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Abstract

Rounding is the familiar practice of reporting one value whenever a real
number lies in an interval. Uncertainty about the extent of rounding is com-
mon when researchers analyze survey responses to numerical questions. The
prevalent practice has been to take numerical responses at face value, even
though many may in fact be rounded. This paper studies the rounding of
responses to survey questions that ask persons to state the percent-chance that
some future event will occur. We analyze data from the Health and Retirement
Study and find strong evidence of rounding, the extent of rounding differing
across respondents. We propose use of a person’s response pattern across dif-
ferent questions to infer his rounding practice, the result being interpretation
of reported numerical values as interval data. We then bring to bear recent
developments on statistical analysis of interval data to characterize the po-
tential consequences of rounding for empirical research. Finally, we propose
enrichment of surveys by probing to learn the extent and reasons for rounding.
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1 Introduction

Rounding is the familiar practice of reporting one value whenever a real number lies

in an interval. Consider, for example, how American meteorologists describe surface

wind direction. Weather reports issued to the general public commonly delineate eight

wind directions (north, northeast, east, and so on) while those to aircraft pilots delineate

thirty-six directions (360, 10, 20, 30 degrees, and so on). A report to the public that

the wind is from the north means that the wind direction lies in the interval [337.5◦,

22.5◦] while a report to pilots that the wind direction is 360◦ means that the direction

lies in the interval [355◦, 5◦]. An important feature of wind reports is that the extent

of rounding is common knowledge. Hence, pilots and members of the public know the

accuracy of the measurements they receive.

Whereas the extent of rounding is common knowledge in standardized communica-

tions such as weather reports, recipients of rounded data may be unsure of the extent

of rounding in other settings. Consider, for example, responses to the question “What

time is it?” If someone says “4.01 PM,” one might reasonably infer that the person is

rounding to the nearest minute. However, if someone says “4 PM,” one might well be

uncertain whether the person is rounding to the nearest minute, quarter hour, or half

hour. Moreover, one might be uncertain whether a person who says “4 PM” knows the

precise time and rounds to simplify communication or, contrariwise, does not know the

precise time and rounds to convey partial knowledge.

Uncertainty about the extent of rounding is common when researchers analyze sur-

vey responses. Respondents are routinely asked to report their annual incomes, hours

worked, and other numerical quantities. Questionnaires generally do not request that

respondents round to a specified degree, nor do they ask persons to describe their round-
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ing choices. There are no established conventions for rounding survey responses. Hence,

researchers cannot be sure how much rounding there may be in survey data. Nor can

researchers be sure whether respondents round to simplify communication or to convey

partial knowledge. Consider, for example, responses to the question: “How many hours

did you work last week?” A person who says “40 hours” may know he worked precisely

40 hours, or know he worked 42 hours but round for simplicity, or not know his hours

with precision but want to convey that he has a “full-time”job.

The prevalent practice in survey research has been to ignore the possibility that

responses may be rounded. Most empirical studies take numerical responses at face

value. When researchers show concern about data accuracy, they typically assume the

classical errors-in-variables model in which observed responses equal latent true values

plus white-noise error. However, the structure of the data errors produced by rounding

is different from that occurring in the errors-in-variables model.

This paper studies the intriguing forms of rounding that appear to occur in responses

to survey questions asking persons to state the percent-chance that some future event

will occur. From the early 1990s on, questions of this type have become increasingly

common in economic surveys. Manski (2004) reviews the literature.

It has often been observed that respondents tend to report values at one-percent

intervals at the extremes (i.e., 0, 1, 2 and 98, 99, 100) and at five-percent intervals

elsewhere (i.e., 5, 10, . . . , 90, 95), with responses more bunched at 50 percent than at

adjacent round values (40, 45, 55, 60). Consider, for example, the Dominitz and Manski

(1997) study of perceptions of economic insecurity. Respondents to the Survey of

Economic Expectations (SEE) were asked these questions, among others:

Health Insurance: “What do you think is the percent chance that you will have health
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insurance coverage 12 months from now?”

Burglary: “What do you think is the percent chance that someone will break into your

home and steal something, during the next 12 months?”

Table 1, which is based on Table 2 of the original study, gives the response frequencies

for 2060 sample members. ( In the table, the chance of having no health insurance is

100 minus the reported chance of having insurance.) It seems evident that SEE sample

members round their responses, but to what extent? When someone states “3 percent,”

one might reasonably infer that the person is rounding to the nearest one percent.

However, when someone states “30 percent,” one might well be uncertain whether the

person is rounding to the nearest one, five, or ten percent. Even more uncertain is how

to interpret responses of 0, 50, and 100 percent. In some cases, these may be sharp

expressions of beliefs, rounded only to the nearest one or five percent. However, some

respondents may engage in gross rounding, using 0 to express any relatively small chance

of an event, 50 to represent any intermediate chance, and 100 for any relatively large

chance.

The SEE data do not reveal why sample members may give rounded expectations

responses. Some persons may hold precise subjective probabilities for future events, as

presumed in Bayesian statistics, but round their responses to simplify communication.

Others may perceive the future as partially ambiguous and, hence, not feel able to place

precise probabilities on events. Thus, a response of “30 percent” could mean that a

respondent believes that the percent chance of the event is in the range [25, 35] but feels

incapable of providing finer resolution.

Considering the extreme case of total ambiguity, Fischhoff and Bruine de Bruin

(1999) suggest that when respondents feel unable to assign any subjective probability to
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an event, they may report the value 50 to signal epistemic uncertainty, as in the loose

statement ‘It’s a fifty-fifty chance.’ This idea is formally interpretable as the grossest

possible form of rounding, where 50 means that the percent chance lies in the interval [0,

100]. Lillard and Willis (2001) offer an alternative interpretation, in which respondents

first form full subjective distributions for the probability of an event and then report

whichever of the three values (0, 50, 100) is closest to the mode of this subjective

distribution.

Although survey data do not directly reveal the extent or reasons for rounding in

observed responses, analysis of patterns of responses across questions and respondents

is informative. We perform such analysis in Section 2, focusing on the expectations

module in the 2006 administration of the Health and Retirement Study (HRS). We find

that, for each question posed, the great preponderance of the responses are multiples of

five, most responses are multiples of ten, and a moderate minority are multiples of 50.

Examining the module as a whole, we find that sample members vary considerably in

their response tendencies. A small but non-negligible fraction use only the values (0,

50, 100) throughout the module. Most of the respondents make fuller use of the 0-100

percent chance scale. About 0.26 at least once use a multiple of ten that is not one

of the values (0, 50, 100), about 0.51 at least once use a multiple of five that is not a

multiple of ten, and about 0.12 at least once use a value that is not a multiple of five.

The findings of Section 2 indicate that respondents differ systematically in their

rounding practices, with some habitually performing gross rounding and others tending

to give more refined responses. In Section 3, we suggest use of each person’s response

pattern across questions to infer the extent to which he rounds his responses to particular

questions. Suppose that one makes such inferences. That is, suppose that when
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person j answers question k with the value vjk, one finds it plausible to infer from his

response pattern that the quantity of interest actually lies in an interval [vjkL, vjkU ],

where vjk ∈ [vjkL, vjkU ]. Then empirical research can proceed based on the assembled

interval data. Research interpreting reported expectations as interval data makes weaker

assumptions than does research taking responses at face value. Hence, it is more

credible.

In principle, empirical analysis with interval data is simply a matter of considering

all points in the relevant interval to be feasible values of the quantity of interest. The

practical feasibility of implementing this simple idea depends on the objective of the

analysis. We focus on familiar problems of regression and best linear prediction, where

the objective is to predict the quantity of interest conditional on specified covariates.

Manski and Tamer (2002), Manski (2003), Chernozhukov, Hong, and Tamer (2007), and

Beresteanu and Molinari (2008) have studied identification of and statistical inference

on regressions and best linear predictors with interval data. We draw on their work and

use the HRS data to illustrate.

The research approach proposed in Section 3 is logically more credible than the

traditional practice of ignoring rounding, but it carries the price of weakened inferences.

The only way to enhance credibility without weakening inference is to collect richer data

on expectations. Section 4 reports an exploratory study to show what we have in mind.

Here we describe a sequence of survey questions that follows the usual percent-chance

with further questions that probe to learn the extent and reasons for rounding. We use

data collected in the American Life Panel to illustrate. Section 5 concludes.
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2 Response Patterns to Probabilistic Expectations

Questions in the HRS

In 2006, the Health and Retirement Study administered a module of thirty-eight prob-

abilistic expectations questions to 17,191 respondents. The module begins by asking

respondents to state the percent chance that it will rain or snow tomorrow in their lo-

cation. This question is intended to encourage respondents to think in probabilistic

terms–essentially all Americans are familiar with weather forecasts that state the per-

cent chance of precipitation on a future date. The module then asks a sequence of

questions asking for the percent chance that events of three types will occur. Twenty-

one questions concern future personal finances, nine relate to future personal health,

and eight concern future general economic conditions.

Section 2.1 describes the responses to specific questions. Section 2.2 examines the

tendencies of respondents to round throughout the module.

2.1 Responses to Specific Questions

Table 2 presents the response patterns for the “rain or snow” practice question, and

for a representative selection of fifteen of the questions posed. We comment on the

responses to these. Questions on personal finance shown in the table are P4, P5,

P14, P15, P18, P70, P30, and P31. Ones on personal health are P28, P103, and

P32. Ones on general economic conditions are P34, P110, P47, and P114. The table

gives brief verbal descriptions of each question and the number of respondents who

were asked each question. The respondent numbers vary across questions because the

HRS makes extensive use of skip sequencing, with some questions posed only if the
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respondent previously gave certain answers to earlier questions. Section P of the HRS

questionnaire documentation gives the exact wordings of the questions and the rules

used for skip sequencing (http://hrsonline.isr.umich.edu/).

For each of the questions shown, the columns of Table 2 give the fractions of respon-

dents who do not respond, who respond with three specific values (0, 50, 100), and who

respond in two ranges (1-4 and 96-99). The column labeled M10 gives the fraction of

responses that are multiples of ten other than (0, 50, 100); for example, 20, 30, or 90.

Column M5 gives the fraction of responses that are multiples of 5 but not of ten; for

example, 5, 15, or 85. The column labeled “other” gives the fraction of responses that

are not multiples of 5 and not in the ranges 1-4 and 96-99; for example, 17, 23, or 94.

The table shows that, with two exceptions, these questions have low nonresponse

rates. The fraction of nonresponse is less than 0.03 for seven of the fifteen questions

and below 0.08 for thirteen questions. The two exceptions are the questions asking for

the percent chance that a mutual fund will increase in value in the year ahead. The

nonresponse fractions for these items are 0.24 and 0.28.

We find that responses are generally rounded at least to a multiple of five. The

fraction of cases where the response is in the range 1-4 lie in the interval [0.003, 0.026]

across questions and the fraction in the range 96-99 in the interval [0.000, 0.008]. Re-

sponses in the “other” category are very rare, occurring only about in 0.002 of all cases.

Overall, about 0.97 of all responses are multiples of five.

Sizeable fractions of responses fall in all the categories that are multiples of five. The

fractions of cases where the response is 0, 50, and 100 lie in the intervals [0.012, 0.646],

[0.044, 0.238], and [0.007, 0.447] respectively. The fractions in categories M10 and M5

lie in the intervals [0.173, 0.468] and [0.052, 0.180] respectively.
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The sizeable fractions of responses of 0 and 100 do not suggest any particular degree

of rounding– respondents may often really believe that an event is extremely unlikely

or likely. Consider, for example, the fraction 0.218 of responses of 0 percent to the “rain

or snow tomorrow” question. Some of these responses may embody significant rounding

but many respondents, especially persons living in the southwestern part of the country,

may be rounding only minimally when they report 0 percent.

Comparison of the fractions of 50, M10, and M5 responses suggests that responses

vary in the degree to which they are rounded. To see this, select any of the questions

described in Table 2 and consider the joint hypothesis that

a. all persons giving a 50, M10, or M5 response round to the nearest five percent;

b. all persons have latent subjective probabilities for events, and the cross-sectional

distribution of beliefs is locally uniform. That is, for each non-extreme value x

that is a multiple of 5, similar fractions of persons believe there to be an x and

x+ 5 percent chance that the event will occur.

The response 50 is a single value, theM10 category contains the eight values (10, . . . , 40,

60, . . . , 90), and the M5 category has the ten values (5, . . . , 45, 55, . . . , 95). Hence, the

fraction of M5 responses should be slightly larger than the fraction of M10 responses

and about ten times as large as the fraction of 50 responses.

The data in Table 2 are considerably at odds with the specified joint hypothesis.

Scanning the fifteen questions, we find that the fraction of M10 responses is always at

least twice as large as the fraction of M5 responses, and sometimes much more. The

fraction of 50 responses is almost always at least as large as the fraction of M5 responses

and sometimes as much as twice as large.
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Part (b) of the joint hypothesis has high credibility. We think it plausible that the

distribution of non-extreme latent subjective probabilities should be locally uniform.

Taking part (b) as a maintained assumption, the data in Table 2 sharply contradict the

rounding hypothesis of part (a). It appears that many of the respondents who report

50 round to the nearest fifty percent, while many of those who report M10 round to the

nearest ten percent.

2.2 Response Patterns Across Questions

Table 2 suggests that the responses to different expectations questions vary in the de-

gree to which they are rounded. However, it does not indicate whether respondents

systematically vary in their tendency to round. Table 3 addresses this matter.

Table 3 describes response patterns across all the questions in the HRS module. The

table presents separate findings for males and females and, within each gender, by age.

The sample members under examination are the 16,674 HRS respondents whose age is

50 or above.

Table 3 shows that the mean number of items asked per person is 23 for males and

22 for females. These numbers are smaller than the totality of 38 questions included in

the HRS module. The reason is the HRS use of skip sequencing. The table shows that

the mean number of responses per person is 22 for males and 20 for females. Thus, as

previously indicated in Table 2, the overall response rate to the expectations module is

very high.

The main part of the table shows the fractions of respondents with each of seven

different response patterns. These patterns are mutually exclusive and exhaustive, with

the most rounded responses at the left and the least at the right. The first column gives
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the fraction of the sample who respond to none of the questions posed. The second

gives the fraction who, when they respond, only use the extreme values 0 and 100. The

third gives the fraction who only use the values (0, 50, 100) and who respond 50 to

at least one question. The fourth column gives the fraction of persons who respond

to all questions with a multiple of 10 and to at least one question with a value that is

a multiple of 10 but not one of the values (0, 50, 100). The fifth gives the fraction

who respond to all questions with a multiple of 5 and to at least one question with a

value that is a multiple of 5 but not a multiple of 10. The sixth gives the fraction who

respond to at least one question with a value in the range 1-4 or 96-99. The seventh

column gives the fraction who respond to at least one question with a value that is not

a multiple of 5 and not in the range 1-4 or 96-99.

The table shows that small but non-negligible fractions of respondents respond to

none of the questions posed to them; (males 0.0227, females 0.0276). Similarly small

but non-negligible fractions use only the values (0, 100) or (0, 50, 100) in their responses;

(males 0.0136, females 0.0234) and (males 0.0195, females 0.0261). Observe that females

are a bit more likely than males to have these response patterns. The table shows that

the incidence of these patterns does not vary systematically with age until age 80, when

they become notably more prevalent.

The great preponderance of the respondents have response patterns that use much

more of the 0-100 percent-chance scale. About 0.26 fall in the M10 category, about 0.51

in the M5 category, about 0.12 give at least one response in the range 1-4 or 96-99, and

about 0.04 give at least one response that is not a multiple of five and not in the range

1-4 or 96-99.
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3 Empirical Analysis with Potentially Rounded Re-

sponses

Table 3 showed that HRS respondents differ systematically in their rounding practices,

with a small fraction of them habitually performing gross rounding and most of them

sometimes giving more refined responses. This suggests use of each person’s response

pattern across questions to infer the extent to which he rounds his responses to particular

questions.

Section 3.1 proposes a particular inferential approach. When person j answers

question k with the value vjk, we infer from his response pattern that the quantity of

interest actually lies in an interval [vjkL, vjkU ], where vjk ∈ [vjkL, vjkU ]. We cannot

be certain that our inferences are accurate, but we can logically assert that research

interpreting the reported expectations as interval data makes weaker assumptions than

does research taking responses at face value. Hence, such research is more credible.

Sections 3.2 and 3.3 show how to perform conditional prediction with interval expec-

tations data. Section 3.2 reviews relevant methodological research. Section 3.3 uses

the HRS data to illustrate.

3.1 Formation of Interval Data from Survey Responses

The general idea is to replace each report vjk with an interval [vjkL, vjkU ]. To show how

the idea works in practice, this section sets out an algorithm that we think reasonably

balances the tension between wanting the interval to be narrower, hence more informa-

tive, and wider, hence more credible. The proposed algorithm uses only the information

in a given person’s responses to a specified class of questions. For example, one might
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suppose that an HRS respondent applies a common rounding rule to the personal finance

questions, but perhaps a different one to the personal health questions.

If a person does not respond to a question, then we only know that his subjective

probability for the event lies in the interval [0, 100]. If a person only uses the values (0,

100) when replying to questions in the class, then we infer that he is rounding grossly,

with 0 implying the interval [0, 50] and 100 implying the interval [50, 100]. If a person

only uses the values (0, 50, 100), then we infer that he is rounding somewhat less grossly,

with 0 implying the interval [0, 25] the response 50 implying the interval [25, 75], and

100 implying the interval [75, 100]. If all responses are multiples of 10 and at least one

is not (0, 50, 100), then we infer that he is rounding to the nearest 10. And so on.

Formally, let m denote a class of expectations questions posed in the HRS, within

which one thinks it reasonable to suppose that a respondent uses a common rounding

rule. Let rjm denote person j’s response pattern to questions of class m. Given the

response vjk to any question k in class m, we form [vjkL, vjkU ] as follows:

If vjk = NR, then [vjkL, vjkU ] = [0, 100].

If rjm = (all 0 or 100) and vjk = 0, then [vjkL, vjkU ] = [0, 50].

If rjm = (all 0 or 100) and vjk = 100, then [vjkL, vjkU ] = [50, 100].

If rjm = (all 0, 50, or 100) and vjk = 0, then [vjkL, vjkU ] = [0, 25].

If rjm = (all 0, 50, or 100) and vjk = 50, then [vjkL, vjkU ] = [25, 75].

If rjm = (all 0, 50, or 100) and vjk = 100, then [vjkL, vjkU ] = [75, 100].

If rjm = M10 and vjk = 0, then [vjkL, vjkU ] = [0, 5].

If rjm = M10 and vjk ∈ (10, 20, ..., 90), then [vjkL, vjkU ] = [vjk − 5, vjk + 5] .

If rjm = M10 and vjk = 100, then [vjkL, vjkU ] = [95, 100].
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If rjm = M5 and vjk = 0, then [vjkL, vjkU ] = [0, 2.5].

If rjm = M5 and vjk ∈ (5, 10, 15, ..., 95), then [vjkL, vjkU ] = [vjk − 2.5, vjk + 2.5] .

If rjm = M5 and vjk = 100, then [vjkL, vjkU ] = [97.5, 100].

If rjm = (some 1-4 or 96-99) and vjk ∈ [0, 5] ∪ [95, 100] , then [vjkL, vjkU ] = vjk.

If rjm = (some 1-4 or 96-99) and vjk ∈ [10, 90] , then [vjkL, vjkU ] = [vjk − 2.5, vjk + 2.5] .

If rjm = other, then [vjkL, vjkU ] = vjk.

3.2 Inference on Best Predictors with Interval Outcome Data

In principle, empirical analysis with interval data is simply a matter of considering all

points in the relevant interval to be feasible values of the quantity of interest. In

practice, implementation of this simple idea can be easy or difficult, depending on the

objective of the analysis. We discuss here only the relatively simple problem of inference

on best predictors with interval outcome data. We first consider identification and

then statistical inference. Manski and Tamer (2002) and Horowitz and Manski (2006)

address aspects of the more complex problem of inference on best predictors with interval

covariate data.

Identification

As explained in Manski (2003), the identification region for a population parameter

is the set of values that remain feasible when unlimited observations from the sampling

process are combined with maintained assumptions. The parameter is point-identified

when this set contains a single value and is partially identified when the set is smaller

than the parameter’s logical range, but is not a single point. The present analysis

maintains the assumption that vjk lies in the set [vjkL, vjkU ] for all values of (j, k), but
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makes no assumption about the location of vjk within the interval. The result is that

best predictors are partially identified rather than point-identified.

Consider best nonparametric prediction of v given x under square loss, where v is

a latent subjective expectation, x = [1 x1 . . . xk−1] ∈ <k is a row vector of covariates,

and vL, vU are constructed as in Section 3.1. Assume for now that persons round to

simplify communication rather than to express ambiguity; hence, the latent expectations

are well-defined. Also assume that the inferential method proposed in Section 3.1 is

correct, so the constructed intervals always contain the latent expectation. Then the

best predictor is E (v|x) . Manski and Tamer (2002) show that its identification region

using the interval data is

H[E (v|x)] = [E (vL|x) , E (vU |x)] , (1)

where H [·] denotes the identification region of the functional in brackets.

Consider now best linear prediction under square loss. Let Pvx denote the joint

distribution of (v,x) and let Γ denote the set of all probability distributions on <k+1.

The identification region for Pvx is

H [Pvx] = {η ∈ Γ : P (vL ≤ t,x ≤ x0) ≥ η ([−∞, t] , [−∞,x0]) ≥ P (vU ≤ t,x ≤ x0)

∀t ∈ <,∀x0 ∈ <k, η ([−∞,∞] , [−∞,x0]) = P (x ≤ x0) ∀x0 ∈ <k
ª
,

where the notation x ≤ x0 indicates that each element of x is less than or equal to the

corresponding element of x0. It follows immediately that the identification region for

the parameters β of the best linear predictor (BLP) of v given x is

H [β] =

½
arg min

b∈<k

Z
(v − b0x)2 dη, η ∈ H[Pvx]

¾
. (2)

The corresponding identification region for the best predictor is

H [BLP (v|x)] = {b0x, b ∈ H [β]} . (3)
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Finally, consider the assumption that the BLP is best nonparametric, i.e. ∃ β ∈ <k

such that E (v|x) = β0x. Then Manski and Tamer (2002) show that the identification

region for β is the set [b ∈ <k : b0x ∈ H [E (v|x)].

The above assumes that the latent expectations v are well-defined and that the

inferential method proposed in Section 3.1 is correct. Either assumption could fail in

practice, the former if respondents are unable to place precise probabilities on events and

the latter if respondents do not use a common rounding rule across the questions in class

m. If either assumption is incorrect, the identification regions given in equations (1),

(2), and (3) nevertheless remain mathematically well-defined and non-empty. However,

the substantive interpretation of these regions is not transparent.

Statistical Inference for Regressions and Best Linear Predictors of v Given x

The lower and upper bounds in equation (1) can be estimated through standard

nonparametric procedures, for example kernel regression. Denote these estimators re-

spectively by v̄nL|x and v̄nU |x, where n is sample size. Then a natural estimate of

H[E (v|x)] is

\Hn [E (v|x)] =
£
v̄nL|x, v̄nU |x

¤
. (4)

Beresteanu and Molinari (2008) show that the identification region (2) for the BLP

parameter vector can be estimated as a Minkowski average of properly defined set-valued

random variables. They further show that the identification region for each component

of the BLP parameter vector can be estimated by a simple linear projection, as can the

identification region (3) for the BLP itself. Also see Stoye (2007a) for related findings.

When the BLP is assumed to be best nonparametric, it can be estimated using methods

developed in Manski and Tamer (2002) and Chernozhukov, Hong, and Tamer (2007).

Recent literature proposes two approaches to construction of confidence sets for par-
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tially identified parameters. Imbens and Manski (2004) and Stoye (2007b) propose con-

fidence intervals that (asymptotically) uniformly cover each point in the identification

region, rather than the entire region, with at least a prespecified probability. Horowitz

and Manski (2000), Chernozhukov, Hong and Tamer (2007) and Beresteanu and Moli-

nari (2008), among others, give confidence sets that (asymptotically) cover the entire

identification region with a prespecified probability. Clearly, as shown in Imbens and

Manski (2004, Lemma 1), confidence sets that asymptotically cover the entire identifica-

tion region with a prespecified probability constitute valid but conservative confidence

intervals for the partially identified parameter. In the empirical illustration of Section

3.3, we report confidence sets for the entire identification region.

3.3 Illustrative Application

This section illustrates how attention to rounding in probabilistic expectations affects

the conclusions that one can draw in empirical analysis. We consider the subjective

expectations of HRS respondents for survival to age 75. These expectations have drawn

attention beginning with the work of Hurd and McGarry (1995). Their study and

subsequent research have taken the elicited expectations at face value. We examine

how empirical findings are affected when the algorithm specified in Section 3.1 is used

to account for rounding.

We analyze data from the 2006 wave of the HRS, where 6,713 respondents below age

65 were asked: “What is the percent chance that you will live to be 75 or more?” See

question P28 in Table 2 for the response distribution. To keep the illustration simple,

we focus on the variation of responses with age and gender.

Table 4 reports the sample frequencies of the width of the intervals [vjL, vjU ] when
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the intervals are constructed using two versions of the algorithm in Section 3.1. The

left panel assumes that each respondent uses a common rounding rule when answering

the class (m = health) of expectations questions related to personal health, but it does

not require use of the same rounding rule when answering other questions. The right

panel assumes that each respondent uses a common rounding rule when answering all of

the HRS expectation questions (m = all). The latter assumption uses the responses to

more questions to determine the response pattern, so the intervals are narrower. When

m = health, the fraction of intervals having width less than or equal to 5 is 0.47. When

m = all, this fraction is 0.77.

Estimation of the Parameters of the Best Linear Predictor

Table 5 reports estimates of the parameters of the BLP for the probability of survival

to age 75, conditional on age and gender. The table presents 95-percent confidence sets

based on the normal approximation for the point identified parameters. It gives 95-

percent confidence sets based on the bootstrap procedure of Beresteanu and Molinari

(2008) for the partially identified parameters.

The left column labelled “Point Estimates” reports the findings when the expecta-

tions data are taken at face value and nonresponse is assumed to be random. The

estimates and confidence sets indicate that survival expectations vary positively with

age. Males tend to have lower likelihoods of survival than females.

The columns labelled “Set Estimates” report the findings using interval expectations

data. Here nonresponse is not assumed random. Instead, it generates an extreme

interval [0, 100]. Panel A gives the estimated lower and upper bound on each of the

three parameters when m = health and Panel B does likewise when m = all.

When rounding is taken into account, it is not possible to draw strong conclusions
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about the variation of expectations with age and gender. Consider the variation with

age. When the expectations data were taken at face value, the point estimate of the

“age” parameter was 0.2518. When rounding is taken into account, the interval estimate

is [−0.9751, 1.3752] in Panel A and [−0.546, 0.9841] in Panel B. Similar ambiguity

emerges about the variation with gender.

We have performed exploratory data analysis to obtain a sense of the source of the

wide intervals obtained when rounding is taken into account. This analysis suggests that

the wide intervals result primarily from the respondents in the (all NR) , (all 0 or 100)

and (all 0, 50, or 100) response categories. Although only 0.16 of all respondents fall

in this category for m = health and 0.06 for m = all, their responses are sufficiently

uninformative to make the identification regions relatively wide. When we dropped

these respondents and estimated the BLP using only the data on the respondents who

give more refined responses, the estimated intervals were much narrower.

We do not report these findings because they pertain to a select sub-population

that is not generally of substantive interest. This sub-population would have the same

distribution of beliefs as the full population, and hence be of interest, if we were to assume

that respondents randomly fall into the (all NR) , (all 0 or 100) and (all 0, 50, or 100)

response categories. However, we think this assumption too unrealistic to entertain

seriously.

Parametric and Nonparametric Prediction of Expectations

Now consider prediction of respondents’ expectations conditional on age and gender.

The feasible values of the estimated BLP cannot be obtained from Table 5 because

the joint identification region for the three parameters on (age, gender, constant) is

not the Cartesian Product of the identification regions for each parameter in isolation.
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Rather, it is a proper subset of this Cartesian Product set. That is, some values of the

parameters for (age, gender, constant) are feasible taken one parameter at a time but are

not jointly feasible. Beresteanu and Molinari (2008) show that the joint identification

region of the three parameters is a certain convex subset of the Cartesian Product set.

The top panels of Figures 1 and 2 report, for males and females respectively, the

nonparametric set estimates of the form given in equation (4). The nonparametric

predictions are obtained using simple cell means. The sample sizes for each value of

the age variable range between 202 and 349. The top left panel of each figure uses the

intervals constructed with m = health and the top right with m = all.

The bottom panels of the figures report corresponding Beresteanu-Molinari set es-

timates of the BLP and the associated confidence sets. The estimated bounds on the

BLPs are obtained by taking the inner product of each vector of parameter values in

\Hn [β] with the vector of covariate values at which one wants to perform the prediction.

The figures illustrate that the set estimates narrow toward mean age, and then spread

out again. Beresteanu and Molinari (2008, Section 4) show that this is an algebraic

property of the BLP identification region.

The figures clearly show that taking rounding into account substantially degrades

one’s ability to predict subjective probabilities of survival to age 75 conditional on age

and gender. It is similarly difficult to draw conclusions about the variation of subjective

probabilities with age and gender. Let x and x0 denote any distinct values of the

covariates (age, gender). In the case of nonparametric prediction, set estimates for

E (v|x)−E (v|x0) can be read directly from Figures 1 and 2. An appropriate estimate

of the lower (upper) bound on E (v|x)−E (v|x0) is the lower (upper) bound on E (v|x)

minus the upper (lower) bound on E (v|x0)
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Figures 1 and 2 cannot be used to estimate the difference between the BLPs at differ-

ent covariate values. The reason is that the joint identification on {BLP (v|x) , BLP (v|x0)}

is a strict subset of the Cartesian Product of the identification regions for BLP (v|x)

and BLP (v|x0). Beresteanu and Molinari (2008) show how to construct an appropri-

ate estimate of the difference in BLPs. For the special case that x and x0 differ only in

one component k and by one unit (with x0k = xk − 1), they show that the identification

region for the difference between the BLPs is equal to the identification region of the

parameter corresponding to the k − th variable. For example, the difference in BLPs

conditional on age and gender for males of age 64 and 63 can be read in Table 5, as the

identification region for the parameter of the “age” variable.

4 Probing Beneath the Reported Expectations

The research approach developed in Section 3 is more credible than the traditional

practice of ignoring rounding, but it carries the price of weakened inference. The

illustration of Section 3.3 indicates that taking account of rounding can be consequential.

Even using all of the HRS expectations questions to infer how respondents round their

responses to the survival question, we could draw only weak conclusions about survival

expectations and their variation with age and gender.

The only way to enhance credibility without weakening inference is to collect richer

data on expectations. A potentially fruitful way to enrich the data is to follow a standard

probabilistic expectations question with further questions that probe to learn the extent

and reasons for rounding. Consider again the survival probability question analyzed in

Section 3. One could follow up with these questions:

Q1. When you said [X percent] just now, did you mean this as an exact number or
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were you rounding or approximating?

If a person answers “rounding or approximating,” one might then ask

Q2. What number or range of numbers did you have in mind when you said [X

percent]?

The responses to these questions could be used to improve on the inferences of Section

3. When the response to Q1 is “an exact number,” one could reasonably conclude that

rounding was minimal. When the response is “rounding or approximating,” one could

use the response to Q2 to interpret the data.

To explore how persons might respond to probes on their rounding practices, we

posed the survival question to 552 respondents to the American Life Panel (ALP), an

internet survey of American adults administered by RAND, and followed it by Q1 and

Q2. See http://rand.org/labor/roybalfd/american_life.html for description of the ALP.

Table 6 describes our findings. All of the respondents answered question Q1. Of the

552 respondents, 264 reported that their response to the survival question was an exact

answer and the remaining 288 reported that they had rounded or approximated.

Within the group of 288 persons who were asked Q2, all but two responded fully. 70

persons reported that they had an exact number in mind and 248 that they had a range

in mind. These numbers sum to more than 288 because 31 persons reported that they

had both an exact number and a range in mind. Among the 248 who reported a range

in response to Q2, the average width of the reported interval was 17.6 percent.

One can use the ALP data to estimate the BLP for the probability of survival to

age 75, conditional on age and gender. Table 7 presents the parameter estimates in a

manner similar to Table 5, and Figure 3 reports the BLP estimates in a manner similar

to Figures 1 and 2. The left panel of Table 7 reports point estimates that take the
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elicited survival probabilities at face value. The right panel of Table 7 and the graphs

in Figure 3 report set estimates based on the responses to questions Q1 and Q2. Thus,

we take the elicited probability at face value when a person responds to Q1 stating that

he meant it as an exact number. We use the exact or range response to Q2 otherwise.

We use the stated range in the 31 cases where a person gave both an exact number

and a range in response to Q2. We use the range [0, 100] for the respondent who did

not answer question Q2 and for the respondent who answered Q2 with a range having

lower bound greater than upper bound. We use an upper bound equal to 100 for the

respondent who gave a range that specified only the lower bound.

Observe that the interval estimates in Table 7 and Figure 3 are considerably narrower

than the corresponding intervals in Table 5 and Figures 1 and 2. This is so because

the ALP responses to questions Q1 and Q2 tend to yield much tighter inferences on

rounding than the algorithm of Section 3.1 did when applied to the HRS data. We

caution that the ALP and HRS sample designs differ considerably. Hence, one should

be careful in extrapolating how HRS respondents would have answered questions Q1

and Q2, had they been posed.

The results of this exploratory work are encouraging. Respondents to the ALP

showed no resistance to being probed about the interpretation of their reported survival

probabilities. If questions Q1 and Q2 had been placed on the 2006 HRS, it would have

been possible to use the responses to infer rounding rather than the less direct approach

of Section 3.1. It also would have been possible to validate the approach of Section 3.1.

A limited experiment within the 2008 administration of the HRS does pose questions

Q1 and Q2 to some respondents. When these data become available, presumably in

2009, it may become possible to perform this validation.

22



5 Conclusion

This paper has studied the rounding of responses to percent-chance expectations ques-

tion, a specific type of survey question. The ideas developed here should have broad

application. Consider, for example, a question asking respondents to state the number

of hours they worked in the past week. Many respondents may round their responses,

with the extent of rounding differing across persons. Examination of a person’s re-

sponse pattern across different numerical questions may provide a credible way to infer

his rounding practice. It may then be credible to interpret reported numerical values as

intervals. In such cases, the analytical approach proposed and illustrated in Section 3

will be applicable. Similarly, probing to ascertain the extent and reasons for rounding,

as suggested in Section 4, should be applicable broadly.
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Percent Chance No Health 
Insurance

Victim of 
Burglary Percent Chance No Health 

Insurance
Victim of 
Burglary

0 960 286 46‑49 0 0
1 58 88 50 151 221
2 92 154 51‑54 0 0
3 2 32 55 3 2
4 2 5 56‑59 0 0
5 154 339 60 15 16

6‑9 2 14 61‑64 0 0
10 197 339 65 2 3

11‑14 1 3 66‑69 1 0
15 23 48 70 10 4

16‑19 0 1 71‑74 1 0
20 151 228 75 8 10

21‑24 1 1 76‑79 0 0
25 53 65 80 25 20

26‑29 0 0 81‑84 0 0
30 25 87 85 2 2

31‑34 0 1 86‑89 0 0
35 4 8 90 18 7

36‑39 0 0 91‑94 0 1
40 26 36 95 9 2

41‑44 0 0 96‑99 8 8
45 5 14 100 51 5

Table 1: SEE Frequencies of Expectations Responses (2060 respondents)

Source: Dominitz and Manski (1997), Table 2



Percent chance NR 0  1-4 50 96-99 100 M10 M5 other
Question:
P3: rain or snow tomorrow 17191 0.029 0.218 0.015 0.150 0.004 0.047 0.468 0.066 0.003
P4: income keep up with cost of living 17191 0.069 0.173 0.012 0.182 0.002 0.063 0.387 0.108 0.003
P5: leave inheritance >= $10,000 17191 0.053 0.159 0.004 0.067 0.008 0.447 0.209 0.052 0.001
P14: lose job during next year 4797 0.020 0.461 0.026 0.107 0.001 0.018 0.274 0.090 0.003
P15: find equally good job 4797 0.017 0.173 0.014 0.152 0.004 0.143 0.383 0.112 0.003
P18: work full time after age 65 5148 0.016 0.276 0.020 0.126 0.003 0.095 0.348 0.114 0.002
P28: live to be 75 or more 6713 0.040 0.053 0.004 0.222 0.005 0.152 0.375 0.144 0.004
P103: live independently at 75 2558 0.015 0.012 0.004 0.214 0.004 0.136 0.433 0.180 0.002
P70: medical expenses use savings 16754 0.064 0.254 0.011 0.137 0.001 0.056 0.357 0.118 0.002
P30:give help of $5000 or more 16754 0.027 0.382 0.008 0.114 0.002 0.118 0.263 0.084 0.001
P31: receive help of $5000 or more 16754 0.027 0.646 0.020 0.044 0.000 0.016 0.173 0.072 0.001
P32: move to nursing home in 5 years 10044 0.075 0.463 0.021 0.101 0.000 0.007 0.231 0.100 0.002
P34: U.S. have economic depression 16754 0.078 0.066 0.006 0.238 0.002 0.060 0.404 0.142 0.004
P110: Social Sec. will be less generous 16754 0.065 0.048 0.003 0.231 0.005 0.120 0.387 0.139 0.002
P47: mutual fund increase in value 16754 0.240 0.042 0.003 0.231 0.001 0.036 0.339 0.106 0.003
P114: mutual fund increase in real terms 16680 0.281 0.068 0.003 0.182 0.000 0.028 0.334 0.099 0.003
Notes: N = sample size, NR = nonresponse, M10 = multiple of 10 but not (0, 50, 100), M5 = multiple of 5 but not of 10

N

Table 2: Responses by Question in the 2006 HRS
Fraction of Responses



all 6,774 23 22 0.0227 0.0136 0.0195 0.2523 0.5322 0.1182 0.0415
age 50-54 594 25 24 0.0101 0.0034 0.0101 0.2239 0.5572 0.1431 0.0522
age 55-59 966 25 24 0.0145 0.0155 0.0135 0.2340 0.5507 0.1304 0.0414
age 60-64 859 24 23 0.0116 0.0116 0.0198 0.2305 0.5588 0.1246 0.0431
age 65-69 1,396 22 21 0.0193 0.0115 0.0179 0.2679 0.5186 0.1246 0.0401
age 70-74 1,147 22 21 0.0201 0.0131 0.0192 0.2720 0.5362 0.1037 0.0357
age 75-79 823 22 21 0.0243 0.0134 0.0122 0.2734 0.5237 0.1106 0.0425
age 80-84 590 21 20 0.0339 0.0153 0.0424 0.2322 0.5407 0.1051 0.0305
age 85+ 399 20 18 0.0852 0.0351 0.0351 0.2607 0.4336 0.0927 0.0576

all 9,900 22 20 0.0276 0.0234 0.0261 0.2701 0.5014 0.1152 0.0363
age 50-54 988 24 23 0.0132 0.0142 0.0132 0.2713 0.5010 0.1498 0.0374
age 55-59 1,443 24 23 0.0152 0.0187 0.0146 0.2460 0.5253 0.1414 0.0388
age 60-64 1,434 24 22 0.0098 0.0160 0.0105 0.2301 0.5495 0.1360 0.0481
age 65-69 1,833 22 20 0.0262 0.0169 0.0278 0.2913 0.4817 0.1244 0.0316
age 70-74 1,511 22 20 0.0258 0.0192 0.0251 0.2727 0.5169 0.1039 0.0364
age 75-79 1,069 22 19 0.0196 0.0281 0.0271 0.2947 0.5108 0.0870 0.0327
age 80-84 817 21 18 0.0477 0.0355 0.0453 0.2852 0.4761 0.0759 0.0343
age 85+ 805 19 16 0.0957 0.0609 0.0671 0.2820 0.4025 0.0658 0.0261
Notes: NR = nonresponse, M10 = multiple of 10 but not (0, 50, 100), M5 = multiple of 5 but not of 10

Table 3: Respondent Tendencies in the 2006 HRS, All Items (38 in total)
mean items 

asked  per 

person
all NR

Males

response pattern

Females

sample 
size

mean items 

responded 

per person
all 0 or 100 all 0, 50 or 

100
some M10 some M5 some 1-4 

or 96-99
some 
other



Freq. Percent Cum. Freq. Percent Cum.
0 163 2.43 2.43 487 7.25 7.25
2.5 306 4.56 6.99 653 9.73 16.98
5 2,663 39.67 46.66 4,044 60.24 77.22
10 2,496 37.18 83.84 1,129 16.82 94.04
25 203 3.02 86.86 45 0.67 94.71
50 611 9.1 95.96 84 1.25 95.96
100 271 4.04 100 271 4.04 100
N 6713 6713

LB UB LB UB
age -0.9751 1.3752 -0.546 0.9841

(0.1131 0.3906) (-1.1099 1.5100) (-0.6854 1.1236)
male -19.7368 10.0466 -14.6954 4.4315

(-6.9854  -4.0030) (-21.1408 11.4506) (-16.1374 5.8734)
const. -13.8319 119.3794 8.7446 95.3106

(43.0622 58.8971) (-21.5841 127.1317) (0.7621 103.2932)
N 6713 6713

Notes: * 95-percent confidence intervals (in parentheses) based on the normal approximation; ** 95-percent

confidence sets (in parentheses) based on the bootstrap as described in Beresteanu and Molinari (2008); (A) vL 

and vU constructed using only questions about personal health; (B) vL and vU constructed using all questions.

0.2518

-5.4942

50.9797

6442

Point Estimates* Set Estimates**
MAR imposed (A) ( B )

Table 4: Distribution of vU - vL

based on questions about personal health based on all expectations questions

Table 5: Point Estimates vs Set Estimates Conditioning on Age and Gender
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Figure 1: Set Estimates (Light Grey) and 95% Confidence Sets (Dark Grey) For Males
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Figure 2: Set Estimates (Light Grey) and 95% Confidence Sets (Dark Grey) For Females
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N Exact Answers

NR 0 0 0 0 0 0  -- 
0 6 6 0 0 0 0  -- 
1-4 1 1 0 0 0 0  -- 
50 104 60 44 14 (5) 34 18.44
96-99 15 10 5 1 0 4 4.00
100 32 27 5 2 0 3 37.33
M10 236 100 136 32 (18) 122 17.53
M5 145 56 89 19 (7) 77 16.55
other 13 4 9 2 (1) 8 22.88
Total 552 264 288 70 (31) 248 17.60

LB UB
age -0.2572 0.3234

(-0.0802 0.2390) (-0.4258 0.492)
male -13.0042 3.1982

(-8.1421  -0.3866) (-17.1544 7.3484)
const. 56.4184 83.959

(60.5507 75.7508) (48.5486 91.8287)
N
Notes: * 95-percent confidence intervals (in parentheses) based on the normal approximation; ** 95-percent
confidence sets (in parentheses) based on the bootstrap as described in Beresteanu and Molinari (2008).
  

Table 7: Point Estimates vs Set Estimates Conditioning on Age and Gender In ALP data

552

Point Estimates*
  

552

0.0794

-4.2644

68.1507

Notes: N = sample size, NR = nonresponse, M10 = multiple of 10 but not (0, 50, 100), M5 = multiple of 5 but not of 10. * One respondent who reported a probability of
surviving to age 75 and older equal to 50 and reported to be approximating/rounding refused to answer the subsequent questions. ** Some respondents who declared
they were approximating/rounding reported both a range and an exact number. *** One respondent reported a range with lower bound greater than upper bound, and
one respondent did not report an upper bound. These two respondents were dropped from the average width calculation (these respondents were in the M10 group and
in the 96-99 group).

Set Estimates**

Table 6: Exact Answers versus Rounding and Approximating in ALP Data

Exact Number in 
Mind Range in MindRange and Exact 

Number in Mind **

Rounding or Approximating
Average Width of 

the Range ***Total *
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               Figure 3: Set Estimates (Light Grey) and 95% Confidence Sets (Dark Grey) Using ALP Data
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