a transition to standard indicators of WHZ and WAZ measurements
by three months of age. Given high rates of prematurity in some populations, this may help avoid over-diagnosing wasting in early infancy (11, 37).
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Defining recovery

For studies using data from CMAM treatment
programmes, as well as those using population datasets
that need to define a period of ‘normal’ growth or
‘recovery’ after an episode of wasting, it is important

to remember there is no gold standard definition of
‘recovery’. Anthropometric criteria are imperfect proxies
that help screen people for the risk of mortality and
adverse outcomes, but in themselves are not outcomes.
Anthropometric recovery does not necessarily mean
that functional recovery (immune function, cognitive
function, the ability to grow and stay well) has been
achieved (40). It can be challenging to define functional
outcomes that can be measured at the population level,
both due to lack of data on what other markers would be
needed to define functional recovery, and the prohibitive
cost and logistics of measuring these at the population
level. Where possible, a greater diversity of outcome
measures beyond anthropometry will help further
knowledge and practice on this issue.

When anthropometric definitions of recovery are used,
these are often based on common case definitions,

e.g. for children aged 6-59 months, these may include
reaching MUAC >125mm and/or WHZ >-2. However,
these case definitions are not always standardised across
programmes and studies, meaning it is essential for
researchers to clearly state their definitions. Furthermore,
there is still much learn about anthropometric definitions
of recovery. As described in Box 4, it has been increasingly
recognised that concurrent WaSt, captured well by
screening for low WAZ, identifies children with an elevated
risk of mortality. Studies are therefore beginning to
explore the implications of this finding for admission and
discharge criteria for therapeutic feeding programmes.

It might be decided, for example, that children with low
WAZ (<-3) should receive therapeutic feeding; however, it
might be found that some of these children have a MUAC
>125mm (i.e. they are not considered wasted). What
would the appropriate definition of recovery be for this
subset of children? This is the topic of an upcoming trial
led by the International Rescue Committee in Mali, with
data collection starting in 2022.

Timing of outcome measurement

Finally, it is important to consider the timing of
measurements of outcomes. For example, in a
meta-analysis of 10 cohorts, the peak prevalence of
wasting was in the first three months of life, whereas
peak incidence of wasting was at 12-15 months, and
peak stunting prevalence was at 18-21 months (32, 41).
Individual studies may need to examine existing data
to help decide on the optimal time to measure

specific outcomes.

Choice of exposures

Looking at an outcome on its own does not shed light
on how to mitigate the risk of that outcome. Exploring
exposure variables for both wasting and stunting helps
us to understand potential risk factors (including those
that are common to both), and therefore also potential
pathways to impact that can inform the design and
testing of programmatic improvements. Given the ability
of longitudinal data to explore the interplay between
wasting and stunting, many of the anthropometric
outcomes listed in the above section also form exposure
variables of interest. A few examples of this include the
analysis of whether being wasted in the previous three
months is predictive of being stunted at a given time
(time-lag analysis), or whether early life trajectories of
WLZ (over the first two years of life) are predictive of
being stunted 20-24 months of age (11). There are many
combinations of research questions that fit in this theme,
and the above guidance on anthropometric outcomes is
also relevant here in this exposure section.

Many datasets that have been used for secondary data
analyses by the WaSt-TIG have had limitations in the
available exposure data. For example, in the pooled
dataset of cohorts informing recent analysis of mortality
risk (25), there was no consistently available exposure
data beyond anthropometry, age and sex. This has meant
the investigators have been restricted in the analyses
that they can do and what can be adjusted for, in turn
involving assumptions being made in attributing risk to
a nutritional deficit. For example, these could include
assuming all deaths are the result of nutritional deficits,
and not being able to quantify the true proportion

of deaths caused by accidents or other morbidities
unrelated to the nutritional deficits (25).

Across the datasets being used, the quality and diversity
of exposure data varies in terms of when the data were
collected, what the research question was at the time (if
using research data), and what resources were available.
This, of course, means that current analysis plans are
necessarily dependent on the research questions and
covariates given priority at the time of the original

data collection. This point is particularly relevant when
datasets are being pooled to increase sample size

(see section below) and researchers are aiming to get
consistency across all exposure and outcome variables
for meta-analyses.

While the specific exposure variables of interest and other
covariates collected will depend on the research question,
there are some common variables that consistently
appear in the limitation sections of WaSt-TIG papers as
variables that would have been useful to have information
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on to aid with interpretation and generalisability of
findings. Beyond age and sex, which are often captured,
examples of some of these additional variables include:

- Socio-economic indicators: e.g. household

size, measures of wealth

Access to healthcare, including antenatal care

Food security: measures of household and

individual food security

- Nutritional status beyond anthropometry: dietary

diversity and adequacy, biochemical measures of

nutrient status, where feasible

Measures of infection, inflammation and

intestinal dysfunction

- Parental characteristics: anthropometry, dietary
patterns, nutritional and health status, education
and livelihoods. These may be particularly useful in
studies related to wasting and stunting because, for
example, they may form possible explanatory factors
for why there are sex differences in early childhood
nutrition status (42, 43).

- Gestational age estimates: to be collected in birth
cohorts. These especially useful for understanding
growth trajectories in young infants and subsequent
risk of mortality, hospitalisation and neonatal
complications (44, 45).

Considering seasonality

The effects of seasonality on exposures and outcomes

in nutrition studies have been well-described (8, 46-49),
although there remain many gaps in understanding.
Choosing variables that indicate seasonality can be
challenging, especially for pooled analyses involving
datasets from different agro-ecological, socio-economic
and cultural areas. Often particular months of the year
are known to be generally associated with wet and dry
seasons (11), although rainfall patterns are not necessarily
consistent year on year (46). It can be tempting to assume
that there is just one seasonal pattern in a given location.
However, studies have shown that while so many aspects
related to early life nutrition are seasonal (e.g. maternal
diet and food insecurity, maternal body mass index,
neonatal anthropometry), there is no single pattern:
infection risk may have one pattern, maternal workload
another, heat stress in pregnancy another, cultural factors
another, food insecurity another, and infant growth yet
another (50). The seasonality of a particular setting can
vary year on year and is constantly feeding multiple
stresses into different pathways, and these can be difficult
to entangle in one location, let alone in pooled analyses.

One example of how the WaSt-TIG has investigated
the effect of seasonality is in a retrospective cohort
study from The Gambia (11). Here, clinic-based routine

growth-monitoring data was used to look at patterns

of growth in children from rural villages, including

an investigation of whether the season of their birth
influenced wasting and stunting later in life. Growth
trajectories were stratified by whether the children were
born in the wet season (July—-October) or in the dry season
(the other months of the year). Ways in which other
researchers have accounted for aspects of seasonality in
pooled analyses include using actual rainfall data from
the time period and location to help define seasonal
windows (32). A more involved method goes beyond
doing this at the broad geographical level to pairing
individual anthropometric data with the most precise
temperature record of the location and date available
(‘spatiotemporally-varying climate data’) (51).

In longitudinal datasets the seasonality of exposures and
outcomes will need to be visualised and accounted for in
analyses. Seasonal trends are fluctuations around a mean
that are cyclical in nature. There are a number of ways
these can be modelled, for example using cubic splines
or Fourier terms. Useful explanations and examples on
how to model seasonality in data include Marshak et al.
(2021) (46), Saville et al. (2021) (50), Schoenbuchner et al.
(2019) (11), Mertens et al. (2020) (32), Fulford (2014) (52)
and Zhu (2021) (53).

Duration of study

When setting up new studies to look at issues related

to wasting and stunting, the duration of data collection
in a population or programme cohort will depend on

the specific research questions, as well as the resources
available. Some key lessons by the WaSt-TIG have been
learnt in this regard. In the past, for example, research
using CMAM programme data tended to focus on the
period of time under wasting treatment, with then

either no follow-up subsequently, or limited follow-up
post-discharge period. However, to capture the full
impact of wasting on later growth trajectories, the work
of WaSt-TIG members has highlighted the need for longer
follow-up periods (11, 26, 32). Furthermore, previous
research has demonstrated there is a high prevalence of
wasting and stunting present at birth and early in life (11,
32,41, 54), and that episodes of wasting experienced
early in life are associated with later episodes of wasting
and stunting (11). To gain a fuller picture of the window
of exposure, for population cohorts a longitudinal

birth cohort is recommended. Ideally this will be with
gestational age and birthweight data as available (see
section above). The duration should be from birth to as
long as possible, but ideally capturing pre-natal data and
continuing follow-up at least up to 24 months to capture
the peak prevalence and incidence of anthropometric
deficits (see section on anthropometric outcomes above).

18




Research methods for studies looking at the
relationship between wasting and stunting

A systematic review considering studies that followed up
children after severe wasting treatment found that risk of
relapse was highest in the first six months post-discharge
(55). Therefore, when using data from children treated
for wasting and then discharged, follow-up should be

for at least six months, with regular data collection (see
following section), in order to capture the risk of relapse.

Frequency of data collection

As with deciding the duration of a study, the frequency of
data collection also depends on the research questions
being investigated. For example, if the only outcome is
near-term mortality, data collection at six-month intervals
may be sufficient (provided there is good dating and
classification of the death, which can be challenging).
However, generally more frequent data collection is better
for greater precision around the timing of exposures and
outcomes. Monthly intervals have proved particularly
useful in previous WaSt-TIG studies using population
cohorts, and weekly data collection for studies using
treatment programme data. The longer the intervals
between data collection during follow-up, the harder it
becomes to attribute a given outcome to a risk factor and
test hypotheses of predictors of outcomes. The increased
frequency, however, comes with certain caveats: more
frequent data collection is beneficial only if data quality
and the required depth of investigations (i.e. the number
of variables being collected) can be maintained.

How exposures of interest are defined also feeds into the
required data collection frequency. For example, if growth
faltering is a risk factor of interest, the minimum interval
needs to be specified and then data collection planned
accordingly. In a detailed cohort study in The Gambia
that collected anthropometric data every two days,
growth faltering in individuals could be identified using
weekly data collection. In that example, rates of faltering
would be underestimated or missed if the frequency of
assessment was reduced to twice monthly or monthly
data collection (56).

The frequency of data collection by field investigators
will also depend on the study design. Furthermore, the
number/type of variables being collected at each data
collection point may vary; a tool for a six-monthly screen
may look different to the more frequent monthly or
quarterly follow-ups. In some settings, it may be possible
to utilise existing demographic surveillance systems for
certain records (e.g. mortality outcomes and sometimes
morbidity and anthropometric records, depending on the
surveillance system). This might then reduce the need for
regular follow-up in cases where the surveillance system
is good, and therefore require planning only for the
collection of data on additional exposures and outcomes
at less frequent intervals.

Pooling datasets

Many of the studies the WaSt-TIG have conducted have
investigated rare outcomes such as mortality, severe
wasting and concurrent WaSt. These less frequent
outcomes require a large sample size and stratifying the
data to analyse outcomes in different categories (e.g.
household factors, sex, age band) further increases the
sample size requirements. One strategy the WaSt-TIG
have used to overcome this constraint has been to pool
datasets from comparable contexts to ensure there is a
sufficient sample size for the investigations and to allow
for meta-analyses.

To successfully pool the datasets, the WaSt-TIG members
have first needed to standardise them. For pooling
cross-sectional surveys, standardised data collection
methodologies, such as those for DHS and SMART surveys,
have helped with the process of pooling data (15-17).
Pooling can often be harder for population cohorts (with
different selections of exposures, outcomes and data
collection frequency) and nutrition treatment programme
datasets (with their differing admission and discharge
criteria), although sometimes raw data can be used to
re-calculate exposures and outcomes (27).

Obtaining permissions for pooling datasets is essential
and while relatively straightforward for publicly available
data (such as DHS surveys), this can be time-consuming
for restricted datasets. All datasets (and even more so

for older datasets, e.g. those used for mortality analyses
among untreated children) require permission for use
from the original principal investigators or research
institutes and/or ethical committees of studies, agreeing
co-authorship, assessing the compatibility of variables,
negotiating different file formats, and performing
recalculations using the raw data (e.g. converting z-scores
using the National Center for Health Statistics (NCHS)
reference to the WHO 2006 growth standards, or making
a common definition of anthropometric exposures and
outcomes across datasets). The considerable time required
for completing these steps should be factored into
planning, and for new study designs, common definitions
of exposures and outcomes should be considered where
possible to allow for future meta-analyses.

Data cleaning

Due to the use by the WaSt-TIG of many different types

of datasets in their analyses, an issue that has been
discussed at length by members has been what the most
appropriate method of data cleaning is depending on the
source of the data. For survey data, it is common to use a
standard data cleaning protocol that excludes potential
outliers from the raw data based on z-score cut-offs. There
are several common methods for cleaning survey data
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(57), but two of the most widely used protocols adopt the
WHO (2006) flags (58) or the SMART flags (59) (see Table
3). These aim to remove extreme (i.e. likely implausible)
values that are more likely to be measurement error rather

than reflect true measurements, and are used particularly
when it is known that survey teams cannot return to the
households to verify extreme values.

Table 3: examples of exclusion criteria for data cleaning using WHO (2006) and SMART (2013) flags

WHO (2006) growth standards (58) HAZ < -6
HAZ > 6

SMART flags (59) HAZ < -3
HAZ >3

WAZ < -6 WHZ < -5
WAZ > 5 WHZ > 5
WAZ < -3 WHZ < -3
WAZ >3 WHZ >3

Abbreviations: HAZ, height-for-age z-score; WAZ, weight-for-age z-score; WHZ, weight-for-height z-score.

The choice of cleaning protocol makes a difference to
estimates of the prevalence of malnutrition (57, 60, 61),
and hence must be carefully considered, especially when
using pooled datasets, where one cleaning method
should be applied to raw data if possible (unless it has
been pre-specified that all datasets have used the same
data cleaning protocol).

For data coming from clinical and research settings,
especially when individual children have been measured
several times by trained clinicians or anthropometrists in
longitudinal datasets, the choice of data cleaning protocol
is not so straightforward (and indeed is a continued area of
discussion within the WaSt-TIG). Many papers using such
datasets do adopt the same data cleaning protocol as with
survey data, especially the use of the WHO (2006) growth
standards flags. Some papers using MUAC will additionally
set their own MUAC cut-offs based on the range most
likely to be biologically plausible (e.g. excluding MUAC <70
mm or >240 mm in children -59 months (23)). However,
some researchers are concerned that using these data
cleaning protocols may exclude children who are very

sick or undernourished, and genuinely have extreme
anthropometric measurements. The WHO (2006) growth
standards flags are broadly designed to reflect the values
incompatible with life. Clinical and programme datasets
often contain very sick children who are indeed at high risk
of mortality due to their level of wasting and stunting. In
these settings, it is therefore likely that some ‘implausible’
values do reflect the reality. More resources and general
information of data cleaning are provided in Box 5.

Given there is no universally agreed-upon data cleaning
protocol for longitudinal data, it may be that each research
team needs to decide in advance what difference in
measurements between time points are plausible, to try to
ensure that variation between consecutive measurements
represents realistic change. Given these criteria may well
vary in different contexts, when it comes to data pooling,
it is again best to use raw data where possible and then
apply one data cleaning method to all datasets.

BOX 5: More resources and

information on data cleaning

The topic of data cleaning procedures and their
implications have been considered in depth by
several researchers. As one example, a recent paper
by Woolley et al. (2020) further outlines the details
about what data cleaning techniques might be
inappropriate, and what some of the alternatives could
be (60). Many alternatives are described in the paper,
including defining internal cut-offs, using a certain
number of box lengths from the 25 or 75™ percentile
to determine which z-scores to exclude; using various
cleaning methods specific to longitudinal datasets
that plot the trajectories of individuals and determine
outliers based on expected trends; and using linear
spline regression models, as well as the authors’ novel
five-step data cleaning algorithm.

Additional considerations to help assess data quality
of anthropometric data, especially relevant to survey
data, include:

- Digit preference (the tendency of length/height
measurements to cluster at digits commonly used
in rounding, for example .0 and .5, or age estimates
‘heaping; e.g. at 0, 6, 18, 24 months).

+ The shape of the distribution (skewness and
kurtosis) and the size of the standard deviation of
the z-scores (a measure of variability in the data).
Generally, anthropometric variables from high-
quality datasets, when converted into z-scores and
compared with the reference population, would
demonstrate a symmetrical distribution with
a standard deviation close to 1.0 (62). A higher
standard deviation may indicate a greater risk of
measurement error (63). The acceptable standard
deviation varies by the anthropometric indicator,
and the WHO Global Database on Childhood Growth
and Malnutrition contain methods guidelines
describing the following acceptable ranges (58):

- HAZ:1.10 to 1.30;
- WAZ: 1.00 to 1.20; and
- WHZ:0.85 to 1.10.
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Experience of the WaSt-TIG
with systematic reviews

- Systematic reviews can be very useful for summarising
the existing evidence base, exploring the extent that
certain observations have been seen in different
contexts, and for generating hypotheses for future
research questions. For example, a recent systematic
review published by the WaSt-TIG highlights
population-level data that shows that wasting, stunting
and concurrent WaSt are all more prevalent in boys than
girls, and that wasting is higher in younger children,
while stunting is higher in older children (64).

- As with all systematic reviews, those on topics related
to wasting and stunting must carefully consider what

he WaSt-TIG have used a variety of types of
datasets to explore associations between wasting
and stunting over the past eight years. This has
largely focused on cross-sectional data in the
early phases to explore hypotheses which were then
further investigated in longitudinal datasets, using both
population cohorts and nutrition treatment programme
cohorts. Explorations using intervention study designs
are in their early days, but are building on the lessons
learnt from the wealth of analyses done using existing
datasets to date. The hope is that in the near future
such intervention studies (e.g. see the proposed ENN
prospective cohort protocol (65)) will further strengthen
the evidence base and claims around causality, as well
as contribute towards potential nutritional treatment
options for children at the highest risk of mortality.

We hope the practices outlined in this technical brief will
be useful to those looking at related questions in existing
datasets (there are plenty of rich datasets with good
quality longitudinal anthropometric data that have not
been fully explored), as well as for setting up new studies.
The types of research questions remaining (Box 6) lend
themselves to longitudinal datasets, both population and
treatment programme cohorts, rather than cross-sectional
data. The above practices and suggestions are far from
comprehensive, and there are undoubtedly some that have
been overlooked. Furthermore, data analysis is an aspect
that is highly specific to the type of data, study design and
research question; it has been beyond the scope of this
technical brief to explore detailed statistical considerations.

We conclude this briefing paper by acknowledging the
huge body of work that has been undertaken globally
linked to or outside of the specific activities of the
WaSt-TIG group and that has contributed to our collective
understanding of good practices and knowledge gaps
within research practices.

conclusions can be drawn without meta-analysis,

what the strength of evidence and risk of bias is from
individual studies, and should provide clear reflection
on what research questions still remain. For future
systematic reviews on related topics, it is recommended
to build on search terms used in previous reviews (e.g.
see methods section of reference (64)) as search criteria
that allow for wasting and stunting terms to be searched
separately (rather than being addressed within the same
article) will lead to an overwhelming number of articles
being returned. Furthermore, age categories vary and
are not always easy to compare, with some studies in the
systematic review pooling estimates for 6-23 months
and others using 0-30 months.

We therefore encourage readers that have further
specific questions on research methods relevant to the
work of the WaSt-TIG to contact the team directly at
philip@ennonline.net.

Box 6: Examples of further research

questions in WasSt-related work

Examples of pending research questions are found

in the discussion sections of the key literature

from the WaSt-TIG, outlined in Table 2. Thurstans
etal. (2021) (64) and Angood et al. (2016) (66) are
particularly useful for highlighting remaining topics
for investigation. Other examples of remaining
questions include further investigation into the
relationship between concurrent WaSt and mortality.
For example, we do not yet know whether it makes a
difference to mortality risk if concurrent WaSt results
from a child who has been stunted for months/years
and then experiences rapid weight loss, compared
to a persistently wasted child who slowly becomes
stunted through limited linear growth. Nor do we
know whether the heightened mortality risk is
limited to those experiencing a tight timeframe

of concurrence (i.e. restricted to simultaneously
experiencing both conditions), or whether episodes
of wasting and stunting falling consecutively but not
necessarily simultaneously also confers an elevated
mortality risk. We also do not know how those with
concurrent WaSt, possibly detected more simply by
severe underweight, but who are not severely wasted,
should be treated. The WaSt-TIG have published a
protocol for a prospective cohort study to explore
this latter point (65) and the International Rescue
Committee are starting a trial in Mali in 2022 which
will also help explore these scenarios.
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