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Abstract

There is an urgent need for improved and timely health and nutrition data. We
developed and tested a smartphone application that caregivers from a pastoral
population used to measure, record and submit high-frequency and longitudinal
health and nutrition information on themselves and their children. The data were
assessed by comparing caregiver-submitted measurements of mid-upper arm
circumference (MUAC) to several benchmark data sets, including data collected
by community health volunteers from the participating caregivers during the
project period and data generated by interpreting photographs of MUAC
measurements submitted by all participants. We found that the caregivers
participated frequently and consistently over the 12-month period of the project;
most of them made several measurements and submissions in at least 48 of the
52 weeks of the project. The evaluation of data quality was sensitive to which
data set was used as the benchmark, but the results indicate that the errors in the
caregivers' submissions were similar to that of enumerators in other studies. We
then compare the costs of this alternative approach to data collection through
more conventional methods, concluding that conventional methods can be more
cost-effective for large socioeconomic surveys that value the breadth of the
survey over the frequency of data, while the alternative we tested is favoured for
those with objectives that are better met by high-frequency observations of a

smaller number of well-defined outcomes.
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1 | INTRODUCTION

Malnutrition is one of the main causes of child mortality and
morbidity in many low- and middle-income countries. Malnutrition in
all its forms has harmful effects on human health and social
development throughout the life cycle (Batis et al., 2020). In early
childhood, undernutrition can have life-long, irreversible conse-
quences for a child's physical health and cognitive development
(Black et al., 2013). Recent global trends indicate that 20.5 million
new-borns have a low weight at birth, one in five 5-year olds is
stunted and 45.5 million are wasted (Development Initiatives and
Bristol, 2021). In most countries, progress to achieve global nutrition
targets by 2025 is insufficient (Development Initiatives and Bris-
tol, 2021) and, as has been stated repeatedly by the Global Nutrition
Report, improving data is one critical step in reducing malnutrition
(Development Initiatives, 2017, 2018, 2020, 2021).

Routine growth monitoring by clinicians and nutritionists is a
common practice that helps to detect children at risk of malnutrition
(Ashworth et al., 2008; Black et al., 2013; de Onis et al., 2004); direct
essential resources when children's growth falters (Mangasaryan
et al., 2011); track nutrition trends; and make child malnutrition more
visible (Pearson and UNICEF, 1995). While growth monitoring may
offer a promising foundation that could be built on to meet many
data needs, routine monitoring relies on either bringing individuals to
facilities or sending experts to communities. Unfortunately, these
practices are expensive and often increase in cost in more remote
locations, which is also where many malnourished people live.
Further, as the recent COVID-19 pandemic highlighted in many
regions, this approach to monitoring is vulnerable on several fronts;
for example, to disruptions in transportation networks, to migration,
to conflict and to disease.

Community-based monitoring, which relies on community
members to perform assessments in the community, has proven to
be an effective and low-cost alternative to conventional monitoring
approaches for diagnosing and referring individual cases of mal-
nutrition. However, the measurements during community-based
monitoring are rarely recorded or structured to be used beyond the
immediate diagnosis. Indeed, click-mid-upper arm circumference
(MUAC) (Michaels and Pearce, 2017), which inspired some of the
approaches used by this research, is an example of successful
innovation supporting the community-based diagnosis of mal-
nutrition, but that does not generate structured data. When data
are recorded, their value is often limited by poor coverage, obscure
and inconsistent sampling processes, and long delays between
measurement and dissemination (Ashworth et al., 2008; Barnett
and Gallegos 2013; Morley, 1994). Consequently, the full potential of
such data, which could be used in many of the ways that
conventional growth monitoring data are used (e.g., tracking
malnutrition rates and impact evaluations), is often unmet. The result
is that, when stakeholders need data, for example, to assess levels of
malnutrition or to test the efficacy of an intervention, they often set
up short-term data collection structures that run parallel to existing

community-based monitoring infrastructure, which is both inefficient
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Key messages

o Caregivers, even those that are illiterate and with little
smartphone experience, can and will use a simple icon-
based smartphone application to measure, record and
submit health and nutrition information on themselves
and their children consistently and at high frequency.

e The errors in the data submitted by the caregivers are
similar to those of data submitted by enumerators in
similar settings.

e The cost per data point of submissions by caregivers is
much lower than data collected using conventional
approaches but the simple icon- and audio-based
approach to data collection may not be appropriate for

all data needs.

and does little to support the larger data ecosystem or local data
collection capacity.

Our objective was to reduce the health and nutrition data gap by
developing cost-effective and scalable technologies to improve the
collection and availability of high-resolution (individual-level) nutri-
tion and health data, especially among populations that are typically
underrepresented in existing monitoring and response mechanisms.
To meet this objective, we invested in approaches that allow
individuals to collect and submit information on themselves, their
household members and the community. Adjusting from the standard
model that relies on importing external data collectors to make
measurements to a model that uses in situ data collectors, comes
with large savings related to scheduling, staff time, enumerator
wages and transportation. Reducing these costs, which are often
substantial, creates opportunities to collect high-frequency, short
recall-period data in situations where such data have historically been
cost-prohibitive to collect. This is not to say that such a model can
always provide the same types of data that are generated by the
conventional enumerator/respondent model. Rather, this research
agenda aims to understand if our proposed alternative approach to
the collection of data could be useful for specific types of data.

To test if this alternative model for data collection is useful, we
developed a smartphone-based tool that participants can use to
measure, record, and submit information on their health and
nutrition, and that of their children. The tool was designed explicitly
to meet the data needs where they are greatest—that is, in difficult-
to-reach populations with a high risk of malnutrition—although its
application can be broad if properly validated. To be relevant, the tool
must be usable by individuals of all backgrounds, and, therefore, was
developed to be used without requiring previous experience with
smartphones, literacy, numeracy, or connectivity. We then launched
the tool among caregivers in several pastoral communities in
Samburu County, Kenya, where low population densities and poor
infrastructure have meant little access to services, and sustained high

rates of global acute malnutrition (16%) have contributed to stunting
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in over 30% of the children under 5 years (Kenya National Bureau of
Statistics KNBS, 2015).
The data submitted by participants were used to answer three

research questions:

1. Can and will individuals consistently measure, record and submit
information on diet, nutrition and health?

2. How do the measurements that individuals self-report compare
with those collected through more conventional approaches to
field data collection?

3. Are the self-report measurements collected at a lower cost than
conventional approaches?

The tool that we developed and tested is one of many digital
tools being proposed within the nutrition community to fill a host
of gaps related to data collection and information dissemination.
For example, the UNSCN's 45th volume of their publication
Nutrition, was completely dedicated to the ways that digital
technologies are impacting nutrition. The volume included several
manuscripts that described digital technologies that aimed to
address a wide range of data and information gaps, from training
frontline workers through Elearning platforms (Sarkar et al., 2020),
to providing customised health and nutrition information to
individuals through mNutrition platforms (Barnett et al., 2020).
Indeed, the digital tool that is being assessed in the research
described by this manuscript was first described in that volume
(Jensen et al., 2020). What sets our proposed solution apart from
other proposals, is that ours is the only solution that was designed
explicitly to address data gaps among those that are often
underrepresented by conventional approaches because they are

remote or otherwise difficult to monitor.
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2 | METHODS

2.1 | Study design and implementation

To meet the research objectives, we worked with stakeholders and
participants to develop the Mbiotisho smartphone application, which
was to be used by caregivers to record information on their health and
nutrition and that of an index child. Mbiotisho is a Samburu word that
roughly translates to English as ‘our health’. The application was
designed to have a simple and intuitive user interface that does not
require literacy or numeracy; the application uses icons and audio to
communicate questions and record responses. Figure 1a (left side)
includes an example of the application's landing screen, where the user
selects one of the following processes.

Caregiver update: This process contains a sequence of questions
on morbidity, food groups consumed, coping strategies employed and
health-seeking behaviour, all using a 24-h reference period and all in
reference to the participant.

Child update: This process is similar to the Caregiver Update but
all questions are in reference to the index child.

Child MUAC: This process includes a sequence of screens
facilitating the measurement and recording of the index child's
MUAC and is illustrated in the right three panels of Figure 1.

Tracking and feedback: This feature moves through a sequence of
screens providing the caregiver with a report on her recent submissions
and customised references to international recommendations.

The Caregiver Update and the Child Update processes could
be completed as frequently as once every 23 h, and the MUAC
process as frequently as once every 6 days. If the participant
attempts to complete any of the tasks more frequently, the

application displays a screen and audio message thanking them

<IIE

€ Child MUAC

FIGURE 1 Screen shots from the Mbiotisho application. (a) (left side) is the landing screen. (b) (middle left) illustrates the first step of the

MUAC process, in which the caregiver selects the colour of the measurement. (c) (middle right) illustrates how the caregiver then selects the
measurement from the list of options that are consistent with the colour selected. (d) (right side) shows the photo of the measurement taken by
the caregiver and submitted as part of the MUAC process. MUAC, mid-upper arm circumference.
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for already having completed the process for that period. The
Tracking and Feedback feature could be accessed as frequently as
the caregiver liked.

Once the Mbiotisho application was developed, we then
identified the pastoral regions of Samburu County in Kenya as the
sampling frame because it contained a population with high rates of
child undernutrition (Figure 2, left panel) and that present a challenge
for typical and alternative approaches to surveillance; individuals that
lived far from population centres (Figure 2, right panel), who
sometimes migrated, and had low rates of literacy or familiarity with
smartphones.

In November 2019, 22 Community Health Volunteers (CHVs)
from four Community Health Units (CHUs) were selected by
Samburu's Community Health Extension Workers (CHEW). These
22 CHVs were trained on the project's objective, and its indicators,
on a survey tool developed by the project for the caregivers to use
(hereinafter CHV Tool) and the participants' tool—Mbiotisho.

The CHVs were then asked to recruit nine participants from their
respective catchment populations. The eligibility criteria were that
the participants should be of childbearing age and the primary
guardian of at least one child between the ages of 5 and 47 months at
the time of recruitment. This age range was selected so that the
children would be between 6 and 60 months during the 12 months of
data collection. For the remainder of the study, the CHVs were asked
to use the CHV tool to collect data from the participants (hereinafter
caregivers) during their monthly visits. In theory, the CHV survey was

only a minor additional burden to the CHVs, who were already

GAM rate 2018
[] No Data
[ < 5 % (low)
[]5-9.9 % (Medium)
I 10-14.9 % (Serious)
I > 15 % (Critical)
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meeting with caregivers each month as part of their duties to provide
education on neonatal/infant care and to perform child health and
nutrition monitoring. The CHVs were paid KES 3000 (approximately
USD 30) during the project period per month by the project, which
was to compensate them for the additional time required to collect
the CHV survey from each of their caregivers each month and to
incentivize their consistent participation.

Once recruited, the caregivers were trained on the health and
nutrition guidelines related to the indicators that they would be
tracking, and then trained on how to measure and record them using
the Mbiotisho application. The caregivers were provided with
smartphones and solar chargers and were asked to participate in
the project by submitting records as much or as little as they liked,
within constraints provided by the application. The participants
received an incentive of KES 20 (USD 0.2) for each submitted update
and KES 30 (USD 0.3) for each submitted MUAC process. The
maximum incentive that a participant could collect in one 7-day
period was KES 340 (USD 3.4). They also received data bundles and
phone credit worth KES 500 (USD 5.0) each month.

The study lasted 14 months between November 2019 and
December 2020.

2.2 | Empirical strategies

Each of the three research questions required its own empirical

strategy.

I ropulation density
I water bodies

FIGURE 2 The study site—Samburu County—is highlighted in green in maps of Kenya, showing the rate of global acute malnutrition (GAM)
in 2018 in the left panel (Kenya Ministry of Health, 2018) and population density in the right panel (Macharia et al., 2021).

85U807 SUOWIWOD aAIe1D 3edl|dde auy Aq peusenob afe Ssoile YO ‘8Sn JO SaInJ o Akl 38Ul U A1 UO (SUORIPUOD-PUB-SWLBI W00 A8 | 1M AlRIq | Ul U0//:Sdny) SUOBIPUOD pue swie | 8 88S *[£202/20/90] Uo AkiqiTauliuo A8|IM ‘IMavaINIZ - SSIO0V DWE3 Aq 96vET UOW/TTTT 0T/I0p/L00 A8 | Areiq1ul|uoy/sdny wouy papeo|umod ‘0 ‘60.80Y.LT



JENSEN ET AL I

Research question 1: Can and will individuals consistently
measure, record and submit information on their diet, nutri-

tion and health?

To answer this question, we calculated rates and consistency of
participation across the project period. The 12-month duration of the
project offered ample time for any initial excitement with the
application to wear off and for long periods without direct contact
between the participants and project staff. The rates and consistency
of participation by the caregivers were compared to those of the
CHVs, which provided a relevant benchmark for participation (i.e., by
local and trained technicians).

To learn about participants' experiences using the application, we
collected a survey from them at the end of the project. The endline
survey was collected using a conventional in-person, enumerator
approach, and faced several challenges related to migration and
restrictions put in place in response to the COVID-19 pandemic,
which resulted in reduced participation (even while the participants
continued to submit data via the Mbiotisho application). Of the 189
project participants, 128 participated in the endline survey. The
descriptive statistics from these endline data are used to illustrate

several points related to participation.

Research question 2: How do the measurements that individuals
self-report compare with those collected through more

conventional approaches to field data collection?

Data quality was assessed by calculating the technical error of
measurement (TEM) of paired sets of measurements over time. The
calculation is described by Equation (1), where TEM;; is the TEM
between measurements in data sets i and j, y;; is the outcome
measurement from data set i in period t, y;; is the outcome
measurement found in data set j in period t and T is the number of

periods with paired measurements in both i and j.

S (Vie - Vid?
TEM,»,,~=,I—Z‘=1(YQT nd” (1)

These TEM calculations were conducted for each participant to
assess the consistency of their data with that of their CHVs. The
temporal units of the caregiver's data are harmonised with that of the
CHVs using monthly means. For example, for each of the caregiver-
CHV combinations, we calculated the TEM of their paired monthly
data, measurements in the case of CHVs and monthly means in the
case of caregivers, on the same child over time. The mean TEM for
each CHYV across their caregivers was also calculated as an indicator
of the quality of each CHV's data.

While both participants and CHVs collected measurements
related to several indicators, we focused on child MUAC for the
analysis of data quality. We did this because MUAC is proven and
internationally recognised as a useful indicator of nutritional status
(Aguayo et al., 2015; Bliss et al., 2018; Myatt et al., 2006) and health
(Binns et al., 2015; Sachdeva et al., 2016), it is used in many contexts

}Wl LEYy—L "

and by many organisations (e.g., UNICEF, WFP), and it is low-cost to
implement, meaning that there is a high potential for scalability.
Further, and this characteristic of MUAC is quite important for the
comparability of the caregiver and CHV data, the change in MUAC
over time is limited by biological processes, which allows us to
compare data that were not necessarily collected on exactly the same
day. Other indicators, such as consumption over the previous 24 h or
morbidity, could change drastically from 1 day to the next.

The TEM calculated from MUAC measurements submitted by each
caregiver and CHV on each index child, informs on the variation in
measurements between the two. However, prior research and our own
field reports from this project highlight that it is unlikely that the
measurements submitted by the CHVs are free from errors and,
therefore, that the TEM rates are solely attributable to the caregivers'
errors. We tested the CHV data for evidence of errors by calculating
the implied average rate of change in MUAC between longitudinal
observations—MUAC velocity—and then flagging unrealistic values. We
used the threshold of +0.7 mm/day to identify unrealistic changes in
MUAC over time as evidence of errors in the measurements submitted
by the CHVs. More details on the MUAC velocity approach and how

the threshold was set are found in Supporting Information: Appendix A.

2.3 | Photo-interpretation measurements

If the CHV data are imperfect, these data are not an accurate
benchmark by which to assess the caregivers' data. Two alternative
data sets were created using photo interpretation of images (PIM),
which were captured as part of the MUAC process and submitted
with each measurement. This method is of particular interest because
(1) it tested for the internal validity of submissions and, therefore,
does not require benchmark data, which are not available in most
cases, and (2) it can be used to identify and clean identified errors
from the data, therefore, improving the resulting data set.

Photographs of the MUAC measurements were taken and
submitted by all participants during each of the MUAC measuring
processes. Images were screened and those with apparent mis-
measurement (e.g., arm bent or MUAC tape in the wrong location) or
poor image quality (e.g., out of focus, too dark to see) were dropped.
PIM of MUAC from the subset of photographs with clear images of
(seemingly) correctly measured MUAC were extracted by the authors
of this manuscript. A total of 593 measurements were extracted from
images submitted by CHVs and 1058 measurements were extracted
from images submitted by caregivers.

The result of the PIM process is an alternative data set for the
caregivers and the CHVs. We then used the PIM data as alternative
benchmarks with which to assess data quality by calculating TEMs.

2.4 | Cost analysis

Research question 3: Are the self-report measurements collected
at a lower cost than conventional approaches?
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The costs and profiles of data collected through the Mbiotisho
application were compared with two common data collection
scenarios. The first scenario mimicked the work-horse of impact
evaluations; an annual survey collected by enumerators and
performed twice over the study period (e.g., baseline and endline).
The second scenario is more aligned with what many projects and
surveillance networks would like to have but cannot afford; and
repeated monthly data collected by enumerators for 12 months.

For all three scenarios—Mbiotisho, annual and monthly—we
assumed that data were collected from the 189 households that
participated in the actual study. We included all the direct field
expenses related to hardware, software, transportation, lodging and
food. We also included staff time for a direct supervisor of the
fieldwork, assuming that the field supervisor was active for all
training, retraining and at any time that the enumerators were active.
We did not include expenses related to initial sampling, developing or
piloting any of the tools, or staff time related to project management
or research because these were assumed to be similar across the
approaches. The line items and rates used in the cost comparison
(e.g., enumerator wages = USD 30/day, vehicle costs = USD 1.07/km)
drew on real expenses from data collected by our team between
2018 and 2022 in the same regions and among similar populations.
The details of the budget estimates are described in greater detail in
Supporting Information: Appendix B.

2.5 | Ethical Considerations

This study was conducted according to the guidelines laid down in the
Declaration of Helsinki and all procedures involving research study
participants were approved by the Institutional Research Ethics
Committee (Ref no: ILRI-IREC2019-15) of the International Livestock
Research Institute (ILRI) and the National Commission for Science,
Technology and Innovation of Kenya (Ref: No. NACOSTI/P/19/72940/
31932). Verbal informed consent was obtained from all subjects due to
the high prevalence of illiteracy in the study population. The approved
informed consent form was read to participants in their local language.
Participants then had the opportunity to read over the informed
consent form if they wished. Participants that wished to participate,
consented to the enumerator orally, and then signed or placed an X’ on
the (digital) consent form. After consenting to their own participation,
participants had the opportunity to enrol a child that they were the
guardian of, into the study. Guardians provided consent on behalf of

minors orally, which was documented in the digital consent form.

3 | RESULTS

In total, the CHVs recruited 189 caregivers for the study, which
reflects that several CHVs did not have the target number of nine
eligible caregivers in their catchment region. At registration, the
caregivers' ages ranged from 15 to 61, with an average age of 27. The
caregivers reported housewife (50%), livestock keeping (33%) and

JENSEN ET AL.

causal labour (12%) as their primary occupations. Only one partici-
pant reported a salaried position. All were responsible for at least one
child, and the median participant was responsible for three children.
Just over half of the caregivers had received no formal education and
only 11% reported that they knew how to use a smartphone when
the project started.

In the endline survey, participants reported that tasks took an
average of less than 5 minutes to complete. Caregivers reported
liking the MUAC (39%) and consumption food groups (36%) modules
the most, and only four participants reported not liking modules; child
MUAC (n = 3), because it could be a challenge, and the consumption
modules (n = 1), because no food was provided. Participants reported
spending the incentives on food (98%), clothes (59%), other
household items (16%), livestock (10%), medical care (5%) and as
remittances to relatives (3%). All participants that responded to the
endline survey said that they would be willing to participate in the
programme if it started again.

Research question 1: Can and will individuals consistently
measure, record and submit information on their diet, nutri-

tion and health?

The tool was rolled out across the four CHUs in October and
November of 2019. By the end of November, the 22 CHVs and 189
caregivers participating in the project had been trained on their tools
and were collecting data. The data collection continued through mid-
December 2020, at which time the project closed one CHU at a time.

During the project period, the 189 participants collectively filed
63,687 submissions, comprising 25,788 caregiver updates, 32,090
child updates and 5809 child MUAC readings. The left panel of
Figure 3 illustrates the weekly average submission rate across the
189 caregivers during the period of the project, by submission type.

There were periods with considerably lower participation, notably
during the training and launch of the tool (November 2019), the period
immediately after the launch during which participants frequently
faced technical issues (December 2019), when an update to the
application caused some technical issues with some devices (June
2020), and during the closing period (December 2020). The staggered
launch and closing caused variation in participation that is mechanical,
in that participants could not participate before the project launched or
after it closed in their CHU. Therefore, we restricted the data from
here forward to those collected during the 364 days (52 weeks) that all
four CHUs were active; between and including December 1, 2019, and
November 30, 2020. This period excludes the staggered activation and
closing periods but includes those periods when there were challenges
to the project.

The total average submission per week per contributor was
6.0. Note that the total maximum allowable submissions in a week
from a participant were 16, which would be composed of seven
daily submissions for each of the updates and two MUAC
processes. For the data to be useful for individual-level longitu-
dinal analysis, frequent submissions must also be complemented

by consistent participation. Using a weekly time step, we counted

85U8017 SUOWIWIOD BAIER.D 8|qeol|dde 8y} Aq peusenoh afe se[ole VO ‘@SN Jo s 10} ARiqiT8ulUO A8]IM UO (SUONIPUCD-pUe-SIe)AL00 A8 1M Afelq 1 [pu1|UO//:SANY) SUORIPUOD PUe SWB | 3u} 8eS *[£202/£0/90] U0 AriqiTauliuo A8IM ‘IMEVENIZ - SSTO0Y DINGT Aq 96T UOW/TTTT OT/I0P/W00" A3 1M Ae.q 1 puluo//:Schy Woiy papeojumod ‘0 ‘60.801.T



JENSEN ET AL I
w
Staggered Staggered
\raing cosing
period period
5
g o % .
& o
é ® e .0... ... . .0....
% ™ - ~ %0e%%,0% ... * o0 (] 5 0o®
L) ° L/ LY
= .....f ° ... ot () 0.“.
3 * .”.' ® ot 8
3o o )
S <)
@ o seo L4
[
z_| .::c @ ° b
° Ceose ooty (%00
b 00000000000, %0 °*%00 #26050520000,
oo [ A~ 00090 u.:..
o4
Dec Feb April June Aug Oct Dec

[® Caregiver update  ® Child update @ Child MUAC |

}Wl LEYy—L 7"

60
e
Median=0.87

1

40

Frequency

Ratio

FIGURE 3 The left panel shows the average weekly submissions by caregivers during the implementation period. The right panel shows the

ratio of the 52 active weeks in which each caregiver submitted data.

the number of weeks out of the total active data collection weeks
that each household submitted any tasks. This ratio is illustrated
for each of the 189 caregivers in the right panel of Figure 3, which
shows that 50% of caregivers submitted data in at least 45 (87%)
of the 52 active weeks and 30% of the caregivers submitted data
in 95% of active weeks. Only 14 caregivers (7%), submitted less
than 12 times, the equivalent of once a month during the active
data collection. These figures include the three caregivers that
did not make a single submission during the project's active data
collection period.

We compared the participation rates of the caregivers with those
of the CHVs, who were hired by the project to survey the caregivers
each month. Forty-five percent of the 22 CHVs participated at least
once every month during the 12 months of the project and only one
CHV participated in less than half of the months. At the same time,
none of the CHVs submitted records for all the caregivers assigned to
them each month and 50% of CHVs submitted less than 85% of the
caregiver-month observations that they were assigned, which is the
equivalent of submitting a measurement for each caregiver in 10 of
the assigned 12 months.

In summary, caregivers participated at rates and with consistency
that is on par with, or better than, that of the CHVs, who were paid
more to do an activity that should have been a very little additional
burden on them because it was consistent with their existing
obligations as CHVs. Indeed, the lower rate of participation by the
CHVs undermined the value of their data as a benchmark, both
because of the gaps it left in the benchmark and because it implied a
certain lack of effort, which could also be reflected in the accuracy of
their data.

Research question 2: How do the measurements that individuals
self-report compare with those collected through more

conventional approaches to field data collection?

The TEMs were calculated for each longitudinal sequence of
paired caregiver-CHV measurements of child MUAC. Because each
child was paired with an individual caregiver, the result is a TEM for
each of the 181 caregivers for whom there was at least one
caregiver-CHV paired measurement. The left panel of Figure 4
includes a histogram of the TEMs for the 181 caregiver-CHV pairs.
There is a wide distribution of TEMs across the caregivers, ranging
between 0.14 and 5.38cm, with a mean of 0.68cm. Most
participants had a TEM below 0.55 cm.

To test for heterogeneity among CHVs, we compared the mean
TEM for each CHV to the pooled mean of the TEMs related to the
remaining 21 CHVs. The right panel of Figure 4 illustrates the point
estimates and 99% confidence intervals of those differences for each
CHV. CHV 011's mean TEM is 1.26 cm, which is nearly double the
mean TEM of the remaining CHVs and is statistically greater at the
1% level (t-stat = 3.22). CHV 011 had a TEM of greater than 2.0cm
for three of the nine caregivers that she worked with and greater
than the pooled mean for six of the nine caregivers. While it is
possible that many of the participants that CHV 011 worked with
were submitting low-quality data, such clustering is unlikely, given
the observed distribution of TEMs across the other 21 CHVs and
could equally be the result of errors submitted by CHV 011.

Testing for unrealistic MUAC velocities in the CHVs' data
showed that 36% of CHVs violated the +0.7 mm/day threshold at
least once. See Supporting Information: Appendix A for the detailed
analysis of MUAC velocity.

The fact that at least one CHV had average TEMs that were
statistically significantly higher than their peers and that more than a
third of the CHVs submitted at least one unrealistic sequence of
measurements, suggests that the CHVs' data are imperfect. If so, the
TEMs generated by the direct comparison of the caregiver and raw
CHYV data are not accurate methods for assessing the data submitted

by the caregivers.

85U8017 SUOWIWIOD BAIER.D 8|qeol|dde 8y} Aq peusenoh afe se[ole VO ‘@SN Jo s 10} ARiqiT8ulUO A8]IM UO (SUONIPUCD-pUe-SIe)AL00 A8 1M Afelq 1 [pu1|UO//:SANY) SUORIPUOD PUe SWB | 3u} 8eS *[£202/£0/90] U0 AriqiTauliuo A8IM ‘IMEVENIZ - SSTO0Y DINGT Aq 96T UOW/TTTT OT/I0P/W00" A3 1M Ae.q 1 puluo//:Schy Woiy papeojumod ‘0 ‘60.801.T



o1t | LEY~I

=0.54

Median

4

Ratio of Participants
t3
!

2
L

o T T T T

3
TEM (cm)

JENSEN ET AL.

1_
2_
3
4
5 e

6._ A
74
84
94
10 ®

14 *

]

[ ]

CVH

134
14
154
16
174
18
194
20 °
21 °
22+ .

T T > T T

®

e .

" Difference from the mean TEM (ém)

FIGURE 4 The left panel displays the distribution of TEMs for each of the 189 caregivers. The right panel displays the point estimates and
99% confidence intervals of the differences between each CHV's mean TEM across clients, and the overall mean TEM across all
CHVs. CHV, Community Health Volunteer; TEM, technical error of measurement.

We, therefore, turn to the PIM data for an alternative bench-
mark. Before using the PIM data for assessing caregiver data quality,
we first assessed its validity by comparing the CHV-collected data
with the PIM data generated from their own submissions (PIM-CHV
data henceforth). If the CHV data were reasonably accurate with a
low rate of, but potentially meaningful, errors, as the TEM and
velocity analyses suggested, then the TEM between the CHV data
and the PIM-CHYV data should have been quite low but greater than
zero. Indeed, the mean TEM across the 22 CHVs between these two
data sets—CHV and PIM-CHV—was 0.13, well within the values
commonly found for intraobserver or interobserver measurements of
MUAC (Ulijaszek and Kerr, 1999). In addition, there is not a single
velocity violation in the PIM-CHV data, which also points towards a
measurable improvement in quality. A similar assessment of the
caregiver data and PIM-caregiver data showed a decline in the rate of
velocity violations from 2.2% to 0.05% between the two data sets
(Supporting Information: Appendix A).

Given that the PIM data have been shown to be of higher
quality than the measurements recorded by the participants, at
least with respect to MUAC velocity, the PIM data are a more
appropriate benchmark than the measurements recorded directly
by the CHVs. The median TEM falls from 0.54 cm (Analysis A,
Table 1) to 0.44 cm (Analysis B, Table 1) when the caregiver data
are compared with the PIM-CHV data rather than the raw CHV
data (Table 1). Because there is a loss in the number of caregivers
represented in the PIM-CHV data, the PIM-caregiver data are
also included as a second benchmark. The median TEM between
the measurements recorded by caregivers and the PIM-caregiver
data is lower still, 0.23 cm (Analysis C, Table 1).

The considerable improvement in TEMs when using the PIM
data could originate in differences in measurements between
each participant and the PIM data generated from their submis-

sions or from a selection effect of the PIM process. Specifically,

TABLE 1 Median TEM between the caregiver data and the
comparison data after performing the described screening processes.

Comparison data

CHV PIM-CHV PIM-Caregiver

All caregiver measurements
Analysis A B ct
Median TEM 0.54 0.44 0.23
Caregivers represented 181 146 148
Observations 1345 434 589
Subsample of caregiver measurements accompanied by a photo of

PIM quality
Analysis D E F?
Median TEM 0.45 0.37 0.23
Caregivers represented 139 86 148
Observations 454 182 589

Note: Analysis C and F are identical by construction.

Abbreviations: CHV, Community Health Volunteer; PIM, photo-
interpretation of images; TEM, technical error of measurement.

the PIM process excluded measurements that appeared to be
performed incorrectly and those that were done in difficult
conditions (e.g., dark, child-moving) that resulted in poor image
quality. We, therefore, also calculated the TEMs between the
measurements made by caregivers that were accompanied by a
photograph that was PIM quality—those in which the image was
sufficiently clear and that appeared to be making a measurement
correctly. The further improvements in TEMs between the
subsample of caregiver data with PIM quality photographs and
the CHV (Analysis D, Table 1) or PIM-CHV data sets (Analysis E,
Table 1) suggests that the PIM eligibility criterion alone is a
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powerful way for screening out poor-quality submissions.
However, there is clearly a drawback in that the sample size is

reduced considerably in this subsample.

Research question 3: Are the self-report measurements collected
at a lower cost than conventional approaches?

We estimated the following total direct field costs of data
collection for each of the three scenarios: $49,317 for the annual
data collection by enumerators, $176,897 for the monthly data
collection by enumerators and $125,066 for the high
frequency (multiple submissions per participant per week) by
caregivers through Mbiotisho. Because there is concern that
providing devices to each household is cost prohibitive, making
the Mbiotisho approach unviable, we highlight here that the costs
of participants' phones and chargers were included in the
estimates, and we assumed complete depreciation of those
devices by the end of the implementation—we did not sell
them to recoup sunk costs. The line items used to estimate the
costs of each activity are provided in Supporting Information:
Appendix C.

The cost per individual round of indicators under considera-
tion were $128, $76 and $13 for the conventional annual
(N=189 caregiversx2 rounds=378), conventional monthly
(N=189 caregiversx 12 rounds=2268) and Mbiotisho high-
frequency methods (N =189 caregiversx52 rounds=9828),
respectively. While there are likely to be cases in which the
technical expertise and skills of the enumerator are required, we
believe that there are also cases in which such expertise is not
worth the cost of reduced data frequency or coverage. The lower
costs per round of data through Mbiotisho expand the opportuni-
ties of the fixed budget. Determining which approach is best for a
particular activity requires thinking through the objectives
of data collection, the available budget, the cost of transporta-
tion, and the capacity of the local participants and prospective
enumerators.

4 | DISCUSSION

Our implementation in Samburu aimed at testing a low-cost method
for data collection among populations that are typically challenging to
monitor. In this case, the women that participated in this study were
extensive pastoralists, which also means that they live in regions with
poor infrastructure and might migrate frequently, making them
expensive to interview and difficult to locate for repeat visits.
Participation rates over the 12-month project show clearly that
caregivers are able and willing to use Mbiotisho to record and submit
measurements, consistently, at high frequency, and over an extended
period of time. Indeed, the participation rates and submission
consistency among caregivers were on par with, or better than, that
of the CHVs that were hired to collect benchmark data from the
caregivers during their normal CHV activities. These findings both

}Wl LEYy—L *°*

highlight issues related to conventional data collection that relies on
enumerators or technicians to collect data, and the viability of
Mbiotisho for data collection. Further, the participants continued to
submit data without any change in quantity in the mid-2020 period,
during which policies meant to slow the spread of the COVID-19
pandemic stopped nearly all in-person field data collection in Kenya,
illustrating that the tested approach can operate in some circum-
stances that are not appropriate for conventional ones.

Data quality is a serious concern for all field data collection.
While several studies have found that caregivers can accurately use
MUAC measurements to monitor malnutrition (e.g., Alé et al., 2016;
Blackwell et al., 2015; Grant et al., 2018; Isanaka et al., 2019), it
continues to be uncommon and, as with community-based monitor-
ing, there has been little work on developing methods for those
caregivers to easily record their measurements in a structured way so
that they can provide value beyond their immediate screening
objective. Assessing the data submitted by caregivers and CHVs in
this study, showed that both groups submitted data that contained
errors. The errors in the measurements submitted by the CHVs
highlight that all field data collected by humans, even that which has
been collected by highly trained and experienced individuals, requires
appropriate incentive structures and monitoring for quality. In this
case, the CHVs' data quality was not well monitored and, in the end,
could not be used as an accurate benchmark with which to assess the
caregivers' data quality.

To develop an alternative benchmark, we employed a novel
approach that used photographs of measurements submitted by
participants to generate an alternative sequence of measurements.
Assessments of data quality using the alternative benchmark were
promising. The TEM between the caregiver data and the PIM-CHV
data was 0.44 cm, which is well within the range of 0.10-1.3cm
reported by Ulijaszek and Kerr (1999) in their review of 11 studies of
anthropometric measurements, but above the reported averages
across those studies (0.37 cm). When images of the measurements
made by the caregivers were used to screen the caregivers' data and
filter out what appear to be incorrect measurements, the median TEM
fell to 0.37 cm. When the PIM-caregivers' data were used as the
benchmark, which could arguably be the most appropriate bench-
mark, the TEM fell to 0.23 cm. These figures are on par with those
from trained enumerators. For example, in a six-country assessment
of the reliability of anthropometric measurements in the Multi-
Growth Reference Study, the WHO Multicentre Growth Reference
Study Group (WHO Multicentre Growth Reference Study
Group, 2006) found that the average TEM between their trained
enumerators for MUAC ranged from 0.18 to 0.23 cm, even after
employing procedures for reducing TEMs by triggering measure-
ments when large differences between measures were observed.

Here, we note that it was common for individual measurements
made by the caregivers to be noisy, but one advantage of high-
frequency longitudinal data is that errors can be temporally smoothed
to mitigate the impacts of outliers, or those outliers can be identified
and dropped. The success of these approaches in improving the

quality of data is an important finding, highlighting the value of

85U8017 SUOWIWIOD BAIER.D 8|qeol|dde 8y} Aq peusenoh afe se[ole VO ‘@SN Jo s 10} ARiqiT8ulUO A8]IM UO (SUONIPUCD-pUe-SIe)AL00 A8 1M Afelq 1 [pu1|UO//:SANY) SUORIPUOD PUe SWB | 3u} 8eS *[£202/£0/90] U0 AriqiTauliuo A8IM ‘IMEVENIZ - SSTO0Y DINGT Aq 96T UOW/TTTT OT/I0P/W00" A3 1M Ae.q 1 puluo//:Schy Woiy papeojumod ‘0 ‘60.801.T



10 of 11 WI LEY1

building methods for monitoring data quality in surveys when
comparison data sets will not be available. Such strategies can be
used to identify contributors that are submitting low-quality data and
then either retraining them or dropping them from the activities.
Indeed, while the Mbiotisho tool does collect information on several
other indicators, including consumption and morbidity, we did not
assess them because those indicators offer fewer options for
accurate testing—the survey contained few options for internal or
intertemporal cross-verification because the variables have short
recall periods and can change quickly and frequently. At the same
time, accurately measuring MUAC requires considerable skill, much
more than what is required for accurately measuring the other
indicators collected by our tools.

With the identified approaches to screening data, we can
generate data sets of high quality from the caregiver-measured
and -submitted data. While the approach does require expenses
related to initial training in the same way that standard household
surveys require for enumerators, this alternative approach avoids
many of the other costs related to standard household survey
approaches, such as transporting, feeding and lodging enumerators
and field supervisors. For those with objectives that can be best
met by high-frequency data on a few indicators, the methods
tested here have proved to be cost-effective. If one's objectives
require a large number of indicators or indicators that require a
great deal of technical expertise, and the frequency of the data is
less important, then conventional surveys are likely to be more
cost-effective.

The Mbiotisho tool and the methods of data collection that it
employs hold a clear value for situations in which conventional data
collection is challenging and/or expensive, in which frequent repeat
measurements are valued, and in which the focus is on a few
outcomes that can be translated into simple survey questions. We
see several such situations and are employing Mbiotisho as part of
surveillance networks for remote regions, for monitoring individuals
between clinic visits, and among those living in informal settings.
Data redundancies are being built into these activities so that we can
continue to learn about which types of data individuals can and will
collect consistently and accurately. We are also experimenting with
incentive structures to test if the cost of data can be reduced further
and if the quality of data can be improved. Our hope is to use the
current implementations to further develop and improve the
Mbiotisho tool and related processes, and then offer it openly for
others to use.
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