Research Agenda Brief

Research agenda to address gaps in data collection, analysis and
reporting on anthropometric indicators in children under 5 years old
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Assessment and reporting of anthropometric
data quality in population-based surveys

Statement of problem

The accuracy of population-level nutritional status
indicators depends on rigorous implementation of
recommended practices for collection, management,
cleaning and analysis of anthropometric survey data.’
Data quality has improved over the past few decades as
the result of closer supervision and quality control of field
work, which can mitigate errors in real-time.2® However,
there remains substantial variability in data quality
between surveys as well as across teams carrying out
the same survey.*’ Survey methodology (e.g., household
listing and sampling procedures, age eligibility) can also
affect elements of quality scoring, such as the proportion
of missing values.® Therefore, standard methods for
assessing and reporting survey quality are required to
contextualize the interpretation of survey results and
support decisions regarding their inclusion in global
databases used for monitoring trends. They are also
required to enable differential weighting of data sources
when aggregating surveys in global modelling exercises,
and, when justified, to exclude unacceptably low-quality
anthropometric datasets.

In the 2019 Recommendations for data collection,
analysis and reporting on anthropometric indicators in
children under 5 years old,” the World Health Organization
(WHQO) and United Nations Children’s Fund (UNICEF)
described a comprehensive set of indicators for data
quality assessment, elaborating on indicators originally
proposed by the 1995 WHO Expert Committee.® Because

anthropometric data collection and recording is affected
by a variety of random and systematic errors,® a range of
indicators are used to reflect the precision and accuracy
of height, weight and date of birth data, as well as factors
that affect the representativeness of the survey sample
(i.e., completeness, age and sex distributions)”. Quality
measures are not all correlated with one another,”'® which
suggests the value of including complementary indicators
that capture distinct dimensions of data collection and
recording practices (Table 1). Multi-indicator scores

or indices have also been used to provide an overall
assessment of each survey.®8” Although such scores or
indices have not been formally validated, surveys known to
be of particularly low or high quality appear to be ranked
accordingly by them.®® The Standardized Monitoring

and Assessment for Relief and Transitions (SMART)
programme, which is widely used by international
agencies and national nutrition surveys, includes a series
of ‘plausibility checks' that are aggregated into an overall
quality score — a process that is automated using the
SMART Emergency Nutrition Assessment software. '

The 2019 WHO/UNICEF Recommendations highlight
numerous limitations of existing quality indicators.' A
general concern is the lack of empirical evidence to
define thresholds above or below which surveys should
be flagged as low quality; as such, a specific cut-off was
only endorsed for one indicator in the 2019 WHO/UNICEF
Recommendations' (Table 1).



Table 1. Commonly used measures and indicators of anthropometric survey data quality

Indicator

Explanation

Reporting and thresholds according
to the 2019 WHO/UNICEF
Recommendations’

SMART quality scoring!
[Higher number of penalty points
indicates lower quality]

Completeness

Various indicators that reflect the
proportions of potential survey
respondents who were contacted or
provided any data and/or valid data.

Report proportions of children or
households with completed interviews
or measurements.

E.g., Child completion rate = Number
of children under 5 years of age with
completed interviews divided by the
number of eligible children under 5
years of age.

No thresholds specified.

Report proportion of children in the
dataset without a complete birthdate.
Not scored.

females.

expected country-specific ratio.
No thresholds specified.

Age ratio Ratio of the number of childrenin a N/A Chi-squared test of expected versus
defined ‘young’ age range versus the observed distributions.
number in an older age range. Up to 10 points if p <0.001.

Age heaping Observed distributions of specific ages | Examine unexpected distributions Visual plot of age distribution by month.
and/or months of birth, compared to the | using histograms. Not scored.
expected uniform distributions. No thresholds specified.

Sex ratio Ratio of the number of males to Compare observed ratio to the Expected versus observed distributions

tested by Chi-squared test. Default
setting assumes the expected ratio is
1:1.

Up to 10 points if p <0.001.

Terminal digit
preferences

of heights,
weights and
mid-upper arm
circumferences

Observed distribution of terminal digits,
for a given variable, compared to the
expected uniform distribution.

Report the index of dissimilarity and
plot distributions of terminal digits and
integers using histograms.

No thresholds specified.

Chi-squared test of expected versus
observed digit distributions and
calculation of Digit Preference Score
(DPS, range 0-100).

Up to 10 points if DPS >20.

Flagged outliers
or implausible
z-score values?

Proportion of values for a particular
anthropometric index that exceed
specified lower and upper limits of
acceptable ranges based on statistical
criteria or biological plausibility.

Report the percentage of biologically
implausible values for each index based
on WHO criteria.

>1% is indicative of poor quality.

Report the proportion of flagged values
using SMART criteria for each index.
Up to 20 points if % >7.5.

Standard
deviation (SD) of
z-scores®

Measure of the dispersion of
anthropometric z-score values around
the mean value.

Report the SD for each anthropometric
index and examine patterns within
disaggregated subgroups.

No thresholds specified.

Report SD for each index, but only the
SD for weight-for-height z-score (WHZ)
is scored.

Up to 20 points if SD is <0.8 or =1.

Skewness and
kurtosis of
z-scores®

Skewness is a measure of the symmetry
and kurtosis is a measure of the
‘tailedness’ of the anthropometric
z-score distribution.

Examine anthropometric z-score
distributions using kernel density plots.
Report and interpret coefficients based
on typical ranges:

Skewness: <-0.5 or >+0.5

Kurtosis: <2 or >4 (excess kurtosis of
<-1o0r>1)

No thresholds specified for quality.

Report skewness and excess kurtosis
coefficients for the WHZ distribution.
Up to 5 points if skewness is =0.6.

Up to 5 points if excess kurtosis is 20.6.

a Detection of individual outliers and biologically implausible values (BIVs) is addressed in detail in Brief 7. WHO-2006 BIV thresholds: height-for-age z-score
(HAZ): -6, +6; WHZ: -5, +5; weight-for-age z-score (WAZ): -6, +5. SMART outlier thresholds (by default settings): +/-3 z-scores from the sample mean.

b Standard deviation, kurtosis and skewness are usually assessed in the cleaned dataset (following exclusion of outliers/BIVs) whereas other quality indicators

are typically based on the raw dataset.

The inherent validity and generalizability of some
indicators is uncertain given the diversity of populations

in which anthropometric surveys are conducted. For
example, sex and age distributions may not be uniformin
all settings due to secular shifts in the demographic profile
or mortality patterns.® Also, several measures of survey
data quality are correlated with the estimated prevalence
of stunting and wasting.® While these correlations can
arise as direct effects of measurement error (e.g., excess
dispersion of values at the lower tail of z-score distribution
will increase the prevalence of stunting or wasting),'? they
may also represent confounding by contextual factors that
interfere with rigorous data collection and compromise
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nutritional status, such as in conflict-affected areas or
communities with high levels of within-population health
inequities.®

There is substantial debate surrounding the use

and interpretation of the statistical properties of
anthropometric z-score distributions as measures

of data quality." A long-held assumption is that high-
quality data produces a standard deviation (SD) for each
anthropometric z-score distribution that is “close to the
expected value of 1.0" based on reference distributions.®
Support for the use of SD as a quality indicator has also
been based on its lack of correlation with the mean



z-score.>'® However, in practice, SDs vary widely across
surveys*8714 and by different teams carrying out a given
survey”'®. SDs are usually >1,%6714 particularly for height-
for-age z-scores (HAZ), even in high-quality surveys (e.g.,
the National Health and Nutrition Examination Survey).®
There are considerable variations in SD by age''® and
other child and household characteristics,* but it is
unclear whether these result from genuine differences in
the magnitude of between-child variation or differential
measurement errors across population subgroups. For
example, irrespective of survey methodology, SDs for
HAZ are usually wider at younger ages.'*®'® This may

be due to the greater technical challenge of obtaining
precise length measurements in very young infants,*'¢
not accounting for gestational age at birth,'” the greater
difficulty in measuring length versus standing height,' or
that the same absolute error would have less effect on
the SD at older ages. Wider dispersion of measurements
at younger ages could also be related to the greater
vulnerability of infants and toddlers to the effects of
environmental conditions compared with 3 to 5 year olds.'®
However, there is a lack of evidence to directly support
these explanations, and they do not fully account for the
progressive decline in SD with increasing age from birth
through to 5 years of age.!

Random measurement error causes excess dispersion
of z-score distributions and can therefore spuriously
increase the prevalence of undernutrition or overweight
(since estimates are based on the proportions of values
in the tails of the distributions).'*'® Heterogeneity within

and between population subgroups also contributes to
the spread of z-scores;'* however, this phenomenon has
been more difficult to quantify.#'® Therefore, while there is
consensus that SDs are useful for comparing data quality
across otherwise similar surveys, and that very large SD
values usually reflect poor data quality, there remains
uncertainty about the range of acceptable SDs across
diverse settings and the thresholds above which high SDs
conclusively signal problematic datasets.' While z-score
distributions in low- and middle-income countries are
often symmetrical or bell-shaped, they may not be strictly
normal (Gaussian)®” and there is doubt about whether
classical measures of normality, such as kurtosis and
skewness, can be used as indicators of data quality.’

The WHO 2006 Child Growth Standards were based on
generally healthy term-born children,?® but in practice, they
are applied to survey populations that include preterm-
born children and children with chronic conditions or
disabilities that affect growth, which could alter the

shape and dispersion of observed z-score distributions.
These considerations also pertain to the proportion

of measurements considered outliers or biologically
implausible values (BIVs) because such estimates are
closely related to the characteristics of the z-score
distribution, in addition to being influenced by the
thresholds selected to define the acceptable range of
values.'®” The proportion of implausible z-scores was the
only quality indicator for which a threshold (>1%) was
specified in the 2019 WHO/UNICEF Recommendations,’
drawing on the report of the 1995 WHO Expert Committee

* Methods for detection of outliers and biologically-implausible values (BIVs) are addressed in brief 7.
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on anthropometry.2 However, surveys frequently have >1%
BIVs,?" and the 2019 WHO/UNICEF Recommendations do
not prescribe decisions or actions to be taken when the
threshold is surpassed.’

Terminal digit preferences, which are unrelated to the
location or dispersion of the underlying age or raw weight/
height distributions, may reveal non-adherence to standard
data collection and recording procedures; they could

also indicate data fabrication.""" Unexpected peaks in the
distributions of specific ages, months of birth or other

raw variables (referred to as ‘heaping’) may be caused

by problems with survey administration or measurement
errors. Visualization of various types of heaping (age in
complete years, age in complete months and calendar
month of birth) were included in the 2019 WHO/UNICEF
Recommendations;' these can be quantified by similar
methods as those used for terminal digit preferences

(e.g., index of dissimilarity),” but there is a need to further
develop methods for quantifying heaping and assessing

its influence on malnutrition prevalence estimates." Since
month of birth misreporting was shown to cause an upward
gradient in HAZ by month of birth,?2 the absolute difference
between mean HAZ (or WAZ) for the first and last months of
the local calendar (e.g., January versus December) provides
an alternative measure for quantifying age misreporting that
has shown promise in some recent quality assessments.?’

Anthropometric data quality assessments are
recommended and widely implemented. However,

Research questions

there is no standard method to support decisions
regarding use of the data to generate malnutrition
prevalence estimates or inclusion of surveys in global
databases and models such as the UNICEF/WHO/
World Bank Group Joint Child Malnutrition Estimates
(JME).2® The JME excludes some surveys due to quality
concerns using an assessment framework based on the
2019 WHO-UNICEF Recommendations,;?* exclusions
may be due to large amounts of missing data or high
proportions of implausible z-scores (substantially higher
than the 1% threshold), but qualitative appraisals are
also used.®

In summary, there is insufficient evidence to establish the
validity of specific measures and indicators, definitions

of acceptable ranges or decision thresholds for each
indicator (including cut-offs above/below which surveys
are of unacceptably poor quality), or the role of narrative
reviews in the interpretation of quality indicators. The
advantages and disadvantages of composite quality
scores or indices also remain unclear. There is interest

in exploring new measures and indicators and methods
of quality assessment, including techniques designed
specifically to detect data manipulation or fabrication,
which have been under-explored to date. This brief
describes a research agenda aimed at the development
and validation of standard methods and metrics for the
assessment and reporting of anthropometric data quality
in population-based surveys.*

What criteria and evidence support the validity of survey quality indicators and composite scores
1 and indices currently used in the assessment of anthropometric data from population-based

surveys across diverse settings?

What are the statistical properties of anthropometric z-score distributions (standard deviation,
2  kurtosis, skewness) in high-quality population-representative surveys conducted in diverse

settings?

What are the optimal ranges and threshold values for existing survey quality indicators to enable
3  survey grading and classification of surveys with respect to data quality? What is the role of
qualitative appraisal in the interpretation of anthropometric survey data quality indicators?

What are the advantages and disadvantages of composite quality scores or indices compared

decision-making?

to individual indicators of anthropometric survey quality? Are there particular contexts in which
composite quality scores/indices would be preferred over individual indicators to support

What are potential new measures, indicators and methods of data quality assessment that may
5  Dbe applicable to anthropometric datasets, including specific techniques for detecting data

manipulation or fabrication?

* This brief focuses on the use of quality indicators and composite scores for the purposes of grading surveys, including the identification of low-quality surveys
or fabricated data. However, decisions regarding the downstream use of low-quality survey data when estimating malnutrition indicators depend on additional
considerations. For example, when aggregating multiple surveys in global modelling exercises, some low-quality datasets could be included but down-weighted
rather than excluded entirely. In other situations, low-quality datasets may be excluded from primary analyses but included in sensitivity analyses. The topic of
statistical modelling approaches to generate malnutrition indicators is addressed in Brief #9.
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Research topic 1

APPROACH1

Mixed methods review: Conduct a
landscape review to identify criteria or
evidence used to support the adoption of
conventional anthropometric survey quality
indicators and research methods used to
evaluate and validate indicators of survey
quality. Given the lack of a gold-standard
global measure of survey quality, ‘validity’
refers primarily to the extent to which an
indicator discriminates among surveys with
respect to one or more elements of survey
quality (i.e., completeness, population
representativeness, precision and/or accuracy
of malnutrition estimates). The suitability of
an indicator may also depend on how readily
it can be feasibly calculated from routinely
collected survey data. Findings from this
review will be used to inform the development
of an assessment, validation and indicator
selection framework (see approach 2).

APPROACH 2

Qualitative: Use the Delphi method or
another consensus-oriented process

to convene experts and stakeholders to
determine: a) the quality indicators for which
sufficient evidence already exists to support
(or reject) their use; b) criteria and methods
by which candidate quality indicators (or
composite scores/indices) may be evaluated
to establish their validity in distinguishing
low- versus high-quality surveys, or identifying
surveys with manipulated or fabricated data.

APPROACHS3

Secondary analyses: Conduct multi-survey
analysis of recent survey datasets from low-
and middle-income countries, applying the
assessment and validation framework (per
approach 2). Prioritize indicators for which
sufficient supportive evidence is not already
available (per approach 1). Generate indicator
values for each survey. In the multi-survey
dataset, estimate correlations among quality
indicators, between indicators and estimates
of malnutrition prevalence, and between
indicators and measures of the precision/
accuracy of estimates of malnutrition
prevalence. Calculate average indicator values
in sub-groups of surveys categorized based
on inclusion/exclusion from JME estimates.
Compare indicator distribution between
surveys known/suspected of having quality
concerns versus acceptable surveys.

Primary (1):

Summary of available evidence that
supports that adoption (or rejection) of
specific quality indicators.

Primary (2):

Summary of research methods

and criteria that have been used to
assess and establish the validity of
anthropometric survey quality indicators
(or composite scores/indices).

Primary:

Framework to guide the generation and
interpretation of evidence to support the
validity and selection of anthropometric
survey quality indicators. Hierarchical
list of criteria and assessment methods
that may be used to accept (or reject)
candidate survey quality indicators.

Primary and secondary:

Outcome selection will be based on the
framework developed per approach 2.
Potential outcomes include: between-
and within-survey variability of the
indicator; correlations among quality
indicators; correlations between each
indicator and malnutrition prevalence;
correlation between each indicator
and metrics of precision/accuracy of
malnutrition prevalence estimates;
accuracy of indicator in identifying
outliers in country-level secular trends
in malnutrition prevalence estimates;
differences in indicator values between
surveys that were included versus
excluded from the JME (or other global
modelling activities); sensitivity and
specificity of the indicator for the
identification of surveys suspected or
known to be fraudulent or manipulated;
availability of data required to routinely
generate the indicator; availability of
relevant country-specific benchmark
data (e.g., age distribution).

Criteria and evidence to support the validity of anthropometric survey quality indicators.

Peer-reviewed literature,
including relevant validation
studies, review papers and
commentaries. Technical
documents by international
agencies (e.g., United States
Agency for International
Development, JME Group) that
describe methods used to select
or justify the implementation of
specific anthropometric survey
quality indicators.

Questionnaires administered to
a panel of technical experts and
other stakeholders, combined
with virtual or in-person
discussions.

Large-scale population-
representative anthropometric
surveys; administrative datasets,
particularly those that include
neonatal measurements.

Assessment and reporting of anthropometric data quality in population-based surveys




Research topic 2

conducted in diverse settings
APPROACH1

Secondary analyses: Conduct
multi-survey analysis of data from
selected recent surveys that adhered
to exceptionally high standards of
quality and rigour in anthropometric
data collection. Estimate statistical
properties of the anthropometric
z-score distributions in the raw datasets
(without exclusion of any outlier/BIVs).
Examine changes in the distributional
properties over time within countries,
particularly where comparisons can

be made between surveys conducted
before versus after documented
implementation of measures to improve
quality of data collection. Compare
z-score distributional properties

across surveys sub-grouped by other
measures of survey quality (e.g., data
completeness). Examine within-survey
differences in z-score properties across
subgroups of children categorized by
demographic factors (e.g., location of
residence, socioeconomic factors) and
survey team/personnel.

APPROACH 2

Primary data collection: Conduct
high-quality anthropometric surveys

in diverse settings, implementing
gold-standard measurement methods
(e.g., paired independent measures for
each child, rigorous quality control).
Estimate statistical properties of the
anthropometric z-score distributions,
as described for approach 1. Record
observations and insights from
anthropometrists regarding potential
low-quality measurements due to
practical challenges (e.g., child unable to
be properly positioned).

APPROACHS3

Qualitative: Use a Delphi method or
other consensus-oriented process to
review evidence generated in studies
described above (approaches 1 and

2) to determine which of the statistical
properties of anthropometric z-score
distributions (standard deviation,
kurtosis, skewness) are suitable for use
as indicators of survey quality.

Primary (1):

Mean, median, standard deviation, kurtosis
and skewness of anthropometric z-scores in
each survey, and the distributions/ranges of
each property across all surveys.

Primary (2):

Properties of z-score distributions within sub-
groups of children categorized by geography
(e.g., rural, urban) and socioeconomic status
(e.g., wealth quintile), and by survey team/
personnel.

Secondary (1):
Within-country (between-survey) differences
in standard deviation, kurtosis and skewness.

Secondary (2):

Differences in average standard deviation,
kurtosis and skewness between sub-groups
of surveys categorized by other measures of
survey quality (e.g., completeness).

Secondary (3):

Within-survey differences in standard
deviation, kurtosis and skewness between
sub-groups of children categorized by clinical
or demographic factors, and survey team/
personnel.

Primary (1):

Mean, median, standard deviation, kurtosis
and skewness of anthropometric z-scores in
each survey and the distributions/ranges of
each property across all surveys.

Primary (2):

Properties of z-score distributions within
sub-groups defined by geography (e.g., rural,
urban) and demographic factors (e.g., wealth
quintile), and by survey team/personnel.

Secondary:

Properties of z-score distributions

upon exclusion of datapoints for which
anthropometrists recorded practical
challenges during measurement procedures.

Primary:

Summary of discussions and decisions
regarding the suitability of each statistical
property (standard deviation, kurtosis,
skewness) for use as an indicator of
anthropometric survey quality.

Properties of anthropometric z-score distributions in high-quality population-representative surveys

Selected large-scale
population-representative
anthropometric surveys that
are considered exemplary in
terms of documented quality
control methods used during
anthropometric data collection.
Prioritize countries with
multiple surveys, particularly
those for which there have
been documented efforts and
activities to improve survey data
quality in recent compared to
older surveys.

Focused surveys with gold-
standard measurement methods.

Questionnaires administered to
a panel of technical experts and
other stakeholders, combined
with virtual or in-person
discussions.
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Research topic 3

Optimal ranges and threshold values for survey quality indicators, and the role of qualitative appraisals
APPROACH1

Secondary analyses: Analyse selected Primary (1): Selected large-scale population-
surveys considered to have adhered to high Thresholds for categorizing values representative anthropometric
standards of rigorous anthropometric data (e.g., low versus high) for each quality surveys that are exemplary in
collection and quality control. Examine indicator, based on 5" and/or 95t terms of rigorous anthropometric
selected indicators considered suitable for percentiles. data collection and quality

use as quality metrics (based on evidence control methods

generated per research topics 1 and 2). Primary (2):

Generate values for each indicator for Alternative data-driven thresholds for low

each survey. In multi-survey analyses, and/or high values for each indicator,

define thresholds based on a priori defined based on shape and range of indicator

percentiles indicating relatively low quality distributions.

(i.e., <6 and/or >95" percentiles). Consider
alternative data-driven thresholds based on
the empirical distributions, across all surveys
and in subgroups of surveys categorized by
geographic region, year and other country
characteristics. Setting thresholds based on
normative reference ranges is proposed due
to the lack of a global gold-standard measure
of data quality against which indicator
thresholds could be benchmarked.

APPROACH 2
Secondary analyses: Calculate indicators in Primary (1): Available large-scale population-
available anthropometric surveys. Conduct Visualizations and descriptive statistical representative anthropometric

multi-survey analyses; rank surveys and apply  properties of each indicator distribution. surveys.
thresholds (per approach 1) to identify low-
quality anthropometric datasets. Primary (2):

Ranks of surveys and identification of

low-quality surveys, by indicator.

APPROACH3

Qualitative: Present findings from studies Primary (1): Questionnaires administered to
conducted per approaches 1 and 2 to a panel ~ Summary of feedback from stakeholders  a panel of technical experts and
of technical experts and other stakeholders. regarding perceived value and salience other stakeholders, followed by a
Assess perceived value and salience of the of proposed thresholds. virtual or in-person discussion.
thresholds and rankings/ratings. Consider

indicators for which qualitative/narrative Primary (2):

assessments provide value in addition to (or Identify indicators for which qualitative

in place of) rankings/classifications based on  assessments may be used in addition to

quantitative thresholds. (or in place of) quantitative thresholds/

rankings.
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Research topic 4

APPROACH1

Scoping review: Conduct literature search
to identify composite anthropometric quality
scores and indices or other approaches that
have been used to summarize information
across multiple indicators.

APPROACH 2

Secondary analyses: Calculate quality
indicators and composite scores/indices
(per approach 1) in anthropometric survey
datasets. Conduct analyses as described

for research topic 1, approach 3, including
descriptions of distributions of scores/
indices, correlations and average scores/
indices in sub-groups of surveys categorized
based on inclusion/exclusion from JME
estimates.

APPROACHS3

Qualitative: Use a Delphi method or other
consensus-oriented process to enable
technical experts and stakeholders to review
evidence generated per approaches 1 and
2; to assess advantages/disadvantages of
composite scores/indices; and, to identify
contexts in which composite scores/indices
may be particularly useful for decision-
making purposes.

Advantages and disadvantages of composite quality scores and indices

Primary:

List of composite scores/indices and
summary of their prior use in published
analyses.

Primary and secondary:

Selected outcomes similar to those
proposed in research topic 1, approach
3, including: between- and within-

survey variability of each score/index;
correlations between scores/indices and
individual quality indicators; sensitivity
and specificity of the score/index for the
identification of surveys excluded from
JME analyses; etc.

Primary:

Narrative summary and critical analysis
of the advantages/disadvantages of
candidate scores/indices or descriptions
of specific use cases.

Peer-reviewed and grey
literature.

Large-scale population-
representative anthropometric
survey datasets.

Questionnaires administered to

a panel of technical experts and
other stakeholders and virtual or
in-person discussions.

APPROACH1

Mixed methods review: Conduct a
landscape review of the literature and
interviews with experts in data forensics
and research fraud to identify candidate
novel quality indicators and techniques
for detection of data manipulation and
fabrication in anthropometric surveys.

APPROACH 2

Secondary analyses: Implement

novel indicators and candidate fraud
detection techniques (per approach 1) in
anthropometric survey datasets. Conduct
analyses as described for research topic 1,
approach 3. ldentify surveys with potential
data manipulation or fabrication. Compare
results across different methods, and
correspondence of results with conventional
quality indicators. Examine characteristics
of surveys with data found to be potentially
manipulated or fabricated.

Primary (1):
Inventory of candidate indicators and
methods.

Primary (2):

Narrative summary and critical analysis
of the advantages and disadvantages of
candidate indicators/methods.

Primary:
Outcomes used in research topic 1,
approach 3.

Secondary (1):

Number (proportion) of surveys identified
as containing potentially manipulated or
fabricated data.

Secondary (2):

Characteristics of surveys identified as
containing potentially manipulated or
fabricated data.

Research topic 5

New indicators and methods, including techniques to detect data manipulation or fabrication

Peer-reviewed and grey
literature. Key informant
interviews including technical
experts in methods of detecting
research fraud.

Large-scale population-
representative anthropometric
surveys.

Assessment and reporting of anthropometric data quality in population-based surveys




Research roadmap

Despite increasingly common use of measures and
indicators of anthropometric survey quality, there is

a lack of evidence to establish the validity of specific
indicators or define thresholds for each indicator that
enable identification of relatively poor-quality surveys.
The proposed research agenda aims to address topics
of uncertainty, including the use of statistical properties
of anthropometric z-score distributions (e.g., standard

3. DEFINE
the optimal ranges and
threshold values for survey
quality indicators

a framework for assessing, validating
and selecting indicators of
anthropometric survey quality

deviation) as indicators of data quality, the value of
composite data quality scores/indices, and the adoption
of new methods specifically focused on detecting
fraudulent data. A roadmap towards the establishment
of global guidance on the assessment and reporting of
anthropometric data quality is presented below, along
with the input needed from key stakeholders to address
different aspects of the research agenda.

5. IDENTIFY
novel indicators and methods to assess the
quality of anthropometric surveys, including
techniques to detect data manipulation or

Who: Who: fabrication
Researchers, Researchers, Who:
anthropometry experts, anthropometry experts Researchers, anthropometry

survey implementers

2. DETERMINE
which statistical properties of
anthropometric z-score distributions
are suitable for use as indicators of
survey quality

Who:
Researchers,
anthropometry experts

experts, survey implementers

4. ASSESS 6. ESTABLISH

standards and develop global
guidance for anthropometric survey
quality assessment that can be

the advantages and disadvantages
of composite scores/indices of
anthropometric survey quality

Who: disseminated for wide-scale use.
Researchers, Who:
anthropometry experts UNICEF, WHO and the

Technical Expert Advisory
Group on Nutrition Monitoring

Assessment and reporting of anthropometric data quality in population-based surveys n
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