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Non-technical summary 

Survey-based household consumption data tell us a great deal about people’s standards of 

living and the way they make spending and saving decisions. Panel data, involving repeated 

interviews with the same households over a period of time, can also tell us how economic 

welfare and decision-making respond to changing circumstances. The drawback of 

consumption data is that it is difficult to collect - ideally, one would like to ask survey 

respondents to keep very detailed records of all their purchases over a representative period, 

but this is rarely feasible in practice. Instead, large-scale panel surveys like the British 

Household Panel Survey (BHPS) mostly use simple ‘stylised’ questions which ask 

respondents to estimate their spending on some category of consumer goods over a given 

recall period, without keeping detailed expenditure records. The aim of this paper is to 

understand the ways that survey respondents go about answering these stylised 

consumption questions and the consequent inaccuracies in survey data. 

We concentrate on the responses to BHPS questions about spending on domestic energy 

(electricity, gas, etc.). We find that a large majority of respondents use some form of 

‘rounding’ strategy, which results in ‘heaped’ data with large numbers of responses at 

particular expenditure levels. A variety of rounding strategies can be detected in the data - 

for example, some respondents appear to choose a round number for weekly spending and 

then scale that up to an annual total, while others use rounding at the monthly or annual 

level, or no rounding at all. Many households change their response behaviour from year to 

year, possibly distorting measurements of change over time in living standards and 

consumption behaviour. ‘Standard’ methods of analysing consumption data ignore survey 

response behaviour and are potentially unreliable. This paper develops a new statistical 

method of analysing consumption behaviour over time, taking account of survey 

respondents’ tendency to round their answers and change their method of rounding 

idiosyncratically over time. The results obtained from this approach differ significantly 

from those generated by standard methods, suggesting that the measurement error problem 

is a serious one. The general conclusion of this study is that, when analysing consumption 

data from household panel surveys like the BHPS, researchers need to think in terms of two 

behavioural processes, not one: (1) how do people decide what to spend? (2) how do they 

then decide how to answer survey questions about their spending? 
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1 Introduction

Consumption expenditure data from household surveys provide the basis for important re-

search in several different fields. For example, the large literature on the dynamics of con-

sumption behaviour rests heavily on analysis of data on food consumption from the US Panel

Study of Income Dynamics (PSID) but there is a long-established concern about the pos-

sible impact of measurement error in these data (see Altonji and Siow, 1987; Colera, 1993;

Attanasio and Low, 2004).

Another important area of consumption research is the measurement of inequality and

poverty, where it is widely accepted that survey measures of consumption expenditure provide

a more reliable basis than measured income, both in developed countries (Meyer and Sullivan,

2003; Headey et al., 2005) and in low-income countries (Deaton, 1997; Pudney and Francav-

illa, 2006). There has been work on the impact of measurement error on consumption-based

inequality analysis, for example Battistin (2003), who found rather different trends implied

by simple retrospective interview-based consumption data and by the more detailed infor-

mation from expenditure diaries incorporated in the same US expenditure survey. See also

Attanasio et al. (2004), who used methods for combining these measures.

Unfortunately, few surveys are able to collect consumption data in the depth we would

like, particularly in the longitudinal context necessary for an understanding of dynamics of

behaviour. For many classes of commodity, the most credible consumption data come from

expenditure diaries, as used in the UK Expenditure and Food Survey or US Consumer Ex-

penditure Survey, or from electronic sources such as supermarket scanner records. However,

diaries are very time-consuming and electronic records usually provide little or no house-

hold contextual information. For these reasons, large-scale household panels in developed

countries mostly collect limited expenditure data, using survey instruments that rely on re-

spondents’ recall of past expenditure levels or estimation of ‘normal’ levels. We refer to this

type of expenditure estimate as a ‘stylised’ consumption variable.
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The consumption category examined in this paper, expenditure on domestic energy, is

a major element in studies of consumer demand functions (Baker et al., 1989). Household

energy demand is also a focus of research in energy security, environmental economics and

climate change (Barker, et al. 1995). Domestic energy shares with many durable goods the

special feature that consumption episodes are usually very frequent and not closely related to

the payment schedule, over which consumers usually have a large degree of control. Energy

is often paid for in large infrequent irregular amounts or by regular more frequent payments

that are adjusted occasionally. Demand is also highly seasonal. These factors combine to

make data collection through expenditure diaries largely infeasible, so recall is the principal

question design underlying survey evidence on domestic energy.

It has been argued that stylised consumption questions can be designed in such a way

that reliable statistical analysis is possible (Browning et al., 2003). However, there are

worrying features of the available data, particularly the pronounced heaping of observations

at particular ‘round’ numbers. The closely related phenomena of heaping, rounding and digit

preference have been studied extensively, particularly in the demographic, epidemiological

and historical literatures relating to reported self-reported ages (see Bachi, 1951, for early

work and Ó’Gráda, 2006, who uses heaping as an indication of innumeracy). Heaping has also

been considered as a source of bias in the context of survival analysis, where distortions are

often evident in retrospectively-reported durations or event dates (Baker, 1992; Torelli and

Trivellato, 1993). There has been relatively little analysis of the heaping problem for variables

with a cash metric and little consideration, in any area of application, of its consequences

for panel data analysis.

Our aim is to investigate the impact of response error, focusing mainly on the expenditure

questions relating to annual energy consumption included in the British Household Panel

Study (BHPS). Most existing work on reporting error in consumption data (see Browning

et al., 2003 for a review) deals with the properties of stylised data in a cross-section context,

whereas much of the most important research on consumption behaviour is explicitly dynamic
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and requires repeated observations for a panel of households. Our main contributions to

the literature are an examination of the dynamic properties of error induced in stylised

consumption data by the heaping phenomenon and of its consequences for common forms of

panel data analysis. We begin, in section 2, by summarising the BHPS data and identifying a

set of distinct response strategies used by many survey respondents. In section 3 we propose

a statistical model of this reporting behaviour and develop a full dynamic model of reported

expenditure, incorporating a simple dynamic consumption model. We then evaluate the

biases induced by mistakenly assuming that the data are accurate. Section 5 concludes.

2 BHPS expenditure data

The BHPS is a nationally-representative annual household panel survey that began in the

UK in 1991. Although the BHPS includes personal interviews with all adult household

members, we are concerned here with expenditures at the household level. Interviewers try

to ensure that these questions are answered by the available household member who has

the best knowledge of the household’s budgeting but in practice more than one respondent

may be involved. The cross-wave identifier of the principal respondent to the household

questionnaire is recorded, so that changes of respondent between waves can be recorded,

albeit imperfectly in some cases.

There is no unambiguous definition of a household in the intertemporal context since

household membership can vary considerably over time and, consequently, the BHPS has no

cross-wave household identifier to track households over time periods. In this study, we use

a very simple linking strategy: all households are selected at the initial wave in 1991 and the

household reference person (who can be thought of as a “head of household”) is identified.

In later waves, the household containing that person is deemed to be the same household

(even if he or she is no longer regarded as the reference person of the household concerned).

The statistical methods we use in section 3 require an uninterrupted run of observations over
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time, so we discard any observations that follow an episode of wave non-response. However,

the summary tables appearing in this section use the full set of available observations.

2.1 Expenditure on domestic energy

Since 1997, the BHPS questionnaire has contained stylised questions on the preceding 12

month’s household expenditure on four types of energy. The questions are asked sequentially

about gas, electricity, heating oil and solid fuel.1 The questions are introduced as follows:

In the last year, since September 1st [...], approximately how much has your

household spent on domestic fuel? Starting with gas...

2.2 Modes of rounding and heaping

Figures 1-4 show the sample distributions of responses to the BHPS questions on annual

electricity, gas, heating oil and solid fuel expenditures, with all waves from 1997-2004 pooled.

There are clear and very pronounced peaks in these distributions, which suggest four basic

modes of responding: annual rounding, where an estimate of the annual total is given directly

as a multiple of £50; weekly rounding, where the response is conceived as a weekly sum to the

nearest £1 and converted to an annual figure by multiplying by 52; and monthly rounding,

where the response is conceived as some multiple of £5 per month, multiplied by 12 to give

an annual figure.2 There are potential ambiguities in this classification, since responses which

are multiples of £300 could arise from either monthly or annual rounding.3 The summary

analysis presented in this section resolves this ambiguity arbitrarily by interpreting all such

points as monthly-mode estimates; this convention makes some difference to the summary

1Some households pay combined gas and electricity bills and report a single figure covering both. We
delete the small number of such cases.

2The existence of a quarterly billing option suggests another possibility: that the response is conceived as
a rounded quarterly figure and multiplied by 4 to give an annual estimate However, this would be expected
to lead to spikes at £40, £80, £160, etc. which are absent from the data.

3There are a few cases of reported expenditures of £1300, which could result either from annual rounding
or from weekly rounding at £25 a week; we have interpreted them as the latter. Other potential points of
ambiguity lie outside the sample range.

4



tables that follow but no qualitative difference to the conclusions we draw from them.4 Our

formal modelling approach, set out in section 3, resolves the ambiguity more satisfactorily

by allowing explicitly for both modes of reporting.

Figure 1 shows the distribution of (positive) responses for each of the four categories of

energy expenditure. In every case, the distribution is dominated by very large ‘spikes’ at

particular values, with different configurations of spikes for the four commodities.

Figure 1: Distributions of reported annual energy expenditures, BHPS 1997-2004 pooled

4See Appendix Tables A2-A4 for variants of Tables 2-4, based on the alternative interpretation of multiples
of £300 as annual rounding.
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Table 1 sets out the twelve most frequent sample values for each of the expenditure cate-

gories, together with the sample mean of expenditure and the mean and standard deviation

of its first difference. These are calculated only for the sample of households reporting a

strictly positive value for the expenditure in question. Rounding is clearly a very important

feature of the data, with the dozen most frequent sample values accounting for 54-69% of

sample numbers for the four specific energy types. There are very high variances for year-

to-year expenditure changes, in comparison to the mean difference (note that the median

expenditure change is £0 for all expenditure categories). The observed patterns of rounding

are rather different for the energy types, with annual rounding being more dominant for

oil and solid fuel. Weekly rounding is uncommon and only reaches 5% of the sample for

electricity.

Table 1 The dozen highest-frequency heaping points for each energy category
BHPS 1997-2004 pooled

ELECTRICITY GAS OIL SOLID FUEL TOTAL
Rank £p.a. % £p.a. % £p.a. % £p.a. % £p.a. %

1 300 9.3 300 10.0 400 11.0 100 8.5 600 4.9
2 200 7.1 200 5.9 600 10.3 50 7.8 500 3.6
3 250 6.1 400 5.9 300 9.9 200 5.9 400 2.8
4 400 5.6 250 5.1 500 9.9 300 5.5 800 2.8
5 240 5.3 360 5.1 350 4.6 500 4.0 700 2.7
6 500 4.3 240 4.4 200 4.5 150 4.0 480 2.3
7 360 3.8 500 4.0 450 4.5 20 3.9 1000 2.1
8 350 3.2 350 3.6 800 3.6 30 3.6 550 2.1
9 600 3.1 600 2.9 700 3.3 400 3.4 720 2.0
10 150 3.1 480 2.5 250 3.0 60 2.9 900 1.8
11 180 2.3 150 2.4 1000 2.7 250 2.7 450 1.8
12 520 2.3 120 2.0 550 1.7 600 2.5 650 1.7

% of sample 55.4 53.6 69.0 54.4 30.6
Mean C 345.3 327.9 481.8 264.8 672.3
Mean (∆C) -0.43 0.58 6.64 -11.64 -3.50
S. D. (∆C) 189.6 175.6 226.6 196.7 294.8
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2.3 Transitions in the response mode

A striking feature of the sequences of responses over time is the large number of changes in the

response mode used in different periods. Table 1 shows the matrices of year-to-year transition

rates. Although the diagonal is mostly dominant, implying a degree of persistence, there

are large off-diagonal elements, reflecting considerable temporal variation in the response

strategies used by BHPS respondents.

Table 2 Transition matrix for response mode, BHPS 1997-2004 pooled

Rounding type
Mode of origin Unrounded Weekly Monthly Annual Frequency

Electricity
Unrounded 37.5 4.3 28.5 29.7 10,875
Weekly rounding 20.4 27.8 25.5 26.4 1,866
Monthly rounding 21.8 4.3 39.0 34.9 10,817
Annual rounding 19.1 4.0 30.1 46.8 12,953
All origins 25.5 5.4 32.0 37.1 36,511

Gas
Unrounded 42.3 3.7 26.9 27.1 9,839
Weekly rounding 24.9 26.2 24.4 24.5 1,166
Monthly rounding 22.5 3.3 43.2 31.0 8,625
Annual rounding 21.1 3.5 30.9 44.5 9,197
All origins 28.9 4.4 33.0 33.7 28,827

Oil
Unrounded 26.8 1.9 26.1 45.2 949
Weekly rounding 22.6 11.3 30.2 35.9 53
Monthly rounding 11.1 1.0 33.1 54.8 1,156
Annual rounding 11.8 1.1 28.8 58.3 2,041
All origins 15.1 1.4 29.4 54.1 4,199

Solid fuel
Unrounded 47.3 2.6 14.0 36.2 1,554
Weekly rounding 22.2 21.4 18.0 38.5 117
Monthly rounding 22.2 4.3 33.3 40.3 658
Annual rounding 21.4 2.1 21.5 55.0 1,438
All origins 32.3 3.3 20.3 44.2 3,767

Response mode is related to the degree of year-to-year variability evident in the expen-

diture data. Table 3 shows that respondents who, on our definition, do not use rounding

show much less volatility in the annual change in their reported expenditure than those who
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do round their responses. This is consistent with the normal expectation that heaping tends

to increase the extent of measurement error. More surprising is the fact that respondents

who use the same rounding mode at every wave display just as much volatility in annual

reported expenditure change as respondents who switch mode. Thus there is no evidence

to suggest that people adapt their rounding method as necessary in order to track the true

consumption level closely (implying lower variance for ‘switchers’), nor is there evidence that

consistency of rounding method leads to a more stable series of expenditure reports.

Table 3 Volatility of change in reported expenditure by response
mode, BHPS 1997-2004 pooled

Rounding method constant across waves: Method varies
No rounding Weekly Monthly Annual across waves

Mean -1.54 -11.92 0.97 -1.11 -0.37
Electricity Std.dev. 86.64 124.77 180.54 211.65 190.63

n 718 96 741 1,401 31,753
Mean 0.23 3.53 9.05 3.45 0.28

Gas Std.dev. 86.60 82.99 134.21 166.82 179.33
n 901 59 577 856 24,421
Mean -3.58 - 57.60 10.45 3.94

Oil Std.dev. 127.13 - 296.44 217.58 226.15
n 48 1 125 598 3,024
Mean 3.09 62.40 -35.12 -21.17 -11.32

Solid fuel Std.dev. 87.38 411.75 160.98 179.73 205.96
n 219 5 41 359 2,438

2.4 Combinations of response mode

Most households use electricity and at least one other form of domestic energy. One might

expect respondents to use the same method of answering questions about each form of energy.

Table 4 cross-tabulates the response mode for electricity against those for gas, oil and solid

fuel, and shows a more complicated pattern of behaviour. The diagonals are not consistently

dominant in these tables, which implies a high rate of dissonance between the response modes
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for electricity and other energy types. Response behaviour is to some degree tailored to the

nature of the commodity in question and the way it is purchased.

Table 4 Joint distributions of response mode for electricity
and other energy types, BHPS 1997-2004 pooled

Other energy type
Electricity mode Unrounded Weekly Monthly Annual Frequency

Gas
Unrounded 54.5 3.7 22.8 19.1 10,279
Weekly rounding 28.9 38.2 18.9 14.0 2,107
Monthly rounding 21.3 2.1 51.6 25.0 12,610
Annual rounding 17.0 1.8 24.5 56.7 14,268
All origins 28.8 4.3 32.4 34.4 39,264

Oil
Unrounded 24.9 1.9 28.1 45.2 1,404
Weekly rounding 21.8 2.5 25.9 54.5 243
Monthly rounding 11.5 1.6 33.2 53.8 1,936
Annual rounding 10.1 0.9 28.9 60.2 2,672
All origins 14.3 1.4 29.9 54.5 6,255

Solid fuel
Unrounded 39.7 3.4 19.8 37.1 1,203
Weekly rounding 29.5 14.2 20.4 36.0 339
Monthly rounding 30.3 2.5 22.0 45.3 1,781
Annual rounding 27.1 2.4 19.3 51.1 2,257
All origins 31.0 3.4 20.3 45.3 5,580

Total Energy
Unrounded 52.1 3.8 21.2 22.9 15,142
Weekly rounding 37.7 15.2 23.8 23.4 1,402
Monthly rounding 35.4 3.9 31.6 29.2 9,119
Annual rounding 31.4 3.2 24.8 40.6 10,751
All origins 41.3 4.1 24.9 29.7 3,767

2.5 Aggregation of expenditure categories

What happens when expenditure categories are combined into an aggregate expenditure? A

simple heuristic based on the central limit theorem might suggest that, as a large number of

misreported component expenditures are aggregated, the result will be a total expenditure

figure deviating from the true total consumption figure by an approximately normal, zero-

mean measurement error. However, this rests on some strong assumptions: that there is no
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Figure 2: Distribution of annual energy expenditures aggregated over energy types, BHPS
1997-2004 pooled

systematic error across component categories; that the number of categories is large; and

that the dependence between them is sufficiently weak to allow the aggregation process to

reduce variance effectively. Figure 2 shows that aggregation over the four categories does not

eliminate the heaping problem but it does introduce a degree of smoothing. Table 1 (above)

shows that the top dozen heaping points account for only 31% of the sample, compared with

54-69% for the individual categories, and the proportion of totals classified as unrounded

under our conventions increases to 41% for the aggregate compared with a maximum of

31% for any of its sub-categories (Table 3, above). However, the variance of year-to-year

changes in reported total energy expenditure remains extremely large (Table 1), so it cannot

be claimed that aggregation over these categories achieves much reduction in measurement

error variance. It should be borne in mind here that, although we are aggregating over four

energy categories, 80% of households consume only two energy types and only 8% consume

more than two. It may be possible to achieve a much higher degree of variance reduction by

aggregation over a larger number of expenditure categories.
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2.6 Non-energy consumption expenditure

Aggregation can also be done implicitly by asking a recall question about a single broad

expenditure category, rather than building up a total from components. The BHPS has such

a recall question relating to food and groceries. In 1991, this was worded as follows:

Thinking about your weekly food bills approximately how much does your

household usually spend in total on food and groceries? Write in to near-

est £

From 1992 onwards, respondents were asked instead to select one of twelve pre-defined ex-

penditure ranges 5 from a showcard. The question wording was changed to:

Please look at this card and tell me approximately how much your household

spends each week on food and groceries. Include all food, bread, milk, soft

drinks, etc; exclude pet food, alcohol, cigarettes and meals out

Consequently, 1992 data are subject to interval censoring by design. Figure 3 compares

the distribution of responses from the 1991 and 1992 waves in density form. Note that the

official rates of price inflation for food and for all consumer goods between quarter 3 of 1991

and 1992 were only 1.3% and 2.7% respectively, so the comparison is largely unaffected by

price variation.

5Six £10 intervals over £0-59, five £20 intervals over £60-159 and an open interval of £160 or over.
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Figure 3: Distributions of weekly expenditures on food and groceries, BHPS 1991 and 1992

There are clearly difficulties with both question designs and the comparison should not

be seen as a simple contrast of a continuous variable with a discrete one. The numerical

responses in 1991 are dominated by 20 or so heaping points (the ten principal heaping

points make up 77% of the sample and the top twenty account for 93%), so the ‘continuous’

expenditure variable from 1991 is essentially discretised by respondents. The 1992 variable

sacrifices some detail by using only 12 response intervals, but it seems likely that there would

be little difference between their information content if the question were re-designed by

increasing the number of response categories. There seems no convincing case for preferring

the ‘continuous’ variable on grounds of analytical convenience, since both question designs

produce essentially discrete data.

However, the choice between the two question designs may not rest only on a possi-

ble sacrifice of information. If someone is offered a list of specific possibilities, rather than

asked for a completely unguided response, he or she is being asked to follow a different

cognition-decision process. It is quite conceivable that these different processes may gener-

ate conflicting answers (see Blair et al. 1977, Schwartz et al. 1985, Schaeffer and Charng

1991 for examples in various contexts where the use and design features of banded ques-
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tions generates significantly different response distributions than open questions). Figure 4

examines this issue by comparing the 1991 and 1992 distributions in terms of the empirical

distribution function, evaluated at the interval limits used in the 1992 questionnaire. The

two curves are remarkable close, differing mainly in a slightly larger proportion of extremely

low expenditures in 1992 and a net shift of cases from upper-middle expenditure levels in

1991 to high levels in 1992. Although this is not conclusive evidence, it does suggest that

there is no great behavioural difference between the response processes for the two question

types.
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Figure 4: Distribution functions of weekly expenditures on food and groceries, BHPS 1991
and 1992

3 A joint model of consumption and response mode

We see survey response behaviour as a two-stage process. Before producing an estimate

of expenditure, the respondent has to make a decision about how to form that estimate
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- for example, he or she may decide to search for documentary evidence to give a precise

figure or use some simple method of approximation, such as scaling up an approximate

monthly amount. The important point here is that the response mode is logically prior

to the response itself, just as a statistician’s choice of estimator is logically prior to the

calculation of an estimate. At the second stage, we assume that the respondent gives the

most accurate response possible, conditional on the chosen response strategy.6 This view

of the heaping process thus interprets it as endogenously-generated interval censoring since,

for example, a reported value such as £100 in the annual rounding response mode implies

only that the true expenditure figure lies in some interval containing the value £100. The

censoring process is endogenous in the sense that the mode of response is the outcome of a

choice made by the respondent.

3.1 Response mode

Let there be M modes of response and assume initially that we can infer the response mode

unambiguously by inspection of the raw expenditure data. Let the observed sequence of

modes used by household i be {mit, t = 0...Ti}. In our application there are M=4 modes:

exact unrounded (mit = 0); scaled-up weekly (mit = 1), scaled-up monthly (mit = 2); and

annual rounded to the nearest £50 (mit = 3). The first stage of the response decision entails a

discrete choice between these M modes. Since there is likely to be some persistence in modes

of response, we allow for (first-order) autoregressive dynamics and unobservable individual

effects embedded in a multinomial logit probability structure with separate components for

the transition model and the initial mode:

P (mit = k|Zi,mit−1 = j, ξi) =
exp (γjk + zitβk + κkξi)∑M

m=0 exp (γjm + zitβm + κmξi)
, t = 1...Ti (1)

P
(
mi0 = j|z0

i , ξi
)

=
exp (z0

i αj + κj0ξi)∑M
m=0 exp (z0

i αm + κ0
mξi)

(2)

6It is possible that there is error in the respondent’s underlying perception, so that unrounded responses
contain measurement error and rounded values are based on erroneous perceptions. This raises a fundamental
identification problem that cannot be avoided without external validation data or further strong assumptions.
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where: Zi = {z0
i , zi1...ziTi

} is a sequence of (row) vectors of strictly exogenous observed

covariates describing the characteristics of the respondent and the interview conditions; ξi is

an unobservable N(0,1) random effect; κj and κ0
j are scale parameters and {αm,βm} is the

vector of coefficients specific to mode m. The parameters γjk represent the autoregressive

effect of the previous period’s response mode mit−1 = j on the current response mit = k.

The mode choice parameters are subject to the following normalisation restrictions:

α0 = 0; β0 = 0; γ00 = ... = γM0 = 0; κ0 = κ0
0 = 0 (3)

Under our assumptions, a likelihood function for the model of mode choice alone can be

constructed as the product of an initial term (2) and a sequence of terms (1).

3.2 Ambiguous response modes

It is not always possible to distinguish unambiguously between alternative possibilities for the

response mode in use by a given individual. There are two issues: (i) the unrounded mode

might by chance generate some observations situated at heaping points; (ii) two different

rounding modes might be capable of generating the same value. The first of these is dealt

with by assuming that, in unrounded mode, expenditure is observed as a continuous variable

with a smooth density, implying that the heaping points are a set of probability measure

zero and the rounded observations can thus be identified almost surely a priori. This is,

of course, a simplifying approximation since the question asks for expenditures only to the

nearest £.

The second case is more complicated. For individuals with a number T ∗i ∈ {0...Ti} of

observations which are multiples of £300 (and therefore consistent with both monthly and

annual rounding) there are 2T ∗i possible mode sequences consistent with the time series of

reported expenditures. In such cases, we compute the likelihood as the sum of the separate

likelihoods for each of these possible sequences. This method is only feasible for short panels.

In longer panels, for cases where 2T ∗i is a large number, it is possible to calculate an unbiased
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estimate of the likelihood by repeatedly drawing at random (with replacement) one of the

2T ∗i sequences, calculating the sub-likelihood for each and then averaging over the sampled

sequences.

3.3 Consumption

Let the true (log) consumption process be the following autoregressive random-effects struc-

ture:

cit = xitδ + ρcit−1 + ψξi + συυi + σεεit (4)

where: cit is the logarithm of expenditure; υi is a persistent individual effect specific to

consumption; ψ, συ and σε are scale parameters; and {εit} is a sequence of independent

N(0,1) variates.

Our data come from panel with waves indexed by t = −τ...0...Ti, where period 0 is

the wave at which observation of consumption begins. The sequence of covariates X i =

{xi,−τ ...xiTi
} is fully observed. We use the following approximation to the initial observation

at wave 0:

ci0 = x0
i δ +

ψ

1− ρ
ξi +

συ

1− ρ
υi +

σε√
1− ρ2

εi0 (5)

where:

x0
i =

τ−1∑
s=0

ρsxi,−s +
ρτ

1− ρ
xi,−τ (6)

This approximation rests on the assumption that |ρ| < 1, the consumption process is long-

established and that xi,−τ is a good proxy for the sequence of preceding x-vectors. Given that

ρτ is likely to be small (τ = 5 in our application), this seems an innocuous approximation.

Under our assumptions, cit is observed exactly if the unrounded response mode mit = 0

is used at time t, but is interval censored if any other response mode is used. Methods of

dealing with the heaping problem often make the dual assumptions of a single universal set

of heaping points and, for the affected observations, of rounding to the closest such value. A

much-cited extension due to Heitjan and Rubin (1990) allows for an ordered set of rounding
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methods, but remains within a static cross-section framework. Our approach generalises

previous work in three ways. First, we allow for the coexistence of different (unordered)

methods of rounding by respondents; second, we model behavioural dependence between the

mode of rounding used and the underlying true consumption behaviour; and third, we relax

the assumption that, within any rounding mode, all heaping points have the same degree of

attractiveness as ‘round’ values.

Given the respondent’s choice of response mode, the true consumption variable, cit, is

converted into reported consumption, c+it , as follows. In mode 0, cit = c+it with probability 1.

For each mode m > 0, there is a countable set of (log) heaping points, Γm
j , j = 1, 2, .... Not

all of these points are equally attractive as rounded values: for example, in annual rounding

mode, even multiples of £50 are more heavily used by respondents than odd multiples.

Define a set of (inverse) attraction levels Am
j associated with the points Γm

j , where the Am
j

are normalised by Am
j = 1 for some j within each m. Then assume that cit is rounded as Γm

j

if and only if mode m is chosen and cit ∈
[
Lm

j , U
m
j

)
, where:

Lm
j =


−∞, j = 1

Am
j−1Γm

j−1+Am
j Γm

j

Am
j−1+Am

j
, j > 1

(7)

Um
j =

Am
j Γm

j + Am
j+1Γ

m
j+1

Am
j + Am

j+1

(8)

3.4 Estimation

To estimate the combined consumption-response model (2), (1) and (5)-(8), we use the

Geweke-Hajivassiliou-Keane maximum simulated likelihood (MSL) method, extended to al-

low for unobserved heterogeneity in addition to the interval censoring induced by rounding

behaviour. Write the vector of true consumption values as ci = (ci0...ciTi
). Under a normal-

ity assumption, (5) and (4) imply ci|ξi,X i ∼ N(µi(ξi),Ω) where the typical elements of the
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mean vector and covariance matrix are:

µit(ξi) =

(
ρtx0

i +
t−1∑
s=0

ρsxit−s

)
δ +

ψ

1− ρ
ξi (9)

ωst = σ2
ε

ρt−s

1− ρ2
+ σ2

υ

1

(1− ρ)2
, s ≤ t (10)

where Vt(ρ) = 1−ρt

1−ρ
if ρ 6= 1 and Vt(ρ) = t if ρ = 1. In (9) for t = 0, the summation from

s = 0 to -1 is interpreted as zero. Now partition ci into a subvector ci1 of elements assumed

to be reported accurately (i.e. in annual unrounded form) and the remaining elements ci2

reported in one of the rounded modes, for which we only observe the interval within which

consumption falls. Partition µi and Ω conformably and decompose the joint distribution

into the following marginal and conditional components:

ci1|X i, ξi ∼ N (µi1,Ω11) (11)

ci2|ci1,X i, ξi ∼ N
(
µi2 + Ω21Ω

−1
11 (ci1 − µi1) ,Ω22 −Ω21Ω

−1
11 Ω12

)
(12)

Conditional on the individual effects ξiq and the response mode determined at the first stage

of the response process, the likelihood of the observation ci is the product of the normal

marginal density (11) multiplied by the probability for the conditional distribution (12) over

the hyper-rectangle defined by the vector of intervals (ai,bi). The latter rectangle probability

can be approximated using the GHK simulator, based on the following representation:

P (ci2 ∈ (ai,bi) |ci1,X i, ξi) = Ehi (ζi, ξi) (13)

where: hi (ζi, ξi) is a function defined as a product of sequentially-conditioned normal den-

sities. For example, if ci1 contains all Ti consumption variables:

hi (ζi, ξi) = gi0(ζi, ξi)

Ti∏
t=1

git(ζi, ξi) (14)

where gi0 and git are the truncated normal densities f (ci0|ci0 ∈ (ai0, bi0),x
0
i , ξi) and

f (cit|ci0...cit−1, cit ∈ (ait, bit),X i, ξi) evaluated at ci = ζi (see Hajivassiliou and Ruud, 1994

for details); and ζi is a vector of variates drawn independently from these truncated densities.
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The likelihood for household i can then be written:

Li = Eξζ{P (mi|Zi, ξ)hi(ζ, ξ)φ(ci0;µi0(ξ),Ω00)} (15)

where φ (.;µ,Ω) is the multivariate normal density and mi = (mi0...miTi
). The simulated

likelihood approximation is:

L̃i =
1

R

R∑
r=1

P
(
mi|Zi, ξ

(r)
i

)
hi

(
ζ

(r)
i , ξ

(r)
i

)
φ
(
ci0;µi0(ξ

(r)
i ),Ω00

)
(16)

where r indexes the R replications. The simulated log likelihood for the whole sample is the

sum of logs of terms like (16) for each household. The log-likelihood function is maximised

numerically with respect to the parameters of the model, with the R sets of pseudo-random

variates {ζ(r)
i , ξ

(r)
i , i = 1...n} held fixed through the optimisation process.

In the application reported in the following section, we implement this estimator in a two-

stage process. First, initial approximate MSL estimates are produced, using crude Monte

Carlo simulation with R = 50 replications. The second stage starts from this point in the

parameter space, increasing the number of replications to R = 150, with the use of antithetic

acceleration for each case i where antithetic acceleration gives a reduced estimated simulation

variance for the log-likelihood, relative to simple Monte Carlo.

4 Results

The combined consumption-rounding model has been estimated for two definitions of con-

sumption expenditure: electricity and total domestic energy. In both cases, the issue of

zero expenditures is of negligible importance: almost all households use electricity (97.6%

of the original pooled sample7) and a still larger proportion (98.7%) use some form of pur-

chased energy. We also compare this model with results from conventional estimators which

ignore the heaping problem. The explanatory covariates used in the main consumption

7This figure under-estimates electricity usage: some of the apparent non-buyers of electricity receive it
included in rent, others may pay a combined gas-electricity charge.
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model (4) include household size, housing tenure, household per capita income, the age of

the main household-questionnaire respondent (entered as a quadratic), the change in income

and household size since last year, and the fuel used for central heating (if any). The model

of response mode (1) has the same covariates, except that the central heating dummies

proved insignificant and have been omitted and additional variables are included to reflect

the gender and any change in the identity of the principal respondent from the previous year.

The latter variable is interacted with the lagged mode dummies to allow the possibility that

a change of respondent might disrupt the reporting dynamics.

We allow for different degrees of attractiveness of rounding points within the weekly,

monthly and annual rounding modes by specifying the parameters Am
j appearing in (7) and

(8) as follows. For the weekly rounding mode (m = 1), A1
j = 1 if point Γ1

j is a multiple

of £260 and equal to a parameter a1 otherwise; for monthly rounding, A2
j = 1 when Γ2

j is

a multiple of £120 and A2
j = a2 otherwise; and for annual rounding, A3

j = 1 when Γ3
j is a

multiple of £100 and A3
j = a3 otherwise. The parameters a1...a3 are estimated and expected

to be greater than 1.

For the initial state of the response mode choice, equation (2), we use the vector z0
i =

(zi0 z ∗
i ) as covariates, where z ∗

i is the average, over all waves t = −τ ... Ti, of the time-

varying elements of zit.

Attempts to implement the full model (1), (2), (4) (5), (7) and (8) led to a corner solution

of the likelihood maximisation problem, with σ̂υ = 0. Consequently, we work with a single-

factor model with συ restricted to be zero. Full parameter estimates for the electricity and

total energy models are given in appendix tables A2 and A3.

4.1 Electricity consumption

Table 5 summarises the influence of household characteristics on the mode of rounding by

comparing the predicted probability of mode persistence across a number of hypothetical
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household types. Mode persistence is defined as recurrence of the response mode used at

the previous year’s interview and there are consequently four conditional persistence prob-

abilities, one for each of the four possible lagged modes. These predicted probabilities are

first calculated for a baseline household type, specified as containing two members, who own

their own home, have an income of £10,000 per head; and where the primary respondent

to the expenditure questions is a 50-year old woman. For this household, the probability

of retention of the initial response mode ranges from 0.192 for weekly rounding to 0.525 for

non-rounding. Annual rounding and non-rounding are considerably more persistent than

weekly or monthly rounding.

A number of separate changes to this baseline are made to explore the impact of particular

household characteristics, specifically: adding a household member; moving from owner-

occupation to social rented housing or to private rental; a 10% income increase; a male

rather than female respondent; and variation in the respondent’s age to 40 and to 60. Few of

these variations lead to large changes in the origin-specific probabilities of mode persistence.

The one striking result is the strong influence of housing tenure on the persistence of weekly

rounding. Social tenants and, to a lesser degree, private tenants are much more likely than

owner-occupiers to persist in a weekly basis for expenditure reporting. It is likely that the

housing tenure effect is a combination of factors, including the more frequent use of short-

term bill-payment arrangements in many rented properties and also a more general tendency

towards short-term budgeting among the ‘lower’ social classes, where home-ownership is less

common. It is striking that income itself is not a significant factor.
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Table 5 Influence of household characteristics on response mode: electricity

Initial mode
Change Unrounded Weekly Monthly Annual

Pr(mode persistence) 0.525 0.192 0.346 0.517
(0.015) (0.033) (0.017) (0.015)

∆ Pr(mode persistence)
+1 household member -0.036 0.018 0.008 0.023

(0.014) (0.027) (0.017) (0.016)
Social tenant -0.070 0.248 -0.003 -0.022

(0.021) (0.044) (0.023) (0.022)
Private tenant 0.003 0.123 -0.079 0.032

(0.033) (0.065) (0.033) (0.031)
10 % income increase 0.000 -0.001 0.001 -0.000

(0.016) (0.029) (0.019) (0.017)
Male respondent -0.007 -0.020 0.007 0.006

(0.015) (0.026) (0.018) (0.017)
Age 40 -0.035 0.011 0.027 0.005

(0.018) (0.031) (0.019) (0.018)
Age 60 0.026 -0.015 -0.024 0.001

(0.015) (0.026) (0.018) (0.016)

Baseline: 2-person household; homeowner; annual income £10,000 p.c.; female
respondent aged 50; standard errors in parentheses

Table 6 compares the coefficients of the consumption part of the model with results from

a dynamic random effects regression (estimated using simulated maximum likelihood) and

the Blundell-Bond (1998) GMM estimator, both of which ignore the heaping problem. All

three approaches use essentially the same set of assumptions about the initial value of the

consumption series. The GMM estimator avoids the assumption of independence between

the explanatory covariates and the individual effect ξi, which underlies both the random

effects model and our extension which allows for heaping.

There are substantial differences between the three sets of estimates. The heaping model

differs from the other two primarily in terms of the estimated impact of: housing tenure

(where home ownership has a significant positive, rather than negative or insignificant, ef-

fect); income (where the estimated relationship is U-shaped rather than increasing and mildly

concave); and form of central heating (where the impact of oil-fired central heating is to in-
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crease, rather than decrease, electricity consumption. Table 7 quantifies these differences in

terms of the predicted long run comparative statics effects of changes in household charac-

teristics. These impacts are calculated as 100 × [exp{∆xδ/ (1− ρ)} − 1], where ∆x is the

change in the baseline characteristics.

All three models suggest that the autoregressive parameter ρ is of moderate size, but

the heaping model suggests a negative, rather than positive sign. The heaping model and

random-effects regression also differ substantially in terms of the importance of the indi-

vidual effect ξi, as shown by the intra-class correlation, ψ2/ (ψ2 + σ2
ε ), which is only 34%

for the random effects regression but 76% for the heaping model. Thus, allowing explicitly

for response behaviour has changed the estimated autocorrelation structure from a mixed

persistent effect-autoregressive structure to one where the persistent effect dominates.

Table 6 Coefficient estimates of the consumption process: electricity

Heaping model RE regression Blundell-Bond
coefficient std. error coefficient std. error coefficient std. error

Intercept 5.236 0.048 3.927 0.076 5.207 0.236
H/hold size-2 0.170 0.004 0.162 0.006 0.096 0.017
(H/hold size-2)2 -0.018 0.001 -0.018 0.002 -0.011 0.005
Homeowner 0.076 0.009 0.019 0.017 -0.097 0.053
Social tenant 0.001 0.010 -0.037 0.018 0.013 0.056
Income p.c. -0.086 0.052 0.387 0.058 0.066 0.119
Income p.c.2 0.068 0.013 -0.021 0.005 -0.007 0.008
Age/10 0.204 0.013 0.176 0.021 0.004 0.080
(Age/10)2 -0.204 0.011 -0.162 0.018 0.004 0.070
Electric c.h. 0.211 0.008 0.309 0.014 0.113 0.043
Gas c.h. -0.114 0.006 -0.162 0.011 -0.164 0.033
Oil c.h. 0.172 0.008 -0.029 0.020 -0.081 0.064
cit−1 -0.049 0.004 0.228 0.008 0.104 0.012
σε 0.274 0.336 -
Intra-class corr. 0.764 0.311 -
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Table 7 Long-run percentage impact of household
characteristics on consumption: electricity

Change Heaping model RE model
+1 household member 15.81 18.64

(0.44) (0.64)
Social tenant -6.93 -6.90

(0.76) (1.42)
Private tenant -7.00 -2.38

(0.77) (2.12)
10 % income increase -0.07 0.50

(0.05) (0.07)
Age 40 -1.97 -3.91

(0.41) (0.74)
Age 60 -1.88 -0.20

(0.29) (0.48)
Electric c.h. 36.34 84.03

(0.82) (2.82)
Oil c.h. 31.32 18.83

(1.08) (2.91)
Solid fuel c.h. 11.47 23.40

(0.60) (1.71)

Baseline: 2-person household; homeowner; annual income £10,000 p.c.; female
respondent aged 50; gas central heating standard errors in parentheses

4.2 Total energy consumption

Tables 8, 9 and 10 give the same model summaries for total energy expenditure. The

general conclusions are remarkably similar to those for electricity expenditure. A greater

proportion of sample observations appear unrounded, as a consequence of the combination

of different rounding methods used for the constituent categories. An implication of this

is that the estimated degree of persistence in unrounded mode is higher for total energy

than for electricity alone, with lower persistence for all other expenditure categories. The

influence of household characteristics on response mode appears weaker than for the single

energy category, with housing tenure again being the only strong influence.
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As we found for electricity expenditure, response error causes substantial bias in estimates

of the consumption process, particularly in terms of its dynamic properties. When allowance

is made for the rounding process, the positive autoregressive coefficient becomes small and

negative, with the unobserved household effect carrying virtually all of the persistence of

consumption behaviour across waves. There are also substantial biases in the effects of some

explanatory covariates in terms of both short-run and long-run coefficients.

Table 8 Influence of household characteristics on response mode: total energy

Initial mode
Change Unrounded Weekly Monthly Annual

Pr(mode persistence) 0.620 0.114 0.249 0.441
(0.012) (0.021) (0.016) (0.014)

∆ Pr(mode persistence)
+1 household member -0.006 -0.004 -0.009 0.020

(0.012) (0.014) (0.014) (0.015)
Social tenant -0.030 0.125 0.011 -0.041

(0.017) (0.024) (0.020) (0.020)
Private tenant -0.036 0.007 -0.003 0.046

(0.028) (0.034) (0.030) (0.031)
10 % income increase -0.002 -0.002 0.003 0.000

(0.012) (0.014) (0.014) (0.014)
Male respondent -0.008 0.002 0.003 0.006

(0.012) (0.014) (0.015) (0.016)
Age 40 -0.016 0.014 0.017 -0.004

(0.015) (0.017) (0.017) (0.017)
Age 60 0.014 -0.013 -0.018 0.007

(0.011) (0.013) (0.013) (0.014)

Baseline: 2-person household; homeowner; annual income £10,000 p.c.; female
respondent aged 50; standard errors in parentheses
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Table 9 Coefficient estimates of the consumption process: total energy

Heaping model RE regression Blundell-Bond
coefficient std. error coefficient std. error coefficient std. error

Intercept 6.006 0.030 4.376 0.078 5.294 0.222
H/hold size-2 0.120 0.002 0.145 0.005 0.081 0.015
(H/hold size-2)2 -0.012 0.001 -0.015 0.002 -0.009 0.004
Homeowner 0.171 0.007 0.066 0.014 -0.049 0.048
Social tenant 0.124 0.006 -0.033 0.014 -0.015 0.052
Income p.c. 0.003 0.025 0.253 0.051 -0.147 0.107
Income p.c.2 -0.003 0.004 -0.013 0.004 0.003 0.007
Age/10 0.224 0.008 0.170 0.021 0.126 0.072
(Age/10)2 -0.224 0.007 -0.152 0.017 -0.085 0.063
Electric c.h. -0.176 0.005 -0.041 0.012 -0.085 0.039
Gas c.h. -0.020 0.004 0.001 0.009 -0.071 0.030
Oil c.h. 0.081 0.008 0.149 0.016 -0.008 0.060
cit−1 -0.068 0.003 0.226 0.008 0.116 0.012
σε 0.246 0.296 -
Intra-class corr. 0.773 0.385 -

Table 10 Long-run percentage impact of household
characteristics on consumption: total energy

Change Heaping model RE model
+1 household member 10.64 17.03

(0.16) (0.57)
Social tenant -4.32 -12.00

(0.56) (1.17)
Private tenant -14.77 -8.14

(0.57) (1.62)
10 % income increase 0.00 0.32

(0.02) (0.07)
Age 40 -2.06 -4.21

(0.23) (0.71)
Age 60 -2.09 0.36

(0.17) (0.44)
Electric c.h. -13.57 -5.22

(0.35) (1.26)
Oil c.h. 9.91 21.14

(0.72) (2.42)
Solid fuel c.h. 1.86 -0.07

(0.37) (1.20)

Baseline: 2-person household; homeowner; annual income £10,000 p.c.; female
respondent aged 50; gas central heating standard errors in parentheses
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5 Conclusions

This study gives rise to a number of tentative conclusions on the design of consumption

questions and the impact of response error on dynamic statistical models of consumption.

5.1 Implications for survey design

A first conclusion is that different respondents answer questions in different ways and there

is a need for more information on the factors underlying this diversity. In the context of

energy consumption, it would be helpful to preface questions on expenditure by questions on

the method and frequency of payment. For example, it is likely that respondents will follow

a different cognitive path if they pay by monthly direct debit than if they use pre-payment

meters. A potential difficulty here is that technological change in payment methods makes it

difficult to maintain a body of relevant survey questions and to use the responses effectively.

A second definite finding is that recall expenditure data of this kind are inevitably dis-

crete, however the question is designed. The BHPS questionnaire asks for a response to the

nearest £1 but the responses are not continuously distributed: the top dozen heaping points

account for well over a half of the sample and the top twenty account for over 90%. The

choice between an open question design yielding a ‘continuous’ response and a banded de-

sign yielding an ordinal response is largely illusory. There are two other issues which should

govern the choice between open and banded designs: the number of bands and the proper-

ties of the (explicit or implicit) discretisation process. For a banded design, BHPS evidence

suggests that around 20 bands would be required to avoid significant loss of information

relative to the open design. There can be difficulties in using so many bands, particularly

with showcard methods. The second issue may be more important. Open questions leave

the respondent to decide how to round his or her answer and the resulting implicit discreti-

sation process may be endogenous to the consumption behaviour we are trying to observe.
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In contrast, banded questions involve exogenous discretisation specified by the question de-

signer, which avoids the statistical complexities entailed by endogenous rounding. This is a

strong argument in favour of banded questions, provided a sufficient number of bands can be

used, but there are counter-arguments. Change in expenditure levels, particularly through

strong price inflation, renders any fixed set of bands inappropriate after a period of time and

the updating process may introduce comparability problems. Aggregation over expenditure

categories is also problematic with banded data, although, arguably, the difficulties are just

as great for unbanded data, which are also largely discrete.

A third important conclusion is the very large variance of year-to-year changes in reported

expenditure on energy, much of which is likely to result from measurement error. This

suggests the need for error-reduction devices such as dependent interviewing or external

validation data. Dependent interviewing involves follow-up questions in cases where there is

a large change from the previous wave; this would tend to reduce the scale of error but it

also risks imposing artificial stability, causing a different, not necessarily less serious, type

of distortion in the data. Another possibility is the use of validation samples, such as the

billing records of energy utilities, to estimate the true volatility of expenditure movements,

from which we could drive an estimate of the overall variance of measurement error in recall

data. At present, in the UK at least, it is almost certainly infeasible to link utility company

billing records to survey households at the micro level.

A fourth finding is that the different rounding methods used by respondents may lead to

different degrees of measurement error, which suggests the possibility of substantial efficiency

gains from use of a weighting strategy which takes some account of the (inferred) rounding

method. However, the potential endogeneity of the rounding method is a serious complicating

factor here.

28



5.2 Implications for consumption modelling

There is a very large and sophisticated econometric literature which uses stylised consump-

tion data to estimate dynamic models of consumer expenditure and, from this, draw infer-

ences about intertemporal decision-making and welfare change. The recent literature has

considered the issue of measurement error in consumption data and its implications for bias

in estimated dynamic models but has generally assumed classical, zero-mean independent

measurement errors. This is despite the fact that the obvious heaping of responses is a very

strong signal that measurement error is far from classical.

This study has demonstrated that the rounding processes responsible for sample heaping

are complex in nature, with their own dynamic pattern superimposed on that of the under-

lying true consumption process. Extension of a simple autoregressive energy demand model

to encompass this complex pattern of misreporting has led to results that differ quite sub-

stantially from those generated by standard econometric modelling techniques which ignore

the heaping problem. The important conclusion to be drawn from this finding is that we

should change our modelling outlook. Observed panel survey data on expenditures constitute

a single observation on the joint outcome of two processes: the true consumption process

and a quite separate interview-response process. A full understanding of the data would

require joint modelling of both processes, using a model of response that is considerably

more realistic than the classical measurement error assumptions.
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Appendix: Additional tables

Table A1 Parameter estimates for electricity model
Multinomial logit for response mode

Response mode (baseline = unrounded)
Parameter Weekly Monthly Annual rounded

Autoregressive coefficients γjk: no change of respondent
Weekly 2.193 0.348 0.482

(0.188) (0.193) (0.175)
Monthly 0.571 1.027 0.754

(0.184) (0.079) (0.085)
Annual 0.680 0.679 1.499

(0.174) (0.083) (0.062)
Autoregressive coefficients γjk: new respondent

Weekly 1.236 0.216 0.243
(0.501) (0.431) (0.382)

Monthly 0.195 0.786 0.670
(0.437) (0.204) (0.197)

Annual 0.441 0.658 1.255
(0.378) (0.204) (0.166)

Respondent characteristics βj

Intercept -1.421 -0.065 -0.041
(0.964) (0.129) (0.062)

H/hold size-2 -0.066 0.662 -0.035
(0.499) (0.295) (0.053)

(H/hold size-2)2 0.302 0.458 -0.134
(0.431) (0.176) (0.308)

Homeowner 0.220 0.045 -0.314
(0.097) (0.140) (0.164)

Social tenant 0.137 -0.241 -0.301
(0.046) (2.626) (0.139)

Income p.c. 0.177 0.174 -0.025
(0.041) (1.225) (0.265)

Income p.c.2 -0.031 -0.165 0.153
(0.031) (0.997) (0.139)

Female respondent -0.011 -0.602 0.214
(0.015) (0.678) (0.114)

Age/10 -0.026 0.094 0.326
(0.013) (0.314) (0.282)

(Age/10)2 -0.615 0.121 0.188
(0.292) (0.248) (0.152)

Changed respondent 0.306 0.111 0.201
(0.166) (0.127) (0.138)

Random effect: κk -0.343 0.006 0.112
(0.089) (0.044) (0.038)
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Table A1 continued Parameter estimates for electricity model
Multinomial logit for initial response mode

Response mode
(baseline = unrounded)

Parameter Weekly Monthly Annual rounded
Initial characteristics αj

Intercept -0.670 -0.817 0.449
(1.359) (8.161) (0.228)

H/hold size-2 0.362 -0.980 0.119
(0.879) (3.251) (0.151)

H/hold size-2)2 0.319 -0.048 0.081
(0.724) (2.214) (0.120)

Homeowner -0.380 -0.755 0.547
(0.266) (3.710) (0.728)

Social tenant -0.131 0.088 -0.463
(0.164) (0.997) (0.563)

Income p.c. 0.170 0.408 -0.120
(0.137) (0.580) (0.522)

Income p.c.2 0.003 0.534 -0.138
(0.045) (0.426) (2.706)

Female respondent 0.039 -0.105 -0.073
(0.032) (0.208) (0.743)

Age/10 -0.026 0.085 -0.035
(0.028) (0.162) (0.555)

(Age/10)2 -0.702 -0.209 -0.051
(0.503) (0.500) (0.524)

Sample mean characteristics αj

Mean h/hold size-2 -0.031 -0.091 0.055
(0.320) (0.310) (0.265)

Mean homeowner -0.113 0.162 -0.115
(0.250) (0.255) (0.211)

Mean income p.c. 0.590 -0.074 -0.256
(0.816) (0.449) (0.258)

Mean age/10 0.457 -0.029 -0.221
(0.602) (0.276) (0.156)

Mean electric c.h. -0.326 -0.178 -0.401
(0.535) (0.227) (0.123)

Random effect: κk0 -0.752 0.083 0.010
(0.184) (0.108) (0.090)
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Table A1 continued Parameter estimates for electricity model
Autoregression for consumption

Intercept 5.236 (0.048)
H/hold size-2 0.170 (0.004)
(H/hold size-2)2 -0.018 (0.001)
Homeowner 0.076 (0.009)
Social tenant 0.001 (0.010)
Income p.c. -0.086 (0.052)
Income p.c.2 0.067 (0.013)
Age/10 0.204 (0.013)
(Age/10)2) -0.204 (0.011)
Electric c.h. 0.211 (0.008)
Gas c.h. -0.114 (0.006)
Oil c.h. 0.172 (0.008)
cit−1 -0.049 (0.004)
σε 0.274 (0.000)
ψ -0.493 (0.005)

Rounding: inverse attraction parameters Am
j

Weekly: non-multiples of £260 1.420 (1.871)
Monthly: non-multiples of £120 1.253 (0.046)
Annual: non-multiples of £100 1.044 (0.021)
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Table A2 Parameter estimates for total energy model
Multinomial logit for response mode

Response mode (baseline = unrounded)
Parameter Weekly Monthly Annual rounded

Autoregressive coefficients γjk: no change of respondent
Weekly 1.344 0.128 -0.059

(0.198) (0.194) (0.189)
Monthly 0.370 0.805 0.658

(0.201) (0.087) (0.090)
Annual 0.354 0.425 1.309

(0.179) (0.094) (0.061)
Autoregressive coefficients γjk: new respondent

Weekly 1.487 0.935 1.237
(0.567) (0.530) (0.411)

Monthly -0.053 1.029 0.635
(0.586) (0.205) (0.200)

Annual 0.172 0.506 1.137
(0.406) (0.220) (0.150)

Respondent characteristics βj

Intercept -1.647 -0.211 -0.029
(0.942) (0.122) (0.067)

H/hold size-2 -1.021 0.745 -0.034
(0.534) (0.334) (0.055)

(H/hold size-2)2 -0.666 0.029 -0.191
(0.429) (0.174) (0.311)

Homeowner -0.099 -0.299 -0.100
(0.085) (0.137) (0.172)

Social tenant 0.016 -1.168 -0.094
(0.051) (1.611) (0.141)

Income p.c. 0.102 1.694 0.035
(0.042) (1.028) (0.266)

Income p.c.2 0.031 0.458 -0.007
(0.029) (0.539) (0.146)

Female respondent 0.015 0.046 0.078
(0.020) (0.290) (0.117)

Age/10 -0.015 -0.268 -0.583
(0.016) (0.209) (0.320)

Age2/10 -0.141 -0.026 0.174
(0.333) (0.053) (0.130)

Changed respondent -0.062 -0.036 0.216
(0.159) (0.126) (0.113)

Random effect: κk -0.212 0.094 0.120
(0.081) (0.043) (0.035)
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Table A2 continued Parameter estimates for total energy model
Multinomial logit for initial response mode

Response mode
(baseline = unrounded)

Parameter Weekly Monthly Annual rounded
Initial characteristics αj

Intercept -0.719 -0.521 0.362
(1.600) (8.694) (0.248)

H/hold size-2 -0.739 -0.603 0.016
(0.940) (4.389) (0.162)

(H/hold size-2)2 -0.228 -0.224 -0.007
(0.710) (2.075) (0.120)

Homeowner -0.307 -0.104 1.515
(0.329) (3.927) (1.120)

Social tenant 0.034 -0.866 -1.468
(0.176) (1.696) (0.582)

Income p.c. 0.176 0.356 -0.348
(0.135) (0.516) (0.479)

Income p.c.2 0.029 0.866 -0.809
(0.049) (0.351) (3.463)

Female respondent 0.010 0.068 0.849
(0.035) (0.217) (0.840)

Age/10 -0.033 -0.127 0.219
(0.027) (0.164) (0.553)

(Age/10)2 0.206 -0.656 -0.830
(0.622) (0.575) (0.482)

Sample mean characteristics αj

Mean h/hold size-2 0.171 -0.112 -0.127
(0.352) (0.320) (0.279)

Mean homeowner -0.050 0.130 -0.016
(0.228) (0.257) (0.213)

Mean income p.c. -0.197 0.366 -0.415
(1.146) (0.509) (0.282)

Mean age/10 1.707 0.035 -0.014
(0.643) (0.288) (0.168)

Mean electric c.h. -0.076 -0.172 -0.189
(0.481) (0.230) (0.120)

Random effect: κk0 -0.812 -0.023 0.314
(0.232) (0.107) (0.082)
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Table A2 continued Parameter estimates for total energy model
Autoregression for consumption

Intercept 6.006 (0.030)
H/hold size-2 0.120 (0.002)
(H/hold size-2)2 -0.012 (0.001)
Homeowner 0.171 (0.007)
Social tenant 0.124 (0.006)
Income p.c. 0.003 (0.025)
Income p.c.2 -0.003 (0.004)
Age/10 0.224 (0.008)
(Age/10)2 -0.224 (0.007)
Electric c.h. -0.176 (0.005)
Gas c.h. -0.020 (0.004)
Oil c.h. 0.081 (0.008)
cit−1 -0.086 (0.004)
σε 0.246 (0.000)
ψ -0.454 (0.003)

Rounding: inverse attraction parameters Am
j

Weekly: non-multiples of £260 1.501 (4.702)
Monthly: non-multiples of £120 0.881 (0.074)
Annual: non-multiples of £100 1.205 (0.082)
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