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Informing the Somali High Frequency Survey
16th June 2015
Overview
The historical civil war and political insecurity in Somalia has resulted in a lack of socioeconomic,
perception and other key data in Somalia. The Somalia Socioeconomic Survey 2002 was the last
Somalia-wide representative survey. This lack of data makes it difficult for the government and its
development partners to plan and implement appropriate policies and programs that are needed to
support economic growth and stability. Especially the lack of poverty numbers undermines the
development of an interim poverty reduction strategy paper, which is required to apply for HIPC
debt relief.
World Bank aims to support Somalia by implementing a Somalia High Frequency Survey with a
focus on consumption for the first wave to estimate poverty numbers. However, data collection in
Somalia is challenging due to insecurity in some areas. First, traditional sampling methodologies
require a full listing of enumeration areas, which is impossible in insecure areas. Second,
face-to-face time is limited to about 60 minutes while a full consumption questionnaire takes 90 to
120 minutes. Third, limited field access makes monitoring of data quality difficult. The poverty
team developed solutions to overcome these challenges and allow household consumption data
collection in Somalia.
The first challenge is resolved by employing a segmentation approach instead of requiring a full
listing in insecure areas. Each enumeration area is segmented into smaller parts. Instead of listing
all households in the enumeration areas, one segment is randomly chosen and all structures within
the segment are listed. After choosing a structure randomly, only the households within the
structure are listed and used to randomly select a household. The first poverty note shows that this
methodologies delivers unbiased estimates with reasonable precision. In addition, the methodology
is a good compromise between preparation time, ease of implementation, and the time and
complexity necessary for weight calculations.
The second challenge is overcome by a newly developed methodology to collect consumption data
in 60 minutes described in the second poverty note. First, the large number of consumption items is
distributed across different households. Second, the ‘missing’ consumption of items for a particular
household are imputed from the consumption of the remaining households within the survey. An
ex-post simulation using data from Hergeiza shows that the methodology is able to provide
accurate poverty estimates. Implementation of the methodology in the Mogadishu pilot shows that
the methodology is essential for unbiased poverty estimates and practical to implement.

The third challenge of monitoring limitations is tackled in the third poverty note. Data quality can
be improved – especially for consumption data – by implementing a dynamic on-the-fly data
validation system. This system flags unusually high or low entries and asks enumerators to confirm
the correctness of the entry. In addition, an innovative solution utilizing available software is
proposed to monitor and manage tablets remotely. Using GPS tracking software, the location and
trajectory of tablets can be determined – even retrospectively when the tablet re-enters 3G/WiFi
areas. This helps to determine whether interviews were conducted at the correct location. Using
remote management software, errors in the tablet configuration can be detected and solved while
tablets can be updated remotely. Thirdly, a real-time monitoring system can identify challenges in
the field work as well as weak enumerators early on and mitigate their impact on data quality. In
addition, the analysis system calculates outcome indicators of the survey, e.g. consumption,
education attainment or unemployment, to check incoming data while field work is still ongoing.
The availability of the analysis code at the end of the data collection considerably accelerates the
process from data collection to publication of results. Implementing these innovations in the
Somalia High Frequency Survey will ensure high data quality despite limitations for field
monitoring.
Based on the three poverty notes, it will be possible to implement a Somalia High Frequency Survey
to collect consumption data and estimate poverty. The sampling and the new rapid consumption
methodologies are critical choices and their validity is of utmost importance. The two first notes
provide sufficient evidence for the validity of the methodologies. Both notes were peer-reviewed
and presented at the Annual Bank Conference for Africa (ABCA), 2015.

Executive Summaries
Second Stage Sampling for Conflict Areas: Methods and Implications
The collection of survey data from war zones or other unstable security situations provides
important insights into the socio-economic implications of conflict. Data collected during these
periods, however, is vulnerable to error, because conflict often limits the options for survey
implementation. For example, the traditional two-stage sample design for face-to-face surveys in
many countries is to first select census enumeration areas (EAs) proportional to size and then to
conduct a household listing operation. However, such an approach is not always feasible in areas of
conflict. At the first stage, updated counts are often not available, making probability proportional
to size selection inefficient. At the second stage, the listing visit, in which survey staff canvass the
entire selected area, is seen as too dangerous. To collect high-quality data in areas of conflict, new
methods of selection are needed, particularly at the second stage.
Security concerns limit the amount of time that the interviewers can spend in the field: more time
in the field, particularly outside of households, increases interviewers’ exposure to robbery,
kidnapping, and assault, or simply that the local militias would object to their presence. Limited
field access for international supervisors demands a sample design that can be implemented by
interviewers without extensive training and which is verifiable.
Several alternative sampling approaches can be considered for face-to-face household surveys in
areas with limited security. Overall, each of the methods can prove to be the best option for second
stage sampling in a conflict zone depending on the context of the survey. Satellite mapping,
segmentation, and the Mecca methods with full area weights are all probability methods for which
it is possible (though perhaps not easy) to calculate weights, and thus all should produce unbiased
estimates of the population mean. In addition, the Mecca method with simple distance weights is a
close approximation of an unbiased sample.
The choice between the different methods is really one of cost and variance, as well as issues
specific to the survey area. If there are no restrictions on time and back office resources, a full
listing yields the most consistently unbiased and efficient design, provided recent maps are
available and potential issues with out-of-sample buildings can be adequately addressed. The
Mecca method provides promising results in simulations but has yet to be tried in the field. The
simple distance variation of the Mecca method shows particular promise as it removes the
requirement of updated satellite maps and greatly reduces the calculation burden for the weights.
The non-probability methods, random walk and the unweighted Mecca method, do not produce
unbiased results. Random walk, in particular, did not perform well in the simulations despite being
common practice for many surveys. Given the expanding availability of satellite maps and
decreasing costs of GPS technology, much of which is integrated into the phones and tablets used by
interviewers, alternative methods based on probability sampling may reduce bias with little impact
on cost or complexity of implementation.

For the Somalia High Frequency Survey, the segmentation method is recommended for areas where
a full listing is not possible. The segmentation method is a compromise between preparation time,
ease of implementation, and the time and complexity necessary for the weight calculations. Special
focus should be put on verifying the correct location of enumerators since one in four interviews
had to be discarded in the pilot for being conducted outside the selected enumeration area.
Regardless of this challenge, however, the pilot prove that it is possible to implement a complex and
yet rapid, high-quality survey in one of the most challenging urban contexts known to date.

Measuring Household Consumption and Poverty in 60 Minutes: The Mogadishu High
Frequency Survey
Consumption aggregates are estimated traditionally by time-consuming household consumption
surveys. A household consumption questionnaire records consumption and expenditures for a
comprehensive list of food and non-food items. With around 300 to 400 items, the administering
time of the questionnaire often exceeds 90 – 120 minutes. In addition to higher costs due to longer
administering time, response fatigue can increase measurement error especially for items at the
end of the questionnaire. In a fragile country context, security concerns can restrict the duration of
a visit to less than 60 minutes.
The extensive nature of household consumption surveys make it difficult to obtain updated poverty
estimates especially when they are needed the most: after a shock and in fragile countries.
Therefore, approaches were developed to reduce administering time to allow collection of
consumption data with significantly lower administering time. The most straight-forward approach
to minimize administering time reduces the number of items either by asking for aggregates or by
skipping less frequently consumed items, which we call reduced consumption methodology.
However, both approaches have been shown to under-estimate consumption, which in turn
over-estimates poverty. Splitting up the questionnaire for multiple visits is another solution but
attrition issues – especially in fragile country contexts – increase required sample size and also
have a high cost implication. In addition, multiple visits to the same household can increase security
concerns. A second class of approaches utilizes a full consumption baseline survey and updates
poverty estimates based on a small subset of collected indicators. This class of approaches is not
feasible for Somalia due to the lack of a baseline.
The proposed rapid consumption methodology combines an innovative questionnaire design with
standard imputation techniques. Consumption items are partitioned into a core module containing
items with large consumption shares and optional modules for the remaining items. Instead of
administering all modules to each household, only the core and one optional module are
administered. As different optional modules are assigned to different households, the ‘missing’
consumption of the modules not administered to a particular household can be estimated within
the survey.
This methodology reduces the administering time of a consumption survey to less than 60 minutes
while at the same time credible poverty estimates are obtained. Thus, the gain in administering
time is bought by the need to impute missing consumption values. Due to the design of the

questionnaire, the method circumvents systematic biases as identified for alternative
methodologies.
The results of an ex-post simulation and a pilot survey in Mogadishu suggest that the rapid
consumption methodology is a promising approach to estimate consumption and poverty in a
cost-efficient and fast manner in Somalia. At the same time, the simulation clearly indicates that a
reduced consumption approach would considerably over-estimate poverty. Thus, it is
recommended to use the rapid consumption methodology for the Somalia High Frequency Survey.

Utilizing Mobile Technology to Innovate CAPI Data Collection in Fragile Contexts
Data collection in fragile countries faces two major constraints. First, field access is often limited to
monitor data collection. This puts data quality at risk if enumerators cannot be sufficiently
supervised. Second, the context is highly volatile demanding timely data collection with swift
results. The note presents three measures to overcome these barriers and deliver high quality
household consumption data using tablet face-to-face interviews. The three innovations go beyond
traditional tablet survey collection by an innovative online management of the data collection,
dynamic on-the-fly data validation and real-time monitoring and analysis of the data.
Three applications can be used to improve online management of the tablets. It is assumed that
encrypted tablets equipped with Android will be used. In case of a stolen tablet, the data will not be
readable even directly from the memory due to encryption of the device. The Android Device
Manager allows remotely locking and wiping tablets. A second app called AirDroid enables
managing remotely the tablet. This includes checking the phone call log, changing the configuration
of the device as well as changing the content of the file system. Using this app, tablets can be
remotely managed and monitored without direct access to the field. A third app Android GPS
Tracker tracks the position all enumerators including pace and indicating stops while traveling.
Paired with coordinates for households to be interviewed, it is easy to check whether enumerators
indeed visit the assigned households.
The second component for improved data collection implements dynamic on-the-fly data validation
with focus on consumption data. Questions for quantities consumed / purchased have dynamic unit
validation to ensure that enumerators are not entering the wrong unit (e.g. 100 kg). In addition,
built-in unit value tables validate entries of the value of consumption by comparing the unit value of
the entered data with the built-in table. In both cases, entries outside pre-defined intervals are
flagged to the enumerator requiring his explicit confirmation that entries are correct. Conversion
tables of non-standard units (like heaps) are collected directly in the field by asking enumerators
upon each entry for his estimate. These measures effectively clean data on-the-fly utilizing the
context-specific knowledge of enumerators while visiting the household.
The third component performs real-time monitoring and analysis. Taking advantage of the almost
instant availability of collected data, descriptive statistics of the implementation process are
compiled, e.g. number of interviews per day and enumerator. In addition, interviews can be flagged
for validity, e.g. by checking whether the interview was conducted within the enumeration area
based on GPS information. Thus, with day 1 data can be monitored and action been taken on
irregularities in the field. The descriptive statistics from the data collection are accompanied by

monitoring indicators collected by the survey, e.g. employment rate. This helps to ensure data
quality at a higher level. From there, it is a continuum towards real time analysis. Once these
statistics are implemented for the field collection, they are immediately available at the end of the
field work reducing gap time between field work and the publication of results.

Second Stage Sampling for Conflict Areas: Methods and Implications
Kristen Himelein, Stephanie Eckman, Siobhan Murray and Johannes Bauer1

Abstract: The collection of survey data from war zones or other unstable security
situations is vulnerable to error because conflict often limits the options for
implementation. Although there are elevated risks throughout the process, we focus here
on challenges to frame construction and sample selection. We explore several alternative
sampling approaches considered for the second stage selection of households for a survey
in Mogadishu, Somalia. The methods are evaluated on precision, the complexity of
calculations, the amount of time necessary for preparatory office work and the field
implementation, and ease of implementation and verification.
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1. Introduction
The collection of survey data from war zones or other unstable security situations provides important
insights into the socio-economic implications of conflict. Data collected during these periods, however, is
vulnerable to error, because conflict often limits the options for survey implementation. For example, the
traditional two-stage sample design for face-to-face surveys in most developing countries first selects
census enumeration areas (EAs) with probability proportional to size and then conducts a listing operation
to create a frame of households from which a sample is selected. Such an approach, however, is not
always feasible in conflict areas. At the first stage, updated counts are often not available, making
probability proportional to size selection inefficient. At the second stage, survey staff canvas the entire
selected area, requiring interviewers to spend additional time in the field approaching all households (see
Harter et al, 2010 for description of household listing procedures). This may be too dangerous. To collect
high-quality data in conflict areas, new methods of selection are needed, particularly at the second stage.
This paper explores several alternative sampling approaches considered for the baseline of the Mogadishu
High Frequency Survey (MHFS). The baseline was a face-to-face household survey in Mogadishu, Somalia,
conducted from October to December 2014 by the World Bank team and Altai Consulting. A full listing
was deemed unsafe in Mogadishu. The additional time in the field and predictable movements increased
interviewers’ exposure to robbery, kidnapping, and assault, and also increased the likelihood that the local
militias would object to their presence. The survey needed a sample design that would minimize the time
spent in the field outside of the households, but also could be implemented without expensive equipment
or extensive technical training. In addition, international supervisors from the consulting firm could not
go to the field, necessitating a sample design that could be verified afterwards.
The consulting firm originally proposed a random walk procedure. While this methodology had the
benefits of fast implementation and unpredictability of movement, the procedure gives biased results,
even if implemented under perfect conditions (Bauer, 2014), and the circumstances in Mogadishu were
far from ideal. Therefore the team considered four alternatives for household selection. The first option
considered was to use a satellite map (of which many high quality options exist, due the arid conditions
and political importance of the region) to map each structure. Of these, 10 would be selected. The second
option considered was to cut EAs into 8-10 household non-uniform segments and ask enumerators to list
and choose households from the segments.2 The third option considered was to lay a uniform grid over
the EA and ask enumerators to list and choose households from selected grid boxes. The final option
considered was to start at a random point in the cluster and walk in a set direction, in this case towards
Mecca, until the interviewer encountered a structure.
The paper will make use of data from the Mogadishu survey and geo-referenced maps and three example
EAs to explore the following questions: (1) What are the implementation concerns for each method,
including the options for verification and the impact of non-household structures? (2) What are the
implications in terms of precision and bias for each of the methods described above? (3) What
information is needed to calculate sampling weights for each method, and is this information available?
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Interviewers had a selection application on their smart phones that they used whenever subsampling was needed.
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The next section briefly describes the literature as it relates to the questions above. Section 3 describes
the data, section 4 gives detail on the methods considered, section 5 presents the results, and section 6
offers some discussion and conclusions.
2. Literature Review
The most common method for collecting household data in sub-Saharan Africa is to use a stratified twostage sample, with census enumeration areas selected proportional to size in the first stage and a set
number of households selected with simple random sampling in the second stage (Grosh and Munoz,
1996). Since often administrative records are incomplete and most structures do not have postal
addresses, as is the case in Mogadishu, a household listing operation is usually necessary prior to the
second stage selection. Due, however, to the security concerns cited above, listing was not feasible in
Mogadishu.
A number of alternatives for second stage selection can be used when household lists are not available.
The most common alternative is a random-walk in which the probabilities of selection are considered
equivalent to simple random sampling. Random walk methodologies are commonly used in Europe (see
Bauer, 2014, for recent examples), but are also implemented in the developing world. Specifically, the
Afrobarometer survey, which has been conducted in multiple rounds in 35 African countries since 1999,
and the Gallup World Poll, which conducted surveys in 29 sub-Saharan African countries in 2012, use
random walk methodologies. Bauer (2014) tests the assumption that a random walk is equivalent to
simple random sampling by simulating all possible random routes using standard within a German city
and calculating the probability of selection for each household. The results show substantial deviation
from simple random sampling expectations which lead to systematic bias. The simulations also assume
perfect implementation of the routing instructions, which is unlikely given the limited ability to conduct
in-field supervision and strong (though understandable) incentives for interviewers to select respondents
who are willing to participate (Alt et al 1991).
The alternative methodologies discussed here use a combination of satellite maps and area-based
sampling. As satellite technology has improved in quality and become more readily available, it has been
increasingly used for research in the developing world. Barry and Rüther (2001) and Turkstra and
Raithelhuber (2004) use satellite imagery to study informal urban settlements in South Africa and Kenya,
respectively. Aminipouri et al (2009) use samples from high resolution satellite imagery to estimate slum
populations in Dar-es-Salaam, Tanzania. Examples from the United States and Europe are less common,
as usually there are traditional, reliable alternatives, but Dreiling et al (2009) tested the use of satellite
images for household selection in rural counties of South Dakota.
While area-based selection methods are more common in agricultural and livestock surveys, Himelein et
al (2014) used circles generated around randomly generated points to survey pastoralist populations in
eastern Ethiopia, with the stratification developed from satellite imagery. A variation of this method was
considered in Mogadishu, but the methodology surveys all eligible respondents living within the selected
circle. The resulting uncertainty over the number of total number of selected households and the time
spent in the field caused it to be discarded.
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There are further examples of random point and satellite based selection in the public health literature.
Grais et al (2007) also used a random point selection methodology in their study of vaccination rates in
urban Niger, comparing the results to a random walk. They do not find statistically significant differences
in the results from the three methods, though the sample size was limited, but conclude that interviewers
found the random point selection methods most straightforward to implement than the random walk.
Lowther et al (2009) uses satellite imagery to map more than 16,000 households in urban Zambia to select
young children for a measles prevalence survey. They find the method straightforward to implement, but
do not do a formal comparison with alternatives. Other public health studies such as the EPI studies use
the “spin the pen” method to choose a starting household and then interview a tight cluster of
households. This method is nonprobability (Bennett et al 1994) and was not considered for the Mogadishu
study.
This paper brings together alternatives developed from this literature and applies them to a conflict
environment. We take a rigorous approach using simulations and careful estimation of weights to
compare the methods across a variety of potential field conditions. The results offer general guidelines
for practitioners developing implementation plans for conflict settings.
3. Data and Methodology
To explore the challenges of the random walk and the four proposed alternatives, we simulated the use
of each in three example PSUs from Mogadishu, Somalia. We purposefully chose three census
enumeration areas as the PSUs for this exercise to illustrate the variation in physical layout present in
Mogadishu. Maps of the three examples PSUs are shown in the appendix. The first is in Dharkinley district,
a comparatively wealthy section of southwestern Mogadishu where the households are laid out relatively
uniformly over gridded streets. The second is on the eastern edge of Heliwa district in the northeast of
the city. This area is more irregular in layout with larger gaps between buildings. The third selected was
in the more central Hodon district. It is densely populated with very irregularly laid out structures. (See
maps in the appendix.)
Figure 1: distribution of consumption aggregates

To construct the dataset for the
simulations, the values for consumption are
taken from data collected by the MHFS.
The survey covered both households in
neighborhoods and those in internally
displaced persons camps, but for the
purposes of this simulation, we use only the
neighborhood sample as the variation in
the IDP sample is compressed due to
reliance on food aid. Data was collected
from the selected households on limited
range of food and non-food items which we
sum to calculate total consumption (see
Mistiaen and Pape, forthcoming, for further

Source: Authors’ calculations based on Mogadishu High
Frequency Survey data
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details on these calculations.) There were 624 cases outside of the IDP camps with non-missing values on
the two consumption measures. The distribution of consumption across these cases has a strong right
skew to the distribution (Figure 1) with mean 43.0 and standard deviation 27.5. In assigning values for our
simulations, we drew consumption totals from this distribution.
To simulate the variety of situations that may be found in the field, we use three different mechanisms
for assigning consumption values to households in the three example PSUs. In the first, values are
randomly assigned across the households in each PSU. In the second, the same values are reassigned to
households to create a moderate degree of spatial clustering. In the third assignment mechanism, the
spatial clustering of consumption values is more extreme. We study the ability of each of the proposed
methods to estimate consumption under these three conditions. While these distributions may not mimic
actual conditions, they are illustrative of the different situations encountered in the field.
For each of the combinations of methods and assignment mechanisms discussed above, 10,000 simulated
samples were drawn and relevant probability weights calculated. Ten structures were selected within
each PSU. In the cases of segmentation and grid point selection, where the sample was selected in two
stages, two clusters were selected and then five structures within each clusters.

4. Alternative Sampling Methodologies
4.1
Satellite mapping
A full mapping of the PSU entails using satellite maps to identify the outline of each structure (see
appendix). In this case, we used maps publically available on Google Earth and PSU outlines provided by
the Somali Directorate of Statistics. From these maps, the structures inside each PSU can be assigned
numbers and selected easily in the office with simple random sampling. Once selected, interviewers can
be provided with the GPS coordinates of the household to locate it in the field. Mapping is the closest of
the proposed study methods to the gold standard of a well-implemented full household listing. The main
differences are that in a field listing, enumerators can exclude ineligible structures, such as uninhabited
and commercial buildings, and include information not available from satellite maps, such as new
construction and the identification of individual units within multi-household structures. Selection from
a satellite mapping therefore requires an additional set of field protocols for addressing and documenting
the above issues.
Satellite mapping can also be time consuming in terms of preparation. In the simplest approach to this
method, cluster outlines can be overlaid with maps from Google Earth, maps printed, and buildings
outlined and numbered by hand. A fully digitalized approach would take longer. Based on the experience
mapping the three PSUs used in the paper, it takes about one minute per household to construct an
outline. If the PSUs contain approximately 250 structures (the ones used here contain 68, 309, and 353
structures, respectively), mapping the 106 PSUs selected for the full Mogadishu High Frequency Survey
would have required more than 50 work days.
Once the mapping has been completed, however, the calculation of the probability of selection, and by
!

extension the survey weight, is straight-forward. The probability would be ", where n is the number of
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structures selected and N is the total number of structures mapped, plus any necessary adjustment for
multi-household structures.
4.2

Segmenting

Segmenting is a standard field procedure of subdividing large PSUs into approximately equal sized smaller
units for listing and selection purposes. The individual segments are then selected with simple random
sampling, and listed by field enumerators, and households selected from these lists. Segmenting is less
time consuming than a full mapping exercise in terms of office preparation, but still requires the manual
demarcation of segment boundaries, which generally follow roads or other easily identifiable landmarks
so that interviewers can identify the boundaries of the segments in the field. Also there would be
additional time taken in the field to list the segment, which would have security implications.
The calculation of the probability of selection is straightforward: the product of the probability of selection
of the segment, and the probability of selection of the household within the segment. There are, however,
implications for precision as the additional clustering introduced by the selection of segments could
increase the design effect (though the magnitude would depend on the number of segments selected, the
number of households selected per segment, and the degree of homogeneity within clusters for the study
variables).
Figure 2: Example of Grid Sampling Method

4.3

Grid

To implement the grid method, a
uniform grid of squares (or another
shape) is overlaid on the PSU map.
Figure 1 shows an example using 50 x
50 meter squares for the Dharkinley
PSU. The area of a grid point includes
all of the area that lies both within the
grid point and within the PSU
boundaries. For example, in grid point
17 in figure 1, the majority of the
structures would not be eligible as
they lay outside of the PSU
boundaries.
Only the structures
which lie in the bottom left corner are
both within the grid and PSU
boundaries.
One or more squares are selected
with simple random sampling from
the set of all squares that overlap the
selected PSU. Depending on the
survey protocols, a structure may be
defined as eligible if all or part of it lies

Source: Authors’ diagram based on PSU boundaries and Google Earth
images
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within the grid space. The more common protocol, including the structure if the majority lies within the
grid point, has the benefit of simplifying the weight calculations, but the risk of subjective decisions made
by interviewers in the field about where the majority of the building lies. Since the options for supervision
and field re-verification were limited in this survey, it was decided to consider the structure as eligible if
any portion of the structure lay within the grid boundaries.
To select a sample of households within the selected squares, a common approach would be for
interviews to be conducted with all eligible respondents with the grid point. This could lead, however, to
issues with verification as well as decreasing control over the final total sample size. Therefore, the
protocol used in Mogadishu had interviewers list all households with the selected square and use the
application to select households for the survey.
This variation of the grid method has the advantage that it requires less preparation time compared to
mapping or segmenting. There are considerable drawbacks, however, in the ease of implementation and
additional work to accurately calculate the selection probabilities. Since the squares do not follow
landmarks on the ground, interviewers need to use GPS devices to find the squares’ boundaries. This
approach also still requires some listing work, which may have security implications depending on the size
of the squares in the grid. The size can vary depending on the physical size of the PSU and the density of
the population. Smaller squares require less listing work, but also mean that more buildings will lie on the
boundaries between squares. Those selected structures which lie on boundary lines require additional
time for field implementation, because the overlapping squares must also be listed, and also complicate
the calculation of the probabilities of selection.
Let sk be the number of squares selected in PSUk and Sk be the number of squares that are partially or
completely contained within PSUk. For households that are entirely contained within square j, the
probability of selection, given that PSUk was selected, is:
&'

*

!"|$ = ( ∗ ,+
'

(1)

+

where nj is the number of structures selected from square j and Nj is the total number of eligible structures
in the square.
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is the probability of selection of the square when a simple random sample of size sk is

selected from the Sk squares in PSUk.
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&'

&'0

*

*

&'

&'0

'

'0

*

* 23

!"|$ = -( ∗ ,+ . + -( ∗ ,+ . − -( ∗ ( ∗ ,+ ∗ ,+ 23.
'

+

'0

+

+

+

(2)

In an extreme case of a structure lying on a four way intersection, there would be additional terms in
equation (2). Interviewers would also have to spend significant time on additional listing, which greatly
increases exposure in the field and provides disincentives to interviewers to report such households.
4.4

Mecca Method
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This sampling approach involves Figure 3: Example of Mecca Method
selecting
multiple
random
locations within each PSU and
travelling from those points in a
given direction until a structure is
found. In Somalia, the consulting
firm suggested using the direction
of Mecca, since it is common for
interviewers
to
have
an
application on their cell phones
which shows this direction. If that
structure is a household, the
interview is done with the
household. We are not aware of
any surveys that have used this
approach, but it clearly has Source: Authors’ diagram based on PSU boundaries and Google Earth
images
intuitive appeal, as it is
straightforward and inexpensive to implement in the field.
Figure 3 gives a stylized example of this method. Household 510 will be selected whenever any of the
points in the shaded region are selected. This region includes the area of the dwelling itself (its roof) and
all points in its “shadow” – that is, all land inside the PSU that lies in the direction opposite Mecca,
excluding points that lead to the selection of other buildings.
Despite its seeming ease-of-use, this approach contains many challenges. For one, it is not clear how nonresidential structures should be handled. The interviewer could walk around business and vacant housing
units, continuing in the direction of Mecca until she finds a residential unit. This approach would work in
theory, but in addition to the difficulties in remote verification it would create, it would also complicate
the calculation of probabilities of selection (discussed below). Therefore we do not suggest it. Instead,
we suggest coding points that lead to non-household selections as out-of-scope, and selecting additional
points to replace them.
Perhaps the biggest challenge with this method is the collection of the information needed to calculate
probabilities of selection of the selected households. Figure 3 shows Household 510 and, in the shaded
area, the set of all points that lead to the selection of this household. Each household, i, in the PSU has an
associated selection region: call this region Ai. The probability of selection of household i (conditional on
selection of PSU k), if c points in the PSU are selected, is one minus the probability that all c selected points
are not in Ai:
'()* ,- '

.
!"|" # 1 % &1 % /,/*0 *()* ,- 123
5

6

(3)

4

(based on Särndal et al. 1992, p.50). This approach is essentially probability proportional to size selection
with replacement, where the measure of size is the area of Ai. The weight is then the inverse.
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Looking at Equation 3, the Figure 4: Area which does not lead to selection of household
hardest
quantity
to
calculate is the area of Ai.
For the purposes of this
paper, we use relatively
recent Google Earth maps
(two of which were from
March 2014 and one from
December
2013)
to
calculate the Ai region for
each selected household. If
high quality and recent
satellite photos of the
survey region are not
available, calculation of the
area of the selection
regions will be much
harder and may not be
possible at all.
Any
structures added since the
imagery was captured
would not be included and
therefore it would be
difficult to calculate the Source: Authors’ diagram based on PSU boundaries and Google Earth images
area. Similarly, if new structures were built in the shadow, these areas would be incorrectly still included
in Ai.
As it is likely that there will be incidences where field maps are either too dated to be useful or completely
unavailable, we also consider two alternatives: using weights based on the estimated distance to the next
structure in the opposite direction of Mecca, and ignoring the weights completely. Neither method can
provide unbiased results, but under certain conditions they may be a good alternative for those that find
themselves in second or third best scenarios. The simple distance would be unbiased if the length of the
line was exactly proportional to the area of the shadow. While this specific condition is unlikely, the
variation does have the benefit of not requiring digitized maps and being more flexible in accounting for
new construction. No weighting would be approximately unbiased if dwellings were identical in size and
equidistant.
Figure 4 illustrates another potential issue with this group of methods. There are points in this PSU that
would not lead to the selection of any households. Consider the points in the direction of Mecca from
Household 35, for example. If any of these points were selected, the interviewer would not find any
household before she left the boundaries of the PSU. This issue raises questions for the field protocols.
Should interviewers stop at the PSU boundary, or should they continue and select housing units outside
of the selected PSU? If the former, how would the interviewer know where the PSU boundaries are? If
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the latter, the probabilities should be adjusted for the fact that the Ai region extends outside of the PSU,
which is not straightforward. Additional structures outside of the boundaries of the PSU would need to
be mapped, requiring additional preparation time. For the purposes of this paper, we mapped all
households in a 50 meter buffer zone around the PSU boundaries. This increased the number of structures
required from 309 to 408, 68 to 207, and 353 to 724, respectively, nearly doubling the required mapping
time. A third option would be to allow interviewers to travel outside of the PSU in search of a selected
household, but then remove these interviewed households outside the selected PSUs from the data set,
because their probabilities of selection are too complex to calculate. This approach has preserves the
probabilities of selection and is easy for the interviewer to implement, but deleting data is inefficient in
terms of cost.
4.5

Random Walk

There are many different implementations of the random walk procedure. Each method invokes choosing
a starting point within the selected area and then proceeding along a path, selecting every kth household.
The methods differ in how the path is defined. In this paper, we follow the method used by the
Afrobarometer survey. The walking instructions are:
“Starting as near as possible to the SSP [Sampling Start Point], the FS [Field Supervisor] should
choose any random point (like a street corner, a school, or a water source) being careful to
randomly rotate the choice of such landmarks. From this point, the four Fieldworkers follow
this Walk Pattern: Fieldworker 1 walks towards the sun, Fieldworker 2 away from the sun,
Fieldworker 3 at right angles to Fieldworker 1, Fieldworker 4 in the opposite direction from
Fieldworker 3…. Walking in their designated direction away from the SSP, they will select the fifth
household for their first interview, counting houses on both the right and the left (and starting
with those on the right if they are opposite each other). Once they leave their first interview, they
will continue on in the same direction, and select the tenth household (i.e., counting off an interval
of ten more households), again counting houses on both the right and the left. If the settlement
comes to an end and there are no more houses, the Fieldworker should turn at right angles to the
right and keep walking, continuing to count until finding the tenth dwelling” (Afrobarometer, pg.
35).
However, there are several documented problems with random walk methods. First, although the random
walk methods do not necessarily produce equal probability samples, they do not collect any information
with which to calculate probabilities of selection. For this reason, weights are not calculable for random
walk samples; instead, the samples are analyzed as if they were equal probability. Bauer (2014) shows
that this assumption is not correct (though the methodology differs from the one described above).
Second, the method is difficult to verify. If a supervisor has GPS tracks from each interviewer, he or she
can perhaps verify that the interviewers’ direction of travel was correct, but cannot be sure that the rules
about which households to select were implemented correctly. Even if implemented according to
protocols, two interviewers starting at the same point and traveling on the same path may select different
samples depending on the distance that they consider close enough to be included or in what sequence
they count the dwellings. Finally, interviewers using random walk tend to select people who are at home,
rather than those who live in the households specified by the rules (Alt et al 1991).
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To simulate the random walk in the Mogadishu context, we replicate the Afrobarometer protocols to the
extent possible. First a random point is selected. Since it is not possible to identify landmarks with the
level of detail available on the maps, the randomly selected point is taken as the starting point. To
simulate the direction of the sun, as random angle is chosen and the direction of the interviewer’s path
assigned at 90 degree intervals. For example, if 13 degrees from due north was selected, then the four
paths would be at 13 degrees, 103 degrees, 193 degrees, and 283 degrees. From these lines, it was
assumed that every dwelling within 5 meters on either side of the direction of walking was within the
interviewer’s line of sight. These dwellings were sequentially numbered and every fifth dwelling selected.
If the interviewer reached the PSU boundary before selecting the requisite number of households, the
path made a 90 degree turn and continued. If each of the four interviewers selected three households,
the total cluster size would be 12. In order to ensure comparability with the other methods, each of whch
aimed to select ten households, we dropped the last two selected households.3 (See illustrations in
appendix for further detail.)
5. Results
5.1

Simulations

For each of the methods discussed above and the three different methods of allocating consumption
values to households (random, some spatial clustering, extreme clustering), we simulated 10,000 samples
and calculated a mean for each one. We report the mean and standard deviation4 of the distribution
across all 10,000 samples and evaluate the different sampling approaches in terms of their bias and
variance. If a sampling method is unbiased, the expected value of the sample means should be 40, the
true mean consumption in each PSU. However, because our samples are quite small (only 10 cases at the
most) and the underlying distribution is far from normal (see Figure 1), we should not expect that all
methods will appear unbiased.
While generally it was possible to implement all of the methods in our simulations, there were notable
challenges with two of the designs. In simulating the Mecca method, certain selected points did not lead
to a selection within the EA. The impact was largely negligible in Heliwa or Hodon, where only 0.4 percent
and 1.4 percent, respectively, of the total area led to no selection, but in Dharkinley, the smallest and
most regular of the PSUs tested, 13 percent of the area led to no selection. In implementing the grid
selection method, there was little control over the number of households in each grid point. In some
cases, grid points were empty or did not have the minimum number of structures to achieve the expected
sample size. In the most extreme case of the large and sparsely populated PSU of Heliwa, when 50 x 50
m grid points were used, 22 contained no structures. Of those remaining, a further 17 percent had less
than the necessary five structures. Therefore the grid points were combined into 100 x 100 m squares.
After combination, none of the larger grid points were empty, but 16 percent continued to contain less
than the minimum. For the simulations, we dropped grid points without households, though this would
likely not be possible in true field implementation, leading to cost inefficiencies.
3
The analogous action in the field would be for the supervisor to rotate the additional interviews between
interviewers to assure an even workload, though most likely in the design stage the cluster size would have been set
to be evenly divisible among interviewers.
4
The standard deviation of the distribution is the standard error of the estimate of the mean.
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5.2

Bias and Variance

The mean, standard deviation, and coefficient of variation are shown in Table 1 for the seven methods
and three PSUs under the three different consumption values. From this table we can evaluate how well
each method worked in terms of bias and variance. From a true mean of 40, it was unsurprising that the
full listing / satellite mapping method showed the most consistently unbiased results across the nine
scenarios. Segmentation also showed consistently unbiased results. As expected, however, the
segmentation method is more sensitive to clustering in the underlying distribution of the consumption
values because the homogeneity within the segments.
The Mecca method also generally performed well when the results were weighted. The Mecca method
with full weights calculated from the areas of the shadow showed an average difference of 1.3 from the
true mean of 40 across the nine scenarios, in comparison to the 0.0 for full listing and 0.3 for
segmentation. The method should be unbiased, as it is a probability method using appropriate weights,
but the small sample size and skewed distribution of the underlying variable, as discussed in Section 4.6.
The Mecca method with proxy weights, based on the distance from the selected point to the household,
also performed well with an average difference of 1.5. As expected, the Mecca method without any
weighting showed the most biased results of the methods considered, even when there was no clustering
of wealth. It performed particularly poorly in Heliwa, where the sparse geography leads to long shadows
and large differentials in the probabilities of selection.
The two remaining methods, the grid and random walk, showed more bias than the full listing,
segmentation, and two of the three Mecca methods, but were better than the Mecca method with no
weights. Both performed relatively well when the wealth values were randomly assigned, though the grid
method was slightly better in these situations. The two methods also performed better in the more
uniform Dharkinley and sparse Heliwa compared to the more chaotic Hodon PSU.
6.2 Implementation Issues
The final criteria on which the methods were evaluated was the ease of field implementation and remote
supervision. The most straightforward to supervise remotely is the satellite mapping. Since the selection
is done in the office, the interviewers can be sent to the field with their target locations loaded on a
handheld GPS device, and supervisors can use tracks from the device to verify that interviewers visited
the correct households. While there is still scope for cheating, such as going to the target location to
record the GPS point and then interviewing another household, or claiming a refusal because the
household appeared to be difficult or time-consuming, these behaviors are possible in all surveys,
regardless of method, and can only be addressed through training. The Mecca method also provides the
possibility for remote supervision by using GPS waypoints and tracks to let supervisors and central office
staff verify that the interviewer travelled in the correct direction and interviewed households within the
boundary of the select PSU (see Himelein et al, 2014, for an example of using interviewer tracks for
supervision).
The grid and segmentation methods are more difficult to supervise because they are also more difficult
for the interviewers to implement. When creating segments, best practice is to use clearly discernable
landmarks used to draw boundaries, but these can change over time or not be correctly identified by the
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interviewers. If the interviewer incorrectly identifies the segment, it may be necessary to exclude the
resulting data as it cannot be properly weighted.
The grid method provides additional challenges as the boundaries between the grid squares do not follow
existing landmarks. The boundaries must therefore be programmed into the GPS and identified by the
interviewers. As it is unlikely that they will be able to walk straight along the boundary, additional training
may be required to correctly identify eligible structures. In addition, as was the case in Heliwa, it may be
necessary to have large grid points in sparsely populated areas. This increases the time necessary to do
the listing, exposing the interviewer to increased danger that may result in the inability to complete
interviews.
With both the grid and segmentation method, additional verification can be done for the listing portion
by using satellite maps. If the interviewer enters fewer households into the selection tool than are
expected based on the satellite map, it could be that they are purposely excluding or shirking. If the
number is much higher without evidence of multi-household structures, it may be that the interviewers
have gone to the wrong location, and this can be confirmed with the target household waypoint.
5.3

Replacements

One remaining potential issue not yet addressed relates to the use of non-response due to either refusals
or are out of sample selections. Due to high transportation costs, most surveys in the developing world
use replacements. This is done either through selecting additional households from PSU lists, as is
recommended in the World Bank’s Living Standards Measurement Study (Grosh and Munoz, 1996), or
selecting a neighboring structure based on field protocols, such as selecting the dwelling immediately to
the right (Lowther et al, 2009). While replacements for out of sample selections with new random points
does not introduce bias, it is inefficient and increases costs. For non-response due to refusal, it is likely to
be non-random, and therefore replacements will create at least some degree of bias in the data. The
reason and method for the replacement may influence the degree. If refusals tend to come from the
highest and lowest wealth households, as the opportunity cost of their time is high, and replacements
come from the main part of the distribution, the use of replacements will attenuate the variation in the
sample. This may cause the results to underestimate measures such as inequality that depend on
accurately capturing the extremes of the distribution. When using a replacement method that uses near
neighbors, if structures are abandoned or commercial buildings, those households living adjacent may be
systematically different from the remainder of the PSU. In addition, those households near the boundary
of the PSU would have a lower probability of selection since there are fewer households near them that
would lead to them being selected as replacements.
Of the methods discussed above, segmenting and gridding require a short listing exercise at which time
non-eligible structures can be excluded. Satellite mapping and the Mecca method rely on maps that
cannot differentiate based on eligibility, and are therefore more vulnerable to issues with out of sample
selections. In addition, regardless of method, the survey protocols should address procedures for the
inevitable refusals, which may be more likely in conflict areas.
6. Discussion
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Overall, each of the methods above could prove to be the best option for second stage sampling in a
conflict zone depending on the context of the survey. Satellite mapping, segmentation, and the Mecca
methods with full area weights are all probability methods for which it is possible (though perhaps not
easy) to calculate weights, and thus all should produce unbiased estimates of the population mean.5 In
addition, the Mecca method with simple distance weights is a close approximation of an unbiased sample.
The choice between the different methods is really one of cost and variance, as well as issues specific to
the survey area. If there are no restrictions on time and back office resources, a full listing yields the most
consistently unbiased and efficient design, provided recent maps are available and potential issues with
out-of-sample buildings can be adequately addressed. The Mecca method provides promising results in
simulations but has yet to be tried in the field. The simple distance variation of the Mecca method shows
particular promise as it removes the requirement of updated satellite maps and greatly reduces the
calculation burden for the weights. The non-probability methods, random walk and the unweighted
Mecca method, do not produce unbiased results. Random walk, in particular, did not perform well in the
simulations despite being common practice for many surveys. Given the expanding availability of satellite
maps and decreasing costs of GPS technology, much of which is integrated into the phones and tablets
used by interviewers, alternative methods based on probability sampling may reduce bias with little
impact on cost or complexity of implementation.
In the case specifically discussed here, the Mogadishu High Frequency Survey, the team opted to use
segmentation as a compromise between preparation time, ease of implementation, and the time and
complexity necessary for the weight calculations. The survey was generally successfully fielded, but the
team encountered a number of difficulties in the field. Teams occasionally faced high-level security
threats and exploitative rent-seeking from local leadership. The complexity of the survey protocols,
including the sampling design, slowed the implementation of the survey. Also a substantial number of
observations had to be discarded because the interviewed points did not fall within the boundaries of the
selected segments. Regardless of these challenges, however, it was possible implement a complex and
yet rapid, high-quality survey in one of the most challenging urban contexts known to date.

5

In this particular study, we saw small deviations from unbiasedness due to the small sample sizes used other issues
discussed above.
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True Mean
Full Listing / Satellite Mapping
Randomly assigned
Some spatial clustering
Extreme clustering
Mecca method (accurate weights)
Randomly assigned
Some spatial clustering
Extreme clustering
Mecca method (proxy weights)
Randomly assigned
Some spatial clustering
Extreme clustering
Mecca method (no weights)
Randomly assigned
Some spatial clustering
Extreme clustering
Segmentation
Randomly assigned
Some spatial clustering
Extreme clustering
Grid
Randomly assigned
Some spatial clustering
Extreme clustering
Random walk
Randomly assigned
Some spatial clustering
Extreme clustering

Table 1: Main Results
Method/Clustering

12.5
17.8
17.2
14.1
9.5
8.1
11.5
17.3
17.7
13.2
20.5
24.9
11.5
11.8
10.5

41.2
39.4
37.7
49.4
37.1
35.8
40.2
40.9
40.9
40.2
38.1
38.8
38.4
39.2
38.8

0.30
0.30
0.27

0.33
0.54
0.64

0.29
0.42
0.43

0.29
0.26
0.23

0.30
0.45
0.46

0.26
0.40
0.44
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39.3
40.8
39.2

40.7
40.9
42.6

40.0
40.0
40.0

37.7
33.4
34.1

39.5
37.3
37.6

39.7
37.6
37.8

10.4
15.7
16.7

40.9
39.4
37.8

9.1
12.0
10.3

11.5
18.6
24.0

10.2
17.3
19.2

8.8
7.0
7.9

14.7
15.7
15.2

13.7
15.1
14.5

9.6
9.6
9.6

40.0
40.0
40.0

11.7
11.6
11.7

40.0
40.0
40.1

0.29
0.29
0.29

Heliwa (EA5)
std
mean
error
40.2

Dharkinley (EA4)
std
Mean
error
cv
40.0

0.23
0.29
0.26

0.28
0.46
0.56

0.25
0.43
0.48

0.23
0.21
0.23

0.37
0.42
0.40

0.34
0.40
0.38

0.24
0.24
0.24

cv

39.5
45.8
46.2

39.7
45.3
45.1

40.1
39.9
40.0

38.0
45.5
44.5

39.3
41.7
41.7

39.3
41.5
41.4

40.0
40.0
40.0

9.1
17.7
20.9

11.0
20.1
22.6

10.8
17.0
19.3

8.1
9.2
8.4

14.9
14.5
15.0

14.1
13.3
13.8

9.5
9.6
9.5

Hodon (EA6)
std
mean
error
40.0

0.23
0.39
0.45

0.28
0.44
0.50

0.27
0.43
0.48

0.21
0.20
0.19

0.38
0.35
0.36

0.36
0.32
0.33

0.24
0.24
0.24

cv

Table A1 : Description of sample PSUs
Location
Total PSU
Total
Area (m2)
PSU +
Buffer
Area
(m2)
Hodon
42,615
95,707
Dharkinley
24,390
65,447
Heliwa
345,157
477,252

Appendix

Area in which no
households would
be selected with
Mecca method
(% of total)
1.4%
13.0%
0.4%
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March 14, 2014
December 25, 2013
March 14, 2014

309
68
353

408
207
724

Imagery date

Number
Number of
of
Structures
Structures (including
buffer)

Dharkinley

18

Heliwa

19

Hodon

20

Example of “shadows” for Mecca method

21

Example of path of random walk

22
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Abstract
For Mogadishu, no poverty estimates exist because security risks constrain a face-to-face interview time
to 60 minutes. This excludes traditional methods to estimate poverty based on time-consuming
household consumption surveys. This paper presents the first approach to estimate total consumption
reliably in such a context. Based on an innovative questionnaire design, the administering time is less
than one hour for any households allowing fast and cost-efficient data collection even in areas with high
security risks. The questionnaire design selects core consumption items administered to all households
while remaining consumption items are algorithmically partitioned into optional modules assigned
systematically to households. After data collection, multiple imputation techniques are used to estimate
total household consumption. Based on ex post simulations, the approach is demonstrated to yield
reliable estimates of poverty using household budget data from Hergeiza. The approach is then applied
as part of the High Frequency Survey in Mogadishu to estimate consumption within 60 minutes of faceto-face interview time.

Introduction
Poverty is the paramount indicator to gauge socio-economic wellbeing of a population. Especially after a
shock, poverty estimates can disentangle who in the population was affected how severely. As one of
the main indicators for poverty, monetary poverty is measured by a welfare aggregate usually based on
consumption in developing countries and a poverty line. The poverty line indicates the minimum level of
welfare required for a healthy living.
Consumption aggregates are estimated traditionally by time-consuming household consumption
surveys. A household consumption questionnaire records consumption and expenditures for a
comprehensive list of food and non-food items. With around 300 to 400 items, the administering time of
the questionnaire often exceeds 90 – 120 minutes. In addition to higher costs due to longer
administering time, response fatigue can increase measurement error especially for items at the end of
the questionnaire. In a fragile country context, a face-to-face time of 90 – 120 minutes can be
1
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prohibitively high. For example, security concerns restricted the duration of a visit in Mogadishu to
about 60 minutes.
The extensive nature of household consumption surveys make it difficult to obtain updated poverty
estimates especially when they are needed the most: after a shock and in fragile countries. Therefore,
approaches were developed to reduce administering time to allow collection of consumption data with
significantly lower administering time. The most straight-forward approach to minimize administering
time reduces the number of items either by asking for aggregates or by skipping less frequently
consumed items, which we call reduced consumption methodology. However, both approaches have
been shown to under-estimate consumption, which in turn over-estimates poverty.1 Splitting up the
questionnaire for multiple visits is another solution but attrition issues – especially in fragile country
contexts – increase required sample size and also have a high cost implication. In addition, multiple visits
to the same household can increase security concerns.
A second class of approaches utilizes a full consumption baseline survey and updates poverty estimates
based on a small subset of collected indicators.2 These approaches estimate a welfare model on the
baseline survey using a small number of easy-to-collect indicators. This allows updating poverty
estimates by collecting only the set of indicators instead of direct consumption data. While the approach
is cost-efficient and easy to implement in normal circumstances, the approach has two major drawbacks
in the context of fragility and shocks. First, the approach requires a baseline survey, which is sometimes
– for example in Mogadishu – not existent. Second, the approach relies on a structural model estimated
from the baseline survey.3 In the case of shocks, the structural assumptions, which cannot be tested, are
often violated. Thus, poverty updates based on the violated assumption tend to under-estimate the
impact of the shock on poverty. Therefore, cross-survey imputation methodologies are not applicable in
the context of shocks and fragility.
We propose a new methodology combining an innovative questionnaire design with standard
imputation techniques. This substantially reduces the administering time of a consumption survey to
about 60 minutes while at the same time credible poverty estimates are obtained. Thus, the gain in
administering time is bought by the need to impute missing consumption values. Due to the design of
the questionnaire, the method circumvents systematic biases as identified for alternative
methodologies.
After explaining the methodology in more detail in the next section, we will assess the performance of
the methodology ex post using collected household budget data in Hergeiza, Somalia. Next, we apply
the methodology to newly collected data in Mogadishu, Somalia, where full consumption data collection
was impossible due to security constraints. We evaluate the consistency of the consumption estimates
by performing validity checks. We conclude with a discussion of the limitations of the methodology, the
benefits especially in combination of using CAPI technology and the need for further research.
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Beegle et al, 2012.
Douidich et al, 2013; SWIFT
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Christiaensen et al, 2010; Christiaensen et al, 2011.
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Methodology
Overview
The rapid survey consumption methodology consists of five main steps (Figure 1). First, core items are
selected based on their importance for consumption. Second, the remaining items are partitioned into
optional modules. Third, optional modules are assigned to groups of households. After data collection,
fourth, consumption of optional modules is imputed for all households. Fifth, the resulting consumption
aggregate is used to estimate poverty indicators.

Survey

Questionnaire

Figure 1: Illustration of the rapid consumption survey methodology (using illustrative data only). The consumption module is
partitioned into core and optional modules, which in turn are assigned to households. Consumption is imputed utilizing the
sub-sample information of the optional modules either by single or multiple imputation methods.
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First, core consumption items are selected. Consumption in a country bears some variability but usually
a small number of a few dozen items captures the majority of consumption. These items are assigned to
3
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the core module, which will be administered to all households. Important items can be identified by its
average food share per household or across households. Previous consumption surveys in the same
country or consumption shares of neighboring / similar countries can be used to estimate food shares.4
Second, non-core items are partitioned into optional modules. Different methods can be used for the
partitioning into optional modules. In the simplest case, the remaining items are ordered according to
their food share and assigned one-by-one while iterating the optional module in each step. A more
sophisticated method would take into account correlation between items and partition them into
orthogonal sets per module. This would lead to high correlation between modules supporting the total
consumption estimation.
Conceptual division into core and optional items should not be reflected in the layout of the
questionnaire. More complicated partition patterns can result in a set of very different items in each
module. However, the modular structure should not influence the layout of the questionnaire. Instead,
all items per household will be grouped into categories of consumption items (like cereals) and different
recall periods. Therefore, it is recommended to use CAPI technology, which allows hiding the modular
structure of the consumption module from the enumerator.
Third, optional modules will be assigned to groups of households. Assignment of optional modules will
be performed randomly stratified by enumeration areas to ensure appropriate representation of
optional modules in each enumeration area. This step is followed by the actual data collection.
Fourth, household consumption will be estimated by imputation. The average consumption of each
optional module can be estimated based on the sub-sample of households assigned to the optional
module. In the simplest case, a simple average can be estimated. More sophisticated techniques can
employ a welfare model based on household characteristics and consumption of the core items. We
present six techniques in the next section and perform their performance on the dataset from Hergeiza.
Single imputation of the consumption aggregate under-estimates the variance of household
consumption. Depending on the location of the poverty line relative to the consumption distribution,
this can either consistently under- or over-estimate poverty. Multiple imputation based on bootstrapping can mitigate the problem but will render analysis more complicated. We use single as well as
multiple imputation techniques for the evaluation of the methodology.

Module Construction
Consumption for a household is estimated by the sum of expenditures for a set of items
&

!" = $ !"%
%'(

4

As shown later, the assignment of items to modules is very robust and, thus, even rough estimates of
consumption shares are sufficient to inform the assignment without requiring a baseline survey.
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where yij denotes the consumption of item j in household i. The list of items can be partitioned into M+1
modules each with mk items:
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For each household, only the core module !" and one additional optional module !"

are collected.

The item assignment to the modules should be based on either a previous survey or a survey in a related
country with similar consumption behavior. As the core module is administered to all households, it
should include items covering the largest shares of consumption. Optional modules can be constructed
in different ways. Currently, an algorithm is used to assign items iteratively to optional modules so that
items are orthogonal within modules and correlated between modules. In each step, an unassigned item
with highest consumption share is selected. For each module, total per capita consumption is regressed
on household size, the consumption of all assigned items to this module as well as the new unassigned
item. The item will be assigned to the module with the highest increase in the R2 relative to the
regression excluding the new unassigned item. The sequenced assignment of items based on their
consumption share can lead to considerable differences in the captured consumption share across
optional modules. Therefore, a parameter is introduced ensuring that in each step of the assignment
procedure the difference in the number of assigned items per module does not exceed d. Using d=1
assigns items to modules (almost) maximizing equal consumption share across modules.5 Increasing d
puts increasing weight on orthogonality within and correlation between modules.
The assignment of optional modules must ensure that a sufficient number of households are assigned to
each optional module. Household consumption can then be estimated using the core module, the
assigned module and estimates for the remaining optional modules
(*)

!5" = !"

(& ∗ )

+ !"

(&)

+ $ !5"
&∈8∗

where 9 ∗ ∶= ;1, … , ? ∗ − 1, ? ∗ + 1, … , !" denotes the set of non-assigned optional modules.

Consumption Estimation
Consumption of non-assigned optional modules can be estimated by different techniques. Three classes
each with two techniques are presented differing in their complexity and theoretical underpinnings. The
first class of techniques simply uses summary statistics like the average to impute missing data. The
second class is based on multiple univariate regression models. The third class uses multiple imputation
techniques taking into account the variation absorbed in the residual term.

5 Even with d=1, equal consumption share across modules is not maximized because among the modules with the same number of assigned
items, the new item will be assigned to the module it’s most orthogonal to rather than to the module with lowest consumption share.

5

Measuring Household Consumption and Poverty in 60 Minutes: The Mogadishu High Frequency Survey

Summary Statistics (average and median)
This class of techniques applies a summary statistic on the collected module-specific consumption and
applies the result to the missing modules. For each module k, the summary statistic f can be computed
as
($)
!" ($) = # $〈!* 〉* '.

For household i, household consumption is estimated as
(-)

!"* = !*

($ ∗ )

+ !*

+ ∑$∈2∗ !"

($)

.

Thus, each household is assigned the same consumption per missing module. In the following, the
average and the median are used as summary statistics. The median has the advantage of being more
robust against outliers but cannot capture small module-specific consumption if more than half of the
households have zero consumption for the module.
Module-wise Regression (OLS and tobit regression)
Module-wise estimation applies a regression model for each module. This allows capturing differences
in core consumption as well as other household characteristics
($)

!"*

($) (-)

= )- !*

($)

+ **+ )($) + ,*

($)

With **+ representing a vector of household characteristics and ,*

an error term assumed to be

($)

normally distributed with -.0, 0 1. Thus, module-wise estimation uses a regression separately for
each module. Coefficients are estimated only based on the subsample assigned to module k. In general,
a bootstrapping approach using the residual distribution could mimic multiple imputations but is not
applied here. Given the impossibility of negative consumption, a tobit regression with a lower bound of
0 is used in addition to a standard OLS regression approach. For the OLS regression, negative imputed
values are set to zero.
Multiple Imputation Chained Equations (MICE)
Multiple Imputation Chained Equations (MICE) uses a regression model for each variable and allows
missing values in the dependent and independent variables. As missing values are allowed in the
independent variables, the consumption of all optional modules can be used as explanatory variables:
($)

!"*

($) (-)

= )- !*

($) ($2)

+ = )$2 !*
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+ **+ )($) + ,*
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Missing values in the explanatory variable (!* ) are drawn randomly in the first step. Iteratively, these
values are substituted with imputed values drawn from the posterior distribution estimated from the
($2)

regression for !"* . While the technique of chained equations cannot be shown to converge in
distribution theoretically, practical results are encouraging and the method is widely used.
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Multi-Variate Normal Regression (MImvn)
Multiple Imputation Multi-variate Normal Regression uses an EM-like algorithm to iteratively estimate
model parameters and missing data. In contrast to chained equations, this technique is guaranteed to
converge in distribution to the optimal values. An EM algorithm draws missing data from a prior (often
non-informative) distribution and runs an OLS to estimate the coefficients. Iteratively, the coefficients
are updated based on re-estimation using imputed values for missing data drawn from the posterior
distribution of the model. Multiple Imputation Multi-variate Normal Regression employs a DataAugmentation (DA) algorithm, which is similar to an EM algorithm but updates parameters in a nondeterministic fashion unlike the EM algorithm. Thus, coefficients are drawn from the parameter
posterior distribution rather than chosen by likelihood maximization. Hence, the iterative process is a
Monte-Carlo Markov –Chain (MCMC) in the parameter space with convergence to the stationary
distribution that averages over the missing data. The distribution for the missing data stabilizes at the
exact distribution to be drawn from to retrieve model estimates averaging over the missing value
distribution. The DA algorithm usually converges considerably faster than using standard EM algorithms:
(%)

!"#

(%) ())

(%)

+ *#+ )(%) + ,#

= )) !#

Estimation Performance
The performance of the different estimation techniques is compared based on the relative bias (mean of
the error distribution) and the relative standard error. We define the relative error as the percentage
difference of the estimated consumption and the reference consumption (based on the full
consumption module):
3# =

!"# − !#
!#

The relative bias is the average of the relative error:
6

1
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The relative standard error is the standard deviation of the relative error:
6

1
73 = 8 3 3# 9
5
#56

For estimation based on multiple imputations, 3# is averaged over all imputations.
Each proposed estimation procedure is run on random assignments of households to optional modules.
A constraint ensures that each optional module is assigned equally often to a household per
enumeration. The relative bias and the relative standard error are reported across all simulations.

7

Measuring Household Consumption and Poverty in 60 Minutes: The Mogadishu High Frequency Survey

The performance measures can be calculated at different levels. At the household level, the relative
error is the relative difference in the household consumption. At the cluster level, the relative error is
defined as the relative difference of the average reference household consumption and average
estimated household consumption across the households in the cluster. Similarly, the global level
compares total average consumption for all households.

Results
In this section, the rapid consumption methodology will first be applied to a dataset including a full
consumption module from Hergeiza, Somalia. This will be used to assess the performance of the rapid
consumption methodology compared to the traditional full consumption. Subsequently, we present
results from the High Frequency Survey in Mogadishu. Security risks restrict face-to-face interview time
to less than one hour. Therefore, we employed the rapid consumption methodology to derive the first
ever consumption estimates for Mogadishu. We present the resulting consumption aggregate and
perform consistency checks for its validation.

Ex-post Simulation
The rapid consumption methodology is applied ex post to household budget data collected in Hergeiza,
Somalia. Hergeiza was chosen as it is the most similar city to Mogadishu. Using the full consumption
dataset from Hergeiza allows a full-fledged assessment of the new methodology. Based on selected
indicators, we compare the results after estimating consumption based on the rapid consumption
methodology with the results from using the traditional full consumption module. We add a comparison
with the results for a reduced consumption module.
The simulation assigns each household to one optional module. The consumption data for the modules
not assigned to the household is deleted. Multiple simulations are performed with varying assignment
of modules to households. Across the simulations, we calculate three consumption and four poverty and
inequality indicators. The consumption indicators capture the accuracy of the estimation at three
different levels: the household level, the cluster level (consisting of about 9 households) and the level of
the dataset. In addition, we calculate the poverty headcount (FGT0), poverty depth (FGT1) and poverty
severity (FGT2) as well as the Gini coefficient to capture inequality.
The six proposed estimation techniques presented in the previous section are compared based on 20
simulations with respect to their relative bias and relative standard error. All simulations used the same
item assignment to modules using the algorithm as described with parameter d=3 (see Table 1 for the
resulting consumption shares per module).6 The estimation techniques differ considerably in terms of
performance. We also compare the techniques to using a reduced consumption module where the same
consumption items are collected for all households. The number of items is equal to the size of the core
and one optional module implying a comparable face-to-face interview time to the Rapid Consumption
methodology.
6

We performed robustness checks with different item assignment to modules including setting the parameter d=1
and d=2. The estimation results are extremely robust to changes in the item assignment to modules.
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Table 1: Number of items and consumption share captured per module.

Core
Module 1
Module 2
Module 3
Module 4

Number
of Items
33
17
17
15
17

Food
Share of
Consumption
92%
3%
2%
2%
2%

Non Food
Number of
Share of
Items
Consumption
25
88%
15
3%
15
3%
15
4%
15
3%

Comparing the reduced consumption approach with the full consumption as reference, the reduced
consumption approach suffers from an under-estimation of the consumption (Figure 2 and Table 3 in
the appendix). This is not surprising because the approach only collects consumption from a subset of
items. Applying the median as a summary statistic also results in an under-estimation of consumption.
As consumption distributions have a long right tail, the median consumption belongs to a poorer
household than the average household. In the case of Hergeiza, several optional modules have a median
of zero consumption. Thus, the median underestimates the consumption similarly to the reduced
consumption approach. In contrast, the average consumption of households is larger than the
consumption of the median household. Thus, it is not surprising that the technique using the average as
summary statistic over-estimates total consumption at the household and cluster level.
The regression techniques have a similar performance with a considerable upward bias at all levels. The
tobit regression performs slightly better especially at the global level. In contrast, both multiple
imputation techniques perform exceptionally well with a bias of around 1% at the household level,
virtually unbiased at the cluster level and a minor downward bias of 0.7% at the global level.
Figure 2: Average Relative Bias at household, cluster, and
simulation level for six estimation techniques.

Figure 3: Average Relative Standard Error at household,
cluster, and simulation level for six estimation techniques.

While the bias is important to understand systematic deviation of the estimation, the relative standard
error helps to understand the variation of the estimation. Except in a simulation setting, the standard
error of the estimation cannot be calculated as only one assignment of households to optional modules
is available (Figure 3 and Table 3 in the appendix). Thus, it is important that the estimation technique
delivers a small relative standard error.
Generally, the relative standard error reduces when moving from the household level over the cluster
level to the global level. The relative standard error for the reduced consumption methodology is
9
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smaller than for the summary statistic techniques because the reduced consumption is not subject to
the variation from the module assignment to households. The regression techniques have large relative
standard errors at the household level of around 20% while the multiple imputation techniques vary
around 15%. At the cluster level, the relative standard error drops to 7% for regression techniques and
5% for multiple imputation techniques. At the global level, the relative standard error is around 3% for
regression techniques and 1% for multiple imputation techniques.
The distributional shape of the estimated household consumption can be compared to the reference
household consumption by employing standard poverty and inequality indicators. The poverty
headcount (FGT0) is 24.6% for the reference distribution. Not surprisingly, the reduced consumption
and the median summary statistic overestimate poverty by several percentage points due to the underestimation of consumption (Figure 4 and Table 4 in the appendix). The average summary statistic and
the regression techniques underestimate poverty since they overestimate consumption. The multiple
imputation techniques over-estimate poverty but only by 0.3 percentage points performing significantly
better than the reduced consumption approach with a more than five times larger bias. The reduced
consumption and the median summary statistic as well as the multiple imputation techniques deliver
good results for the FGT1 and FGT2 emphasizing that not only the headcount can be estimated
reasonably well but also the distributional shape is conserved. Except for the median summary statistic,
these techniques also perform well estimating the Gini coefficient with a bias of less than 0.5 percentage
points. The relative standard errors show similar results as for the estimation of the consumption (Figure
5 and Table 4 in the appendix).While the relative standard error of the reduced consumption for FGT0 is
double compared to the multiple imputation techniques, the relative standard errors for FGT1 are
comparable but larger for FGT2 and Gini for the multiple imputation techniques.
Figure 4: Average Bias for FGT0, FGT1, FGT2 and Gini
coefficient.

Figure 5: Average Standard Error for FGT0, FGT1, FGT2 and
Gini coefficient.

In summary, the average summary statistic and the regression approaches cannot deliver convincing
estimations. While the reduced consumption and the median summary statistic perform considerably
better, they both over-estimate poverty by construction. Only the multiple imputation techniques can
convince in all estimation exercises. Especially in the estimation of the important poverty headcount
(FGT0), the multiple imputation techniques are virtually unbiased.

Application to Mogadishu
In late 2014, consumption data using the proposed rapid methodology was collected in Mogadishu using
CAPI. The rapid consumption questionnaire did reduce face-to-face time considerably. A household visit
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took about 40 minutes on average (median: 35 minutes) including greeting, household roster and
characteristics, consumption module as well as a number of perception questions. Nine out of ten
interviews took less than 65 minutes.
After data cleaning and quality procedures, 675 households with consumption data were retained.7 A
welfare model was built to predict missing consumption in optional modules. We test the welfare model
on the core consumption (after removing the core consumption as explanatory variable). The model for
food consumption retrieves an R2 of 0.24 while non-food consumption is modeled with an R2 of 0.16
(see Table 5). It is important to emphasize that these models give a lower bound of the R2 compared to
the models used in the prediction as the prediction models include the core consumption as explanatory
variable. Given the assessment of the different estimation techniques in the last section, the
multivariate normal approximation using multiple imputations is applied to the Mogadishu dataset.
For the Mogadishu dataset, the assignment of items to modules had to be refined manually.8 The
refinement has minor impact on the share of consumption per module (Table 2). It is peculiar though
that the share of consumption per module is different for Hergeiza and Mogadishu. Using the Hergeiza
dataset, 91% of food consumption (76% for non-food consumption) is captured in the core module. In
contrast, the core food consumption share is only 64% (for non-food consumption 62%) in Mogadishu
before imputing consumption of non-assigned modules. Thus, employing a reduced consumption
module based on consumption shares identified in Hergeiza would have crudely under-estimated
consumption in Mogadishu without the possibility to evaluate the inaccuracy. In contrast, the rapid
consumption methodology allows the estimation of shares for each module while the consumption
estimation procedure implicitly takes into account the ‘missing’ consumption shares for each household.
Table 2: the number of items and consumption share captured per module simulated for Hergeiza, estimated for Mogadishu
before imputation of non-assignment modules (normalized to 100%) and after imputing full consumption.
Food Consumption

Core
Module 1
Module 2
Module 3
Module 4

Number
of Items
33
19
20
15
15

Share
Hergeiza
91%
3%
2%
2%
2%

Share
Mogadishu
64%
9%
14%
5%
8%

Non-Food Consumption
Share
Mogadishu
Imputed
54%
16%
14%
6%
9%

Number
of Items
26
15
15
15
15

Share
Hergeiza
76%
7%
5%
6%
6%

Share
Mogadishu
62%
9%
9%
8%
11%

Share
Mogadishu
Imputed
52%
12%
12%
9%
15%

The cumulative consumption distribution can be compared for the consumption captured in the core
module, the consumption captured in the core and the assigned optional module and the imputed
consumption (Figure 6). By construction, the core consumption shows the lowest consumption per

7

While the survey also covered IDP camps, the presented analysis is restricted to households in residential areas
excluding IDP camps.
8
The manual refinement is necessary to ensure that items like ‘other fruits’ cannot double count type of fruits not
assigned to the household. This is implemented by relabeling and manual assignment to modules. In addition,
some items grouping several sub-items were split into single items, which is generally preferable for recall and
recording as well as calculation of unit values.
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household. Adding the consumption from the assigned optional module shifts the cumulative
consumption curve slightly. The imputed consumption is shifted even further as the estimated
consumption shares from the non-assigned module are added as well.
Figure 6: Cumulative consumption distribution in current USD per
day and capita for core module (dark blue), core and assigned
optional module (medium blue) and imputed consumption (light
blue).9

Without a full consumption aggregate available for Mogadishu, we can only show consistency of the
retrieved consumption aggregate with other household characteristics to validate the estimates.
Consumption per capita usually reduces with increasing household size. Indeed, we find that household
size is significantly negatively correlated with estimated per capita consumption (coefficient: -0.04, tstatistic: -2.10, p-value: 0.04).10 Per capita consumption also decreases with a larger share of children
among the household members (coefficient: -0.28, t-statistic: -1.66, p-value: 0.098). The proportion of
employed members in the household significantly increases consumption per capita (coefficient: 0.51, tstatistic: 2.77, p-value: <0.01). Thus, the retrieved consumption estimate is consistent and – using the
evidence from the ex post simulations – highly accurate.

Conclusions
The results from the ex post simulation indicate that the rapid consumption methodology can reliably
estimate consumption and poverty. At the same time, the experience in Mogadishu showed that the
rapid consumption methodology can be implemented in extremely high risk areas while succeeding in
limiting face-to-face interview time to less than one hour. While these results are encouraging, the rapid
consumption methodology has some limitations.
9

Note that the presented consumption aggregate does not include consumption from durables goods.
The reported numbers are corrected against correlation with household characteristics included in the welfare
model. As the welfare model for the prediction of consumption includes household size, we have run a robustness
check excluding household size from the welfare model used for prediction. The correlation between consumption
per capita and household size is still significant (coefficient: -0.03, t-statistic: -2.17, p-value: 0.03).
10
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The rapid consumption questionnaire varies comprehensiveness and order of items in the consumption
module between households. The effect of a response bias due to this neither can be estimated from
the simulations nor from the data collected in Mogadishu. However, an enhanced design with different
optional modules varying in their comprehensiveness of items can shed light on this bias. Comparison
between responses for the same item in a comprehensive and an incomprehensive list would indicate a
lower bound for response bias. Assuming that the context of a comprehensive list is a better estimate,
the response bias could be corrected for.
The rapid consumption survey methodology can increase the gap between capacity at enumerator level
and complexity of survey instrument. Capacity at the enumerator level is often low in developing
countries – especially in a fragile context. The rapid consumption survey methodology increases
complexity of the questionnaire, which can further increase the gap between existing and required
capacity at the level of enumerators. However, CAPI technology can seal off complexity from
enumerator as software can automatically create the consumption module based on core and optional
modules for each household without showing the partition to the enumerator. In Mogadishu, advanced
CAPI technology was used generating the questionnaire automatically based on the assignment of the
household to an optional module. While enumerators were made aware that different households will
be asked for different items, administering the rapid consumption questionnaire did not require any
additional training of enumerators beyond standard consumption questionnaires.
Analysis of rapid consumption survey data requires high capacity. Analysis capacity is usually limited in
developing – and especially fragile – countries. While the general idea of assignment of optional
consumption modules to households will be digestible by local counterparts, poverty analysis based on
bootstrapped sample of consumption distribution is likely to overwhelm local capacity. However, even
standard poverty analysis is often out of limits for local capacity in fragile countries. Therefore, capacity
building usually focuses on data collection skills with a long-term perspective to increase data analysis
capacity. In addition, the rapid consumption survey methodology might be the only possibility to create
poverty estimates in certain areas, for example Mogadishu.
The results of the ex-post simulation and the application in Mogadishu suggest that the rapid
consumption methodology can be a promising approach to estimate consumption and poverty in a costefficient and fast manner even in fragile areas.11 A similar ex-post simulation for South Sudan (data not
shown) indicates that the rapid consumption methodology can also be applied at the country-level with
large intra-country consumption variation.12 Further research can help further refining the methodology
and estimation techniques. A better understanding of the relationship between the number of items in
the core module and the number of optional modules with the accuracy of the resulting estimates can
help to further optimize the methodology. Also the algorithm for the assignment of items to modules
was designed ad hoc and can certainly be further improved. The estimation techniques can be optimized
utilizing different techniques and more appropriate welfare models, for example including locational
11

Costs for implementing a rapid consumption survey are lower than conducting a full consumption survey due to
the reduced face-to-face time allowing enumerators to conduct more interviews per day.
12
On-going field work employs the rapid consumption methodology currently in South Sudan to update poverty
numbers.
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random effects. Finally, ultimate validation of the rapid consumption methodology should come from a
parallel implementation of a full consumption survey and the rapid consumption methodology to
directly compare estimates.
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Appendix
Table 3: Bias and relative error for consumption aggregate at the household, cluster and global level.
Household
SE

Cluster
Bias

Global

Method

Bias

SE

Bias

SE

Reduced Consumption

-3.6%

6.5%

-3.7%

4.6%

-4.2%

4.2%

Median

-4.4%

9.3%

-5.9%

7.5%

-6.8%

6.8%

Average

7.6%

16.9%

2.3%

6.8%

0.5%

0.9%

OLS Regression

8.3%

21.1%

4.0%

6.8%

3.1%

3.2%

Tobit Regression

6.6%

22.4%

2.8%

6.7%

2.5%

2.7%

Chained Equations

1.1%

14.4%

0.0%

4.7%

-0.7%

0.9%

Multivariate Normal

1.0%

14.2%

-0.1%

4.8%

-0.9%

1.1%

Table 4: Bias and relative error for FGT0, FGT1, FGT2 and Gini for different estimation techniques.
FGT0
Method

Bias

SE

FGT1
Bias

FGT2

SE

Bias

SE

Gini
Bias

SE

Reduced Consumption

1.7%

1.7%

0.6%

0.6%

0.3%

0.3%

-0.3%

0.3%

Median

1.0%

1.2%

0.2%

0.3%

0.0%

0.1%

-1.6%

1.6%

Average

-5.6%

5.6%

-3.2%

3.2%

-1.8%

1.8%

-4.4%

4.4%

OLS Regression

-4.2%

4.3%

-2.3%

2.3%

-1.3%

1.4%

-2.7%

2.7%

Tobit Regression

-3.7%

3.7%

-1.8%

1.9%

-1.1%

1.1%

-1.8%

1.9%

Chained Equations

0.3%

0.8%

0.6%

0.7%

0.6%

0.7%

-0.5%

0.6%

Multivariate Normal

0.4%

0.7%

0.7%

0.7%

0.6%

0.7%

-0.4%

0.5%
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Table 5: Test of Welfare Model on core consumption reporting coefficients (t-statistics) for Mogadishu.

Variable

Core Food
Consumption

Core Non-Food
Consumption

Core Food Consumption
... 2nd Quartile

0.78 (1.17)

... 3rd Quartile

0.09 (1.46)

... 4th Quartile

0.52 (7.22)

Core Non-Food Consumption
... 2nd Quartile

0.07 (1.11)

... 3rd Quartile

0.12 (1.77)

... 4th Quartile

0.42 (5.81)

Household Size
Household Head Education

-0.07 (-8.36)

-0.04 (4.34)

0.16 (3.34)

0.12 (2.56)

0.04 (0.59)

-0.13 (-2.12)

Dwelling Characteristics
... Shared Apartment
... Separated House

-0.14 (-1.13)

-0.19 (-1.55)

... Shared House

-0.07 (-0.81)

-0.14 (-1.52)

Water Access
... Piped Water

-0.22 (-0.93)

-0.04 (-0.19)

... Public Tap

0.41 (2.47)

-0.01 (-0.08)

Insufficient Food in last 4 weeks

0.05 (1.49)

-0.05 (-1.50)

R2

0.24

0.16

N

675

675
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Summary
In recent years, the number of surveys using mobile devices like tablets has increased sharply.
However, questionnaire design as well as data collection and monitoring are often replicated
from traditional paper-based surveys ignoring the vast potential of mobile technologies. In
fragile countries, survey implementation is more challenging and successful implementation
requires tapping into this potential by innovating traditional methodologies.
This note argues that tablet technology in conjunction with three innovations can
significantly enhance data quality especially in fragile countries. The first innovation is
designed to improve data quality for consumption data by implementing a dynamic on-thefly data validation system. This system flags unusually high or low entries and asks
enumerators to confirm the correctness of the entry. The second innovation utilizes available
software to monitor and manage tablets remotely. Using GPS tracking software, the location
and trajectory of tablets can be determined – even retrospectively when the tablet re-enters
3G/WiFi areas. This helps to determine whether interviews were conducted at the correct
location. Using remote management software, errors in the tablet configuration can be
detected and solved while tablets can be updated remotely. The third innovation is a near
real-time monitoring and analysis system. The monitoring system can identify challenges in
the field work as well as weak enumerators early on and mitigate their impact on data
quality. The analysis system calculates outcome indicators of the survey, e.g. consumption,
education attainment or unemployment, to check incoming data while field work is still
ongoing. The availability of the analysis code at the end of the data collection considerably
accelerates the process from data collection to publication of results. This is most important
in fragile countries where timeliness of data is paramount.

Overview
In fragile and conflict-affected states (FCS), “stresses” originating from social, economic,
political and security dynamics can quickly compromise stability, throw countries back into
conflict and reverse development progress (World Bank, 2011). Growing dissatisfaction with
1
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economic welfare at the household level as well as other socio-economic indicators can
indicate destabilizing pressures in a country. In such contexts, it is vital to monitor and detect
potential “stresses” by closely tracking key indicators reflecting economic, social, and
security conditions. At the same time, monitoring of data collection is often prohibitively
difficult in such countries. This note identifies two major constraints for data collection in
fragile states. First, field access is often limited to monitor data collection. This puts data
quality at risk if enumerators cannot be sufficiently supervised. Second, the context is highly
volatile demanding timely data collection with swift results. This note argues that computerassisted-personal-interviews (CAPI) can be used to collect high-quality consumption data
and proposes advanced survey design, monitoring and analysis techniques to enable data
collection in fragile contexts.
Using paper based surveys (PAPI: paper assisted personal interview), enumerators can
hardly be reached once they embarked on field work. This restricts monitoring especially in
fragile countries where field access can be limited for field coordinators and managers. In
addition, collected questionnaires only become available to the analysis team at the end of
the field work. This delays analysis and publication of results, which can render collected data
outdated even before published in a context with high volatility.
In contrast, CAPI utilizes technology to move the enumerator virtually closer to the field
management and the data analysis team. The specific constraints for monitoring and the need
for timely data analysis in fragile countries can be addressed by employing CAPI. This note
extends lessons learnt from a pilot CAPI survey in South Sudan (World Bank, 2015) by
proposing three innovations to deliver high quality household data using CAPI face-to-face
interviews.
The first innovation improves data quality through dynamic on-the-fly data validation. The
second innovation substitutes physical field monitoring by an online monitoring and
management system. The third innovation conducts near real-time analysis improving data
quality and shortening the time between end of field work and publication of results. The
innovations are generally applicable to CAPI surveys except for the first innovation which is
most relevant in the case of CAPI consumption surveys.

Barriers in Fragile Countries
Data collection is generally challenging in most developing countries due to capacity issues
and difficult field access. In fragile states, additional challenges are present that are unique to
these environments. First, security negatively affects feasibility of sampling, duration of faceto-face interview and capability for field monitoring. Second, volatility requires swift
publication of results from data collection efforts.
Barrier 1: Unstable security situations increase risks throughout the data collection
process and limits access, making it difficult to adequately monitor data quality.
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Security issues can limit the amount of time field teams are able to spend at households to
conduct interviews. 1 This is a critical barrier to collect consumption data, which requires
face-to-face time of 120 minutes or more (Beegle et al., 2012). However, a newly developed
approach can estimate total consumption reliably in such a context (Pape & Mistiaen, 2015).
Based on an innovative questionnaire design, the administering time of the consumption
module is less than one hour for any households allowing fast and cost-efficient data
collection even in areas with high security risks. The questionnaire design selects core
consumption items administered to all households while remaining consumption items are
algorithmically partitioned into optional modules assigned systematically to households.
After data collection, multiple imputation techniques are used to estimate total household
consumption.
Monitoring of fieldwork is challenging in fragile environments where field access especially
for international staff is limited. Thus, monitoring the conduct and quality of interviews is
difficult or impossible. This increases the number of inconsistent or incorrect data entries as
well as fake interviews and generally deteriorates data quality. This note presents dynamic
on-the-fly data validation to reduce the number of incorrect / inconsistent entries and online
monitoring and management to compensate generally for limited field oversight.
Collecting sensitive data in fragile state contexts also raises data security issues. Hence, extra
precautions must be taken to safeguard household addresses and GPS locations, contact
details and personal information about household members. Tablets offer a convenient way
to protect respondent information by encryption. Android allows full encryption of the
memory, thus, even extracted memory from a stolen device cannot be deciphered.
Barrier 2: In fragile states, where situations are volatile and circumstances on the
ground can change rapidly, governments and development partners need access to
relevant and timely data to inform the development of responsive policies and
programs.
Questionnaires need to be adapted almost in real time to collect data that is relevant. Using
PAPI, the questionnaire is fixed once it is printed and distributed to the enumerators. CAPI
technology allows to make changes to the questionnaire, which can be downloaded by
enumerators. While this offers the opportunity to adapt the questionnaire in real time, this
process must be managed carefully. Adequate testing of the instrument in a pilot is essential
and reduces the likelihood considerably that the questionnaire must be changed later. In the
case that the questionnaire must be changed while field work started, enumerators must be
trained to download questionnaire updates and made aware which questions changed.
Otherwise, there is a risk that enumerators, who have learnt many questions by heart, do not
reflect the changes when asking the respondent.

1 The security situation can also limit the feasibility to conduct a listing in enumeration areas. The
implications are discussed and solutions offered in Himelein, Eckman & Murray, 2015.
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Data also needs to be processed, analyzed and delivered to stakeholders in a timely manner
before becoming irrelevant. Processing of paper questionnaires creates a lag of typically a
year or more between data collection and its availability to policy makers. By the time the
results reach key decision makers, they are often already outdated and it is too late to address
identified stress factors. An illustrative example is the last socio-economic welfare survey in
South Sudan that took place in 2009. This data is still being used to inform the design of
policies and programs in South Sudan, despite the fact that it preceded a period of rapid
change in the country, including the country’s independence and large-scale economic shocks
and conflict events. This note proposes near real-time analysis to fully harvest the
opportunities offered by CAPI surveys.
The following exposition assumes that Android devices are used for data collection. Android
systems are less costly and offer more flexibility than iOS devices. The proposed innovations
can be implemented with Apps and tools already available either at low or no extra cost.
Hence, they do not require the development of a complex proprietary system, which can only
be modified at high costs. Instead, the proposed modular system based on commercial Apps
guarantees that always the most functional Apps can be integrated instead of being locked
into a proprietary system.

Dynamic on-the-fly Data Validation
The first innovation improves traditional input constraints (e.g. age of respondent cannot be
above 150) by a dynamic on-the-fly data validation procedure. The innovation substitutes
time-consuming post-fieldwork data cleaning by real-time data validation. This improves
data quality and reduces time required for data cleaning.
In this note, we present dynamic on-the-fly data validation specifically for consumption
questions, but in principle the approach can be adopted for other type of questions.
Consumption questions aim to measure the consumed quantity of an item as well as the price
paid for this item. Since the consumed quantity can be different from the purchased quantity,
the structure of the question is usually similar to the following2:
A. Did you consume any <item> in the last <recall>?
• [Yes / No]
B. How much <item> did you consume in the last <recall>?
• [quantity] [unit]
C. How much <item> did you purchase in the market in the last <recall>?
• [quantity] [unit]
D. How much did you pay for this purchase?
• [value] [currency]

2 A skipping pattern ensures that questions B, C and D are only asked if the answer to question A was
‘Yes’. Similarly, question D is only asked if the quantity in question C is greater than 0.
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In traditional tablet surveys, questions B, C and D will have constraints to improve data
quality. For example, [quantity] in question B must be greater than 0. However, a nondynamic upper bound for [quantity] is difficult to decide since the choice for [unit]
determines the range. For products measured in weight, [unit] can be a choice between ‘kg’,
‘g’ and others. A [quantity] of 0.1g is equally unlikely as a [quantity] of 100kg while 0.1kg as
well as 100g is normal. Therefore, static on-the-fly data validation is very limited for these
type of questions leading to substantial post survey data cleaning needs.
Our new dynamic on-the-fly data validation approach allows to formulate unit-specific
constraints. In addition, it implements flagging of unlikely but not impossible entries. Also,
the implied unit value3 of the product is compared with a hidden table to flag entries outside
a pre-defined interval. Finally, units like cups with non-standard conversion factors into
standard units are estimated on-the-fly by enumerators.
Before the approach can be implemented, additional information about ranges of quantities
or values per unit or currency must be defined. The information can easily be captured in
three tables (Table 1, Table 2 and Table 3). While this requires additional effort in the design
phase of the questionnaire, similar information is necessary to clean data of traditional
surveys. Thus, the effort is merely shifted from post-survey forward to the design phase. In
practice, this helps to better understand the implications of design decisions like which units
should be allowed for which item. In addition, this approach forces to capture the required
information in a structured way, which is helpful for documentation and reproducibility.
Table 1: Item table capturing recall, standard unit, unit values and ranges as well as eligible units.

itemid itemlabel recall unit_std u_value u_vmin u_vmax unit_others
10101 Dura
7 kg
6.92
2.73
14.12 basin10000;cup200
10401 Fresh milk
7l
16.70
7.95
40.00 cup200
Table 2: Unit table capturing conversion, ranges and conversion flag.

name
basin (10 litre)
cup (200g)
kilogram
litre

short
grams odk_min odk_max max odk_convert
basin10000 10000
0.5
4 50
0
cup200
200
1
10 50
1
kg
1000
0.1
10 50
0
l
1000
0.1
10 50
0

Table 3: Currency table including eligible range and conversion factor.

curr_name odk_min odk_max conversion
USD
1
100
1
SSh
1000 2000000 0.000045

3 The unit value is the price divided by the quantity in standard units. The standard unit often is kg so
that the unit value is the price per kg.
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Based on this information, the questions B to D are extended based on the following logic:
B. How much <item> did you consume in the last <recall>?
• [quantity] [unit] with eligible [unit] for item (Table 1) and constraint for
quantity to be smaller than {max} for selected [unit] (Table 2)
• If [quantity] is less than {flag_min} or greater than {flag_max} for selected
[unit] (Table 2), request confirmation from enumerator that entries are
correct.
• If {odk_convert} in Table 2 is 1, ask enumerator to estimate the quantity in the
standard unit (Table 1)
C. How much <item> did you purchase in the market in the last <recall>?
• [quantity] [unit] with eligible [unit] for item (Table 1) and constraint for
quantity to be smaller than {max} for selected [unit] (Table 2)
• If [quantity] is less than {flag_min} or greater than {flag_max} for selected
[unit] (Table 2), request confirmation from enumerator that entries are
correct.
• If {odk_convert} in Table 2 is 1, ask enumerator to estimate the quantity in the
standard unit (Table 1)
D. How much did you pay for this purchase?
• [value] [currency]
• If [value] is less than {flag_min} or greater than {flag_max} for selected
[currency] (Table 3), request confirmation from enumerator that entries are
correct.
• If calculated unit value (with [quantity] converted by {grams} in Table 2 and
[value] converted by {conversion} in Table 3) is less than {u_vmin} or greater
than {u_vmax} for item (Table 1), request confirmation from enumerator that
entries are correct.
The implemented logic ask enumerators for confirmation whenever an entry is outside an
expected range. Above logic is only schematic, the implemented solution specifically tells
enumerators why the confirmation is required, e.g. the value is too low. Using this logic, the
battery of questions records entries within a reasonable range while outliers carry an extra
confirmation from enumerators that they are correct. This ensures that data collection is not
biased towards less extreme values by prohibiting larger entries.
In-the-field conversion factors are obtained by aggregating the estimated quantities for nonstandard units. The in-the-field conversion factors for non-standard units can be used in the
analysis to convert quantities to standard units. In addition, it can be used to analyze the
variance across enumerators, across products as well as across regions. The detailed analysis
can inform whether quantities are converted by product or/and by region.
The implementation of the questionnaire logic requires a flexible questionnaire design
software. In more detail, the implementation requires the ability to define loops over items
with table lookups depending on the position in the loop. SurveyCTO, a derivate of the well-

6

Utilizing Mobile Technology to Innovate CAPI Data Collection in Fragile Contexts

known open source software FormHub, offers this ability.4 Equipped with the corresponding
tables, the consumption module for multiple hundred items can be coded in less than 50 lines.

Online Monitoring and Management System
The second innovation proposes an online monitoring and management system to support
data collection including near-real time tracking and remote management of tablets. Tracking
includes localization of the tablet and its travel trajectory but also recording of audio snippets
while interviews are conducted. This mitigates the negative impact of limited field
monitoring and control visits. The remote management of tablets helps to solve technical
issues with the tablets without a technician physically in the field.
After a screening of different GPS tracking software, we decided to use gps-server.net because
it offers an inexpensive, easy to maintain and supervise solution to track large teams. An App
installed on each tablet tracks the tablet in the background. If the tablet has no Wifi or 3G
connection, the position is still tracked by not transmitted. Once the tablet reaches Wifi or 3G,
the trajectory of the tablet is transmitted. An online platform can be used to organize teams
of enumerators and monitor their current as well as past position (Figure 1 includes an
example. Note that the software allows to zoom to higher resolution to locate the tablet with
an accuracy of a few meters). The trajectory includes speed of movement, stops and also
shows some vital tablet information like mobile signal reception. Especially stops are very
useful to monitor whether interviews actually took place within the enumeration area and at
the household position (if known). The online map can be overlaid with boundaries of
enumeration areas as well as reported household locations to see whether interviews
coincide with the actual household location.5

At the time of writing, SurveyCTO charged 200 USD per month per survey.
While this allows visual inspection, the real-time monitoring includes automatic flags to indicate
whether households’ locations are located within or outside enumeration areas.
4
5
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Figure 1: Example of the trajectory of an enumerator in South Sudan tracked in the time of his field work.

Remote management of tablets is implemented using two additional Apps. First, the Android
Device Manager – an Android built-in App – allows remotely locking and wiping tablets. A
second app called AirDroid enables managing remotely the tablet. This includes checking the
phone call log, changing the configuration of the device as well as changing the content of the
file system. While the first App is more important in case a tablet got stolen, the second App
allows to inspect the tablet in the field to localize an error, troubleshoot problems as well as
updating the software if necessary.

8

Utilizing Mobile Technology to Innovate CAPI Data Collection in Fragile Contexts
Figure 2: Screenshot of AirDroid showing a remotely connected tablet, its phone log, the file system and other Apps.

Finally, SurveyCTO offers the possibility to record audio snippets with the tablet either at
predefined positions in the questionnaire or randomly in a given interval. The enumerator
cannot see whether the tablet records audio at the very moment. The audio monitoring has
two main purposes. First, it can be used to detect cheating enumerators, who do not conduct
interviews but enter data randomly. Usually, suspicion of such enumerators is raised by
irregularities in the data (see next section). The ultimate proof is given by audio snippets,
which will contain the voice of the enumerator and the respondent if the interview was really
conducted. Second, more advanced interview techniques ask modified questions to different
respondents. For example, some respondent can be asked whether he agrees with a certain
proposition while other respondents are asked whether they disagree with the proposition.
This can rule out a bias from suggestive questions. In analyzing the results from such
questions, it is helpful to check whether enumerators actually asked exactly the question
shown on the tablet or whether they always ask the same – rehearsed – question. It is
important to note that audio snippets present a choice on a trade-off between monitoring and
privacy. Enumerators and respondents should be made aware that audio snippets are
recorded.

Near Real-Time Analysis and Feedback
The third innovation conducts near real-time analysis while the field work is still ongoing
utilizing the almost instant availability of collected data. The near real-time analysis improves
data quality by spotting and fixing irregularities while the survey is still in the field. This can
range from the identification of focused needs-based training for specific enumerators to
changes in the questionnaire. In addition, the near real-time analysis accelerates publication
of results since cleaning and coding is already underway before field work is finished. It also
offers to use partial results before field work is finalized for especially urgent policy or
program decisions.
9
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Collected data is instantaneously available for analysis once it is uploaded. Even in remote
areas, collected interviews can usually be sent at least once a week. The data can be used to
monitor field work based on a few indicators. In a recent pilot, the number of interviews
conducted per day were cross-referenced with the location of the interview (Figure 3). For
each incoming interview, the distance between the GPS coordinates of the interview and its
enumeration area were calculated. Interviews conducted within the enumeration area are
assigned a distance of 0m. Interviews conducted farther away than 50m are flagged. Also
interviews conducted more than 50m from the household location in the listing are flagged
as well as interviews without a corresponding listing entry. Progress of field work can easily
be tracked by inspecting the resulting graph. It also allows to take actions in case teams are
not following field protocols or operate outside their enumeration areas.
In this particular case, the filter on the GPS location flagged one in four interviews which were
conducted more than 50m outside of the enumeration area. In addition, almost 5 percent of
interviews were more than 50m away from the recorded household position in the listing.
Thus, almost one out of three interviews had to be replaced to achieve the intended sample
size. While real-time monitoring ensured that households can be replaced with enumerators
still in the field, GPS tracking as discussed above could have prevented replacements
altogether by monitoring enumerator’s positions when they arrive in the respective
enumeration areas. For this purpose, also Apps for geo-fencing can be used. They require an
additional step for enumerators to select the respective enumeration area and, thus, they are
ideally complemented by remote GPS tracking.
Figure 3: Real-time monitoring of data collection by cross-referencing number of interviews with location. Note that
this data comes from a pilot in a challenging environment.
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The performance of individual enumerators can also be analyzed by inspecting the frequency
of unlikely entries. Enumerators with considerably larger frequency might require additional
focused training to improve the quality of their interviews. For example, the number of
entries above 50 USD can be investigated (Figure 4). In a poor country, one would expect only
10
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few purchases above 50 USD. More importantly, the frequency of these entries should be
approximately uniformly distributed across enumerators. In this example, two enumerators
(ID 14 and ID 43) clearly record unusually often entries above 50 USD. A careful discussion
with the enumerator – as well as a confirmation of interviews by listening to audio snippets
of those two enumerators – can reveal whether enumerators are inventing the numbers or
whether, for example, they accidentally touch the ‘0’ after entering a single digit number. Such
an early warning system substantially increases data quality.
Figure 4: Number of times enumerators (x-axis) entered a value larger than 50 USD after a few days of data collection.
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The real-time monitoring also offers monitoring aggregate statistics to detect artifacts.6 If this
is implemented already at the beginning of the field work, the cause of artifacts can be
determined and fixed. While changes in the questionnaire at the time of field work are
sensitive, they are sometimes necessary and help to increase the utility of the data. For
example, one can monitor the consumption shares and compare between strata, which are
assumed to have differences in consumption (Figure 5). First, one can check whether the
overall pattern is as expected. Second, one can assess differences between strata relative to
expectations. In this example, one strata has a large consumption share of ‘other cereals’. In
this case, it can make sense to analyze exactly which type of cereal this refers to (if an option
‘Please specify’ is given in the questionnaire) and consider including this grain explicitly in
the list of items.7

6 Artefacts are patterns in the data, which are not related to the observed phenomenon but to the used
methodology.
7 Such a decision must be made very carefully since the inclusion of an additional item will bias results.
We suggest to consider this option only if it is deemed necessary and ideally observed after 1 – 2 days
of field work so that previously collected data can be discarded.
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Figure 5: Comparing consumption shares between two different strata.
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The real-time monitoring increases data quality. From there, it is a continuum towards real
time analysis. Once these statistics are implemented for the field collection, they are
immediately available at the end of the field work reducing gap time between field work and
the publication of results. Especially in fragile countries, the time between data collection and
publication can decide whether data is used at all.
So far, the results of the real-time monitoring and analysis are available in Excel files, which
are automatically updated using Stata code. Synchronizing the output files into the cloud
makes the analysis accessible to the whole team. In the future, the results will be made
available in a Tableau dashboard, which allows the user to customize graphs and interact
directly with the data.

Conclusion
This note argues that tablet technology can significantly enhance data quality especially in
fragile countries. The note presented three innovations. The first innovation is designed to
improve data quality for consumption data by implementing a dynamic on-the-fly data
validation system. This system flags unusually high or low entries and asks enumerators to
confirm the correctness of the entry. The second innovation utilizes available software to
monitor and manage tablets remotely. Using GPS tracking software, the location and
trajectory of tablets can be determined – even retrospectively when the tablet re-enters
3G/WiFi areas. This helps to determine whether interviews were conducted at the correct
location. Using remote management software, errors in the tablet configuration can be
detected and solved while tablets can be updated remotely. The third innovation is a near
real-time monitoring and analysis system. The monitoring system can identify challenges in
the field work as well as weak enumerators early on and mitigate their impact on the data
collection. The analysis system helps to check the design of the questionnaire and whether
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the collected data is aligned with expected results. The availability of the analysis code at the
end of the data collection considerably accelerates the process from data collection to
publication of results. This is most important in fragile countries where timeliness of data is
paramount.
CAPI technology in fragile countries can also create new challenges for data collection. The
complexity to develop and program questionnaires as well as setting up tablets requires
additional capacity by the implementing agency. Training of enumerators must be extended
to cover tablets including trouble shooting. Supervisors must be trained to check conducted
interviews using tablets. Tablets must be charged and functional in the field. Transmission of
data required 3G or WiFi connectivity. Tablets are high value and, hence, increase the risk of
theft. While these challenges require careful and intensive management, they are no show
stoppers but instead increase capacity in the implementing agency to conduct future CAPI
surveys (World Bank, 2015).
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