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Measurement Errorsin Recall Food Consumption Data

Abstract: Recall food consumption data, which is the basis of agreat deal of empirical work, is
believed to suffer from considerable measurement error. Diary records are believed to be very
accurate. We study a unique data set that collects recall and diary data from the same individuals.
Measurement errorsin recall food consumption data appear to be substantial, and they do not
have the properties of classical measurement error. We also find evidence that the diary
measures are themselves imperfect. We consider the implications of our findings for modelling
demand, measuring inequality, and estimating inter-temporal preference parameters.
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l. I ntroduction

Information on household expenditure or “consumption” is crucial for a broad range of
economic research, including research on consumption and savings behaviour, on poverty and
inequality and on living standards.* Measurement error in consumption data has been an
important concern in these literatures. A great deal of existing research in these areas has been
based on food consumption measures. There are at least two reasons for this. First, thereisalong
tradition of treating food consumption as a welfare measure. Second, and more practicaly,
response load considerations have led surveys that have a panel structure, or that collect other
important information from households, to collect only limited consumption information. Such
surveys usually do ask arecall food consumption question. Well-known examples are the Panel
Study of Income Dynamics (PSID) and the British Household Panel Survey (BHPS). Thus
measurement error in food consumption datais of particular interest. This paper provides new
evidence on the extent and character of measurement error in food consumption data.

Concern with measurement error in consumption data has been prominent in the recent
literatures on inequality, and on demand. For example, Battistin (2004) explores differencesin
the evolution of apparent consumption inequality between the diary and interview (recall)
samples of the U.S. Consumer Expenditure Survey. He shows that the interview data suggest that
consumption inequality rose during the 1980s but not during the 1990s, while data based on
diaries alone or on optimal (under some assumptions) combination of recall and diary records

suggest that consumption inequality continued to rise during the 1990s.

We shall initially assume that food consumption and expenditure are the same, as often done for

food, and other nondurables. We return to thisissue, however, below.



Gibson (2002) analyzes a small survey from Papua New Guineain which arandom half
of the respondents were posed arecall food consumption question and the other half asked to
complete afood consumption diary. Gibson claims that a puzzle regarding the relationship
between household size and food consumption that was first highlighted by Deaton and Paxson
(1998) can largely be explained by measurement error in recall food consumption datathat is
correlated with household size. Gibson and Kim (2007) provide further evidence (from
Cambodia and Indonesia) that errorsin recall measures of food expenditures are correlated in
household size.

The inter-tempora consumption literature is very largely based on food consumption data
from the PSID. The belief that such consumption data contains significant measurement error
(Altonji and Siow, 1987, Runkle, 1991), and the difficulty of estimating nonlinear modelsin the
presence of measurement error (Amemiya, 1985), has led to the extensive use of linear (in log)
approximations to the consumption Euler equation as a basis for estimation. However, the use of
such approximations introduces other, equally difficult, problems, as emphasized by Carroll
(2001), Ludvigson and Paxson (2001), Attanasio and Low (2004), and Alan and Browning
(2009).2 This has led some (see Carroll, 2001, for example) to call for the complete abandonment
of Euler equation estimation. Recent approaches have returned to the exact (nonlinear)
consumption Euler equation, but employed specific assumptions about the measurement error.

For example Colera (1993) assumes the measurement error is multiplicative and log-normally

2 A key problem is that omitted higher order terms in the approximation enter the error term.
Unlike the innovation in marginal utility between t and t+1, theory does not require that these
approximation errors be orthogonal to timet information. Thus these terms make it much more

difficult to find valid instruments.



distributed. Alan, Attanasio and Browning (2009) develop an estimator that requires only the
assumption that the mean of the measurement errors be constant over time (for each household.)
Note that thisimplies that the errors are uncorrelated (again over time, for each household) with
the true value of consumption.

The Canadian Food Expenditure Survey (FOodEX) asks respondentsto first estimate their
household’ s food expenditure over the past four weeks, and then to record food expenditure in a
diary for two weeks. Thus this survey provides an ideal opportunity to directly compare recall
and diary methods of collecting food consumption data. Existing research on measurement error
in consumption often compares data from different surveys (for example, Battistin, Miniaci, and
Weber (2001) and Browning, Crossley and Weber, (2003)) in which case corrections must be
made for differences in sample design, etc. Battistin (2004) and Gibson (2002) both use asingle
survey, but different samples. While this allows for a comparison of distributions, it does not
allow for an examination of the distribution of differences between recall and diary records. In
contrast, the Foodex Data allow usto calculate arecall error for each household, and to examine

the properties of those errors directly.>

% Gibson suggests (2002) that a possible problem with comparisons such as the one allowed by
the FoodEx is that the beginning of the recall period is not marked by avisit from an interviewer,
whereas the diary period is. This may lead to “telescoping errors’ in the recall data. While we
agree that thisis a possible problem with the recall question, it seemsto usthat since almost all
recall expenditure questionsin developed countries share this possible problem, the FOodEXx
allows the appropriate comparison: between diary collection and recall information as usually

collected. A study of recall expenditure datafrom a survey in which the recall measure was



In their Handbook of Econometrics survey, Bound et. al. (2001) emphasize that while
econometric methods for dealing with measurement error typically assume that measurement
errors are “classical”, much of the available empirical evidence contradicts this assumption. They
also emphasi ze the usefulness of validation datain characterizing the joint distribution of error-
ridden measures and their true values, and for testing the assumption of classical measurement
error or other assumptions about measurement error. Bound et. al. report evidence on
measurement error in avariety of constructs (for example wages and earnings) but not food
consumption. While the FoodEx is not a designed validation study, the fact that it has recall and
diary measures from the same households makes it a good approximation to a validation study,
and alows usto carry out similar analyses.

The next section of this paper describes the Canadian Food Expenditure survey as well as
a second, more widely used Canadian expenditure survey (the Family Expenditure Survey or
FamEx), which also collects recall food consumption data. This section also provides a
preliminary analysis of the different food consumption measures available in the two surveys.

In Section 3, we caculate errorsin recall food consumption, using the diary measuresto
construct “true” food consumption in anumber of different ways. Under the assumption that true
food consumption can be constructed from the diary records, measurement errorsin recall food
consumption data appear to be substantial, and they do not have the properties of classical
measurement error. In particular, they are neither mean independent of true consumption nor

homoskedastic. They are also not well approximated by a normal distribution. We also show

marked by avisit from an interviewer would not be as informative about the recall expenditure

datain, for example, the Panel Survey of Income Dynamics (PSID).



evidence that diary measures are themsel ves imperfect. This suggests alternative interpretations
for the differences between recall and diary consumption measures.

In Section 4 we compare estimates of income and household size elasticities of per capita
food consumption based on the two kinds of consumption data. Here, we find a more positive
result. In contrast to Gibson (2002), we find that the mode of data collection makes very little
difference to estimates of income and household size elasticities. Thisin turn meansthat (in
contrast to Gibson) we find the evidence of the “ Deaton-Paxson puzzle” both in thediary and in
the recall data.

Section 5 draws out the implications of the measurement error patterns we document for
two other common applications of consumption data: the estimation of inter-temporal preference
parameters and the measurement of inequality. Finally, Section 6 offers some concluding
remarks.

. Canadian Expenditure Surveys

The 1996 Canadian Food Expenditure Survey (FoodEx) is alarge, nationally
representative survey of Canadian households. Respondents were asked basic demographic
questions and recall food consumption questions. In addition, they were asked to record every
food purchase in adiary, for two contiguous weeks. Conducting the survey involved three visits
to each household. At theinitia visit, demographic and recall food consumption gquestions are
asked. In addition, respondents were instructed on the proper technique for filling out the food
consumption diaries. After aweek the first diary was collected and the household received
another second blank diary in which to record purchases made in the following week. This
second diary was collected during the third visit. During the second and third visit the

interviewers double-checked the diaries and verified the exactness and fullness of the responses.



The survey was run continuously throughout the year so that the seasonality of purchasesis not
anissue. Theinitial response rate was 76 percent, and there were 10898 responding households.
Attrition between the first and second week was |ess than 2 percent.* Statistics Canada provides
household weights that take account of the survey design and non-response, but not of attrition
between the two weeks. Further details can be found in Statistics Canada (1999).

For the purposes of this paper, the key feature of the survey is that each household is
asked recall food expenditure questions as well as recording food expenditure diaries. The exact
wording of the key recall food expenditure questionsis as follows:

In the last four weeks...
Q1. How much do you estimate this household spent on food and other groceries purchased
from stores (including farmer stalls and home delivery)? Exclude periods away from home

overnight or longer. Report bulk purchases of food for canning, freezing in question 3.

Q2. About how much of this amount was for non-food items such as paper products,
household supplies, pet food, alcoholic beverages, etc.?

This differs somewhat from the question in the PSID, particularly in that it refers to the last four
weeks, while the PSID refers to the amount the household “usually” spends on food at home. We
construct recall food consumption as Q1 — Q2. From atotal of 10898 respondent households, this

quantity is available for all but 220 households, avery low rate of item non-response (2 percent).

* To investigate the determinants of retention, we estimated a simple Probit model of week 2
response on the sample of households that responded in the first week. Although the overall
retention rate was very high, we did uncover some statistically significant correlates of retention.
In particular, retention was increasing in income and higher in the province of Quebec. Full

results are available from the authors.



Although comparison of recall and diary data within the FoodEx is the main focus of our
analysis, we can aso compare the FoodEx data to data from a second large Canadian survey. The
1996 Family Expenditure Survey (FamEXx) isafull household expenditure survey (collecting
information on all categories of expenditure).’> Unlike most national expenditure surveys, the
FamEx does not have adiary component. Instead, face-to-face interviews are conducted in the
first quarter to collect income and expenditure information for the previous year (Thus the 1996
data were collected in January, February and March of 1997 but refer to the 1996 year calendar
year). The FamEXx istherefore an unusual kind of recall survey. Considerable effort is made to
ensure the quality of the data.® Statistics Canada also undertakes various checks of the data and
the data are generally thought to be of very good quality. There are 10085 respondent househol ds
in the 1996 FamEx.”

Because the FamEX collects annua data and the FoodEX survey is run continuously over
the year, they refer to the same time period. The surveys were based on the same (Labour Force
Survey) sampling frame. Thus these two surveys readily lend themselves to comparison.
Summary Statistics comparing the two data sets are presented in Appendix Table Al. The only
significant obstacle to the direct comparison of the data stems from differences in the household

income information included in the files. The FamEx file includes only net household income

®> The FamEx (and its subsequent replacement, the Survey of Household Spending) are the
surveys that are used to determine the weights for the Consumer Price Index in Canada. They
have also been extensively used for demand analysis.

® Respondent households are asked to consult hills and receipts and income is carefully
reconciled with expenditures and savings. In some cases, multiple visits to a household are made.

" Statistics Canada reports that the response rate to the FamEx surveys is about 75%.



while the FoodEXx file includes only gross household income. However, the FamEx also includes
gross personal income for head and spouse, and where we use income information in our
analysis we use the sum of these two items as our income variable in the FamEx.2 This obviously
is an imperfect match to the FoodEx income information when there are additional earnersin the
household. A second minor difference between the data sets concerns the top coding of numbers
of different types of persons (children, young adults, adults, seniors) in the household. For the
Foodex these are recorded as 0,1 or (2 or more). In the FamEx, the top-coding isat 3. In both
data sets total household size istop-coded at 6.
In summary then, we have four distinct data items that capture the distribution of food
consumption in Canadain 1996. These are:
i. The“food at home” expenditure category in the FamEx
ii. Therecall food consumption measure we construct for the FoodEx (described above)
iii.  Food expenditures recorded in the first week diary of the FoodEx
iv. Food expenditures recorded in the second week diary of the FoodEx
We have multiplied the second by 13 and the third and fourth by 52 so that all are annual
measures.
Figure 1 displays the empirical cumulative distribution of these four measures, while
Table 1 reports the mean, median and coefficient of variation for these four measures as well as
for budget shares and income in the two surveys.” Several features are notable. First, the diary

records are considerably lower than the recall responses of the same individuals (in the FoodEx)

® The FoodEx file does not contain personal income data.
® Empirical cumulative distributions for income and budget shares are presented in Appendix

TablesAland A2.
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or a second sample drawn from the same population (the FamEx). Second, diary records are
considerably more variable. Third, there is a notable drop off, of on average 10 percent, between
the first and second week of the diary.

The drop off between the first and second week of the diary seems to be evidence of
“diary fatigue” or “diary exhaustion”. Statistics Canada (1999) concludes that diary exhaustion
was a significant factor affecting accuracy of the responses. They report that, in addition to the
between week differences, within week responses tended to be significantly larger for the earlier
days of either week. Such exhaustion effects in expenditure diaries have been known for along
time (McWhinney and Champion, 1974.) Stephens (2003) reports similar phenomenain the
diary sample of the U.S. Consumer Expenditure Survey (CEX) (also atwo-week back-to-back
panel.)

Tables 2 and 3 and Figure 2 provide some supplemental analysis of diary fatigue in the
FoodEx. Table 2 reports aregression of week-on-week changes on observable characteristics of
households. The covariates are coded as deviations from means, so that the constant in the
regression isjust the average week-on-week in the sample (converted to an annual amount).
Week-on-week changesin recorded food expenditure are largely unrelated to observable
household characteristics. The one exception is that households from the Atlantic Provinces
exhibit (on average) less diary fatigue. Table 3 examines the week-on-week change in recorded
outlay by expenditure category and by store type. The results suggest that records of small items
(coffee and tea, non-alcoholic beverages, sugar), and especially purchases from convenience
stores decline from week one to week two. Figure 2 illustrates that week-on-week changesin
recorded expenditures are both positive and negétive, are highly variable, and roughly symmetric

around the (negative) mean.
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Because diary records are usually thought to be quite accurate, the usua interpretation of
the gap between the diary and recall measures might be that the latter suffer from significant
over-reporting. However, the significant diary fatigue evident in the diary records, suggests the
possibility that the diary records (and even the first week diary records) suffer from significant
under-reporting. Thisisin fact the conclusion reached by Statistics Canada who routinely inflate
the diary information in publicly released data by the factor necessary to match the recall
information.'® (We have undone this adjustment for the purposes of our analysis.)

Figure 3 displays histograms of the four food consumption measures (note that, in this
figure only, amounts are weekly rather than annual). These suggest that both diary and recall
data may suffer from their own particular problems. In particular, the diary data exhibit
significant numbers of zeros (as much as 10% of the sample each week). Sinceit isimplausible
that thislarge a fraction of the sampleisfasting, a natural interpretation is that the diary data
suffer from purchase infrequency. There is a small literature on methods for dealing with
purchase infrequency, including Keen (1986), Pudney (1988 and 1989) and Meghir and Robin
(1992). Note that this problem is not entirely resolved by combining the two weeks of diary data:
the combined data still exhibit a significant spike at zero (of about 7%)."*

On the other hand, Figure 3 also suggests that the recall data suffer from considerable

heaping and rounding (note the “ spikes’ in the empirical distribution at round figures such as

1 The factor that Statistics Canadainflates by is 15.8%.

11t isworth noting that while the evidence of diary fatigue does suggest under-reporting in diary
measure, infrequency does not necessarily imply under-reporting (at least on average). To see
this, suppose that households have usual food consumption (per period) of c*. Suppose further
that in any period they go food shopping probability p, so that when they do, they must purchase
c*/p to maintain usual consumption. Then the mean of observed purchases, ¢, (including zeros)
is: E[c] = pE[c*/ p] + p(0) = E[c*]. Thusthe mean may not be affected by some kinds
of infrequency (the key assumption hereis that purchase frequency, p, is independent of
consumption level, c*.) See Pudney, 1989, for further discussion.



12

$50 and $100). The consequences of such heaping and rounding, and methods for dealing with it,
are discussed in Battistin et al. (2003) and in Heitjan and Rubin (1990). We now turn to amore
detailed analysis of the differences between the recall and diary data.

[11.  Measurement Errorsin Recall Food Expenditures

Let c* betruefood consumption and ¢ be an imperfect measure of that quantity. Define
&=C—C* sothat:
c=cCc*+e¢
In order to work with ¢, it iscommon to make assumptions about the characteristics of €.
Typical assumptions include those that characterize “classical” measurement error (Bound et al.,
2002): that the errors are mean zero and independent of the true level of consumption and all
other variables in the model. In our notation:

i. & ismean zero: E[e]=0,

ii. & ismean independent of (or uncorrelated with) c* : E[e|c*] = E[€]. Notethat a
testable implication of this assumption isthat aregression of con c* should give a
coefficient (on c*) of 1.

iii. & ismean independent of other variables, X : E[e| X] = E[e].

iv. & isindependent of c* . Thisof courseimpliesthat higher momentsof &£ are not
related to c* : E[£" | c*] = E[£"], k = 2,3...., Starting with conditional homoskedasticity:
E[e? |c*] = E[£%].

Sometimes a distributional assumption is added, in particular, that the measurement error is
normally distributed:

v. £~N(0,067),
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Finaly, it is useful to have a measure of therelative size of £. A common measure is the signal-

to-noiseratio of ¢, whichis calculated as R?/1- R* from aregression of con c* .

If c* isobservable, these things are al amenable to empirical investigation. On first
thought, the FoodEx would seem to offer such apossibility. In particular, diary records of food
expenditure are thought to be very accurate (Battistin, 2004.) Thus, a natural approach isto take
the diary information in the FoodEX as true consumption. However, the analysis of the previous
section suggests that the diary measures are not prefect. Nevertheless, it is still very informative
to compare the recall datato a superior measure. As Bound et al. (2002) note, most validation
studies do not have a*“ perfect” or true measure to which to compare survey responses as even
administrative records contain some errors. Moreover, it is common in the literature to assume
that (i) diary records are very accurate, and (ii) the measurement errorsin recall measures have
particular properties. It is certainly possible to test those hypotheses jointly with these data.

The question, then, is how to best use the diary information. What we do is to construct, from
the diary records, three aternative measures of “true” food consumption, c* :

(A) Thefirst week diary,

(B) The average of 1% and 2™ week diaries.

(C) The linear projection of the recall measure onto the two diary measures.

Arguments can be made for each of these measures. (A) hasthe virtue that it minimizes
the effects of diary exhaustion. On the other hand, it will be affected more by infrequency than
(B). To construct (C) we regress the recall measure on the diary week records and take the
predicted values from this regression as true consumption (and hence the regression error is
interpreted as measurement error in the recall measure). (C) is aweighted average of the first and

second week of the diary (plus a constant), where the weights are chosen in away that assumes
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the “best case” for the recall measure: note that this procedure imposes the assumptions that
measurement error is mean zero and uncorrelated with the true value.

Table 4 presents summary statistics for the measurement error in recall food
expenditures. Each column corresponds to one of the assumptions outlined above (A, B and C)
regarding the true value. Thefirst panel shows that the measurement errors have a positive mean
if we take either the first week of the diaries or the average of the two weeks as c* ($301 and
$512 respectively.) In either case, the errors have negative skew (-0.71 and -0.14 respectively),
and have much thicker tales than the normal distribution (with measures of kurtosis of 10.0 and
12.1 respectively, where the normal distribution would be 3). Our third procedure (C), which
imposes a mean of zero on the measurement errors results in a distribution of measurement
errorsthat is positively skewed, but again with thick tails. Kernel density estimates of all three
distributions are presented in Figure 4.

The third and fourth panel of Table 4 present tests for mean independence and
homoskedasticity of the error terms. These tests are implemented by regressing con c* . If the

measurement errors are mean independent (uncorrelated with c* ), then the coefficient, 3, on

c* should be 1. We present at-test of this hypothesis. We then use a standard Breusch-Pagan
test to test whether the second moment of the measurement errorsisindependent of c* (that is,
to test for heteroskedasticity in the measurement errors).

If we use the first week of the diary or the average of the two weeks as true food
consumption, then the measurement errorsin the recall measure of food consumption are
strongly and negatively correlated with the true value. Mean independence is rejected with t-
statistics of -55.8 and -32.2 respectively. Recall that true measure (C) assumes mean

independence. By any measure of true food consumption, homoskedasticity is strongly rejected,



15

with p-values for the Breusch-Pagan test less than 0.01. Thus even if we impose mean
independence (asin (C)), we reject independence.

The Breusch-Pagan tests uses residuals from the regression of recall consumptionon c*.
Squares of those residuals are regressed on ¢* and c* squared. Regardless of the choice of c*,
the linear term is always strongly negative and the quadratic term positive; in each case the
estimated elasticity of the squared measurement error with respect to c* is negative at the mean
of c*.* The nature of the heteroskedasticity seems to be that the measurement error variance
fallswith value of “true” consumption, but a decreasing rate.

In the next (5™) panel of Table 4 we present Kolmogorov-Smirnov tests of normality of
the implied measurement errors. In al three cases, normality is strongly rejected, with p-values
less than 0.001.

Finally, we calculate the signal-to-noise ratio for ¢ under each of our assumptions about
c* . These suggest that the measurement errorsin care very substantial. If we take the first week
diary record to be c*, the signal-to-noiseratio in ¢ isonly 0.22. With either of the other two
measure of c* the signal to noiseratio in crisesto 0.36 (differing only beyond the fourth
decimal place.) Equivaently, 70 to 80% of the cross-sectiona variancein recall consumption is
measurement error. Thisis avery large number, but it is not unprecedented. For example, on the
basis of serial correlation in the errorsin consumption growth equations, Runkle (1991; pg 86)

concludes “that approximately 76 percent of that portion of the variance in the growth rate of

2 The elagticity of avariable, y, with respect to another variable, x, isthe percentage changein

y associated with a percentage changein x:ﬂ/g.
y X
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consumption unexplained by family-specific real interest ratesis the result of measurement
error” (where consumption is food consumption as measured in the PSID).™

Table 5 presents the results of regressing the implied measurement errors on variables
typically used in the modelling of consumption: income, and demographic variables. If we take
either the first week diary measure (A) or the un-weighted average of the two weeks (B) astrue
consumption, then these income and demographic variables do not seem to be significant
determinants of the implied measurement errors, except for the presence of youths in the
household. The measurement errors implied by our third procedure (C) appear to be more
strongly related to variables such as income, household size and the presence of children and
youths.*

Table 6 presents the results of regressing the squares of the implied measurement errors
on the same set of variables, in order to further investigate heteroskedasticity in those errors.
Again, the results seem sensitive to the measure of ¢* used to construct the measurement errors.
The variance of the measurement errors constructed by either procedure (B) or (C) is

significantly related to household demographics.

3 Note though that first differencing usually removes signal, so that typically one would expect
measurement error to be a smaller fraction of the variance in levels.

¥ The analyses reported in Tables 4, 5 and 6 were repeated but with observations for which
“true” food consumption was zero deleted from the sample. The results do not differ
significantly differ from those reported in Tables 4, 5, and 6. In particular, it is not the case that

the regjection of normality is driven by these zeros.
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To summarize, this analysis suggest that the measurement errors in food consumption are
large, do not satisfy the “ classical” measurement error assumptions, and are not normally
distributed.

In the inter-temporal consumption literature it is common to work with the logarithm of

expenditure and to model the measurement error as multiplicative rather than additive. In this
case assumption i. isreplaced by E[e°] = E[C—C*] =1 and e‘istypically assumed to be log-

normally distributed. Thus &, which is now the difference between Incand Inc* isnormally

_0-2

> ,0°) . The assumption of independence of c* (and

distributed (but not with mean 0): £ ~ N(

hence Inc*) is maintained.

Accordingly, we repeated the analysis described above, but working in logarithms, rather
than levels, of food consumption. The results are presented in Tables 7, 8 and 9 (which parallel
the format of Tables 4, 5 and 6 respectively) and in Figure 5.

The results for logarithms are quite similar to those for levels. We find evidence of
negative correlation between the measurement errors and true values, except where it is zero by
construction. We also reject homoskedasicity, and normality of the errors. The signal-to-noise
ratios are again quite low. The coefficients of the linear (in Inc* ) terms of the Breusch-Pagan
regressions are again strongly negative and their absolute value islarger by orders of magnitude
than the positive coefficients on the quadratic terms. Thus the elasticity of the measurement error
variance with respect to Inc* is estimated to be negative at the mean of Inc* (and, indeed, even
at its 99" percentile.) We find more evidence in logarithms (than in levels) that the mean of the
measurement errorsis systematically related to income and demographics, as reported in Table

8. Table 9 reveals considerable evidence that the measurement error variance is also related to
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household demographics. Correlations between household size and measurement errorsin
reported food consumption play a central role in the application we take up in the next section.

V. A Demand Application

In applied demand analysis, the income and household size el asticities of food

expenditure play an important role, particularly in thinking about the economies of scalein
household consumption. An assertion due to Engel is that households of different size with the
same food budget share have the same standard of living. Thisleads to the “Engel method” of
calculating economies of scale in household consumption. Suppose, for the purposes of
illustration, that the food budget share is adequately modelled by:

W, =a, +o,Inpey+ Blinn+¢
where w, isthefood share, In pcy isthelogarithm of per capitaincome and Innisthe

logarithm of household size. Thusto hold living standards (the food share) equal as household

size doubles (increases by 100%), per capitaincome should change by (approximately)

—ﬁxloo% . Economies of scale imply that the per capitaincome required to keep living

21
standards constant should fall with household size. Empiricaly, ¢ isaways negative (thisis
“Engel’sLaw”). Thus, if the food share can be taken as a welfare measure (as Engel asserted),
economies of scale requirethat £ be negative. Empirically, this turns out to be the case. For
example using Thai, Pakistani, South African, US, French and British data, Deaton and Paxson
(1998) find that, holding per capitaincome constant, the food varies inversely with household

size. The Engel method delivers estimates of the economies of scale in consumption that many

researchers find plausible.
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Againgt this, Deaton and Paxson (1998) demonstrate that it is quite difficult to reconcile a

negative £ (and the Engel method) with an underlying model of household economies of scale.

They note that, if there are public goods in the household, then holding per capitaincome
constant alarger household is better off. This should lead them to consume more of (normal)

private goods, such as food.'® Thus, holding per capitaincome constant, the per capita quantity

of food, and hence the budget share, should rise. Thus 3 (andﬁ, the elagticity of food
w.

i
expenditures with respect to household size) should be positive. The fact that this compelling
piece of analysisis empirically contradicted is sometimes referred to as the “ Deaton-Paxson
puzzle.

Gibson (2002) suggests that one possible explanation for the Deaton-Paxson puzzleis
measurement error in recall food expenditure data that is negatively correlated with household
size. For larger households it becomes an increasingly cumbersome task to accurately recall all
food related purchases made over even amodest time period. Thus the larger the household the
higher is the chance for systematic underreporting of food consumption. Gibson shows that such
anegative correlation between the measurement error and household size imparts a negative bias
on estimated relationship between the food share and household size.

Many of the surveys examined by Deaton and Paxson do employ recall methods to
collect food expenditures, and Gibson suggests that the Deaton and Paxson puzzle might be
resolved by using diary based food expenditures. He uses data from Papua New Guinea to test
the validity of this prediction. Households were randomly divided into two subsamples and one

subsample was asked to keep adiary while the other was asked recall questions. His results

'3 This assumes that there is limited substitution between food and the public good.
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suggest that while recall surveys underestimate the household size elasticities, estimates based on
the diary do not exhibit the Deaton-Paxson puzzle.

Two features of our data seem to pose an immediate challenge to the generality of the
Gibson result. First, in the FoodEX, the recall data on food expenditure on average exceed the
diary measure (implying over- rather than under-reporting).'® Second, the evidence on the
correlation between household size and measurement error in recall food consumption is mixed.
The sign and statistical significance of this correlation depend on exactly how we use the diary
information to construct “true” food consumption. If we simply use the sum of the two weekly
diaries, the correlation is positive but not significant.

To further explore these issues, we estimate food share equations that are a quadratic

extension of the familiar, Working-Leser form. In particular, we estimate:
W, =, + o, Inpey+a, (In pcy)2 +AInn+yX +¢
Where w, isthe budget share of food at home,'’ In peyis the logarithm of per capitaincome,

Innisthe logarithm of household size, and X are other variables. We estimate this equation

*This could be because of the “telescoping” problems referred to in Footnote 2. Because of
Gibson's experimental design, hisrecall datais not subject to such problems. Other obvious
potential differencesinclude larger householdsin PNG, and differences in shopping behaviour
between PNG and Canada.

7 We define the food at home budget share as expenditure on food at home divided by gross
income. Thisis both somewhat unusual and not entirely satisfactory — the preferred and more
common denominator being total outlay. But gross income is the measure of resources that we

have in both surveys.
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using two data sets and three measures of the food share. First, we use afood share based on the
average of the diary weeks in the FoodEx. Second, we use afood share based on the (1 month)
recall measure in the FoodEx. Third, we use afood share based on the (1 year) recall measurein
the FamEXx. The results are presented in Table 10.

We find that the food share variesinversely with household sizein all three cases. The
coefficient on log household size is -0.007 with the FoodEx diary data, -0.023 with the FOodEXx
recall data and -0.003 with the FamEx recall data (3" row, 2" panel, Table 10.) The first two
estimates are different from zero at conventional levels of statistical significant, while the third is
not. Although the estimates are of the same sign and similar magnitude, F-tests do indicate that
the FamEx recall estimates are statistically different from both FoodEx estimates (2™ and 4"
row, 3" panel, Table 10.) Theimplied elasticities are presented in the last row of the 4™ panel of
Table 10. The bottom lineis that we find the Deaton-Paxson puzzle with both recall and diary
data. Thus our data are incongruent with Gibson’s resolution of the puzzle.

In response to an earlier draft of this paper, Gibson and Kim (2007) propose an
explanation for why we find at best mixed evidence of a correlation between household size and
measurement errorsin arecal measure of food expenditure, in contrast to the stronger results
reported in Gibson (2002) and Gibson and Kim (2002). They postul ate that because Foodex
respondents are asked a broad question about total household food expenditure, they are more
likely to employ an estimation-based response strategy rather than episodic enumeration (of
actual purchases). In contrast, the surveys studied in Gibson (2002) and Gibson and Kim (2007)
ask more detailed questions about expenditure on different food categories, and so respondents
may be more likely to enumerate actual purchases. Errors in estimation may be less strongly

related household size than errorsin recalling actual purchases. Thisis an appealing argument,
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and it would clearly be useful to understand more about when respondents use estimation and
enumeration strategies, and the nature of the errors associate with each. However, the suggestion
that Foodex respondents employ an estimation-based response strategy does not explain why we
find evidence of the Deaton-Paxson puzzle in both recall and diary food data. Our results suggest
that the Deaton-Paxson puzzle must arise, at least in some instances, for reasons other than (or in
addition to) measurement error.

Turning to income effects, we find that the three implied elasticities have the same sign
and are of similar magnitude. The estimated income elasticity of food expenditure (evaluated at
the means of the data) is 0.239 with the FoodEx diary data, 0.175 with the FoodEx recall data
and 0.225 with the FamEx recall data (1% row, 4™ panel, Table 10.) Finally, if we employ the
“Engel Method” to estimate returns to scale, the FamEx recall dataimply that a doubling of
household size allows a 3% cut in per capitaincome, while the FoodEx diary and recall data give
estimates of 9% and 24% respectively.

V. Other Implications

With respect to the estimation of inter-temporal preference parameters, we are limited by
the fact that we have only cross-sectional data. We do note that the signal-to-noise ratio in recall
food expenditure datais quite low, and that unless the measurement errors made by households
are more persistent than true consumption, the signal-to-noise ratio will be worsened by
differencing the data. We also note that the cross-sectional distribution of errors does not have
the properties that authors such as Colera (1993) and Alan, Attanasio and Browning (2009)
assume to hold for time series distribution of errors (for each household.) The assumptions made

by those authors could hold if, for example, all of the mean dependence that we document results
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from time-invariant, househol d-specific components of the measurement error. While this seems
unlikely, we cannot rule it out with the data at hand.*®

Turning to the literature on the evolution of consumption inequality, we are again limited
by our single cross-section of data. Nevertheless, our analysis suggests potentially serious
problems. The magnitudes under dispute in thisliterature are not large. For example, Krueger
and Perri (2006) argue that the variance of the log of nondurable consumption rose by about
2.5% between 1986 and 2000 in the U.S., whereas Attanasio, Battistin and Ichimura (2005)
report a number about twice as large for the same period. Both numbers are considerably smaller
than the increase in the variance of log income over the same period, which Krueger and Perri
report exceeded 12%. Krueger and Perri employ the interview sample of the Consumer
Expenditure Survey (CEX), so that every component of nondurable consumption, including
food, is measured by recall. Attanasio, Battistin and Ichimura optimally combine the interview
and diary samples of the CEX and in particular, draw information on food expenditures from the
diary sample.

Our results (Table 7) suggest that if diary records are accurate, then with recall food
consumption data perhaps 70% of the cross-sectional variation in log food consumption is due to
measurement error. In addition, at least in cross section, the variance of this measurement error is
significantly declining in the level of true food expenditures, and also related to the demographic
characteristics of respondent households. If these cross-sectiona relationships hold over time as

well, then it easy to show that movementsin the level of consumption (or perhaps even in

18 Data that would allow us to examine repeated measurement errors from the same households
would obvioudly be extremely valuable. Perhaps a future combination of scanner and recall data

will make this possible.
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demographics) over the relevant period could generate spurious changes in the cross-sectional
variance of log consumption of the magnitudes under debate.
VI.  Conclusion

Measurement error is a ubiquitous feature of micro data, and a major challenge to
empirical work. A first step in dealing with this challenge is to learn as much as possible about
the characteristics of the measurement error in different kinds of data. In this paper, we have
used an unusua Canadian survey to investigate the nature of measurement error in food
consumption data

Direct inspection of the measurement errors suggests that they are large, and that they do
not have the properties of “classical” measurement error. In particular, the evidence suggests that
the measurement errors are negatively correlated with the true values.

In an application drawn from demand analysis, we compared estimates of income and
particularly household size elasticities of food expenditure based on recall and diary food
expenditure data. We find negative household size elasticities with both kinds of data. Thisleads
us to doubt the generality of Gibson’s resolution of the Deaton-Paxson puzzle.

The fact that measurement errors do not appear to be independent of true values has
important implications for the literature on estimating inter-temporal preference parameters and
for the literature on the evolution of consumption inequality. If the mean dependence we
document holds for a given household over time, then it violates a key assumption underlying
strategies recently suggested for estimating exact (nonlinear) consumption Euler equationsin the
presence of measurement error. Similarly, the heteroskedasticity we find would provide a
mechanism by which growth in average consumption could lead to spurious changesin the

cross-sectional variance of (mis-measured) consumption.
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Finally, we note that our analysis has followed the literature in assuming that the diary
information on food consumption is very accurate — much more so than the recall data. However,
our preliminary analysis of the data (Section 2) documented evidence of several kinds of
problems with the diary data (including infrequency and diary exhaustion), and there is evidence
of similar problemsin other diary based expenditure surveys. If oneis open to the possibility
that the diary data contain substantial measurement error, or even that they measure expenditure
well but over the period usually covered by diaries (one to two weeks) there can be substantial
deviation between expenditure and consumption, then our results are subject to alternative
interpretations.™ In that case, what we have studied is the difference (at the household level) of
the measurement errorsin the recall and diary data. Some of the measurement error properties
we have documented might be attributable to the diary records. For example, significant
purchase infrequency in the diary records would generate the (negative) mean dependence we
observe. This suggests to us that the superiority of diary data may not be as obvious as the

literature suggests. Thisis an issue that could bear further scrutiny.

¥ For arecent exploration of the differences between consumption and expenditure, see Aguiar
and Hurst, 2005.
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TABLES
Table1l: Summary Statistics:

Annual Household Food Expenditures, Income, and Budget Shares.

FoodEx
Diary Diary Recall
FamEx Week 1 Week 2 Measure
Sample Size 10085 10876 10719 10678
Mean 4336 3854 3432 4156
Food at home Median 3900 3261 2839 3911
Expenditure| Coefficient
of variation 0.58 0.82 0.88 0.58
Mean 0.15 0.12 0.11 0.12
Food at home| Median 0.10 0.08 0.07 0.10
Budget Share Coefficient
of variation 2.70 1.57 2.69 2.22
Mean 45716 44016
Income Median 38500 37200
Before Taxes| Coefficient
of variation 0.73 0.75
Notes:

1. The 1996 FOODEX contains 10898 observations (households). 22 did not submit a first
week diary while 179 did not submit a second week diary. The attrition rate (from week 1
to week 2) was 1.6%. 220 households did not provide a recall food expenditure estimate.

2. Statistics are calculated using survey weights.
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Table 2: Regression Analysis:
Week on Week Changein Food Expenditure Diary

Dependent Variable: (Week 1 Diary -Week 2 Diary) x 52

Coef. (Standard error)
In pcy 54.45 (59.39)
(In pey)? -0.46 (0.58)

Log household size -753.66 (687.31)
Presence of children (0-15)| 137.26 (171.33)
Presence of youths (16-24) | -3.22 (126.61)

Presence of seniors (65+) 6.23 (102.91)

2" Earner in Household | -108.77 (125.83)
Constant *-418.97 (43.60)
R-squared 0.001

Notes:
1. Regressorsare all measured as deviations from means.

Table 3: Ratio of Mean Week 2 Expenditure over Mean Week 1 Expenditure

(By Broad Food Categories and Store Types)

All food at home 0.91
By category:

M eat 0.91

Fish and other marineproducts  0.94
Dairy products and eggs 0.91
Bakery and cereal products 0.91
Fruitsand nut§  0.91

Vegetables  0.92

Condiments spices and vinegar 0.92
Sugar and sugar preparationg§  0.86
Coffeeandtea  0.88

Fatsand oilg 0.92

Other food 0.93

Non alcoholic beverages  0.84

By Store Type:
Food from specialty stores  0.83
Food from conveniencestores  0.75
Food from super markets 0.93

Food from other stores  0.83




Notes:
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Table4: Errorsin Recall Food Expenditure -
Descriptive Statistics
(1996 Can $ per year)

A B C
Mean 301 512 0
Variance 9198159 | 6057782 | 4297449
Skewness -0.71 -0.14 1.30
Kurtosis 9.97 12.07 9.50
5%| -4431 -3071 -2572
10%| -2998 -2007 -2101
25%| -1117 -720 -1360
Per centiles 50% 367 428 -307
75%| 1913 1741 1024
90%| 3560 3223 2490
95%| 4797 4390 3696
Test of Mean
Independence
(B=1)
B-1 -0.67 -0.52 B=1
[t-stat] [-53.9] [-32.8] by
construction
Test of Conditional
Homoskedasticity
B-P test,
Chi2 194 558 566
df 2 2 2
Prob > Chi2 <0.01 <0.01 <0.01
K-Stest for
Normality, p-value | <0.01 <0.01 <0.01
R? 0.19 0.27 0.27
Signal to Noise Ratio]  0.23 0.36 0.36

(A) Assumes first week diary measures “true” food expenditure. (B) assumes the average
of 1% and 2™ week diaries measures “true” food expenditure. (C) Assumes the linear
projection of the recall measure onto the two diaries measures “true” expenditure.
Signal to Noise Ratio is calculated as R%/1-R? from aregression of the recall measure on
the assumed “true’” measure.
Linear Regression of the recall measure on the two diary week records yields:

Recall =2391.6 + 0.239 Week1 + 0.245 Week?2 + error

(0.012) (0.015)



Table5: Errorsin Recall Food Expenditure—
Regression on Covariates
(1996 Can $ per year)
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A B C
(Std (Std
Coef (Std Err)| Coef Err) Coef Err)
In pcy 164  (55.29) | -25.59 (40.63) |*139.41 (31.42)
(In pcy)? <001 (054) | 024 (0.38) | *-0.82 (0.29)

L og household size -181.58 (635.54) | 195.25 (475.72) |*-900.01 (363.99)
Presence of children (0-15) | 214.70 (160.08)| 146.06 (120.68) |*-198.22 (89.99)
Presence of youths (16-24) | *373.79 (114.29) |*375.40 (92.38) | *181.72 (71.86)
Presence of seniors (65+) -142.65 (97.89) |-145.76 (76.84) | -48.11 (60.69)
2" Earner in Household -91.88 (119.51)| -37.50 (94.61) | -51.16 (74.54)

Constant *291.03 (40.01) [*500.51 (31.85) | -7.12 (24.79)
Table 6: Squared Errorsin Recall Food Expenditure—
Regression on Covariates
(1996 Can $ per year)
A B C

Coef  (StdErr)| Coef (Std Err)| Coef  (Std Err)
In pcy 358423 (671381) | *794247 (283436) | *406701 (232427)

(In pcy)? 1707 (7184) -4293 (2608) -431 (2257)
L og household size -1920796 (7401677)|*-7366240 (3419272) |*-6403234 (2654562)
Presence of children (0-15) | -2854017 (1851392)(*-2022081 (762104) |*-1206404 (462913)
Presence of youths (16-24) | -395027 (941823) | 663679 (547176) | *942777 (368182)
Presence of seniors (65+) | -1141612 (858817) | -376535 (479492) | -150472 (351927)
2" Earner in Household | -1154663 (1009227)|*-1573653 (637308) | *-941136 (507728)
Constant *0245786 (348872) | *6121834 (208103) | *4160967 (151546)

Notesto Tables5 and 6:

1. A) Assumesfirst week diary measures “true” food expenditure. (B) assumes the average
of 1% and 2™ week diaries measures “true” food expenditure. (C) Assumes the linear
projection of the recall measure onto the two diaries measures “true” expenditure.

wmn

All explanatory variables have been mean differenced.
Errors based on annualised household expenditure (1996 Canadian $).
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Table 7: Errorsin Recall Log Food Expenditure—
Descriptive Statistics
(1996 Can $ per year)

A B C

Mean 0.18 0.20 0
Variance 0.76 0.57 0.30
Skewness 0.88 1.09 -0.64
Kurtosis 575 7.82 491

5%| -1.02 -0.83 -0.96
10%| -0.73 -0.57 -0.67
25%| -0.33 -0.23 -0.29

Per centiles 50%| 0.07 0.12 0.05
75% 0.58 0.52 0.34
90% 1.23 1.04 0.60
95% 1.80 1.46 0.80
Test of Mean
Independence
(B=1)
B-1 -0.70 | -0.60 B=1
[t-stat] [-64.0] | [-45.4] by

construction

Test of Conditional
Homoskedasticity

B-P test,
Chi2 355 714 401
df 2 2 2
Prob > Chi2 <0.001 | <0.001 | <0.001
K-Stest for
normality, p-value | <0.001 | <0.001 | <0.001
R? 0.19 0.26 0.27

Signal to Noise Ratig  0.23 0.35 0.38

Notes:

1. (A) Assumesfirst week diary measures “true”’ food expenditure. (B) assumes the average
of 1% and 2™ week diaries measures “true” food expenditure. (C) Assumes the linear
projection of the recall measure onto the two diaries measures “true” expenditure.

2. Signal to Noise Ratio is calculated as R%/1-R? from a regression of the recall measure on
the assumed “true’” measure.
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Table8: Errorsin Recall Log Food Expenditure—
Regression on Covariates
(1996 Can $ per year)

A B C
(Std (std (std
Coef Err) | Coef Err) | Coef Err)
In pcy *-0.03 (0.01) |*-0.03 (0.01) | *0.02 (0.01)
(In pcy)? *<0.01 (<0.01) [*<0.01 (<0.01) |*<0.01 (<0.01)
L og household size 024 (0.16) | 0,20 (0.14) | 0.14 (0.120)

Presence of children (0-15) | *0.10 (0.04) | *0.08 (0.03) | -0.02 (0.02)
Presence of youths (16-24) | *0.13 (0.03) | *0.12 (0.03) | *0.03 (0.02)
Presence of seniors (65+) | *-0.10 (0.03) |*-0.09 (0.03) | *-0.04 (0.02)
2" Earner in Household | -0.02 (0.03) | -0.03 (0.03) | 0.01 (0.02)

Constant *0.18 (0.01) | *0.20 (0.01) | -0.01 (0.01)

Table9: Squared Errorsin Recall Log Food Expenditure —
Regression on Covariates
(1996 Can $ per year)

A B C
(Std (Std (Std
Coef  Err) | Coef Err) | Coef Err)
In pcy *-0.05 (0.03) | -0.02 (0.02) |<0.00 0.01
(In pcy)? *<0.01 (<0.01)|<0.01 (<0.01) | <0.00 <0.00
L og household size 053 (0.33) | 0.07 (0.28) |*-0.30 0.12

Presence of children (0-15) | *0.14 (0.07) | 0.03 (0.07) | 0.02 0.03
Presence of youths (16-24) | *0.24 (0.07) | *0.18 (0.06) |*0.08 0.02
Presence of seniors (65+) | *-0.14 (0.07) |*-0.13 (0.06) |*0.06 0.03
2" Earner in Household | -0.09  (0.06) |*-0.16 (0.07) | -0.02 0.02

Constant *0.80 (0.02) |*0.60 (0.02) |*0.29 0.01

Notesto Tables8 and 9:

1

wmn

(A) Assumes first week diary measures “true” food expenditure. (B) assumes the average
of 1% and 2™ week diaries measures “true” food expenditure. (C) Assumes the linear
projection of the recall measure onto the two diaries measures “true” expenditure.

All explanatory variables have been mean differenced.

Errors based on (log) annualised household expenditure (1996 Canadian $).
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FoodEx FoodEx FamEx
Diary Recall Recall
Food Budget Share (Wf) .106 124 125
Coefficients (Standard Errors)
In pcy -0.44 (0.037) | -0.71 |(0.037) | -0.616 (0.031)
(In pcy)? 0.019 (0.002) | 0.032 |(0.002) | 0.027 (0.002)
In household size -0.007 (0.003) | -0.023 | (0.003) | -0.003 (0.002)
F-Test for common coefficients (p-value)
In pey, (In pey)?
_vs FoodEx Diary 31.79 (<0.001)| 25.78 (<0.001)
In household size
_vs FoodEx Diary 1.80 (0.180) | 12.83 (<0.001)
2
In pcy, (In pey) 227  (0.103)

—vsFoodEx Recall
In household size
—vsFoodEx Recall

Elasticities

27.85

(<0.001)

dlIn pce ow
/oI pcy:( /P)ln pcy'/%vfj”

dln pce/ _aw/
alnn™ alnn°}6vf

In pcy

In household size

0.239

-0.073

0.175

-0.183

0.225

-0.020

Notes:
1.

2.
3.

Regressions of theform w, =, + ¢ In pcy+ o, (In pcy)2+,6’|n hhsize+ Xy+¢

FoodEx Diary is average of 2 weeks

Additional control variables ( X ) include regional dummies, dummies for presence of
children, youth and seniors, and presence of a 2™ earner in the household. Full estimation

results available from the authors.

Survey weights are used in all estimation. White (Robust) standard errors are reported in
parentheses in rows one through three. (In rows four through seven the number in

parentheses is the p-value of the corresponding F-test.)

Elasticities calculated at the means of the data.



Figure 1. Food Expenditure, Empirical CDFs
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Figure 3. Food Expenditure, Histograms
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Figure 5. Errorsin Recall Log
Food Expenditure
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APPENDIX: ADDITIONAL TABLES AND FIGURES

Table A1l: Demographic Characteristics

Household

FamEx | FoodEx
Atlantic Provinces % 7.7 7.7
Quebec % 26.3 26.2
Ontario % 36.9 36.8
Prairies % 16.0 16.0
B.C. % 13.0 13.3
Age Mean 48.0 47.8
Min 24.0 24.0
Max 80.0 80.0
H-hold Size Mean 2.62 2.6
Min 1.0 1.0
Max 6.0 6.0
Children (<15) % 324 298
Present
Y ouths (15-24) % 234 24.9
Present
Adults (25-64) % | 816 | 810
Present
Seniors (65+) % | 230 | 225
r]dPresent _
2° Eamer in % 440 | 458
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Figure Al. Household Income, Empirical CDFs
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