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1  The Data Demand and Challenge

Poverty is the paramount indicator used to gauge the socioeconomic 
well-being of a population. Particularly after a shock or in a vola-
tile context, poverty estimates can identify who was affected, and how 
severely. This is particularly relevant in fragile countries where monitor-
ing poverty dynamics help measure the country’s progress toward sta-
bility, or increased risk of relapsing into conflict. As one of the main 
indicators for poverty, monetary poverty is measured by a welfare 
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aggregate, usually based on consumption in developing countries and 
a poverty line. The poverty line indicates the minimum level of welfare 
required for healthy living.

Consumption aggregates are traditionally estimated based on 
time-consuming household consumption surveys. A household con-
sumption questionnaire records consumption (how much was con-
sumed) and expenditure (how much was purchased, or obtained 
in other ways like gifts or aid) for a comprehensive list of food and 
non-food items. Covering between 300 and 400 items, the question-
naire often exceeds 120 minutes to administer. In addition to the 
longer administering time leading to higher costs, response fatigue can 
increase measurement error, especially for items at the end of the ques-
tionnaire. In a fragile country context, a face-to-face time of 90–120 
minutes can be prohibitively high. In the case of Somalia, security con-
cerns restricted the duration of a survey visit in Mogadishu to about 60 
minutes.

The extensive nature of household consumption surveys makes it 
difficult to obtain updated poverty estimates, especially when they 
are needed the most, such as after a shock and in fragile countries. 
Approaches have therefore been developed to reduce administer-
ing times to allow for the collection of consumption data. The most 
straightforward approach to minimize administering time is to reduce 
the number of items surveyed, either by asking for aggregates, or by 
skipping less frequently consumed items, which is called the reduced 
consumption methodology. However, both approaches—using aggre-
gates, and skipping less common items–have been shown to underesti-
mate consumption, which in turn overestimates poverty.1 Splitting the 
questionnaire to allow for multiple visits is another solution, but poten-
tial attrition issues especially in fragile contexts increases the required 
sample size and may be costlier. In addition, multiple visits to the same 
household can increase security concerns.

The second class of approaches utilizes a full consumption baseline sur-
vey and updates poverty estimates based on a small subset of collected 

1Beegle et al. (2012).
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indicators.2 These approaches estimate a welfare model based on the base-
line survey using a small number of easy-to-collect indicators. This allows 
poverty estimates to be updated by collecting only the set of indicators 
instead of the direct consumption data. While this approach is cost-ef-
fective and easy to implement in normal circumstances, it has two major 
drawbacks in the context of fragility and shocks. First, the approach 
requires a baseline survey, which is sometimes not available, as in the case 
of Mogadishu. Second, the approach relies on a structural model esti-
mated from the baseline survey.3 In the case of shocks, structural assump-
tions that cannot be tested are often violated. Thus, poverty updates 
based on the violated assumptions tend to underestimate the impact of 
the shock on poverty. Therefore, cross-survey imputation methodologies 
are not applicable in the context of shocks and fragility.

2  The Innovation

To assess poverty in Mogadishu, we tested a new methodology com-
bining an innovative questionnaire design with standard imputation  
techniques. This substantially reduces the administering time of 
a consumption survey from multiple hours or even days to about  
60 minutes, while still resulting incredible poverty estimates. The gain 
in shorter administering time, however, is offset by the need to impute 
missing consumption values. Given the design of the questionnaire, 
this method circumvents the systematic biases identified for alternative 
methodologies.

2.1  Overview

The rapid consumption survey methodology involves five main steps 
(Fig. 1). First, core items are selected based on their importance for con-
sumption. Second, the remaining items are partitioned into optional 

2Douidich et al. (2013); SWIFT.
3Christiaensen et al. (2011).



156     U. Pape and J. Mistiaen

modules. Third, optional modules are assigned to groups of house-
holds. Fourth, after data collection, consumption of optional modules is 
imputed for all households. Fifth, the resulting consumption aggregate 
is used to estimate poverty indicators.

First, core consumption items are selected. Consumption in a coun-
try bears some variability, but usually a small number of a few dozen 
items captures the majority of consumption. These items are assigned 
to the core module, which will be administered to all households. 
Important items can be identified by their average consumption share 

Fig. 1 Illustration of the rapid consumption survey methodology (using illustra-
tive data only)
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per household or across households. Previous consumption surveys 
in the same country, or consumption shares of neighboring or similar 
countries can be used to estimate consumption shares.

Second, non-core items are partitioned into optional modules. 
Different methods can be used for this partitioning. In the simplest 
case, the remaining items are ordered according to their consumption 
share and assigned one by one while iterating the optional module in 
each step. A more sophisticated method takes into account the correla-
tion between items, and partition them in a way so that all items within 
a module explain consumption as best as possible, while the informa-
tion between modules should be highly correlated. The partitioning 
influences the standard error of the estimation, but does not introduce 
bias. Thus, even in the absence of a previous survey, this methodology 
can be applied. 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 
should be grouped into categories of consumption (e.g. cereals) and 
different recall periods. It is therefore recommended to use CAPI tech-
nology, which allows the structure of the consumption module to be 
hidden from the enumerator.

Third, optional modules should be assigned to groups of households. 
Optional modules should be assigned randomly, stratified by clusters to 
ensure appropriate representation of optional modules in each cluster. 
This means that each cluster should include about the same number of 
households assigned to each optional module. This step is followed by 
the actual data collection.

Fourth, household consumption should be estimated by imputation. 
The average consumption of each optional module can be estimated 
based on the subsample of households assigned to the optional mod-
ule. In the most straightforward 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. The next 
section presents six techniques and demonstrates their performance on 
the dataset from Hargeisa.

Single imputation of the consumption aggregate underestimates the 
variance of household consumption. Depending on the location of the 
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poverty line relative to the consumption distribution, this may either 
consistently under- or overestimate poverty. Multiple imputations based 
on bootstrapping can mitigate the problem but will render analysis 
more complicated. We use single as well as multiple imputation tech-
niques for the evaluation of the methodology.

3  Key Results

In this section, the rapid consumption methodology will first be applied 
to a dataset including a full consumption module from Hargeisa, 
Somaliland. This will be used to assess the performance of the rapid 
consumption methodology compared to the traditional full con-
sumption methodology. The results of the High Frequency Survey in 
Mogadishu are then presented. Security risks in Mogadishu restrict face-
to-face interview time to less than one hour; therefore, the rapid con-
sumption methodology was used to derive the first ever consumption 
estimates for Mogadishu. We present the resulting consumption aggre-
gate, and perform consistency checks for its validation.

3.1  Ex Post Simulation

The rapid consumption methodology is applied ex post to household 
budget data collected in Hargeisa, Somaliland. Hargeisa was chosen as it 
is very similar to Mogadishu. Using the full consumption dataset from 
Hargeisa allows a full assessment of the new methodology. Based on 
selected indicators, we compare the results of the estimated consump-
tion based on the rapid consumption methodology with the results 
from using the traditional full consumption module. We add a compar-
ison 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 various modules 
being assigned to households. Across the simulations, we calculate three 
consumption indicators and four poverty and inequality indicators. The 



9 Rapid Consumption Surveys     159

consumption indicators capture the accuracy of the estimation at three 
different levels: the household level, the cluster level (consisting of about 
nine households), and the level of the dataset. In addition, we calculate 
the poverty headcount (FGT0), the poverty depth (FGT1), the poverty 
severity (FGT2), and the Gini coefficient to capture inequality.

Six estimation techniques are compared with respect to their relative 
bias and relative standard error, based on 20 simulations. All simula-
tions used the same item assignment to modules using the algorithm 
as described (see Table 1 for the resulting consumption shares per 
module).4 The estimation techniques differ considerably in terms of 
performance. We also compare the techniques to using a reduced con-
sumption module where the same consumption items are collected 
for all households. The number of items is equal to the size of the core 
module and one optional module, implying a comparable face-to-face 
interview time to the rapid consumption methodology.

Comparing the reduced consumption approach with the full con-
sumption as a reference, the reduced consumption approach suffers 
from an underestimation of consumption. This is not surprising because 
the approach only collects information on the consumption of a subset 
of items. Applying the median as a summary statistic also results in an 
underestimation 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 Hargeisa, several optional 

Table 1 Number of items and consumption share captured per module

Number of 
food items

Share of con-
sumption (%)

Number of 
non-food items

Share of con-
sumption (%)

Core 33 92 25 88
Module 1 17 3 15 3
Module 2 17 2 15 3
Module 3 15 2 15 4
Module 4 17 2 15 3

4We 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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modules have a median of zero consumption. Thus, the median under-
estimates the consumption in a similar way 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 surpris-
ing that the technique using the average as a summary statistic overesti-
mates total consumption at the household and cluster levels.

The regression techniques have a similar performance, with a consid-
erable upward bias at all levels. The Tobit regression performs slightly 
better at the household and cluster levels. As known from literature 
about small area estimates, the regression approaches do not model the 
error distribution correctly and, thus, underestimate the tails of the dis-
tribution. Depending on the value of the poverty line relative to the 
mode of the distribution, this results in an over- or under-estimation 
of the poverty rate. In contrast, both imputation techniques perform 
exceptionally well, with a bias below 1% at all levels (Fig. 2).

While the bias is important in order to understand the systematic 
deviation of the estimation, the relative standard error helps to under-
stand the variation of the estimation. Other than in a simulation set-
ting, the standard error of the estimation cannot be calculated, as only 
one assignment of households to optional modules is available. Thus, 
it is important that the estimation technique delivers a small relative 
standard error.
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Generally, the relative standard error reduces when moving from 
the household level over the cluster level to the simulation level. The 
relative standard error for the reduced consumption methodology is 
smaller than for the summary statistic techniques because the reduced 
consumption is not subject to variation from the module assignment to 
households. The regression techniques have large relative standard errors 
of around 20% at the household level, while the multiple imputation 
techniques vary between 15 and 20%. At the cluster level, the relative 
standard error drops to 7% for regression techniques and 5% for mul-
tiple imputation techniques. At the simulation level, the relative stand-
ard error is around 3% for regression techniques and 1% for multiple 
imputation techniques.

The distributional shape of the estimated household consump-
tion level can be compared to the reference household consumption 
by employing standard poverty and inequality indicators. The poverty 
headcount (FGT0) is 57.4% for the reference distribution.5 Not sur-
prisingly, the reduced consumption technique and the median summary 
statistic overestimate poverty by several percentage points due to the 
underestimation of consumption, while the average summary statistic 
and the regression techniques underestimate poverty, since they overes-
timate consumption. The multiple imputation techniques overestimate 
poverty, but only by 0.5 percentage points (or about 1%), performing 
significantly better than the reduced consumption approach, which 
has a bias that is more than two times larger. The reduced consump-
tion technique and the median summary statistic as well as the mul-
tiple imputation techniques deliver good results for FGT1 and FGT2, 
emphasizing that not only can the headcount be estimated reasonably 
well, but the distributional shape is also conserved. With the exception 
of 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 esti-
mation of the consumption. The relative standard error of the reduced 

5The FGT0 is calculated based on the US$1.90 PPP (2011) international poverty line, converted 
into local currency in 2013.
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consumption for FGT0 is double that of the multiple imputation tech-
niques. The relative standard errors for the multiple imputation tech-
niques for FGT1 are comparable but larger than for FGT2 and Gini 
(Fig. 3).

In conclusion, the average summary statistic and the regression 
approaches cannot deliver convincing estimates. While the reduced 
consumption technique and the median summary statistic perform 
considerably better, they both overestimate poverty. Only the multi-
ple imputation techniques are convincing in all estimation exercises. In 
terms of the estimation of the important poverty headcount (FGT0), 
the multiple imputation techniques are virtually unbiased.

4  Implementation Challenges, Lessons 
Learned, and Next Steps

In late 2014, consumption data using the proposed rapid consump-
tion methodology was collected in Mogadishu using CAPI. The rapid 
consumption questionnaire reduced face-to-face interview time con-
siderably. A household visit took about 40 minutes on average (with a 
median of 35 minutes), including greetings, household characteristics, 
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consumption modules, and a number of perception questions. Nine out 
of ten interviews took less than 65 minutes.

After data cleaning and quality assurance procedures, 675 house-
holds with consumption data were retained.6 A welfare model was 
built to predict missing consumption in optional modules. The welfare 
model was tested on the core consumption, after removing the core 
consumption as an explanatory variable. The model for food consump-
tion retrieved an R2 of 0.24, while non-food consumption was mod-
eled with an R2 of 0.16. It is important to emphasize that these models 
give a lower bound of the R2 compared to the models used in the pre-
diction, as the prediction models include the core consumption as an 
explanatory variable. Given the assessment of the different estimation 
techniques in the previous section, the multivariate normal approxima-
tion using multiple imputations is applied to the Mogadishu dataset.

For the Mogadishu dataset, the assignment of items to modules had 
to be manually refined.7 The refinement had a minor impact on the 
share of consumption per module. It is curious, though, that the share 
of consumption per module is different for Hargeisa and Mogadishu. 
Using the Hargeisa dataset, 91% of food consumption (and 76% of 
non-food consumption) is captured in the core module. In contrast, the 
core food consumption share is only 64% (and 62% of non-food con-
sumption) in Mogadishu before imputing the consumption of non-as-
signed modules. Thus, employing a reduced consumption module 
based on consumption shares identified in Hargeisa would have crudely 
underestimated consumption in Mogadishu, without being able to eval-
uate the inaccuracy. In contrast, the rapid consumption methodology 
allows the estimation of shares for each module, while the consumption 

6While the survey also covered IDP camps, the analysis presented is restricted to households in 
residential areas, excluding IDP camps.
7Manual refinement is necessary to ensure that items like ‘other fruits’ do not double-count types 
of fruits not assigned to the household. This is implemented by relabeling and manually assigning 
modules. In addition, some item groups items were split into individual items, which is generally 
preferable for recall and recording, as well as calculation of unit values.
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estimation procedure implicitly takes into account the ‘missing’ con-
sumption shares for each household (Table 2).

The cumulative consumption distribution can be compared for the 
consumption captured in the core module, the assigned optional mod-
ules, and the imputed consumption. By construction, the core con-
sumption shows the lowest consumption per household. Adding the 
consumption from the assigned optional modules shifts the cumulative 
consumption curve slightly. The imputed consumption is shifted even 
further as the estimated consumption shares from the non-assigned 
modules are added (Fig. 4).

Without full consumption aggregate values for Mogadishu, we can 
only show the 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 esti-
mated per capita consumption.8 Per capita consumption also decreases 
with a larger share of children among the household members. The pro-
portion of employed members of the household significantly increases 
consumption per capita. Thus, the retrieved consumption estimate is 
consistent and using the evidence from the ex post simulations, highly 
accurate.

The results of the ex post simulation indicate that the rapid con-
sumption methodology can reliably estimate consumption and poverty. 
The experience in Mogadishu also shows that the rapid consumption 
methodology can be implemented in extremely high-risk areas, due to 
its success in limiting face-to-face interview time to less than one hour. 
While these results are encouraging, the rapid consumption methodol-
ogy has some limitations.

The rapid consumption questionnaire varies in comprehensiveness 
and the order of items in the consumption module between households. 

8The 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).



9 Rapid Consumption Surveys     165

Ta
b

le
 2

 
N

u
m

b
er

 o
f 

it
em

s 
an

d
 c

o
n

su
m

p
ti

o
n

 s
h

ar
es

 c
ap

tu
re

d
 p

er
 m

o
d

u
le

N
o
te

 s
im

u
la

te
d

 f
o

r 
H

ar
g

ei
sa

, 
es

ti
m

at
ed

 f
o

r 
M

o
g

ad
is

h
u

 b
ef

o
re

 i
m

p
u

ta
ti

o
n

 o
f 

n
o

n
-a

ss
ig

n
m

en
t 

m
o

d
u

le
s 

(n
o

rm
al

iz
ed

 t
o

 
10

0%
),

 a
n

d
 a

ft
er

 im
p

u
ti

n
g

 f
u

ll 
co

n
su

m
p

ti
o

n

Fo
o

d
 c

o
n

su
m

p
ti

o
n

N
o

n
-f

o
o

d
 c

o
n

su
m

p
ti

o
n

N
u

m
b

er
 o

f 
it

em
s

Sh
ar

e 
H

ar
g

ei
sa

 
(%

)

Sh
ar

e 
M

o
g

ad
is

h
u

 
(%

)

Sh
ar

e 
M

o
g

ad
is

h
u

 
im

p
u

te
d

 (
%

)

N
u

m
b

er
 o

f 
it

em
s

Sh
ar

e 
H

ar
g

ei
sa

 
(%

)

Sh
ar

e 
M

o
g

ad
is

h
u

 
(%

)

Sh
ar

e 
M

o
g

ad
is

h
u

 
im

p
u

te
d

 
(%

)

C
o

re
33

91
64

54
26

76
62

52
M

o
d

u
le

 1
19

3
9

16
15

7
9

12
M

o
d

u
le

 2
20

2
14

14
15

5
9

12
M

o
d

u
le

 3
15

2
5

6
15

6
8

9
M

o
d

u
le

 4
15

2
8

9
15

6
11

15



166     U. Pape and J. Mistiaen

The effect of a response bias due to this can neither be estimated from 
the simulations nor from the data collected in Mogadishu. However, 
an enhanced design with different optional modules varying in their 
comprehensiveness can shed light on this bias. Comparison between 
responses for the same item in a comprehensive and an incomprehen-
sive list would indicate a lower bound for response bias. Assuming that 
a comprehensive list results in a better estimate, the response bias could 
be corrected.

The rapid consumption methodology can increase the gap between 
capacity at enumerator level and the complexity of the survey instru-
ment. Capacity at the enumerator level is often low in developing 
countries, especially in a fragile context. The rapid consumption meth-
odology increases the complexity of the questionnaire, which can 
further increase the gap between existing and required enumerator 
capacity. However, CAPI technology can seal off complexity from enu-
merators, as software can automatically create the consumption module 

Fig. 4 Cumulative consumption distribution (in USD) per day and per cap-
ita (Color figure online) (Note For core module (dark blue), core and assigned 
optional modules (medium blue), and imputed consumption (light blue). The 
presented consumption aggregate does not include consumption from durable 
goods
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based on core and optional modules for each household without show-
ing the partition to the enumerator. In Mogadishu, advanced CAPI 
technology was used to automatically generate the questionnaire based 
on the assignment of the household to an optional module. While enu-
merators were made aware that different households would be asked 
about different items, administering the rapid consumption question-
naire did not require any additional training of enumerators beyond 
that needed for a standard consumption questionnaire.

Analysis of rapid consumption data requires high capacity. Analysis 
capacity is usually limited in developing countries, and especially in 
fragile contexts. While the general idea of optional consumption mod-
ules being assigned to households is digestible by local counterparts, 
poverty analysis based on a bootstrapped sample of consumption dis-
tribution is likely to overwhelm local capacity. However, even standard 
poverty analysis is often beyond the limits of local capacity in fragile 
countries. Therefore, capacity building usually focuses on data collec-
tion skills with a longer-term perspective on increasing data analysis 
capacity. In addition, the rapid consumption methodology might be the 
only way of creating poverty estimates in certain areas, for example, in 
Mogadishu.

The results of the ex post simulation and the application of the meth-
odology in Mogadishu suggest that the rapid consumption methodol-
ogy is a promising approach to estimating consumption and poverty in 
a cost-efficient and fast manner, even in fragile areas.9 A similar ex post 
simulation for South Sudan and Kenya (data not shown) indicates that 
the rapid consumption methodology can also be applied at the coun-
try-level, with large intra-country consumption variation.10 The rapid 
consumption methodology has been implemented in Somalia, South 
Sudan, and Kenya, with additional countries in the pipeline.

9Costs for implementing a rapid consumption survey are lower than conducting a full consump-
tion survey due to the reduced face-to-face time needed, allowing enumerators to conduct more 
interviews per day.
10Ongoing fieldwork is currently employing the rapid consumption methodology in South Sudan 
to update poverty numbers.
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Annex

Consumption of non-assigned optional modules can be estimated by 
different techniques. Three classes, each with two techniques, are pre-
sented here, differing in their complexity and theoretical underpin-
nings. The first class of techniques uses summary statistics such as 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 by the residual  
term.

Summary Statistics (Mean and Median)

This class of techniques applies a summary statistic on the module-spe-
cific consumption data collected and applies the result to the miss-
ing modules. Each household is assigned the same consumption per 
missing module. Here, the mean and the median are used as sum-
mary statistics. The median has the advantage of being more robust 
against outliers but cannot capture small module-specific consump-
tion 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 separate regression model for each 
module. This allows for differences in core consumption to be captured, 
as well as other household characteristics. Coefficients are estimated 
based only on the subsample assigned to the module under considera-
tion. In general, a bootstrapping approach using the residual distribu-
tion could mimic multiple imputations, but this is not applied here. 
Given the impossibility of negative consumption, a Tobit regression 
with a lower bound of zero is used in addition to a standard OLS regres-
sion approach. For the OLS regression, negative imputed values are set 
to zero.
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Multiple Imputation Chained Equations (Mice)

Multiple Imputation Chained Equations (MICE) uses a regression 
model for each variable and allow missing values in the dependent and 
independent variables. As missing values are allowed in the independ-
ent variables, the consumption of all optional modules can be used as 
explanatory variables. As a first step, missing values in the explanatory 
variables are drawn randomly. These values are substituted iteratively 
with imputed values drawn from the posterior distribution estimated 
from the regression. While the technique of chained equations cannot 
be theoretically shown to converge in distribution, the results in practice 
are encouraging, and the method is widely used.

Multivariate Normal Regression (MImvn)

Multiple Imputation Multivariate Normal Regression uses an expecta-
tion-maximization (EM)-like algorithm to iteratively estimate model 
parameters and missing data. In contrast to chained equations, this 
technique is guaranteed to converge in distribution with the opti-
mal values. An EM algorithm draws missing data from a prior (often 
non-informative) distribution and runs an OLS to estimate the coeffi-
cients. The coefficients are iteratively updated based on reestimation 
using imputed values for missing data drawn from the posterior distri-
bution of the model. MImvn employs a data-augmentation (DA) algo-
rithm, which is similar to an EM algorithm, but updates parameters in a 
non-deterministic 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 Markov 
chain Monte Carlo (MCMC) method in the parameter space, with con-
vergence with the stationary distribution that averages 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 miss-
ing value distribution. The DA algorithm usually converges considerably 
faster than using standard EM algorithms.
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Estimation Performance

The performance of the different estimation techniques is compared 
based on the relative bias (mean of the error distribution) and the rel-
ative standard error. We define the relative error as the percentage 
difference between the estimated consumptionconsumption and the ref-
erence consumption (based on the full consumption module). The rel-
ative bias is the average of the relative error. The relative standard error 
is the standard deviation of the relative error. For estimations based on 
multiple imputations, the error is averaged over all imputations.

Each proposed estimation procedure is run on the random assign-
ments of households to the optional modules. A constraint ensures that 
each optional module is assigned equally often to a household per enu-
meration. The relative bias and the relative standard error are reported 
across all simulations.

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