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1 Introduction

Household surveys are the dominant tool to measure and monitor welfare in low- and middle-income
countries. In these contexts, measures of monetary well-being typically consider a combination of house-
hold consumption and expenditures, of which food comprises a large share. Indeed, global monitoring
of extreme poverty relies on food-based estimates of welfare, such as the Cost of Basic Needs approach.
Proxy means-tested targeting of interventions also derives from these estimates of welfare. Many pro-
grams worldwide target food consumption and nutrition, ranging from school meals to food subsidies like
the Supplemental Nutrition Assistance Program (SNAP). Because of its centrality to policy and welfare
measurement, a large body of the literature has questioned the accuracy of different modes of collecting
consumption data to assess household well-being. We revisit this issue at a time when developing countries
have increasingly moved to recall modes to collect food consumption in their national household surveys.

Acquisition diaries have become the workhorse for benchmarking comparisons of household measure-
ments from alternative collection modes. Beegle et al. (2012) randomize households in Tanzania to indi-
vidual assisted diaries to define a benchmark against alternative survey designs that use recall questions.
This is possibly the most important experiment on consumption measurement in low- and middle-income
countries in the last decade (a more recent study for Niger is Backiny-Yetna et al., 2017). The accuracy
of consumption measurements is also of concern in the developed world. For example, Brzozowski et
al. (2017) compare recall questions on food spending from the Canadian Food Expenditure Survey to
data from expenditure diaries. Battistin and Padula (2016), among others, do so using the Consumer
Expenditure Surveys in the United States. In these instances, too, the accuracy of reports is assessed
against diaries.

The assumption that diaries provide an error-free benchmark has little statistical justification. Diaries
arguably minimize various types of reporting errors, including recall errors, telescoping, rule of thumb, and
errors of omission (Lyberg and Kasprzyk, 2004). However, diaries are far from perfect. Most diary surveys
are characterized by differences in reporting within the interview period, usually with a declining pattern
over time (Silberstein and Scott, 2004). Possible explanations are not only declining cooperation due to
fatigue but also the tendency of participants to deviate from the usual purchasing behavior as an effect
of the diary or social pressure (Peterson Zwane et al., 2011). The proxy reporting of events experienced
by persons other than the respondent yields figures different from those obtained from individual diaries
(Beegle et al., 2012). The ratio between food totals computed from household surveys using diaries
and national accounts have been found to be considerably low (Gieseman, 1987, and Bee et al., 2013).
Moreover, diaries are expensive, as completion involves a reasonable standard of literacy and commitment,
and regular visits from interviewers to ensure quality standards boost costs.

Faced with high costs of implementation, respondent fatigue, the need for enumerator effort, and the
risks of enumerator shirking, many countries have moved to collecting recall data.1 In recall interviews,
households are typically asked to report on food consumption during the specified period and to value

1The World Bank’s Living Standards Measurement Study (LSMS) survey finder includes a partial list of household
consumption and expenditure surveys: of almost 90 surveys from more than 25 countries, more than 75 use recall. See also
the guidelines on the use of recall interviews endorsed by the United Nations Statistical Commission (FAO, 2018).
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that consumption, irrespective of source, at market prices. Diaries instead collect information on food
acquired during the interview period regardless of when the food was consumed. There is little evidence
on the best approach for managing the transition to recall interviews, with most countries accepting a
break in the series on poverty, food security, and welfare aggregates, given that the survey mode affects
indicators of poverty and inequality in the cross-section (Beegle et al., 2012) and over time (Battistin,
2003, Pudney, 2008, Attanasio and Pistaferri, 2016, and Coibion et al., 2017).

This paper studies how to obtain the most accurate consumption measurements of population well-
being from household surveys. Specifically, we define a household’s well-being as their usual or average
rate of consumption in a fixed period, which in our application is one week. Usual consumption is a
longer-run average of weekly intakes and the quantity grounding welfare comparisons on the theoretical
concept of consumption smoothing. The empirical challenge then is to use survey measurements collected
as a snapshot, typically covering one week, to infer usual consumption. We develop a strategy to identify
the distribution of usual consumption, which is unobserved because of the short-term nature of interviews,
without applying any corrections to raw data or assuming ex ante which mode of collection – diaries or
recall questions – yields the most accurate measurement.

We frame the identification of consumer welfare in a general setting, encompassing “survey errors”
– defined as differences between survey measurements and usual consumption – related to household
preferences and misreporting behavior. Specifically, households with different consumption preferences
in the interview week but the same dollar amount of consumption over a longer period will have the
same well-being. Such irregularity of consumption has implications for welfare analysis even when survey
measurements are not misreported (as discussed by Kay et al., 1984, among others). In addition, our
analysis allows for measurement errors from any of two broad sources. The first source is infrequency of
acquisitions, which arises because cash outlays occurred during the interview week may present extreme
values resulting from no acquisition or positive acquisition of infrequently purchased items.2 The second
source of survey errors arises because of misreporting, which is the object of a voluminous literature
spanning both developed and developing countries (see Deaton and Zaidi, 2002, and Carroll et al., 2015,
for example). Our empirical investigation allows us to disentangle the confounding effects of any of the
above sources in both diary and recall data.

We leverage a unique large-scale experiment on consumption measurement in Iraq designed for the
Iraq Household and Socio-Economic Survey (IHSES) in 2012. The survey ran continuously for one year
and was administered to approximately 25,000 households across the country. All households filled out a
7-day diary on their spending patterns with the assistance of enumerators during regular visits. One-third
of households were randomized to an additional survey module, administered before the diary, that asked
them to recall food consumption in the last 7 days. The size of the experimental sample, approximately
8, 000 households, is of a different order of magnitude compared to other studies on consumption mea-
surement in developing countries. The household diary employed was of the standard acquisition type,
with one respondent recording on behalf of the household. Diaries were filled out by the same person

2When stocks at the beginning and the end of the diary period are observed, one can impute consumption from diaries
by measuring stock inflows and outflows (as in Beegle et al., 2012). However, the measurement of stocks is costly, prone to
additional measurement concerns (Sharp et al., 2019), and seldom available in empirical work.
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answering the recall module. The latter module was specifically designed to inform the national statistics
agency on the transition from diary to recall, which is planned for 2020.

Our methodological innovation is in the use of diary and recall measurements for the same household.
Compared to prior work, we derive conditions – which follow from Hu and Schennach (2008) – to identify
any functional of the underlying distribution of usual consumption allowing for errors in both survey
measurements. Our strategy also yields identification of survey error distributions for recall and diary
measurements without assuming that errors are mutually independent or independent of usual consump-
tion.3 Moreover, our estimation framework leaves unrestricted the functional forms of usual consumption
and survey error distributions. The availability of repeated diary-recall measurements of food spending
or acquisition is not unique to our setting, the Consumer Expenditure Surveys in the United States and
the Canadian Food Expenditure Survey being notable examples. This substantiates the external validity
of our approach in a number of contexts beyond the specific case study.

Among the conditions needed for identification, three play a fundamental role (as shown in Figure 3).
First, we assume that household acquisition in the diary week is a random variable centered on house-
hold usual consumption. We make the theoretical case for this assumption using a model of consumer
demand (as in Kay et al., 1984, and Meghir and Robin, 1992). This model also sets the reasons for
expecting good estimates of consumption averages from diary data, but not of inequality or poverty rates
in general.4 Second, we seek variability in survey measurements induced by a change in usual consump-
tion. Specifically, we assume that household usual consumption covaries with the average acquisition
of same-income households located in other census enumeration areas and interviewed the same week.
Our key exclusion restriction is that the average acquisition of these peers correlates with household di-
ary and recall measurements only through the household’s own consumption. Third, while we do not
impose independence between survey errors in recalled consumption and diary acquisitions, we channel
their dependence through household usual consumption. This assumption is standard in nonparametric
identification with measurement error (Chen et al., 2011), and possible threats to its validity are discussed
using the consumer demand model above.

Our first key insight is that diary and recall reports are not rank preserving, meaning that they do
not order the same household identically in the data. We rule out simple explanations for this result.
For example, we show that answering the additional recall module does not affect the accuracy of diaries:
households randomized to, and households excluded from, the recall module have the same distribution of
acquisitions in diaries. Besides, important departures from rank invariance are found across the support of
diary and recall measurements, suggesting that survey effects are unlikely to arise only due to households
with specific demographics and income. These results imply that the same household could end up
above or below the poverty line depending on the survey mode employed, which has distribution-wide
implications for welfare ranking relevant to policies using proxy means tests derived from consumption
data. The departure from rank invariance is also worrisome because it is among the weakest assumptions

3These assumptions are rejected in our data and would be likely violated in most empirical settings (as conjectured by
Aguiar and Bils, 2015).

4When the between-group component of inequality is of interest, however, the same argument can be used to claim that
data from diaries dominate recall measurements.
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needed to address measurement error in empirical work.
Our research design yields a second important finding: the presumption that diaries should be the

benchmark for measuring household well-being is an illusion. Although a consumer demand model implies
that acquisition is an unbiased estimate of usual consumption, we demonstrate empirically that the
difference between these two quantities can be substantial. For example, the likelihood of measuring
less than half of the actual value of usual consumption with a diary is 15.1% and 14.1% for households
in the first and fourth consumption quartiles, respectively. The likelihood of attributing a value for
usual consumption at least twice the size of the actual one is 4.1% and 3.7% for households in the first
and fourth quartiles, respectively. Importantly, we find that diary errors remain large for perishable
components of food, which implies that our results are not mechanically driven by consumption from
stocks or large cash outlays. We conclude that, if enumerator visits are effective to reduce misreporting
in diary entries, mistaken conclusions about welfare measurement from diary data must primarily depend
on how households decide to smooth their consumption rather than on the frequency of acquisitions.
This implies that even when error-free measurements of consumption in the interview week are attained,
misleading conclusions about actual well-being could still ensue, as usual consumption is a longer-run
average of weekly intakes.

Further, our investigation does not find evidence of zero-mean or classical errors in recall data, and
provides insights into the direction of biases one may expect in empirical work. Specifically, we show
that – in our case study – overreporting of usual consumption is between three and four times more
likely than underreporting. This finding is not only consistent with telescoping effects but also with
more general cognitive errors by respondents when they compute the market value of their consumption.
Moreover, we find that the quality of recall data improves with the actual value of usual consumption,
which invalidates the assumption of classical errors and suggests that errors may be comparatively less
important for households with higher permanent income and human capital.

The above properties of survey errors have important consequences for the computation of aggregate
welfare statistics in our study. Precisely, we find that diary errors yield poverty rates and inequality figures
that are less reliable than those obtained from recall data, which yield uniformly larger probabilities of
correct classification for households with low usual consumption. However, we also find that the upper
tail of the distribution of usual consumption is closer to that from diary data, suggesting that deciding
which survey measurement will work best ultimately depends on the policy question and the segment of
the population which are of interest.

What are the implications of our findings for the design of household surveys? First, there is no loss in
accuracy from using a recall module despite the higher costs of using a diary: a recall survey is almost as
close to the optimal design as a diary when inequality measurement is of concern. The choice of the most
appropriate survey mode when measuring well-being can be seen as the solution to a decision problem
in which each household is assigned to a diary or a recall module to minimize the overall impact of
survey errors. We therefore study which allocation of households would make the inequality and poverty
measurements computed from raw data as close as possible to their true values. We show that the optimal
solution to this problem is a mix of diaries and recall interviews, with relatively more well-off households

4



assigned to diaries. Although a survey employing only recall interviews is suboptimal, we find no evidence
that it would compromise the accuracy of policy conclusions about poverty and inequality compared to a
diary survey.

Second, our empirical investigation demonstrates the cost-effectiveness of eliciting repeated measure-
ments from the same household, which is in the spirit of Browning and Crossley (2009). More specifically,
when diaries are the collection mode of choice – as in the Iraq IHSES – the inclusion of one additional
module on recalled consumption for a subsample of interviewees will allow for learning about survey er-
rors and disparities in well-being at relatively low cost. When a recall survey is chosen instead, resources
should be allocated by statistical agencies to conduct follow-up diary interviews on a smaller sample of
interviewees. Our methodology therefore offers actionable recommendations to design a protocol for har-
monizing time series of poverty and inequality in those countries that consider a transition to new modes
of data collection.

The remainder of the paper is organized as follows. The next section presents the general formulation
of the problem. Section 3 describes the institutional background and presents preliminary descriptives
on the diary-recall experiment. Section 4 presents the conditions for nonparametric identification of the
survey effect distributions along with the distribution of usual consumption. Estimation is also discussed,
along with the exogenous variability used for identification and possible threats to the validity in our
research design. Section 5 presents our results on the nature and consequences of survey errors. Section 6
looks at the optimal combination of diary and recall interviews that would yield data with the minimum
distance from usual consumption. Section 7 concludes the paper.

2 General Formulation of the Problem

2.1 Quantity of Interest

Suppose that the household has a target monetary amount of consumption over a period of τ time units.
Consumption is equal to acquisition over this period. Without loss of generality the time unit coincides
with the interview period, which is one week in our case study. The quantity τ will typically depend on
the household (e.g., one month or three weeks).

We define Y ∗ as the average household consumption per time unit, although we will often use the
terms usual consumption or consumption rate as shorthand. The quantity Y ∗ is not observable, as it
results from a utility maximization problem solved by the household. It is interpreted as the average
weekly rate of consumption that one would measure only by observing the household over τ weeks.5

The empirical challenge is to learn about the distribution of Y ∗, FY ∗ [y], using diary (Y d) and recall (Y r)
measurements for the interview period. These are possibly inaccurate indicators of Y ∗, and this problem is
inherently related to the short-term nature of interviews. Even perfectly measured values of consumption
in a random week (obtained, for example, from stock inflows and outflows) will be different from Y ∗ in

5For example, suppose that the household targets $1000 of consumption over τ = 4 weeks. If the desired amount is
consumed in this period, the household’s usual rate of consumption in one week must be Y ∗ = $1000/4 = $250. In this
example, 4 weeks and $1000 are choices made by the household to maintain smooth living standards depending on preferences
and material resources.
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general.
The distribution FY ∗ [y] is needed to retrieve key inequality functionals for policy analyses, which are

the quantities of interest here. For example, as consumption is non-negative we have:

E[Y ∗] =

∫ ∞

0
(1− FY ∗ [y])dy,

G[Y ∗] = 1− 1

E[Y ∗]

∫ ∞

0
(1− FY ∗ [y])2dy,

where the last expression is the Gini coefficient. Household demographics and area characteristics are
also available, the conditioning on which is left implicit in what follows.

2.2 Diary Interviews

Diaries are a self-administered form of data collection in which respondents must record their acquisitions,
which include market purchases and the estimated market values of acquisitions from non-market sources.
In our case study, the quantity Y d is defined as acquisitions captured over the one week diary.

The theoretical case for differences between consumption Y ∗ and acquisition Y d can be made with the
aid of a model of frequency of purchase and consumer demand (see Kay et al., 1984, Meghir and Robin,
1992, and Coibion et al., 2017, for examples). Using the notation introduced above, households decide
simultaneously on the desired consumption over τ weeks (e.g., one month) and a purchasing strategy
during this period. Assume, for simplicity, that acquisition is only conducted through cash outlays. Let
N∗ be the desired number of purchases in one week implied by utility maximization. An implication of
this choice is that Y ∗/N∗ must be the expected amount of each purchase. If N denotes the number of
purchases recorded in the diary week, the assumption of purchases of a constant amount yields:6

Y d = N
Y ∗

N∗ . (1)

The main take-away message from this model is that household acquisition in the diary week is a
random variable centered at the quantity of interest Y ∗. Specifically, in a randomly chosen diary week,
we have E[N |N∗ = n∗, Y ∗ = y∗] = n∗, which implies:

E[Y d|Y ∗ = y∗] = y∗. (2)

The model also implies that distributional indicators obtained from diary acquisitions may be liable to
provide incorrect policy conclusions. For example, calculations reported in the Appendix show that if
acquisitions occur independently at the same rate N∗ across households, we have:

V ar[Y d]

V ar[Y ∗]
= 1 +

1

N∗ +
1

CV (Y ∗)2N∗ ,

where CV (Y ∗) is the coefficient of variation of consumption. The last expression implies that for items
usually acquired once a week (N∗ = 1), the variance of acquisition must be at least twice as large as the

6The model can be easily generalized to allow for random spending around Y ∗/N∗.
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variance of consumption. When the coefficient of variation is equal to one, the variance of acquisition
becomes three times the variance of consumption.

Acquisition diaries may yield a distorted idea of consumption Y ∗ even if all entries are recorded
correctly. However, as we discussed in the Introduction, entries may not be exempt from errors. As
the effects of fatigue on accuracy have long been known to researchers (Silberstein and Scott, 2004),
it is common practice to assist households through frequent visits by enumerators during the recording
process. It is generally presumed that this design yields the most accurate data (see Brzozowski et al.,
2017, for discussion). Misreporting of diary entries affects equation (1) by introducing a disturbance term
on the right-hand side to capture errors of the usual kind.

2.3 Recall Interviews

Many household surveys implemented in the developing world ask respondents to recall quantities in a
preselected list of food items consumed over a fixed period and their associated market value. In our case
study, the recall period is seven days, ending with the interview (Lyberg and Kasprzyk, 2004, Beegle et
al., 2012, and Crossley and Winter, 2014 discuss the effects of changing this time window). Information
is collected in two steps. The respondent is first asked if the items in the list were consumed during the
past week, going vertically down in the survey form from the first item to the last. For the items for
which there is a positive response, the quantity consumed and the unit of measurement are reported. The
respondent then must backcast the monetary value of this quantity by reporting estimated expenditures
(if market purchased) or market values (if self-produced, received as a gift, or received in barter). The
monetary equivalent of recalled consumption (quantity consumed times implicit price per unit, or unit
value) is the quantity we consider for the measurement Y r.

Why should one expect differences between Y ∗ and recalled consumption Y r? As discussed above,
consumption in the week before the interview need not coincide with usual consumption. Moreover,
limited cognitive abilities and the difficulty of recalling the timing of events may challenge respondents’
ability to perform the computations. Estimating the monetary equivalent of the quantities consumed from
non-market sources adds an additional layer of difficulty. Errors may arise because the respondent solves
a prediction problem rather than reporting a noisy measurement. Households may form their answers
using the information available, for example including other features of the survey, so that the value Y r is
their best predictor of the unobserved value Y ∗. Experimental evidence in psychology research supports
this interpretation (see Comerford et al., 2009). Rounding errors in providing the quantities consumed or
telescoping (the act of recalling consumption occurring over a longer period of time as within the reference
period; Neter and Waksberg, 1964) were found to be important factors in the computation. These
concerns may be particularly salient in a context such as Iraq, where many households have relatively low
educational attainment.

The textbook assumption of classical errors is violated in general, with no obvious direction of bias.
For example, if the best prediction is obtained by respondents in terms of quadratic loss, recall errors
must be centered at zero and not correlated with Y r but correlated with consumption Y ∗. If an absolute
value loss is used instead, the household would report the median of Y ∗ given the information available
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(see Hyslop and Imbens, 2001, and Hoderlein and Winter, 2010, for examples of such reporting errors).

2.4 Aggregation Over Items

Our empirical analysis uses measurements computed by aggregating over a number of food items. The
definitions above can be adjusted to allow for I items:

Y d =
∑
i

Y d
i = Y ∗

(∑
i

b∗i
Ni

N∗
i

)
, (3)

Y r =
∑
i

Y r
i ,

where Y ∗
i is usual consumption of item i = 1, . . . , I, Y ∗ ≡

∑
i Y

∗
i is (total) usual food consumption and

b∗i =
Y ∗
i

Y ∗ is the budget share allocated to the item.
Even after aggregation, acquisition from diaries remains an unbiased estimate of usual consumption

Y ∗. Specifically, a generalization of the frequency of purchase model to the case of a vector of items still
yields equation (2) for total food acquisition Y d, as we show in the Appendix. We also show there that,
despite the aggregation across items, severely misleading conclusions about inequality from diary data
are still possible. For example, assuming that acquisitions are independent across goods and occur at the
same rates N∗

i ’s for all households yields:

V ar[Y d]

V ar[Y ∗]
≥ 1 +

I∑
i=1

1

N∗
i

V ar(Y ∗
i )

V ar(Y ∗)
.

It is easy to think about values of the lower bound which are significantly larger than one depending on
assumptions about the correlation of consumption across items. For example, if items are acquired once
a week (N∗

i = 1) and independently of each other, the variance of Y d must be at least twice as large as
the variance of Y ∗.

Equation (2) may still be valid if survey participation affects the purchasing behavior of respondents,
or with misreporting. For example, recorded cash outlays tend to be higher at the beginning of the
diary period (in the first day in particular; see Lyberg and Kasprzyk, 2004, and Silberstein and Scott,
2004). If this pattern arises because of antedated expenditures that would normally take place later in the
same week, equation (2) is still valid. Moreover, acquisition Y d is still an unbiased estimate of Y ∗ under
more general forms of manipulation or misreporting (e.g., overspending on goods linked to social status
or underreporting due to an embarrassment motive) that result in a zero-mean, possibly non-classical,
disturbance term at the right hand side of (3).

3 Data, Descriptives and Graphical Analysis

3.1 The Iraq Household and Socio-Economic Expenditure Survey

Iraq is an upper middle income, resource-rich, fragile, and conflict-affected country facing development
challenges in line with those of far poorer countries. The median education level in 2012 was primary
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schooling. While infant mortality rates remain below the norm for similar countries, a third of Iraqi
children aged 0-5 are stunted, 58 percent of adult males of working age are employed, and only one in
five women of working age participate in the labor market. International standards for measuring poverty
and socioeconomic indicators were adopted after the fall of Saddam Hussein.

The implementation of a new LSMS began in 2007, the IHSES. We use the second round of this survey,
which was carried out in 2012 to obtain official statistics on poverty, food security, income, labor market
outcomes, health, and education. The survey is also the basis for detailed information on the household
consumption component in the national accounts and for consumer price indices. The IHSES collects
a more detailed labor and income module than the norm (relative to, for instance, countries where the
LSMS is complemented by a Labor Force Survey) and includes special modules to fill critical data gaps
(such as anthropometrics and time use).

IHSES 2012 had an intended sample size of 25,488 households and a final sample of 24,750 households.
The population was stratified in 119 districts (qadahs). Within each district, 24 census enumeration areas
(EAs) were randomly selected, and 9 households were sampled within each EA. Teams consisting of
interviewers and supervisors were responsible for fieldwork in two districts distributed over one year. In
each month, interviews were conducted by each team in four randomly selected EAs, two from each of
the assigned districts. It follows that, by design, households in one EA had an equal probability of being
interviewed in any of the survey months.7

3.2 Food Measurements

A 7-day diary of the standard acquisition type was used in all interviews, with one respondent (the head of
household or the most informed person) recording acquisitions on behalf of the household. The completion
of the diary was assisted by enumerators, who visited households on alternate days to check the quality
of entries, clarify any questions, and enter recorded data into computers. Instructions emphasized that
households should record daily acquisitions of food and non-food commodities and meals away from home
starting from the day after the first visit. Qualitative analyses confirmed a high level of enumerator effort
expended to ensure that diary entries were correctly and regularly recorded.

One-third of households within each EA were also administered a recall module on food consumption
during the first visit. Specifically, two (diary and recall) measurements are available for household 3,
6 and 9 in each EA, while one (diary) measurement is available for all remaining households. The
availability of multiple measurements and the scale of the experiment mark a departure from past research
on consumption measurement in developing economies. The recall module asked the market value of the
quantities consumed by the household in the 7 days prior to the enumerator’s visit. A list of expenditure
groups was selected based on an assessment of their importance in IHSES 2007 diaries. Fieldwork and
resource constraints meant that this list was consolidated to include 20 such groups of aggregated food

7One of the important rationales for year-long surveys is the ability to capture seasonality in consumption and livelihoods.
Seasonality in consumption is experienced due to differences in the availability of food items and, importantly, due to the
month-long observations of Ramadan, and two Eid holidays. To ease fieldwork, a team would visit the 2 EAs from one of
the districts in wave 1 (days 1 to 14 of the month) and the 2 EAs from the other district in wave 2 (days 15 to 29) of the
month. Moreover, within each wave, the teams alternated the EA visited each day.
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items (we list these groups in Appendix Figure A.2).8

Randomization to different interview modes was adopted to guide an eventual transition to recall
as a cheaper way of collecting IHSES data on food.9 As non-food expenditures are already measured
using different recall periods depending on the frequency of purchase, the experiment was limited to
food measurements. Recall groups were defined and matched to their counterparts in the diary using
the COICOP classification, yielding the quantities Y d and Y r defined above. Both quantities include
household estimations of the market value of food items consumed that are not acquired from the market
such as self-produced items and gifts. In practice, however, market purchases account for almost all entries
in our case study. We used the square root of family size to equivalize both survey measurements in our
analysis.

There are no incentives for households to report specific consumption levels, for instance, to meet
thresholds for social programs. The most important social safety net, the Public Distribution System
(PDS), is a universal in-kind food subsidy, and other much smaller public transfers were not means-
targeted at the time of the survey.10 A separate IHSES module collected information about ration items
received, consumed, bartered, sold or given away by the household during the last 30 days. The diary
recorded market transactions to purchase ration items over and above the monthly allocation, but these
transactions in our data are rare and small in magnitude. Because our focus is on comparing diary entries
with recalled consumption, the consumption of rationed products is excluded from our analysis.

3.3 Covariate Balance

Table 1 documents the demographic balance for households assigned to recall modules. This randomly
selected group of roughly 8,000 households constitutes our “treatment” sample, while all remaining house-
holds form the “baseline” sample. This table shows regression-adjusted treatment-control differences from
models that control for strata (EAs) used in the randomization design. All variables are well balanced
between groups, as can be seen from the small and nonsignificant coefficient estimates.

Randomization to the recall module did not affect the reporting of diary entries, as shown by the
coefficients in Table 2. Respondents might adjust their diary to reconcile aggregates with those in the
recall module, as in bounded interviews (see Neter and Waksberg, 1964), but the results in column 4
rule out this possibility. Reported in Panel A are coefficients from plain and quantile regressions on a
treatment dummy and strata controls using diary reports Y d for both the baseline and the treatment
samples. Panel B tests for differences in dispersion considering the standard deviation of logged reports
and the Gini coefficient.

8The scale of IHSES precluded the use of individual diaries, which is deemed the most reliable instrument in Beegle et al.
(2012). Our experiment is interesting because the cheaper option is randomized (recall questions) while the expensive option
(diaries) remains the baseline for all households surveyed. Our recall module bears the closest resemblance to the subset list
of the 17 most important food items considered in the Beegle et al. (2012) Tanzania experiment.

9As noted in the sampling and fieldwork documentation, the recall module “should be administered in the first visit to the
household, before the recording of food consumption by diaries. Asking these questions afterwards (when both the respondent
and the interviewer will know the diary records) would defeat the purpose of this module, which is to compare the results
obtained from the two instruments, to assess the possibility of applying in future surveys the recall method instead of diaries”.

10The PDS includes 13 rationed products, of which four, whole wheat flour, rice, vegetable oil/cooking oil and sugar
represent almost 98% of total rationed expenditures. Because they are heavily subsidized, ration expenditures account for
only 6% of average household spending.
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Recall data yielded higher consumption than diary acquisition. This can be seen in column 5 of Table
2, which presents coefficients from the same regressions in column 4 but using, on the left-hand side,
diary reports Y d for the baseline sample and recall reports Y r for the treatment sample. Larger recalled
consumption may be a counterintuitive result, as diary surveys should have less memory loss. However,
this result is consistent with findings from other contexts, including Canada (Brzozowski et al., 2017),
Niger (Backiny-Yetna et al., 2017), Tanzania (Beegle et al., 2012), and the United States (Battistin, 2003,
Bee et al., 2013, and Battistin and Padula, 2016). This result is also consistent with smaller diary-recall
differences for recall periods longer than the one considered here, a fact first documented in work by Neter
and Waksberg (1964): the memory of respondents declines with the length of the recall period, leading
to lower recall aggregates. Another possible explanation is the telescoping of consumption.

A visual illustration of diary-recall differences across the support of the consumption distribution is
in Figure 4. The mode of interview effects varies across households: differences between distributions are
not a simple location shift and indicate different effects across percentiles. This evidence weighs against
mean diary-recall differences as the most interesting quantity to consider and suggests that the interview
mode must be accompanied by subtly nuanced effects on measured inequality that cannot be understood
by a simple comparison of means.

3.4 Ranks

We use nonparametric plots to compare the rank of the same household in the diary and recall distribu-
tions. The analysis is carried out using the sample for which both measurements are available.

Diary and recall reports from the same respondent do not order her household identically in the
population, as shown in Figure 1. Here, the horizontal axis shows household ranks computed from diaries
Y d. On the vertical axis, the same households are ranked in the recall distribution Y r. The continuous
line shows the average percentile in the recall distribution for households sharing the same percentile in
the diary distribution. Shaded areas are obtained in a similar manner by considering percentile ranges
instead of the average percentile. The two measurements are clearly not rank preserving. This finding is
consistent with prior work by Battistin and Padula (2016), who reached the same conclusion on data for
the United States.11

Differences between recall and diary measurements are not mechanically explained by household in-
come. This can be seen in Figure 2, where diary and recall ranks on the vertical axis are plotted against
ranks in the household income distribution. Consumption measurements flatten the difference in well-
being across households depicted by income. For example, households in the bottom quintile of the
income distribution are, on average, in the second quintile of the consumption distribution. Households
in the top income quintile are, on average, in the third consumption quintile. This relationship does not

11The frequency of purchases is the most likely explanation for these findings. Calculations reported in the Appendix
show that households are between two and three times more likely to recall consumption of storable items than to report
acquisition of these items in the diary week. For example, 40% of households report positive acquisition of rice in the diary
week, while almost all households recall a positive consumption of rice in the week preceding the diary. The frequency
effects on survey reports apply to respondents from all socioeconomic backgrounds. Differences between percent acquiring
and percent recalling consumption shrink towards zero for more perishable items, such as meat or fish (see Appendix Figure
A.2).
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change with the survey mode employed, suggesting that diary-recall differences cannot be explained by
differential errors at different points of the income distribution.

4 Non-Parametric Identification

4.1 Assumptions

We assume throughout that usual consumption Y ∗ and its measurements (Y d, Y r) are continuously dis-
tributed with bounded density. Consumption is defined by aggregation over items. The distribution of
consumption on each item need not be continuous, for example because of zero consumption on single
items. The assumption here is that aggregation across items makes the distribution of household con-
sumption smooth enough. A visual inspection of the data corroborates this idea. Moreover, the theoretical
case for lognormally distributed consumption is made in Battistin et al. (2009).

We also maintain the assumption that the difference between household consumption and acquisition is
centered at zero. The theoretical case for this restriction stems from the consumer demand model leading
to equation (3). As we discussed above, the following assumption also allows for possibly nonclassical
reporting errors in diary entries.

Assumption 1 (Unbiasedness of Diary Measurements) E[Y d − Y ∗|Y ∗ = y∗] = 0.

Non-parametric identification requires additional restrictions imposing structure among observables
and usual consumption that we discuss with the aid of a directed acyclic graph (DAG). In Figure 3 survey
measurements Y d and Y r depend on consumption Y ∗. We require an observable variable Z which affects
survey measurements only through consumption.

Assumption 2 (Exclusion Restriction) There exists a continuous variable Z such that:

(Y r, Y d)⊥Z|Y ∗. (4)

This is a standard exclusion restriction in the measurement error literature (see Chen et al., 2011, and
Schennach, 2013). It can be interpreted through the lens of the (unfeasible) regressions of Y r and Y d

on Y ∗: the variable Z must be an excluded instrument for Y ∗ in both equations. A more general
interpretation follows from the requirement of conditional independence: knowledge of Z must not yield
any more information on the reporting of survey measurements than Y ∗ would otherwise provide.

The DAG in Figure 3 also imposes that Y ∗ is the only common cause for the correlation among survey
reports, which is the meaning of Assumption 3 below. This assumption is sufficiently general to allow
for correlation between errors in recalled consumption and errors in diary acquisitions. For instance, this
correlation may arise if respondents’ ability to recall consumption is associated with their desired N∗

i ’s in
equation (3). In this respect, Assumption 3 allows for forms of misreporting which are considerably more
general than independent and classical survey errors (Kotlarski, 1967, Hausman et al., 1991, and Newey
and Powell, 2003). On the other hand, the assumption imposes the condition that only one unobservable
drives the correlation between survey measurements. Equation (3) shows that this restriction would be
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violated if, after conditioning on Y ∗, recall errors were still correlated with household preferences over
frequency of acquisition and consumption goods.

Assumption 3 (Conditional Independence) Survey measurements are conditionally independent given
latent consumption:

Y r⊥Y d|Y ∗. (5)

Two additional formal conditions are needed for identification, which are implicit in Figure 3 and
unlikely to be a limitation in our setting. Note that these conditions are not testable because consumption
Y ∗ is unobservable. First, usual consumption Y ∗ must have a causal effect on the distribution of recalled
consumption Y r, as shown in Figure 3.

Assumption 4 (Informativeness of Recall) The relationship between Y r and Y ∗ satisfies:

FY r [y|Y ∗ = y∗1] ̸= FY r [y|Y ∗ = y∗2],

for any values y∗1 ̸= y∗2.

This restriction is satisfied, for example, if E[Y r|Y ∗] increases monotonically in Y ∗, but it is much weaker
than that. We also require sufficient variability in the support of the conditional distributions of Y d given
Y ∗ and of Y ∗ given Z.

Assumption 5 (Completeness) The relationship between Y d, Y ∗ and Z satisfies:

1. Y d is complete for Y ∗,

2. Y ∗is complete for Z.

Completeness assumptions are common in the literature on non-parametric identification with instrumen-
tal variables (as in Newey and Powell, 2003), and are a weak regularity condition. Formally, completeness
of Y d for Y ∗ is guaranteed if E[h(Y d)|Y ∗ = y∗] = 0 for all y∗ only when h(Y d) = 0. Intuitively, we
require sufficient variability in the conditional distribution of Y d at different values of Y ∗ and, similarly,
for the conditional distribution of Y ∗ given Z. The latter requirement is essentially a generalization of
the rank assumption on the instrument Z to the non-parametric setting.

4.2 Empirical Specifications

Assumptions 1-5 imply:

fY dY r|Z [y
d, yr|z] =

∫
fY d|Y ∗ [yd|y∗]fY r|Y ∗ [yr|y∗]fY ∗|Z [y

∗|z]dy∗, (6)

and that there exists only one set of unobservable distributions on the right-hand side yielding the observ-
able distribution on the left-hand side. In other words, under the assumption stated, data on (Y d, Y r, Z)

are sufficient to retrieve the distribution of usual consumption:

fY ∗ [y∗] =

∫
fY ∗|Z [y

∗|z]fZ [z]dz,
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and the distributions of diary survey errors (fY d|Y ∗ [yd|y∗]) and recall survey errors (fY r|Y ∗ [yr|y∗]). This
identification result does not hinge on any parametric assumption, and follows from adapting results in
Hu and Schennach (2008) to the case of multiple (diary and recall) survey measurements.

Instrumental variability is obtained by matching each household to all other households in the same
income decile, filling out the diary in the same survey wave and receiving visits from a different team of
interviewers. We defined Z as average diary acquisition in this group of households, which is an estimate
of their average usual consumption because of Assumption 1. The precision of this estimate depends on
the size of the sample used to compute Z for each household, which in our data averages at about 100

households. The idea is to use variation in Z, which induces changes in Y ∗, to learn about the properties
of survey measurements. Considering households in the same income decile and interviewed in the same
wave strengthens the relationship between average consumption of peers Z and own consumption Y ∗.
The key exclusion restriction here is that the variability in Z cannot explain own diary and recall reports
other than through Y ∗. Violations of this assumption due to interviewer effects are ruled out by taking
averages over data collected by non-overlapping survey teams.

We estimated the conditional densities on the right hand side of equation (6) by using a flexible class
of exponential families (Barron and Sheu, 1991). Specifically, we let the density of log Y r given log Y ∗

depend on a vector of parameters βr as follows:

flog Y r| log Y ∗ [log yr| log y∗;βr] = M(θr) exp

{
Kr∑
k=1

θrkLk

(
log yr − log y∗

∆r

)}
, (7)

where:

M(θr) =

[∫
exp

{∑Kr
k=1θ

r
kLk

(
log yr − log y∗

∆r

)}
d log yr

]−1

,

is the normalizing constant, Lk(x) is the k-th Legendre polynomial defined on the interval [−1, 1] and:

θrk =

Jr∑
j=0

βr
kjLj

(
log y∗ − δr0

δr1

)
.

Legendre polynomials are chosen because of their better numerical properties in this contexts compared
to standard polynomials (Crain, 1974, and Crain, 1977). We set ∆r = 4 to ensure that the argument of
Lk(x) lies in the interval (−1, 1) for any reasonable choice of log yr and log y∗. The smoothing constant
Kr determines the degree of departure from normality of the distribution in (7). The value Kr = 2 is
equivalent to imposing a normal distribution, while a value Kr > 2 allows for significant departures from
normality. The quantities δr0 and δr1 were set to 3 and 7, respectively, to ensure that the argument of Lj(x)

is in (−1, 1). Our empirical investigation considers Jr = 2, thus allowing each parameter θrk to depend on
log y∗ via a quadratic function. This specification implies that the density in (7) depends on a vector of
3×Kr parameters βr = (βr

10, β
r
11, β

r
12, . . . , β

r
Kr0

, βr
Kr1

, βr
Kr2

)′.

The same specification was used to model the density of log Y d given log Y ∗, which depends on a
vector βd of 3 ×Kd parameters (the density-specific smoothing constant Kd is defined by analogy with
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Kr). Finally, we let the density of log Y ∗ given logZ:

flog Y ∗| logZ [log y
∗| log z;βy] = M(θy) exp


Ky∑
k=1

θykLk

(
log y∗ − log z

∆y

) ,

depend on a vector βy of 3×Ky parameters, where M(θy) is the normalizing constant and:

θyk =

Jy∑
j=0

βy
kjLj

(
log z − δy0

δy1

)
,

with ∆y = 8, δy0 = 0, δy1 = 3, and Jy = 2.
The unknown parameters βr, βd and βy were estimated by sieve maximum likelihood (Grenander,

1981, and Geman and Hwang, 1982), maximizing the pseudo-likelihood obtained by substituting the un-
known conditional densities in (6) with their approximations described above.12 By allowing the smooth-
ing constants Kr, Kd and Ky to increase with sample size, this procedure yields non-parametric estimates
of the conditional densities of interest. We ended up selecting Kr = Kd = 6 and Ky = 3, as little im-
provement was found for larger values of these parameters. Both diary and recall error distributions are
therefore estimated away from normality. The conditional distribution of logged consumption is also not
normal, although the degree of departure from this benchmark is less pronounced.

5 Errors in Survey Reports

5.1 Diary and Recall Measurements

The presumption that diaries outperform recall data for the measurement of household well-being finds
little empirical support. This can be seen in Figure 4, where diary and recall histograms are compared
with the estimated distribution of (unobserved) usual consumption, fY ∗ [y] (the continuous line). A visual
inspection suggests that the lower tail of the recall distribution is closer to that of usual consumption, and
that mismeasurement from diaries is more substantial at the bottom end. Although diary measurements
are centered at Y ∗ (because of Assumption 1), the difference in the modes of fY ∗ [y] and fY d [y] suggests
that diary errors must have a thick lower tail. Figure 4 also illustrates how recall errors may be substan-
tially larger at the upper end of the consumption spectrum, where diary interviews do a better job. These
conclusions are confirmed by the first three columns of Table 3, where different percentiles of empirical
and estimated distributions are compared. The bottom three deciles of the recall distribution are closer to
the deciles of Y ∗ than are those of the diaries. The opposite conclusion applies for the remaining deciles.
The Gini coefficient from the diary distribution overstates the real value of this index, and this difference
is smaller in size with recall data.

12Log transformations were considered to ensure numerical stability. Distributions of variables in levels, used in the
sections below, can be obtained straightforwardly from the distribution of their logs. The likelihood was constructed using
all households in the sample. Under Assumptions 1-5 the contribution of households not answering the recall module is:∫

fY d|Y ∗ [y
d|y∗]fY ∗|Z [y

∗|z]dy∗.
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These findings have important implications for the computation of poverty statistics. This can be
seen in Panel A of Figure 5, where any point η on the horizontal axis is a value in the support of Y ∗.
The curve for the diary reported here is P

(
Y d ≤ η

)
−P (Y ∗ ≤ η), which represents the diary error in the

proportion of households with usual consumption below η. The curve for recall, P (Y r ≤ η)−P (Y ∗ ≤ η),
has a similar interpretation. For example, with an absolute poverty line of 1.25 USD a day/person, the
error is markedly higher using diaries: the share of households consuming less than η = 8.75 USD a week
(the bottom 19% in the estimated distribution of consumption) is 16.1% in the recall distribution and
32.3% using diaries. These differences yield the values 13.3% and −2.9% for the diary and recall curves
in Panel A, respectively, when η = 8.75. Similar calculations can be used to compute the measurement
effects on the poverty gap, which measures the average distance to the poverty line (where households
above the line are given a distance of zero). The value of this index is 11% in diaries and 4.1% in recall
data, which can be compared with the value of 2.2% obtained using fY ∗ [y].

Means testing obtained from the diaries is not bullet proof either, as we show in Panel B of Figure 5.
The curve shown for the diaries here is P

(
Y ∗ ≤ η|Y d ≤ η

)
, which is the probability that a household with

acquisitions lower than η also consumes less than η. For example, by setting η = 8.75 USD a week, the
quantity P

(
Y ∗ ≤ η|Y d ≤ η

)
is the probability that households identified as poor according to the diaries

are genuinely consumption poor. The curve P (Y ∗ ≤ η|Y r ≤ η) for recall can be interpreted similarly.
Panel B of Figure 5 shows that the probability of correct classification for diaries is 42.3% when η = 8.75

USD a week. Although recall data yield uniformly larger probabilities of correct classification, a large
amount of error still remains. For example, the probability of correct classification using recall is 57%
when η = 8.75 USD a week.

The assumption of error-free diaries is an illusion. This can be seen from Panel A of Figure 6, which
reports error distributions for a hypothetical household at selected percentiles of usual consumption Y ∗.
The quantity Y d/Y ∗ on the horizontal axis lends itself to a simple interpretation: for instance, a value
of 1.5 here means that the household measurement is 50% larger than its consumption. Because of
Assumption 1, all distributions in this panel are centered at one. Despite being correct on average, we
find that diary measurements most likely understate usual consumption as the mode of distributions is
always below one. The chance of severely understating consumption using a diary (Y d/Y ∗ < 0.5) is
15.1% and 14.1% for a household in the first and third quartiles, respectively. The chance of attributing
a value to household consumption at least twice as large as the real one (Y d/Y ∗ > 2) is 4.1% and 3.7%
for respondents in the same two quartiles. Panel B of Figure 6 offers a visual representation of the family
of densities Y d/Y ∗ across all percentiles of Y ∗. In this contour plot, quantiles are on the horizontal axis,
darker colors denote a higher probability mass, and the dashed line shows the conditional expectations
(which are equal to one because of Assumption 1). The mode of these distributions is below one in all
cases, meaning that underreporting is the most likely outcome. The contour plot also shows the large
spread of survey error distributions.

Errors in recalled consumption are far from being classical in form, with overreporting being more
likely than underreporting. This can be seen in Panel A of Figure 7, which reports error distributions
considering the values of Y r/Y ∗ on the horizontal axis. The contour plot in Panel B demonstrates that
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the conditional means and modes become closer to one as usual consumption increases. For example, the
averages of the distribution Y r/Y ∗ for households in the 10th and 90th percentiles of Y ∗ are 1.41 and
1.15, respectively, as shown in column (4) of Table 3. The average error for a household with median
consumption is 1.26. Recall errors are therefore negatively correlated with consumption.13 Moreover, the
standard deviation of these distributions shrinks as household consumption increases.

The simplest explanation seems most likely: higher usual consumption is correlated with human
capital, better cognitive abilities, and the ability to compute more reliable recall measurements. Poorer
households tend to overreport consumption. The likelihood of severely underreporting consumption using
recall questions (Y r/Y ∗ < 0.5) is 3.2% and 2.4% for households in the first and third quartile, respectively,
while the probability of reporting a value for household consumption at least twice as large as the real one
(Y r/Y ∗ > 2) is 12.5% and 6.2% for respondents in the same two quartiles. The time pressure argument
would suggest that those with higher incomes and less leisure should be less likely to respond accurately
to surveys. We find the opposite pattern.

We conclude that, given the trade-offs involved, determining which survey method works best ulti-
mately depends on the policy question. Columns (5) and (6) of Table 3 show that diaries provide the
most accurate predictor of household consumption in terms of mean squared error (MSE). It follows that,
when predictions about individual households consumption are the quantity of interest, diaries should be
used instead of recall modules. We note, however, that the mode of recall measurements is close to that
of household consumption – as shown in Panel A of Figure 7 – although these measurements are biased –
as shown in column (4) of Table 3. Predictions from diaries are also subject to a large variance, which is
the takeaway message from Panel A of Figure 6. It follows that when aggregate statistics are of interest,
such as poverty rates or inequality, recall data yield more reliable figures than diary interviews.

On the bright side, diary errors present important similarities with classical errors in measurement.
This conclusion can be reached by noticing that the error densities in Panel B of Figure 6 are reasonably
stable across households with different levels of consumption. Column (5) of Table 3 also shows that
MSE varies little across consumption percentiles. By taking logs, we conclude that log Y d is centered
below log Y ∗ and has variance approximately independent of log Y ∗, which is a finding with important
implications for applied research.14

5.2 Consumption Measurements and the Frequency of Purchases

Large deviations from the mean of diary error distributions in Figure 6 can hardly be explained by the
misreporting of diary entries, as respondents are assisted by frequent visits from enumerators. The most
likely explanation is differences between acquisition in the diary week and the household’s usual weekly
consumption Y ∗. As mentioned in the Introduction, one possible reason for these differences is acquisition
patterns arising from stock inflows or consumption out of existing stocks. The practical question then
arises of whether diary errors would be substantially lower if one could adjust for stock inflows and
outflows, as in Beegle et al. (2012) or Sharp et al. (2019). Although theory implies a negative answer

13This finding is also sufficient to reject the assumption of Berkson-type errors Y ∗ = Y r + ϵr.
14Specifically, our findings imply that log Y ∗ = log Y r + log ϵr, where log ϵr has constant variance and average below one,

is a good specification to consider for empirical work.
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unless household consumption is smoothed exactly across weeks, this ultimately remains an empirical
matter.

As we cannot observe stock inflows and outflows during the diary week, we replicate the analysis in the
last section considering only the more perishable items for which consumption is arguably close to acqui-
sition. Panel A of Figure 8 shows that diary acquisitions of perishable components of food consumption
are characterized by large errors. More specifically, items entering our definition of consumption in Panel
A are eggs, lamb, beef, chicken and fish, and the budget share devoted to these items is approximately
50% of total acquisition. Panel B of Figure 8 shows the results for the remaining items, which we label
non-perishable for brevity. Diary errors Y d/Y ∗ in Panel A present marginally lower dispersion at the
top end of the consumption spectrum, as was the case in Figure 6 (note that Y ∗ in this panel now refers
to usual consumption of perishable items). Errors for consumption can be large and lead to important
under- or overstatements of the underlying consumption. For example, using a diary, the probability of
attributing a value of consumption that is half (Y d/Y ∗ < 0.5) or more than double (Y d/Y ∗ > 2) the
real value is 15% and 3.2%, respectively, for a household with a median level of consumption Y ∗ (the
continuous line in Panel A of Figure 8).

The important implications of our approach for empirical work can be understood from Panel B of
Figure 8, which shows how consumption from stocks or large acquisitions in the diary week affect the
values of Y d/Y ∗. Distributions in this panel are centered at one – because of Assumption 1 – and strikingly
bimodal, with spikes at zero signaling no acquisition in the week identified in the interview. For this group
of items, the probability of attributing a value of consumption that is half (Y d/Y ∗ < 0.5) or more than
double (Y d/Y ∗ > 2) the real value is 30.5% and 7.1%, respectively, for a household with a median level
of consumption Y ∗ (the continuous line in Panel B of Figure 8). Households in the top quartile of the
consumption distribution of non-perishable items are those most likely to present no entries in their diary,
as for these households the spike at zero is the highest. This finding is consistent with the fact that richer
households might be able to stock up more and purchase items more infrequently.

A juxtaposition of densities in the two panels of Figure 8 sheds light on the anatomy of differences
between acquisition and consumption in diary surveys. Assuming away misreporting of diary entries
because of enumerators’ visits, patterns in Panel B combine the effect of infrequent consumption and the
effect of stock inflows and outflows during the diary week. The latter effect is eliminated in Panel A, where
distributions become unimodal and with a lower probability of large positive deviations from the average.
The comparison between panels should be taken with a grain of salt, since households do not maintain
the same rank in the consumption distribution of perishable and non-perishable items. However, errors in
Panel A demonstrate how perfect measurements of household consumption in a randomly selected week
will still give misleading conclusions about actual well-being, which is a longer-run average of weekly
intakes.

Recalled consumption of perishable items yields measurements of usual consumption that are more
accurate than those obtained from a diary. This can be seen in Panel A of Figure 9, where distributions
of recall errors Y r/Y ∗ suggest that errors are not too far from being zero on average. For example, the
probability of underreporting (Y r/Y ∗ < 0.5) or overreporting (Y r/Y ∗ > 2) consumption is 12.2% and
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4.6%, respectively, for a household with a median level of consumption. A comparison with Panel B
of the same figure reveals that the ability to recall consumption deteriorates for non-perishable items.
Once again, the simplest story seems most likely: the respondent must backcast the monetary value
of consumption, and this proves to be a relatively more difficult task for items that are acquired less
frequently and bought in bulk. This interpretation is also supported by the fact that lower errors are
observed for households at the top end of the consumption distribution.

6 Implications for the Design of Household Surveys

Is there an optimal assignment of households to diary and recall interviews? The error distributions
described above show that neither of these collection modes yields data that are of uniformly better
quality. Consider a household with usual consumption equal to Y ∗ = y∗. If assigned to a diary, her
food acquisition in the interview week would be a draw from FY d|Y ∗ [y|y∗]. Similarly, a recall interview
administered to the same household would yield a draw from FY r|Y ∗ [y|y∗]. We ask which assignment rule
across households would ensure the minimum loss of accuracy in raw data.15

Consider a setting where, at each value y∗ of Y ∗, households are assigned a diary with probability
p(y∗) ∈ [0, 1]. The distribution observed in the data arising from this design is:

FY [y] =

∫ [
FY d|Y ∗ [y|y∗] p (y∗) + FY r|Y ∗ [y|y∗] (1− p (y∗))

]
dFY ∗ [y∗] , (8)

and the percent of survey participants filling out a diary is:

p ≡
∫

p (y∗) dFY ∗ [y∗] . (9)

For example, in a recall survey p (y∗) = 0 at all values y∗. We are interested in the effects of the collection
mode on functionals of the distribution of usual consumption, ν (FY (y)). Possible choices for ν are
quantiles, share below the poverty line, and the Gini coefficient. The difference:

ν (FY [y])− ν (FY ∗ [y∗]) , (10)

represents the distance between the true statistic, ν (FY ∗ [y∗]), and the same statistic that would be com-
puted under the assignment design described above, ν (FY [y]). In this section, we find the configuration
of weights p(y∗) that minimizes the distance in (10) at any given level of p (the algorithm used to ob-
tain the solution is described in the Appendix). In an effort to contain the computational burden, we
use FY d|Y ∗ [y|y∗], FY r|Y ∗ [y|y∗] and FY ∗ [y∗] as if they were known quantities and discard the additional
variability arising from estimation errors.

A diary survey yields consumption distributions with much larger errors than a recall survey. This
can be seen in Panel A of Figure 10, where the statistic ν represents the Kullback-Leibler distance (KLD)

15Recent research has considered the optimal design of surveys in terms of the trade-off between cost and survey errors
(Manski, 2015, and Dominitz and Manski, 2017) or the optimal allocation of units to alternative treatments (Kitagawa and
Tetenov, 2018, and Kasy and Sautmann, 2019).
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from the consumption distribution FY ∗ [y∗] and ν (FY ∗ [y∗]) = 0. The continuous line in the graph shows
the KLD resulting from the allocation in (8) which is optimal subject to (9). The value corresponding to
p = 0 is the KLD from a survey with only recall questions. The panel conveys two important messages.
First, as more resources are allocated to diaries, the KLD improves until it reaches the value p = 0.42. In
particular, Appendix Figure A.1 shows that weights p (y∗) at the value p = 0.42 are such that households
with large values of Y ∗ should always be assigned to diaries. The second important message is that the
KLD is larger at p = 1 than at p = 0. This implies that, in our data, the consumption distribution
obtained from a fully fledged recall survey has better properties than one obtained from diaries alone.

Errors in consumption distributions obtained from diaries translate into worse measurements of poverty
and inequality. This can be seen in the remaining panels of Figure 10, where the continuous lines represent
alternative definitions for the statistic ν (FY [y]): the Gini coefficient (Panel B), the standard deviation
of logged consumption (Panel C), and the share of households in the bottom decile (Panel D). Diary
surveys yield more disperse consumption distributions, as shown in Panel B and Panel C. Moreover, the
Gini coefficient and the standard deviation computed from a recall survey are closer to their true values
(denoted by the dashed horizontal lines) than one would obtain by using only diaries. It is also clear
that allocating more resources to diaries would improve inequality measurement only until approximately
the value p = 0.10. This suggests that a fully fledged recall survey is almost as close to the optimal
design when inequality measurement is of concern. Panel D implies very similar conclusions for poverty
measurement.

We conclude our analysis by showing that a recall survey is the best option even in the worst case
scenario when no information on Y ∗ is available. This can be seen from the dashed lines in Figure 10,
which are obtained by setting p (y∗) = p in (8) and allocating to diaries a random share p of households
independently of their consumption. The lines in the four panels suggest that there is no gain from
mixing diary and recall interviews without a selective allocation of households that depends on their
consumption.16 The take-away message here is that we do not find evidence of any loss in accuracy from
using recall questions compared to more costly use of a diary. Moreover, the above definition of optimal
design does not take into account costs and budget constraints in the optimization. It follows that our
conclusions on the value of recall surveys are strengthened given the much higher costs of running a diary
survey.

7 Conclusion

Using a large-scale randomization in Iraq, we found little empirical support for the idea that diaries yield
better quality data for assessing household welfare. Diaries provide a more reliable measurement of usual
consumption averages, and we have shown that the cognitive errors arising from the process of recalling
consumption lead to overstated actual consumption. However, when inequality and poverty measurement
is of interest, the benefits of diaries are far less clear-cut. Diary measurements, despite being correct on
average, have large variance. We have argued that this is not the consequence of measurement errors

16The case of allocation based on proxies of Y ∗, such as income or residence in areas with homogeneous compositions of
household demographics, most likely falls between the dashed and continuous lines of Figure 10.
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but mostly a reflection of heterogeneous frequency of consumption across households. We have found
that recall modules provide a more reliable mode of data collection for inequality and poverty indexes.
The use of surveys with both diary and recall interviews can yield improved measurements because these
two collection modes work best for eliciting consumption in different segments of the distribution. Most
national budget surveys use a mix of diary and recall methods, as discussed in many studies (see, for
example, Silberstein and Scott, 2004). Nevertheless, our calculations have shown that a fully fledged
recall survey can yield consumption distributions that are not too different from those that would be
obtained from the optimal mix of diary and recall interviews.

The first implication of our research is that the loss in accuracy from using recall questions is min-
imal compared to the higher costs of using diaries. This finding provides an empirical justification for
considering a transition to recall modules in household surveys in developing countries. However, more
research is needed to assess what makes a good recall module, given that the length of the recall list
will affect the propensity of respondents to engage in the survey. The answer to this question could be
given, for example, by randomizing households to recall modules of different length and using our research
design. The decision between using diaries or recall modules is not confined to developing economies. For
example, the problems associated with the Consumer Expenditure Surveys in the United States have
intensified the call for a redesign of the survey, which is underway following the recommendations of a
specially appointed panel (the Gemini project; see also Pistaferri, 2015).

Diary surveys should collect information on the purchasing behavior of households to correct for the
unwelcome effects of infrequent purchases on inequality measurement – which is the second implication
of this research. Respondents should be asked to estimate the number of purchases made over a fixed
reference period, anchoring questions on consumption rather than on acquisitions (as in the 2016 Barbados
Survey of Living Conditions and the 2017/18 Jordan Household Income and Expenditure Survey). If
information on purchasing behavior is available, simple models can be used to estimate the effects of
using diaries on inequality measurements.

A third implication of our findings is that surveys should be designed to elicit repeated measurements
from the same respondents. In our case, for example, a recall module was administered to all households
before starting the diary week. The same setting can be found in other important family expenditure
surveys, such as in Canada and the United States. The methodology we have presented can be applied
to any of these contexts to study how consumption inequality has evolved over time, raising the problem
of how our approach can be extended to allow for longitudinal information. We hope to address this and
some of the related problems in future research.

21



Table 1: Summary statistics and covariate balance

All Households Rural Households Urban Households
Baseline
mean

Treatment
difference

Baseline
mean

Treatment
difference

Baseline
mean

Treatment
difference

(1) (2) (3) (4) (5) (6)

Panel A. Household demographics
Log income 6.1102 -0.0041 5.9520 -0.0094 6.2173 -0.0006

[0.6533] (0.0083) [0.6752] (0.0137) [0.6153] (0.0105)
Log implicit rent 4.2843 -0.0092 3.7210 -0.0036 4.7184 -0.0137

[0.8482] (0.0065) [0.7526] (0.0099) [0.6360] (0.0086)
Log price index 0.9847 -0.0016 0.9598 -0.0014 1.0015 -0.0017

[0.1211] (0.0012) [0.1134] (0.0018) [0.1233] (0.0016)
Household size 7.0189 0.0406 7.6547 0.0825 6.5887 0.0121

[3.5678] (0.0470) [3.9420] (0.0847) [3.2202] (0.0540)
N. of children 2.3881 0.0037 2.8098 -0.0015 2.1028 0.0072

[2.0660] (0.0283) [2.2667 ] (0.0495) [1.8651] (0.0336)
N. of adults 4.0281 0.0068 4.1326 0.0362 3.9573 -0.0132

[2.3175] (0.0316) [2.4422] (0.0529) [2.2265] (0.0390)
N. of occupied adults 1.5214 -0.0129 1.5776 -0.0141 1.4834 -0.0121

[1.0782] (0.0145) [1.1864] (0.0251) [0.9966] (0.0175)

Panel B. Household head demographics
Male 0.8999 0.0016 0.9203 -0.0037 0.8862 0.0052

[0.3001] (0.0042) [0.2709] (0.0061) [0.3176] (0.0057)
Age 45.8584 -0.0567 45.0709 -0.2206 46.3915 0.0539

[13.8499] (0.1931) [14.1377 ] (0.2996) [13.6266] (0.2524)
Has primary education 0.5728 -0.0061 0.5079 -0.0104 0.6167 -0.0032

[0.4947 ] (0.0065) [0.5000] (0.0100) [0.4862] (0.0084)
Has secondary education 0.2033 -0.0026 0.1368 0.0018 0.2482 -0.0056

[0.4024] (0.0054) [0.3437 ] (0.0074) [0.4320] (0.0076)
Reads and writes 0.7253 0.0017 0.6706 0.0030 0.7623 0.0009

[0.4467 ] (0.0058) [0.4704] (0.0094) [0.4259] (0.0074)
Employed 0.7454 0.0015 0.7569 -0.0024 0.7377 0.0041

[0.4359] (0.0060) [0.4293] (0.0090) [0.4402] (0.0081)
Number of districts 119 119 119 119 119 119
Number of EAs 2,828 2,828 2,828 2,828 2,828 2,828
Number of households 16,530 8,220 16,530 8,220 16,530 8,220

Note. This table reports tests for covariate balance using household-level demographics (Panel A) and demographics of the
household head (Panel B). Household is the unit of analysis. Diaries are the baseline mode of collection in the Iraq Household
and Socio-Economic Expenditure Survey (IHSES). Columns (1), (3) and (5) report statistics for the baseline sample, which
consists of households excluded from the recall-module experiment. Means and standard deviations (in square brackets) are
reported for variables listed at left. The treatment sample consists of households randomized to the recall-module experiment.
For these households, both diary and recall measurements are available. Columns (2), (4) and (6) report coefficients from
regressions of each variable on the treatment dummy and a full set of dummies for strata (enumeration areas, EAs) used in
the randomization design, pooling data from the two samples. Standard errors for the coefficient on the treatment dummy
(in round brackets) are clustered on EAs. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 2: Between-sample differences in survey measurements

Baseline Treatment Treatment Difference
Diary Diary Recall Diary-Diary Recall-Diary
(1) (2) (3) (4) (5)

Panel A. Location and percentiles
5th percentile 2.6826 2.6666 2.9393 -0.0160 0.2567***

(0.0192) (0.0163)
25th percentile 2.2157 2.1910 2.5415 -0.0247 0.3258***

(0.0203) (0.0184)
50th percentile 2.6826 2.6666 2.9393 -0.0160 0.2567***

(0.0192) (0.0163)
75th percentile 3.1323 3.1078 3.3323 -0.0245 0.2000***

(0.0195) (0.0171)
95th percentile 3.8137 3.7723 3.8339 -0.0414 0.0202

(0.0343) (0.0257)
Mean 2.6720 2.6545 2.9413 -0.0158 0.2706***

(0.0099) (0.0105)

Panel B. Dispersion
Std. deviation 0.7992 0.7944 0.7039 -0.0048 -0.0953***

(0.0108) (0.0155)
Gini index 0.4104 0.3996 0.3185 -0.0108 -0.0919***

(0.0077) (0.0064)
Number of districts 119 119 119 119 119
Number of EAs 2,828 2,828 2,828 2,828 2,828
Number of households 16,530 8,220 8,220 16,530 16,530

Note. This table shows statistics from the baseline (only diary) and the treatment (recall and diary) samples. Logs of survey
measurements Y d and Y r are considered, and household is the unit of analysis. Diaries are the baseline mode of collection in
the Iraq Household and Socio-Economic Expenditure Survey (IHSES). Column (1) reports statistics for the baseline sample,
which consists of households excluded from the recall-module experiment. Columns (2) and (3) report the same statistics
for the treatment sample, which consists of households randomized to the recall-module experiment. For these households,
both diary and recall measurements are available. Differences in columns (4) and (5) of Panel A are coefficients from plain
or quantile regressions on the treatment dummy and a full set of dummies for strata (enumeration areas, EAs) used in the
randomization design, pooling data from the two samples. In these regressions, the outcome in column (4) uses the log of
diary reports for both the baseline and the treatment samples. The outcome in column (5) uses the log of diary reports for
the baseline sample and log of recall reports for the treatment sample. In Panel B, standard errors for the difference between
standard deviations of logs and Gini coefficients in columns (4) and (5) are computed via bootstrap using 1,000 replications.
Standard errors (in brackets) are clustered on EAs. * p < 0 : 10, **p < 0 : 05, *** p < 0 : 01.
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Table 3: Distributions of survey measurements, consumption and survey errors

Survey Errors

Measurements Consumption Mean MSE

Diary Recall Recall Diary Recall

(1) (2) (3) (4) (5) (6)

1st decile 4.4733 7.1750 7.1882 1.408 0.288 0.620

2nd decile 6.5176 9.6495 8.8986 1.356 0.267 0.512

3rd decile 8.3541 11.7882 10.3768 1.320 0.257 0.446

4th decile 10.2058 13.8358 11.8958 1.290 0.250 0.396

5th decile 12.2698 16.1096 13.4062 1.265 0.246 0.358

6th decile 14.6336 18.6074 15.2380 1.239 0.243 0.321

7th decile 17.5930 21.8395 17.3200 1.214 0.242 0.288

8th decile 21.8395 26.0468 20.3705 1.185 0.242 0.253

9th decile 29.1370 33.1199 25.2176 1.149 0.246 0.214

Mean 15.2130 18.6712 15.2050

Std. deviation 11.7389 11.4966 7.9424

Gini index 0.3765 0.3143 0.2656

Note. This table compares statistics of food survey reports in the data to statistics obtained from the estimated food
consumption distribution. Diaries are the baseline mode of collection in the Iraq Household and Socio-Economic Expenditure
Survey (IHSES). Columns (1) uses Y d computed from diaries for all households. Columns (2) uses recall data Y r from the
treatment sample, which consists of households randomized to the recall-module experiment. Columns (3) to (6) report the
statistics estimated from our model. Specifically, column (3) shows summary statistics from the estimated distribution of
Y ∗. Column (4) shows the average of Y r/Y ∗ conditional on deciles of Y ∗ at left. The average of Y d/Y ∗ is not reported,
and this is always one because of Assumption 1. Column (5) shows the Mean Squared Error (MSE) of Y d/Y ∗ conditional
on deciles of Y ∗ at left. Column (6) shows the MSE of Y r/Y ∗ conditional on deciles of Y ∗ at left.
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Figure 1: Household rank in diary and recall distributions

Note. This figure compares diary and recall survey reports from the treatment sample, which consists of households
randomized to the recall-module experiment. Households are ranked in diary and recall distributions depending on their
reports. For households falling in the p-th percentile of the diary distribution on the horizontal axis, the vertical axis shows
summary statistics for the percentile of the same households in the recall distribution. Rank invariance (same rank in both
distributions) corresponds to the dashed line in the figure (the 45-degree line). The continuous line represents the average
percentile in the recall distribution for households falling in the p-th percentile of the diary distribution. The darker area
represents the 40% to 60% range in the recall distribution for households falling in the p-th percentile of the diary distribution.
The remaining colors report the 25% to 75% range and the 10% to 90% range.
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Figure 2: Household rank in income and consumption distributions

Note. This figure shows the correlation of diary and recall reports with household income using the treatment sample, which
consists of households randomized to the recall-module experiment. Households are ranked in diary and recall distributions
depending on their reports. For households falling in the p-th percentile of the income distribution on the horizontal axis, the
vertical axis shows summary statistics for the percentile of the same households in the diary and recall distributions. Rank
invariance (same rank in income and survey distributions) corresponds to the dashed line in the figure (the 45-degree line).
The dots represent the average percentile in the diary or recall distributions for households falling in the p-th percentile of
the income distribution. The figure also reports the 25% to 75% range plots for households falling in the p-th percentile of
the income distribution.
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Figure 3: Directed acyclic graph of model assumptions
Assumptions in a Nutshell

Y∗Z

Yr

Yd

11 / 21

Note. A directed acyclic graph (DAG) is a collection of nodes representing random variables and directed edges among
nodes representing causal effects which are not mediated by other variables. This figure is a visual representation of the
key assumptions used to achieve non-parametric identification. Diary and recall measurements from the same household
are denoted by Y d and Y r, respectively. These survey measurements are manifestations of usual consumption Y ∗. The
theoretical case for having survey measurements differ from consumption Y ∗ is made in Section 2. Assumption 2 says that
the observable variable Z affects unobservable consumption Y ∗ and is correlated with survey measurements only through Y ∗.
Assumption 3 implies that the correlation between survey measurements Y d and Y r follows from the fact that they both
measure Y ∗. The model in Section 2 sheds light on the meaning of this assumption.
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Figure 4: Survey measurements and actual consumption

Note. This figure shows the empirical densities of food measurements (histograms) and the estimated density of usual
consumption (continuous line). Household is the unit of observation. Diaries are the baseline mode of collection in the Iraq
Household and Socio-Economic Expenditure Survey (IHSES). The histogram for diary is computed using all households,
while the histogram for recall is computed from the treatment sample, which consists of households randomized to the
recall-module experiment. The continuous line is estimated using the model described in the main text. Acquisitions and
valuations of recalled consumption, in Iraqi dinars, are reported in US dollars (USD) on the horizontal axis.
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Figure 5: Poverty mismeasurement and the misclassification of households

Panel A Panel B

Note. The lines in Panel A show the difference between the share of households with measurements below η, P
(
Y d ≤ η

)
or P (Y r ≤ η), and the same quantity computed using the distribution of usual consumption, P (Y ∗ ≤ η). The lines in
Panel B show P

(
Y ∗ ≤ η|Y d ≤ η

)
and P (Y ∗ ≤ η|Y r ≤ η), which are probabilities of correct classification in diary and recall

measurements, respectively, at different values of η (which are in US dollars, USD).
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Figure 6: Survey errors in acquisition diaries

Panel A Panel B

Note. Panel A shows error distributions for a hypothetical household at three selected percentiles of consumption, Y ∗. The
quantity Y d/Y ∗ on the horizontal axis denotes the relationship between the household’s survey measurement from diaries,
Y d, and her usual consumption. No diary error implies a value of one for this ratio. Panel B shows a contour plot for the
same distributions, where darker colors denote higher density. The dashed line here represents the conditional mean, which
is equal to one by construction (no error on average, see Assumption 1).

Figure 7: Survey errors in recalled consumption

Panel A Panel B

Note. Panel A shows error distributions for a hypothetical household at three selected percentiles of consumption, Y ∗. The
quantity Y r/Y ∗ on the horizontal axis denotes the relationship between the household’s survey measurement from the recall
module, Y r, and her usual consumption. No recall error implies a value of one for this ratio. Panel B shows a contour plot
for the same distributions, where darker colors denote higher density. The dashed line here represents the conditional mean.
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Figure 8: Survey errors in acquisition diaries and frequency of purchases

Panel A. Perishable items Panel B. Non-perishable items

Note. This figure shows error distributions for a hypothetical household at three selected percentiles of consumption, Y ∗.
The quantity Y d/Y ∗ on the horizontal axis denotes the relationship between the household’s survey measurement from
diaries, Y d, and her usual consumption. No diary error implies a value of one for this ratio. Panel A considers survey
measurements for acquisition of the following perishable items: eggs, lamb, beef, chicken and fish. Panel B considers survey
measurements for all remaining items (which we label non-perishable items).

Figure 9: Survey errors in recalled consumption and frequency of purchases

Panel A. Perishable items Panel B. Non-perishable items

Note. This figure shows error distributions for a hypothetical household at three selected percentiles of consumption, Y ∗.
The quantity Y r/Y ∗ on the horizontal axis denotes the relationship between the household’s survey measurement from the
recall module, Y r, and her usual consumption. No recall error implies a value of one for this ratio. Panel A considers survey
measurements from recalled consumption of the following perishable items: eggs, lamb, beef, chicken and fish. Panel B
considers survey measurements for all remaining items (which we label non-perishable items).
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Figure 10: Optimal allocation of respondents to interview modes

Panel A. Kullback-Leibler distance Panel B. Gini index

Panel C. Standard deviation of logs Panel D. Consumption share of the bottom decile

Note. The horizontal axis in the figure shows the share p of diary interviews in the design. The value p = 0 corresponds to
a recall-only survey (no diaries). The value p = 1 corresponds to a fully-fledged diary survey (only diaries). The continuous
lines are obtained by allocating to diaries a share p of households using their level of consumption Y ∗ - see equations (8)
and (9) in Section 6. The dashed lines are obtained by allocating to diaries a random share p of households. Panel A
shows the Kullback-Leibler distance between the distribution of consumption and the empirical distributions resulting under
these allocations. Panel B shows the difference between the Gini index computed from the estimated distribution of usual
consumption and the Gini index resulting under these allocations. The value of the estimated index is also reported. Lines
in Panel C (standard deviation of logs) and Panel D (consumption share of the bottom decile) should be interpreted as in
Panel B. The horizontal lines labeled ‘True value’ in Panels B, C and D denote the value of the statistic obtained using the
distribution of usual consumption estimated using our approach.
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Online Appendix

Acquisition Variance with One Item
Let acquisition for one good be defined as in equation 1. The variance of Y d is:

V ar(Y d) = V ar

(
Y ∗ N

N∗

)
,

= E

[(
Y ∗

N∗

)2

V ar(N |N∗ = n∗, Y ∗ = y∗)

]
+ V ar(Y ∗). (A.1)

To fix ideas, consider the case of:

• independent and identically distributed time intervals between acquisitions at a rate of N∗ per week,
which implies N |N∗, Y ∗ ∼ Poisson(N∗), and

• no heterogeneity in purchasing frequency across households.

Under these assumptions we can rewrite the last equation as:

V ar(Y d) = V ar(Y ∗) + E

[
Y ∗2

N∗

]
,

= V ar(Y ∗) +
V ar(Y ∗)

N∗ +
E[Y ∗]2

N∗ ,

which implies:
V ar(Y d)

V ar(Y ∗)
= 1 +

1

N∗ +
1

CV (Y ∗)2N∗ , (A.2)

where CV (Y ∗) is the coefficient of variation of consumption.

Frequency of Purchases with Multiple Items
Consider for simplicity the case of two items i and j, as the generalization to multiple items follows
straightforwardly. A frequency of purchase model for a vector of goods implies (see Meghir and Robin,
1992):

E[Ni|N∗
i = n∗

i , Y
∗
i = y∗i , N

∗
j = n∗

j , Y
∗
j = y∗j ] = n∗

i , (A.3)
E[Nj |N∗

i = n∗
i , Y

∗
i = y∗i , N

∗
j = n∗

j , Y
∗
j = y∗j ] = n∗

j . (A.4)

We do not entertain the possibility of corner solutions, as food consumption is a necessity and the
rate of consumption Y ∗ must be positive. Starting from equation (3), it is immediate to see that the case
of perfectly dependent purchases across items (N∗

i = N∗
j and Ni = Nj) implies (2). The same conclusion

holds in the more general case. To see this, we write equation (3) in the case of two items:

Y d = Y ∗

(
b∗i

Ni

N∗
i

+ b∗j
Nj

N∗
j

)
,

and obtain:
E[Y d|N∗

i = n∗
i , Y

∗
i = y∗i , N

∗
j = n∗

j , Y
∗
j = y∗j ] = Y ∗ (b∗i + b∗j

)
= Y ∗,

which implies (2) after integration. The extension to the case of multiple items follows by analogy.
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Acquisition Variance with Multiple Items
Let acquisition for I goods be defined as in equation 3 by:

Y d =

I∑
i=1

Y ∗
i

Ni

N∗
i

,

where Y ∗
i is consumption for item i, N∗

i is the average number of purchases in one week for item i and
Ni is the observed number of purchases in the diary week. The variance of Y d can be written as:

V ar(Y d) = V ar

(
I∑

i=1

Y ∗
i

Ni

N∗
i

)
,

=
I∑

i=1

I∑
j=1

Cov

(
Y ∗
i

Ni

N∗
i

, Y ∗
j

Nj

N∗
j

)
. (A.5)

Note that

Cov

(
Y ∗
i

Ni

N∗
i

, Y ∗
j

Nj

N∗
j

)
= E

[
Y ∗
i

Ni

N∗
i

Y ∗
j

Nj

N∗
j

]
− E

[
Y ∗
i

Ni

N∗
i

]
E

[
Y ∗
j

Nj

N∗
j

]

= E

[
Y ∗
i Y

∗
j

N∗
i N

∗
j

E
[
NiNj |N∗

i = n∗
i , N

∗
j = n∗

j , Y
∗
i = y∗i , Y

∗
j = y∗j

]]
− E[Y ∗

i ]E[Y ∗
j ]

= E

[
Y ∗
i Y

∗
j

N∗
i N

∗
j

σij

]
+ E[Y ∗

i Y
∗
j ]− E[Y ∗

i ]E[Y ∗
j ]

= Cov(Y ∗
i , Y

∗
j ) + E

[
Y ∗
i Y

∗
j

N∗
i N

∗
j

σij

]
, (A.6)

where σij = Cov(Ni, Nj |N∗
i , N

∗
j , Y

∗
i , Y

∗
j ) and the result follows because of (A.3) for i = 1, . . . , I. Substi-

tuting (A.6) into (A.5) yields:

V ar(Y d) =

I∑
i=1

I∑
j=1

{
Cov(Y ∗

i , Y
∗
j ) + E

[
Y ∗
i Y

∗
j

N∗
i N

∗
j

σij

]}
,

= V ar(Y ∗) +

I∑
i=1

I∑
j=1

E

[
Y ∗
i Y

∗
j

N∗
i N

∗
j

σij

]
, (A.7)

which provides the general form of V ar(Y d) when aggregation is over I goods. To fix ideas, consider the
case of:

• independent and identically distributed time intervals between acquisitions at a rate of N∗
i per week,

for good i, which implies Ni|N∗
i , Y

∗
i ∼ Poisson(N∗

i ) for i = 1, . . . , I, and

• no heterogeneity in purchasing frequency across households, and

• constant correlation ρ between Ni and Nj .
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These assumptions allow to simplify the expression above as follows:

V ar(Y d) = V ar(Y ∗) +

I∑
i=1

E

[(
Y ∗
i

N∗
i

)2

σii

]
+ ρ

I∑
i=1

∑
j ̸=i

E

[
Y ∗
i Y

∗
j

N∗
i N

∗
j

√
σii

√
σjj

]
,

= V ar(Y ∗) +
I∑

i=1

E

[
Y ∗
i
2

N∗
i

]
+ ρ

I∑
i=1

∑
j ̸=i

E

 Y ∗
i Y

∗
j√

N∗
i

√
N∗

j

 ,

= V ar(Y ∗) +

I∑
i=1

1

N∗
i

E
[
Y ∗
i
2
]
+ ρ

I∑
i=1

∑
j ̸=i

1√
N∗

i

√
N∗

j

E
[
Y ∗
i Y

∗
j

]
.

When acquisitions for different goods are independent we have ρ = 0 for i ̸= j, which implies:

V ar(Y d) = V ar(Y ∗) +

I∑
i=1

1

N∗
i

E
[
Y 2
]
,

= V ar(Y ∗) +
I∑

i=1

1

N∗
i

V ar(Y ∗
i ) +

I∑
i=1

1

N∗
i

E[Y ∗
i ]

2,

By rearranging terms in the last expression we get:

V ar(Y d)

V ar(Y ∗)
= 1 +

I∑
i=1

1

N∗
i

V ar(Y ∗
i )

V ar(Y ∗)
+

I∑
i=1

(
E[Yi]

E[Y ∗]

)2 1

CV (Y ∗)2N∗
i

. (A.8)

Manipulation of Purchases in the Diary Week
If purchases in the diary week are manipulated, we have that:

E[Ni|N∗
i , Y

∗
1 , . . . , Y

∗
I ] = αN∗

i ,

where α is a random variable across households (the case of item-specific α’s leads to conditions similar
to the one below). Using the expression above one can write:

E[Y d|N∗
i = n∗

i , Y
∗
i = y∗i , N

∗
j = n∗

j , Y
∗
j = y∗j ] = Y ∗E[α|N∗

i = n∗
i , Y

∗
i = y∗i , N

∗
j = n∗

j , Y
∗
j = y∗j ],

which also implies:
E[Y d|Y ∗] = Y ∗E [α|Y ∗] .

The variable α is household specific and accomodates for the possible effects on the household’s purchasing
behaviour as a result of being interviewed. The condition E [α|Y ∗] = 1 ensures that diary errors are zero
on average.

Optimal allocation of diary and recall interviews
We describe here how weights p(y∗) in Section 6 were determined to minimize the Kullback-Leibler
distance (KLD) between the observed distribution and the consumption distribution estimated in Figure
4. We started by writing p(y∗) as:

p(y∗;α) =
10∑
q=1

αq1(y
∗
(q−1) ≤ y∗ < y∗(q)),

where y∗(0), y
∗
(1), . . . , y

∗
(10) are the deciles of the distribution of Y ∗ and α = (α1, . . . , α10)

′. The last ex-
pression defines a piecewise-constant function for p(y∗), with αi representing the probability of being
assigned a diary module for individuals in the i-th decile of the distribution of consumption. The optimal
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assignment is obtained by solving the following problem:

α̂ = argmax
α

ν(FY (y;α)),

s.t. 0 ≤ αi ≤ 1, for i = 1, . . . , 10,

where ν(FY (y)) is the KLD of the distribution of Y from the consumption distribution Y ∗:

ν(FY (y)) =

∫ ∞

0
fY (y) log

(
fY (y)

fY ∗(y)

)
dy,

and:
FY (y) =

∫ [
FY d|Y ∗(yd|y∗)p(y∗;α) + FY r|Y ∗(yr|y∗)(1− p(y∗;α))

]
dFY ∗(y∗).

This defines a constrained optimization problem over α. The outcome of such optimization is shown in
Figure A.1. Panel B reports the estimated p(y∗; α̂), which implies that the optimal survey design assigns
diary modules with probability one to households above the sixth decile of the consumption distribution
and recall modules with probability one to the remaining households. We therefore have:∫ ∞

0
p(y∗; α̂)dFY ∗(y∗) = 0.42.

The improvement in terms of observed consumption distribution can be seen from Panel A, where the
consumption density is plotted alongside the observed densities obtained by assigning only diaries, only
recall modules or the optimal survey design.

We also considered the solution to the following problem:

α̂p = argmax
α

ν(FY (y;α))

s.t. 0 ≤ αi ≤ 1, for i = 1, . . . , 10

s.t.
∫ ∞

0
p(y∗;α)dFY ∗(y∗) = p,

which yields the optimal allocation of a share p of households to diaries. Functionals of the observed
distributions under alternative choices of p, i.e.,

FY (y; p) =

∫ [
FY d|Y ∗(yd|y∗)p(y∗; α̂p) + FY r|Y ∗(yr|y∗)(1− p(y∗; α̂p))

]
dFY ∗(y∗)

are reported in Figure 10.
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Figure A.1: Optimal survey design

Panel A Panel B

Note. Panel A of this figure presents densities for the treatment sample which were fitted using: (a) raw diary data (Diary);
(b) raw recall data (Recall); (c) the model in Section 4 to obtain the consumption distribution (Consumption); (d) the
allocation in Section 6 at the minimum value of the Kullback-Leibler distance (Optimized). The treatment sample consists
of households randomized to the recall-module experiment. Panel B shows the weights p(y∗) in equation (6) corresponding
to the minimum value of the Kullback-Leibler distance. Acquisitions and valuations of recalled consumption, in Iraqi dinars,
are reported in US dollars (USD) on the horizontal axis.

Figure A.2: Recalled consumption and diary acquisition across food items
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Note. This figure compares the share of households with positive spending in the diary week (in bars) to the share of
households self-reporting positive consumption in the recall module (the dashed line). The former quantity is computed
using all households. The vertical line around bars shows how the share with positive spending varies across survey months.
The 20 consumption groups used in the recall module are reported on the horizontal axis.




