CHAPTER TWO

INFERENCE AND ERROR IN
SURVEYS

1 2.1 INTRODUCTION

Survey methodology seeks to understand why error arises in survey statistics.
£ " Chapters 3 through 11 describe in detail strategies for measuring and minimizing
error. In order to appreciate those chapters, and to understand survey methodol-
ogy, it is first necessary to understand thoroughly what we mean by “error.”

As the starting point, let us think about how surveys work to produce statis-
tical descriptions of populations. Figure 2.1 provides the simplest diagram of
how it works. At the bottom left is the raw material of surveys — answers to ques-
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Figure 2.1 Two types of survey inference.
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INFERENCE AND ERROR IN SURVEYS

tions by an individual. These have value to the extent they are good descriptors
of the characteristics of interest (the next-higher box on the left). Surveys, how-
ever, are never interested in the characteristics of individual respondents per se.
They are interested in statistics that combine those answers to summarize the
characteristics of groups of persons. Sample surveys combine the answers of indi-
vidual respondents in statistical computing steps (the middte cloud n Figure 2.1)
to construct statistics describing all persons in the sample. At this point, a survey
is one step away from its goal — the description of characteristics of a larger pop-
ulation from which the sample was drawn.

The vertical arrows in Figure 2.1 are “inferential steps.” That is, they use
information obtained imperfectly to describe a more abstract, larger entity.
“Inference” in surveys is the formal logic that permits description about unob-
served phenomena based on observed phenomena. For example, inference about
unobserved mental states, like opinions, is made based on answers to specific
questions related to those opinions. Inference about population elements not
measured is made based on observations of a sample of others from the same pop-
ulation. In the jargon of survey methodology, we use an answer to a question from
an individual respondent to draw inferences about the characteristic of interest to
the survey for that person. We use statistics computed on the respondents to draw
inferences about the characteristics of the larger population.

These two inferential steps are central to the two needed characteristics of a

survey:

1) Answers people give must accurately describe characteristics of the
respondents.

2) The subset of persons participating in the survey must have characteris-
tics similar to those of a larger population.

When either of these two conditions is not met, the survey statistics are subject to
“error.” The use of the term “error” does not imply mistakes in the colloquial
sense. Instead, it refers to deviations of what is desired in the survey process from
what is attained. “Measurement errors” or “errors of observation” will pertain to
deviations from answers given to a survey question and the underlying attribute
being measured. “Errors of nonobservation” will pertain to the deviations of a sta-
tistic estimated on a sample from that on the full population.

Let us give an example to make this real. The Current Employment Statistics
(CES) program is interested in measuring the total number of jobs in existence in
the United States during a specific month. It asks individual sample employers to
report how many persons were on their payroll in the week of the 12th of that
month. (An error can arise because the survey does not attempt to measure job
counts in other weeks of the month.} Some employer’s records are incomplete or
out of date. (An error can arise from poor records used to respond.) These are
problems of inference from the answers obtained to the desired characteristic to
be measured (the leftmost vertical arrows in Figure 2.1).

The sample of the employers chosen is based on lists of units of state unem-
ployment compensation rolls months before the month in question. Newly created

employers are omitted. (An error can arise from using out-of-date lists of employ-
ers.) The specific set of employers chosen for the sample might not be a good

reflection of the characteristics of the total population of employers. (An error can
arise from sampling only a subset of employers into the survey.) Further, not all
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LIFECYCLE OF A SURVEY — DESIGN PERSPECTIVE

selected employers respond. (An error can arise from the absence of answers from
some of the selected employers.) These are problems of inference from statistics
on the respondents to statistics on the full population.

One’s fitst reaction to this litany of errors may be that it seems impossibie for
surveys ever to be useful tools to describe large populations. Don’t despair!
Despite all these potential sources of error, carefully designed, conducted, and
analyzed surveys have been found to be uniquely informative tools to describe the
world. Survey methodology is the study of what makes survey statistics more or
less informative.

Survey methodology has classified these various errors illustrated with the
CES example above into separate categories. There are separate research litera-
tures for each error because each seems to be subject to different influences and
have different kinds of effects on survey statistics.

One way of learning about surveys is to examine each type of error in turn —
or studying surveys from a “quality” perspective. This is a perspective peculiar to
survey methodology. Another way of learning about surveys is to study all the
survey design decisions that are required to construct a survey — identification of
the appropriate population to study, choosing a way of listing the population,
selecting a sampling scheme, choosing modes of data collection, etc. This is an
approach common to texts on survey research (e.g., Babbie, 1990; Fowler, 2001).

2.2  THE LIFECYCLE OF A SURVEY FROM A DESIGN PERSPECTIVE

In the next sections (2.2-2.3) we will describe the two dominant perspectives
about surveys: the design perspective and the quality perspective. From the
design perspective, discussed in this section, survey designs move from abstract
ideas to concrete actions. From the quality perspective, survey designs are distin-
guished by the major sources of error that affect survey statistics. First, we tackle
the design perspective.

A survey moves from design to execution. Without a good design, good sur-
vey statistics rarely result. As the focus moves from design to execution, the
nature of work moves from the abstract to the concrete. Survey results then
depend on inference back to the absiract from the concret. Figure 2.2 shows that
there are two parallel aspects of surveys — the measurement of constructs and
descriptions of population attributes. This figure elaborates the two dimensions of
inference shown in Figure 2.1. The measurement dimension describes what data
are to be collected about the observational units in the sample — what is the sur-
vey about? The representational dimension concerns what populations are
described by the survey — who is the survey about? Both dimensions require fore-
thought, planning, and careful execution.

Because Figure 2.2 contains important components of survey methods, we
will spend some time discussing it. We will do so by defining and giving exam-
ples of ecach box in the figure.

2.2.1 Constructs

“Constructs™ are the elements of information that are sought by the researcher.
The Current Employment Statistics survey attempts to measure how many new
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Figure 2.2 Survey lifecycle from a design perspective.

jobs were created in the past month in the United States; the National Assessment
of Education Progress measures knowledge in mathematics of school children;
the National Crime Victimization Survey (NCVS) measures how many incidents
of crimes with victims there were in the last year. The last sentence can be under-
stood by many; the words are simple. However, the wording is not precise; it is
relatively abstract. The words do not describe exactly what is meant, nor exactly
what is done to measure the constructs. In some sense, constructs are ideas. They
are most often verbally presented.

For example, one ambiguity is the identity of the victim of the crime. When
acts of vandalism occur for a2 household (say, a mailbox being knocked down),
who is the victim? (In these cases, NCVS distinguishes crimes against a house-
hold from crimes against a person.) When graffiti is spray painted over a public
space, who is the victim? Should “victimization” include only those crimes
viewed as eligible for prosecution? When does an unpleasant event rise to the
fevel of a crime? All of these are questions that arise when one begins to move
from a short verbal description t0 a measurement operation. Some constructs
more easily lend themselves to measurements than others.

Some constructs are more abstract than others. The Survey of Consumers
(SOC) measures short-term optimism about one’s financial status. This is an atti-
tudinal state of the person, which cannot be directly observed by another person.
It is internal to the person, perhaps having aspects that are highly variable within
and across persons (e.g., those who carefully track their current financial status
may have well-developed answers; those who have never thought about it may
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LIFECYCLE OF A SURVEY — DESIGN PERSPECTIVE

have to construct an answer de novo). In contrast, the National Survey on Drug
Use and Health measures consumption of beer in the last month. This is a con-
struct much closer to observable behaviors. There are a limited number of ways
this could be measured. The main issues are simply to decide what kinds of drinks
count as beer (e.g., does nonalcoholic beer count?) and what units to count (12-
ounce cans or bottles is an obvious choice). Thus, the consumer optimism con-

. struct is more abstract than the construct concerning beer consumption.

2.2.2 Measurement

Measurements are more concrete than constructs. “Measurements™ in surveys are
ways to gather information about constructs. Survey measurements are quite
diverse — soil samples from the yards of sample households in surveys about toxic
contamination, blood pressure measurements in health surveys, interviewer
observations about housing structure conditions, electronic measurements of traf-
fic flow in traffic surveys. However, survey measurements are often questions
posed to a respondent, using words (e.g., “During the last 6 months, did you call
the police to report something that happened to YOU that you thought was a
crime?”). The critical task for measurement is to design questions that produce
answers reflecting perfectly the constructs we are trying to measure. These ques-
tions can be communicated orally (in telephone or face-to-face modes) or visually
(in paper and computer-assisted self-administered surveys). Sometimes, however,
they arc observations made by the interviewer (e.g., asking the interviewer to
observe the type of structure of the sample housing unit or to observe certain
attributes of the neighborhood). Sometimes they are electronic or physical meas-
urements {e.g., electronic recording of prices of goods in a sample retail store,
taking a blood or hair sample in a health-related survey, taking a sample of earth
in a survey of toxic waste, taking paint samples). Sometimes questions posed to
respondents follow their observation of visual material (e.g., streaming video
presentation of commercials on a laptop, presentation of magazine covers).

2.2.3 Response

The data produced in surveys come from information provided through the sur-
vey measurements. The nature of the responses is determined often by the nature
of the measurements. When questions are used as the measurement device,
respondents can use a variety of means to produce a response. They can search
their memories and use their judgment to produce an answer [e.g., answering the
question, “Now looking ahead, do you think that a year from now you (and your
family living there) will be better off financially, or worse off, or just about the
same as now?” from the SOC). They can access records to provide an answer
{e.g., looking at the employer’s personnel records to report how many nonsuper-
visory employees were on staff on the week of the 12th, as in the CES). They can
seck another person to help answer the question (¢.g., asking a spouse to recall
when the respondent last visited the doctor).

Sometimes, the responses are provided as part of the question, and the task
of the respondent is to choose from the proffered categories. Other times, only the
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question is presented, and the respondents must generate an answer in their own
words. Sometimes, a respondent fails to provide a response to a measurement
atternpt. This complicates the computation of statistics involving that measure.

2.2.4 Edited Response

In some modes of data collection, the initial measurement provided undergoes a
review prior to moving on to the next. In computer-assisted measurement, quan-
titative answers are subjected to range checks, to flag answers that are outside
acceptable limits. For example, if the question asks about year of birth, numbers
less than 1890 might lead to a follow-up question verifying the stated year. There
may also be consistency checks, which are logical relationships between two dif-
ferent measurements. For example, if the respondent states that she is 14 years old
and has given birth to 5 children, there may be a follow-up question that clarifies
the apparent discrepancy and permits a correction of any errors of data. With
interviewer-administered paper questionnaires, the interviewer often ts instructed

to review a completed instrument, look for illegible answers, and cross out ques--

tions that were skipped in the interview.

After all of the respondents have provided their answers, further editing of
data sometimes occurs. This editing may examine the full distribution of answers
and look for atypical patterns of responses. This attempt at “outlier detection”
often leads to more careful examination of a particular completed questionnaire.

To review, edited responses try to improve on the original responses obtained
from measurements of underlying constructs. The edited responses are the data
from which inference is made about the values of the construct for an individual
respondent.

2.2.5 The Target Population

We are now ready to move to the right side of Figure 2.2, moving from the
abstract to the concrete with regard to the representational properties of a survey.
The first box describes the concept of a “target population.” This is the set of units
to be studied. As denoted in Figure 2.2, this is the most abstract of the population
definitions. For many US household surveys, the target population may be “the
US adult population.” This description fails to mention the time extents of the
group (e.g., the population living in 2004); it fails to note whether to include those
living outside traditional households; it fails to specify whether to include those
who recently became adults; it fails to note how residency in the United States
would be determined. The lack of specificity is not damaging to some discus-
sions, but is to others. The target population is a set of persons of finite size,
which will be studied. The National Crime Victimization Survey targets those
aged 12 and over, who are not in active military service, who reside in noninsti-
tutionalized settings (i.e., housing units, not hospitals, prisons, or dormitories).
The time extents of the population are fixed for the month in which the residence
of the sample person is selected.
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LIFECYCLE OF A SURVEY — DESIGN PERSPECTIVE

2.2.6  The Frame Population

The frame population is the set of target population
members that has a chance to be selected into the
survey sample. In a simple case, the “sampling
frame” is a listing of all units (e.g., people, employ-

"ers) in the target population. Sometimes, however,

the sampling frame is a set of units imperfectly
linked to population members, For example, the
SOC has as its target population the US adult
household population. It uses as its sampling frame
a list of telephone numbers. It associates each per-
son to the telephone number of his/her household.
(Note that there are complications in that some per-
sons have no telephone in their household and oth-
ers have several different telephone numbers.) The
National Survey on Drug Use and Health uses a
sampling frame of county maps in the United
States. Through this, it associates each housing unit
with a unique county. It then associates each person
in the target population of adults and children age
12 or older with the housing unit in which they live.
(Note there are complications for persons without
fixed residence and those who have multiple resi-
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2.2,7 The Sample

A sample is selected from a sampling frame. This sample is the group from which ~ sampling

measurements will be sought. In many cases, the sample will be only a very small  frame

fraction of the sampling frame (and, therefore, of the target population).

2.2.8 The Respondents

In almost all surveys, the attempt to measure the selected sample cases does not

achieve full success. Those successfully measured are commonly catled “respon- respondents

dents” (“nonrespondents™ or “unit nonresponse” is the complement). There is

usually some difficulty in determining whether some cases should be termed  PON-

“respondents” or “nonrespondents,” because they provide only part of the infor-  respondents

mation that is sought. Decisions must be made when building a data file about .

when to include a data record with Iess than complete information and when to Uit non-

exclude a respondent altogether from the analytic file. “Item missing data” is the ~ response

term used to describe the absence of information on individual data items fora .

sample case successfully measured on other items. Figure 2.3 is a visual portrayal ge;n missing
ata

of the type of survey and frame data and the nature of unit and item nonresponse.
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Figure 2.3 Unit and item nonresponse in a survey data file.

The figure portrays a data file; each line is a data record of a different sample per-
son. The left columns contain data from the sampling frame, on all sample cases.
Respondents have longer data records containing their answers to questions. The
nonrespondents (at the end of the file) have data only from the sampling frame.
Here and there throughout the respondent records are some individual missing
data, symbolized by a “a.” One example of item missing data from the CES is
missing payroll totals for sample employers who have not finalized their payroil
records by the time the questionnaire must be returned.

2.2.9 Postsurvey Adjustments

After all respondents provide data and a set of data records for them is assembled,
there is often another step taken to improve the quality of the estimates made from
the survey. Because of nonresponse and because of some coverage problems
(mismatches of the sampling frame and the target population), statistics based on
the respondents may depart from those of the full population the statistics are
attempting to estimate. At this point, examination of unit nonresponse paticmns
over different subgroups (e.g., the finding that urban response rates are lower than
rural response rates) may suggest an underrepresentation of some groups relative
to the sampling frame. Similarly, knowledge about the type of units not included
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in the sampling frame (e.g., new households in the SOC, new employers in the
CES) may suggest an underrepresentation of certain types of target population
members. We will learn later that “weighting” up the underrepresented in our cal-
culations may improve the survey estimates. Altemnatively, data that are missing
are replaced with estimated responses through a process called “imputation.”
There are many different weighting and imputation procedures, all labeled as
“pastsurvey adjustments.”

2.2.10 How Design Becomes Process

The design steps described above typically have a very predictable sequence. It is
most common to array the steps of a survey along the temporal continuum in
which they occur, and this is the order of most texts on “how to do a survey.”
Figure 2.4 shows how the objectives of a survey help make two decisions,
one regarding the sample and another regarding the measurement process. The
decision on what mode of data collection to use is an important determinant of
how the measurement instrument is shaped (¢.g., “questionnaire” in Figure 2.4).
The questionnaire needs a pretest before it is used to collect survey data, On the
right-hand track of activities, the choice of a sampling frame, when married to a
sample design, produces the realized sample for the survey. The measurement

Define research objectives

_A

Choose mode |, | Choose sampling
of collection | . frame
h 4 h 4
Construct and pretest Design and
questionnaire select sample

Recruit and "
measure sample

h

Code and edit data

] !
Make postsurvey adjustments

4

Perform analysis

Figure 2.4 A survey from a process perspective.
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instrument and the sample come together during a data collection phase, during 2.3 THE
which attention is paid to obtaining complete measurement of the sample (i.e., PER:
avoiding nonresponse). After data collection, the data are edited and coded (i.e.,
placed into a form suitable for analysis). The data file often undergoes some post- We used Fig

survey adjustments, mainly for coverage and nonresponse errors. These adjust-
ments define the data used in the final estimation or analysis step, which forms
the statistical basis of the inference back to the full target population. This book
takes the perspective that good survey estimates require simultaneous and coor-
dinated attention to the different steps in the survey process.
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2.3 THE LIFECYCLE OF A SURVEY FROM A QUALITY
PERSPECTIVE

We used Figure 2.2 to describe key terminology in surveys. The same figure is
useful to describe how survey methodologists think about quality. Figure 2.5 has
added in ovals a set of quality concepts that are common in survey methodology.
Each of them is placed in between successive steps in the survey process, to indi-
cate that the guality concepts reflect mismatches between successive steps. Most
of the ovals contain the word “error” because that is the terminology most com-
monly used. The job of a survey designer is to minimize error in survey statistics
by making design and estimation choices that minimize the gap between two suc-
cessive stages of the survey process. This framework is sometimes labeled the
“total survey error” framework or “total survey error” paradigm.
There are two important things to note about Figure 2.5:

1) Each of the quality components (ovals in Figure 2.5) has verbal descrip-
tions and statistical formulations.

2) The quality components are propertics of individual survey statistics
(i.e., each statistic from a single survey may differ in its qualities), not of
whole surveys.

The next sections introduce the reader both to the concepts of different quality
components and to the simple statistical notation describing them. Since the qual-
ity is an attribute not of a survey but of individual statistics, we could present the
statistics for a variety of commonly used statistics (e.g., the sample mean, a
regression coefficient between two variables, estimates of population totals). To
keep the discussion as simple as possible, we will describe the error components
for a very simple statistic, the sample mean, as an indicator of the average in the
population of some underlying construct. The quality properties of the sample
mean will be discussed as a function of its relationship to the population mean.

We will use symbols to present a compact form of description of the error
concepts, because that is the traditional mode of presentation. The Greek letter u
(mu) will be used to denote the unobservable construct that is the target of the
measurement. The capital letter ¥ will be used to denote the measurement meant
to reflect 4 (but subject to inevitable measurement problems). When the measure-
ment is actually applied, we obtain a response called y (lower case).

The statistical notation will be

4, = the value of a construct, (e.g., reported number of doctor visits) for
the ith person in the population, i = 1,2,..., N

Y. = the value of a measurement (e.g., number of doctor visits) for the ith

i

sample person, i = 1,2,..., s

¥,= the value of the response to application of the measurement (e.g., an
answer {0 a survey question)

y,, = the value of the response after editing and other processing steps.

49

total survey
error




50

construct

true value

INFERENCE AND ERROR IN SURVEYS

In short, the underlying target attribute we are attempting to measure is (£, but
instead we use an imperfect indicator, ¥, which departs from the target because
of imperfections in the measurement. When we apply the measurement, there are
problems of administration. Instead of obtaining the answer ¥, we obtain instead,
v, the response lo the measurement. We attempt to repair the weakness in the
measurement through an editing step, and obtain as aresult y,_, which we call the
edited response (the subscript p stands for “post-data collection™).

2.3.1 The Observational Gap between Constructs and Measures

The only oval in Figure 2.5 that does not contain the word “error” corresponds to
mismatches between a construct and its associated measurement. Measurement
theory in psychology (called “psychometrics™) offers the richest notions relevant
to this issue. Construct “validity” is the extent to which the measure is related to
the underlying construct (“invalidity” is the term sometimes used to describe the
extent to which validity is not attained). For example, in the National Assessment
of Educational Progress, when measuring the construct of mathematical abilities
of 4th graders, the measures are sets of arithmetic problems. Each of these prob-
tems is viewed to test some component of mathematical ability. The notion of
validity is itself conceptual — if we knew each student’s true mathematical ability,
how related would it be to that measured by the set of arithmetic problems?
Validity is the extent to which the measures reflect the underlying construct.

In statistical terms, the notion of validity lies at the level of an individual
respondent. It notes that the construct (even though it may not be casily observed
or observed at all) has some value associated with the ith person in the popula-
tion, traditionally labeled as g, implying the “true value” of the construct for the
ith person. When a specific measure of ¥ is administered (e.g., an arithmetic prob-
lem given to measure mathematical ability), simple psychometric measurement
theory notes that the result is not g, but something else:

Y=g te;

that is, the measurement equals the true value plus
some error term, £, the Greek letter epsilon, denot-
ing a deviation from the true value. This deviation
is the basis of the notion of validity. For example, in
the NAEP we might conceptualize mathematics
ability as a scale from 0 to 100, with the average
ability at 50. The model above says that on a partic-
ular measure of math ability, a student (/) who has a
true math ability of, say, 57, may achieve a different
score, say, 52. The error of that measure of math
ability for the ith student is (52 — 57} = -5, because
Y,=52=p +¢&=57+(5)

One added featurc of the measurement is nec-
essary to understand notions of validity ~ a single
application of the measurement to the ith person is
viewed as one of an infinite number of such meas-
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urements that could be made. For example, the answer to a survey question about
how many times one has been victimized in the last six months is viewed as just
one incident of the application of that question to a specific respondent. In the lan-
guage of psychometric measurement theory, each survey is one trial of an infinite
number of trials.

Thus, with the notion of trials, the response process becomes

Y, =4 +¢,.

Now we need two subscripts on the terins, one to denote the element of the pop-
ulation (/) and one to denote the trial of the measurement (¢). Any one application
of the measurement (7) is but one trial from a conceptually infinite number of pos-
sible measurements. The response obtained for the one survey conducted (Y, for
the tth trial) deviates from the true value by an error that is specific to the one trial
(€, ). That is, each survey is one specific trial, #, of a measurement process, and
the deviations from the true value for the ith person may vary over trials (requir-
ing the subscript ¢, as in g,). For example, on the math ability construct, using a
particular measure, sometimes the ith student may achieve a 52 as above, but on
repeated administrations might achieve a 59 or 2 49 or a 57, with the error corre-
spondingly +2 or —8 or 0, respectively. We don’t really administer the test many
times; instead we envision that the one test might have achieved different out-
comes from the same person over conceptually independent trials.

Now we are very close to defining validity for this simple case of response
deviations from the true value. Validity is the correlation of the measurement, ¥,
and the true value, pr, measured over all possible trials and persons:

E, [~ Dt - [ VEG -1 B, Gt~ )|

where u is merely the mean of the y_ over all trials and all persons and Y is the
average of the Y. The E at the beginning of the expression denotes an expected
or average value over all persons and all trials of measurement. When y and p
covary, moving up and down in tandem, the measurement has high construct
validity. A valid measure of an underlying construct is one that is perfectly corre-
lated to the construct.

Later we will become more sophisticated about this notion of validity, noting
that two variables can be perfectly correlated but produce different values of some
of their univariate statistics. Two variables can be perfectly correlated but yield
different mean values. For example, if all respondents underreport their weight by
5 pounds, then true weight and reported weight will be perfectly correlated, but
the mean reported weight will be 5 pounds less than the mean of the true weights.
This is a point of divergence of psychometric measurement theory and survey sta-
tistical error properties.

2.3.2 Measurement Error: the Observational Gap between the
Ideal Measurement and the Response Obtained

The next important quality component in Figure 2.5 is measurement error. By

“measurement error” we mean a departure from the true value of the measure-
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ment as applied to a sample unit and the value provided. For example, imagine
that the question from the National Survey on Drug Use and Health (NSDUH) is:
“Have you ever, even once, used any form of cocaine?” A common finding (see
Section 5.3.5 and 7.3.7} is that behaviors that are perceived by the respondent as
undesirable tend to be underreported. Thus, for example, the true value for the
response to this question for one respondent may be “yes,” but the respondent will
answer “no” in order to avoid the potential embarrassment of someone learning
of his/her drug use.

To the extent that such response behavior is common and systematic across
administrations of the question, there arises a discrepancy between the respondent
mean response and the sample true mean. In the example above, the percentage
of persons reporting any lifetime use of cocaine will be underestimated. in statis-
tical notation, we need to introduce a new term that denotes the response to the
question as distinct from the true value on the measure, ¥, for the ith person. We
call the response to the question y, so we can denote the systematic deviation
from true values as (v, — ¥). Returning to the CES example, the count for non-
supervisory employees might be 12 for some employer but the report to the ques-
tion is 15 employees. In the terminology of survey measurement theory, a
response deviation occurs to the extent that y, #Y,, in this case, y, - ¥ =15 - 12
=3

In our perspective on measurement, we again acknowledge that each act of
application of a measure is but one of a conceptually infinite number of applica-
ttons. Thus, we again use the notion of a “trial” to denote the single application
of a2 measurement. If response deviations described above are systematic, that is,
if there is a consistent direction of the response deviations over trials, then
“response bias” might result. “Bias” is the difference between the expected value
(over all conceptual trials) and the true value being estimated. Bias is a system-
atic distortion of a response process. There are two examples of response biases
from our example surveys. In the NSDUH, independent estimates of the rates of

use of many substances asked about, including cig-

arettes and illegal drugs, suggest that the reporting

tlon of Va”ance °r Va"abie is somewhat biased; that is, that people on average

tend to underreport how much they use various sub-
stances. Part of the explanation is that some people
are concerned about how use of these substances
would reflect on how they are viewed. It aiso has
been found that the rates at which people are vic-
tims of crimes are somewhat underestimated from
survey reports. One likely explanation is that some
individual victimizations, particularly those crimes
that have little lasting impact on victims, are forgot-
ten in a fairly short period of time. Whatever the ori-
gins, research has shown that survey estimates of
the use of some substances and of victimization
tend to underestimate the actual rates. Answers to
the survey questions are systematically lower than
the true scores; in short, they are biased. In statisti-
cal notation, we note the average or expected value
of the response over trials as E(Y), where, as
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LIFECYCLE OF A SURVEY — QUALITY PERSPECTIVE

before, t denotes a particular trial (or application) of the measurement. Response
bias occurs when

E{v,)=Y.

i

In addition to systematic underreporting or overreporting that can produce
biased reports, there can be an instability in the response behavior of a person,
producing another kind of response error. Consider the case of a survey question
in the SOC: “Would you say that at the present time, business conditions are bet-
ter or worse than they were a year ago?” A common perspective on how respon-
dents approach such a question is that, in addition to the words of the individual
question and the context of prior questions, the respondent uses all other stimuli
in the measurement environment. But gathering such stimuli (some of which
might be memories generated by prior questions) is a haphazard process, unpre-
dictable over independent trials. The result of this is variability in responses over
conceptual trials of the measurement, often called “variability in response devia-
tions.” For this kind of response error, lay terminology fits rather well — this is an
example of low “reliability” or “unreliable” responses. (Survey statisticians term
this “response variance” to distinguish it from the error labeled above, “response
bias.”) The difference between response variance and response bias is that the lat-
ter is systematic, leading to consistent overestimation or underestimation of the
construct in the question, but response variance leads to instability in the value of
estimates over trials.

2.3.3  Processing Error: the Observational Gap between the
Variable Used in Estimation and that Provided by the
Respondent

What errors can be introduced after the data are collected and prior to estimation?
For example, an apparent outlier in a distribution may have correctly reported a
value. A respondent in the National Crime Victimization Survey may report being
assaulted multiple times each day, an implausible report that, under some editing
rules, may cause a setting of the value to missing data. However, when the added
information that the respondent is a security guard in a bar is provided, the report
becomes more plausible. Depending on what construct should be measured by the
question, this should or should not be altered in an editing step. The decision can
affect processing errors.

Another processing error can arise for questions allowing the respondent to
phrase his or her own answer. For example, in the Surveys of Consumers, if a
respondent answers “yes” to the question, “During the last few months, have you
heard of any favorable or unfavorable changes in business conditions?” the inter-
viewer then asks, “What did you hear?” The answer to that question is entered
into a text field, using the exact words spoken by the respondent. For example,
the respondent may say, “There are rumors of layoffs planned for my plant. I'm
worried about whether I'll lose my job.” Answers like this capture the rich diver-
sity of situations of different respondents, but they do not yield themselves to
quantitative summary, which is the main product of surveys. Hence, in a step
often called “coding,” these text answers are categorized into numbered classes.
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For example, this answer might be coded as a member of a class fabeled,
“possible layoffs at own work site/company.” The sample univariate summary of
this measure is a proportion falling into each class {e.g., “8% of the sample
reported possible layoffs at own work site/company™).

What errors can be made at this step? Different persons coding these text
answers can make different judgments about how to classify the text answers.
This generates a variability in results that is purely a function of the coding sys-
tem (e.g., coding variance). Poor training can prompt all coders to misinterpret a
verbal description consistently. This would produce a coding bias.

In statistical notation, if we were considering a variable Like income, subject
to some editing step, we could denote processing effects as the difference between
the response as provided and the response as edited. Thus, y, = response to the sur-
vey question, as before, but y, = the edited version of the response. The process-
ing or editing deviation is simply (y_— ).

2.3.4 Coverage Error: the Nonobservational Gap between the
Target Population and the Sampling Frame

The big change of perspective when moving from the lefi side (the measurement
side) of Figure 2.2 to the right side (the representation side) is that the focus
becomes statistics, not individual responses. Notice that the terms in Figure 2.5
are expressions of sample means, simple statistics summarizing individual values
of elements of the population. Although there are many possible survey statistics,
we use the mean as our illustrative example.

Sometimes, the target population (the finite population we want to study)
does not have a convenient sampling frame that matches it perfectly. For exam-

Ineligible units

F N

Ineligible units

population

Figure 2.6 Coverage of a target population by a frame.
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ple, in the United States there is no updated list of residents that can be used as a
sampling frame of persons. In contrast, in Sweden there is a population register,
an updated list of names and addresses of almost all residents. Sample surveys of
the target population of all US residents often use sampling frames of telephone
numbers. The error that arises is connected to what proportion of US residents can
be reached by telephone and how different they are from others on the statistics
in question. Persons with lower incomes and in remote rural areas are less likely
to have telephones in their homes. If the survey statistic of interest were the per-
centage of persons receiving unemployment compensation from the government,
it is likely that a telephone survey would underestimate that percentage. That is,
there would be a coverage bias in that statistic.

Figure 2.6 is a graphical image of two coverage problems with a sampling
frame. The target population differs from the sampling frame. The lower and left
portions of elements in the target population are missing from the frame (e.g.,
nontelephone households, using a telephone frame to cover the full household
population). This is labeled “undercoverage” of the sampling frame with respect
to the target population. At the top and right portions of the sampling frame are a
set of elements that are not members of the target population but are members of
the frame population (e.g., business telephone numbers in a telephone frame try-
ing to cover the household population). These are “ineligible units,” sometimes
labeled “overcoverage” and sometimes the existence of “foreign elements.”

In statistical terms for a sample mean, coverage bias can be described as a
function of two terms: the proportion of the target population not covered by the
sampling frame, and the difference between the covered and noncovered popula-
tion. First, we note that coverage error is a property of a frame and a target pop-
ulation on a specific statistic. It exists before the sample is drawn and thus is not
a problem arising because we do a sample survey. It would also exist if we
attempted to do a census of the target population using the same sampling frame.
Thus, it is simplest to express coverage error prior fo the sampling step. Let us
express the effect on the mean on the sampling frame:

Mean of the entire target population

Mean of the population on the sampling frame

Mean of the target population not on the sampling frame

Total number of members of the target population

= Total number of eligible members of the sampling frame (“covered” ¢le-
ments)

U = Total number of eligible members not on the sampling frame (“not cov-

ered” elements)

-
L.
L
N
c

The bias of coverage is then expressed as

- = U,= =
YCFY:F(YC—Y;).

That is, the error in the mean due to undercoverage is the product of the coverage
rate (U/N) and the difference between the mean of the covered and noncovered
cases in the target population. The left side of the equation merely shows that the
coverage error for the mean is the difference between the mean of the covered
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Figure 2.7 Samples and the sampling distribution of the mean.

population and the mean of the full target population. The right side is the result
of a little algebraic manipulation. It shows that the coverage bias is a function of
the proportion of the population missing from the frame and the difference
between those on and off the frame. For example, for many statistics on the US
household population, telephone frames describe the population well, chiefly
because the proportion of nontelephone households is very small, about 5% of the
total population. Imagine that we used the Surveys of Consumers, a telephone
survey, fo measure the mean years of education, and the telephone households had
a mean of 14.3 years. Among nontelephone households, which were missed due
to this being a telephone survey, the mean education level is 11.2 years. Although
the nontelephone houscholds have a much lower mean, the bias in the covered
mean is

¥, —¥ =0.05(14.3 years - 11.2 years) = 0.16 years

or, in other words, we would expect the sampling frame to have a mean years of
education of 14.3 years versus the target population of 14.1 years.

Coverage error on sampling frames results in sample survey means estimat-
ing the ?C and not the ¥ and, thus, coverage error properties of sampling frames
generate coverage error properties of sample based statistics.
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2.3.5 Sampling Error: The Nonobservational Gap between the
Sampling Frame and the Sample

One error is deliberately introduced into sample survey statistics. Because of cost
or logistical infeasibility, not all persons in the sampling frame are measured.
Instead, a sample of persons is selected; they become the sole target of the meas-
urement. All others are ignored. In almost all cases, this deliberate “nonobserva-
tion” introduces deviation from the achieved sample statistics and the same sta-
tistic on the full sampling frame.

For example, the National Crime Victimization Survey sample starts with the
entire set of 3,067 counties within the United States. It separates the counties by
population size, region, and correlates of criminal activity, forming separate
groups or strata. In each stratum, giving each county a chance of selection, it
selects sample counties or groups of counties, totaling 237. All the sample per-
sons in the survey will come from those geographic areas. Each month of the
sample selects about 8,300 households in the sclected areas and attempts inter-
views with their members.

As with all the other survey errors, there are two types of sampling error:
sampling bias and sampling variance. Sampling bias arises when some members
of the sampling frame are given no chance (or reduced chance) of selection. In
such a design, every possible set of selections exclude them systematically. To the
extent that they have distinctive values on the survey statistics, the statistics will
depart from the corresponding ones on the frame population. Sampling variance
arises because, given the design for the sample, by chance many different sets of
frame elements could be drawn (e.g., different counties and households in the
NCVS). Each set will have different values on the survey statistic. .

Just like the notion of trials of measurement (see Section 2.3.1), sampling
variance rests on the notion of conceptual replications of the sample selection.
Figure 2.7 shows the basic concept. On the left appear illustrations of the differ-
ent possible sets of sample elements that are possible over different samples. The
figure portrays § different sample “realizations,” different sets of frame elements,
with frequency distributions for each (the x axis is the value of the variable and
the y axis is the number of sample elements with that value}. Let us use our exam-
ple of the sample mean as the survey statistic of interest. Each of the S samples
produces a different sample mean. One way to poriray the sampling variance of
the mean appears on the right of the figure. This is the sampling distribution of
the mean, a plotting of the frequency of specific different values of the sample
mean (the x axis is the value of a sample mean and the y axis is the number of
samples with that value among the S different samples). The dispersion of this
distribution is the measure of sampling variance normally employed. If the aver-
age sample mean over all S samples is equal to the mean of the sampling frame,
then there is no sampling bias for the mean. If the dispersion of the distribution
on the right is small, the sampling variance is low. (Sampling variance is zero
only in populations with constant values on the variable of interest.)

The extent of the error due to sampling is a function of four basic principles
of the design:

1) Whether all sampling frame elements have known, nonzero chances of
selection into the sample (called “probability sampling™)
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2) Whether the sample is designed to control the representation of key sub-
populations in the sample (called “stratification”)

3) Whether individual elements are drawn directly and independently or in
groups (called “element” or “cluster” satnples)

4) How large a sample of elements is selected

Using this terminology, the NCVS is thus a stratified, clustered probability sam-
ple of approximately 8,300 households per month.

Sampling bias is mainly affected by how probabilities of selection are
assigned to different frame elements. Sampling bias can be easily removed by
giving all elements an equal chance of selection. Sampling variance is reduced
with big samples, with samples that are stratified, and samples that are not clus-
tered.

In statistical terms,

¥, = Mean of the specific sample draw, sample s; 5 =1,2,...,§

¥, = Mean of the total set of elements in the sampling frame

These means (in simple sample designs) have the form:

My

C
>y, 2 Y,
c

5= — and Yo ==
n

5

“Sampling variance” measures how variable are the y, over all sample realiza-
tions. The common measurement tool for this is to use squared deviations of the
sample means about the mean of the sampling frame, so that the “sampling vari-
ance” of the mean is

S =2
E(y,—YC)
s=|

————S .

When sampling variance is high, the sample means are very unstable. In that sit-
uation, sampling error is very high. That means that for any given survey with that
kind of design, there is a larger chance that the mean from the survey will be com-
paratively far from the true mean of the population from which the sample was
drawn (the sample frame).

2.3.6 Nonresponse Error: The Nonobservational Gap between the
Sample and the Respondent Pool

Despite efforts to the contrary, not all sample members are successfully measured
in surveys involving human respondents. Sometimes, 100% response rates are
obtained in surveys requiring sampling of inanimate objects (e.g., medical records
of persons, housing units). Almost never does it occur in sample surveys of
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humans. For example, in the SOC, about 30-35% of the sample each month either
eludes contact or refuses to be interviewed. In the main (nationwide) National
Assessment of Educational Progress (NAEP) about 17% of the schools refuse
participation, and within cooperating schools about 11% of the students are not
measured, either because of absences or refusal by their parents.

Nonresponse error arises when the values of statistics computed based only
on respondent data differ from those based on the entire sample data. For exam-
ple, if the students who are absent on the day of the NAEP measurement have
lower knowledge in the mathematical or verbal constructs being measured, then
NAEP scores suffer nonresponse bias - they systematically overestimate the
knowledge of the entire sampling frame. If the nonresponse rate is very high, then
the amount of the overestimation could be severe.

Most of the concemn of practicing survey researchers is about nonresponse
bias, and its statistical expression resembles that of coverage bias described in
Section 2.3.1:

¥, = Mean of the entire specific sample as selected

¥, = Mean of the respondents within the sth sample

Y. = Mean of the nonrespondents within the sth sample
n_= Total number of sample members in the sth sample
r. = Total number of respondents in the sth sample

m_= Total number of nonrespondents in the sth sample

The nonresponse bias is then expressed as an average over all samples of

Thus, nonresponse bias for the sample mean is the product of the nonresponse
rate (the proportion of eligible sample elements for which data are not collected)
and the difference between the respondent and nonrespondent mean. This indi-
cates that response rates alone are not quality indicators. High response rate sur-
veys can also have high nonresponse bias (if the nonrespondents are very distinc-
tive on the survey variable). The best way to think about this is that high response
rates reduce the risk of nonresponse bias.

2.3.7 Adjustment Error

The last step in Figure 2.5 on the side of errors of nonobservation is postsurvey
adjustments. These are efforts to improve the sample estimate in the face of cov-
erage, sampling, and nonresponse errors. (In a way, they serve the same function
as the edit step on individual responses, discussed in Section 2.3.3).

The adjustments use some information about the target or frame population,
or response rate information on the sample. The adjustments give greater weight
to sample cases that are underrepresented in the final data set. For example, some
adjustments pertain to nonresponse. [magine that you are interested in the rate of
personal crimes in the United States and that the response rate for urban areas in
the National Crime Victimization Survey is 85% (i.¢., 85% of the eligible sample

nonresponse
error

nonresponse
bias
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persons provide data on a specific victimization), but the response rate in the rest
of the country is 96%. This implies that urban persons are underrepresented in the
respondent data set. One adjustment weighting scheme counteracts this by creat-
ing two weights, w = 1/0.85 for urban respondents and w, = 1/0.96 for other
respondents. An adjusted sample mean is computed by

r

H/.Ey.ri
_ =1
ynv - r b

2w
i=l

which has the effect of giving greater weight to the urban respondents in the com-
putation of the mean. The error associated with the adjusted mean relative to the
target population mean is

Gn—1)

which would vary over different samples and applications of the survey. That is, :

adjustments generally affect the bias of the estimates and the variance (over sam-
ples and implementations of the survey). Finally, although postsurvey adjust-
ments are introduced to reduce coverage, sampling, and nonresponse errors, they
can also increase them, as we will learn later in Chapter 10.

2.4 PurtING IT ALL TOGETHER

The chapter started by presenting three perspectives on the survey. The first, por-
trayed in Figure 2.2, showed the stages of survey design, moving from abstract
concepts to concrete steps of activities. Next, in Figure 2.4, we presented the steps
of a survey project, from beginning to end. Finally, in Figure 2.5, we presented
the quality characteristics of surveys that the field associates with each of the
steps and the notation used for different quantities. The quality components focus
on two properties of survey estimates: errors of observation and errors of nonob-
servation. Errors of observation concern successive gaps between constructs,
measures, responses, and edited responses. Errors of nonobservation concern suc-
cessive gaps between statistics on the target population, the sampling frame, the
sample, and the respondents from the sample.

For some of these errors we described a systematic source, one that produced
consistent effects over replications or trials (e.g., nonresponse). We labeled these
“biases.” For others, we described a variable or random source of error (e.g.,
validity). We labeled these as “variance.” In fact, as the later chapters in the book
will show, all of the error sources are both systematic and variable, and contain
both biases and variances.

The reader now knows that the quantitative products of surveys have their
quality properties described in guantitative measures. Look again at Figure 2.5,
showing how the notation for a simple sample mean varies over the development
of the survey. This notation will be used in other parts of the text. Capital letters
will stand for properties of population elements. Capital letters will be used for
the discussions about measurement, when the sampling of specific target popula-
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ERROR NOTIONS IN DIFFERENT KINDS OF STATISTICS

tion members is not at issue. In discussions about inference to the target popula-
tion through the use of a sample, capital letters will denote population elements
and lower case letters will denote sample quantities. The subscripts of the vari-
ables will indicate either membership in subsets of the population (i.¢., i for the
ith person, or p for postprocessed datum).

[y

2.5 ERROR NOTIONS IN DIFFERENT KINDS OF STATISTICS

The presentation above focused on just one possible survey statistic—the sample
mean—to illustrate error principles. There are many other statistics computed
from surveys (e.g., correlation coefficients, regression coefficients).

Two uses of surveys, linked to different statistics, deserve mention:

1) Descriptive uses (i.e., how prevalent an attribute is in the population;
how big a group exists in the population; the average value on some
quantitative measure)

2) Analytic uses (.., what causes some phenomenon to occur; how two
attributes are associated with one another)

Many surveys are done to collect information about the distribution of character-
istics, ideas, experiences, or opinions in a population. Often, results are reported
as means or averages. For example, the NCVS might report that 5% of the peo-
ple have had their car stolen in the past year.

In contrast, statements such as, “Women are more likely to go to a doctor
than men,” “Republicans are more likely to vote than Democrats,” or “Young
adults are more likely to be victims of crime than those over 657 are all statements
about relationships. For some purposes, describing the degree of relationship is
important. So a researcher might say that the correlation between a person’s fam-
ily income and the likelihood of voting is 0.23. Alternatively, the income rise
associated with an investment in education might be described by an equation,
often cailed a “model” of the income generation process:

ln(ys) = ﬁo +ﬁ[xi + ﬁzx,'l1

where y, is the value of the ith person’s income, and x, is the value of the ith per-
son’s educational attainment in years.

The hypothesis tested in the model specification is that the payoff in income
of educational investments is large for the early years and then diminishes with
additional years. If the coefficient J, is positive and §, is negative, there is some
support for the hypothesis. This is an example of using survey data for causal
analysis. In this case, the example concerns whether educational attainment
causes incorne attainment,

Are statistics like a correlation coefficient and a regression coefficient sub-
ject to the same types of survey errors as described above? Yes. When survey data
are used to estimate the statistics, they can be subject to coverage, sampling, non-
response, and measurement errors, just as can simple sample means. The mathe-
matical expressions for the errors are different, however. For most survey statis-
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tics measuring relationships, the statistical errors are properties of crossproducts
between the two variables involved (e.g., covariance and variance propetrties).

The literatures in analytic statistics and econometrics are valuable for under-
standing errors in statistics related to causal hypotheses. The language of error
used in these fields is somewhat different from that in survey statistics, but many
of the concepts are similar.

Thus, the kind of analysis one is planning, and the kinds of questions one
wants to answer can be related to how concemed one is about the various kinds
of error that we have discussed. Bias, cither in the sample of respondents answer-
ing questions or in the answers that are given, is often a primary concern for those
focused on the goal of describing distributions. If the main purpose of a survey is
to estimate the percentage of people who are victims of particular kinds of crime,
and those crimes are systematically underreported, then that bias in reporting will
have a direct effect on the ability of the survey to achieve those goals. In contrast,
if the principal concern is whether old people or young people are more likely to
be victims, it could be that the ability of the survey to accomplish that goal would
be unaffected if there was consistent underreporting of minor crimes. If the bias
was really consistent for all age groups, then the researcher could reach a valid
conclusion about the relationship between age and victimization, even if all the
estimates of victimization were too low.

2.6 SUMMARY

Sample surveys rely on two types of inference — from the questions to constructs,
and from the sample statistics to the population statistics. The inference involves
two coordinated sets of steps — obtaining answers to questions constructed to mir-
ror the constructs, and identifying and measuring sample units that form a micro-
cosm of the target population.

Despite all efforts, each of the steps is subject to imperfections, producing
statistical errors in survey statistics. The errors involving the gap between the
measures and the construct are issues of validity. The errors arising during apphi-
cation of the measures are called “measurement errors.” Editing and processing
errors can arise during efforts to prepare the data for statistical analysis. Coverage
errors arise when enumerating the target population using a sampling frame.
Sampling errors stem from surveys measuring only a subset of the frame popula-
tion. The failure to measure all sample persons on all measures creates nonre-
sponse error. “Adjustment” errors arise in the construction of statistical estimators
to describe the full target population. All of these error sources can have varying
effects on différent statistics from the same survey.

This chapter introduced the reader to these elementary building blocks of the
field of survey methodology. Throughout the text, we will elaborate and add to
the concepts in this chapter. We will describe a large and dynamic research liter-
ature that is discovering new principles of human measurement and estimation of
large population characteristics. We will gain insight into how the theories being
developed lead to practices that affect the day-to-day tasks of constructing and
implementing surveys. The practices will generally be aimed at improving the
quality of the survey statistics {or reducing the cost of the survey). Often, the
practices wil! provide new measurements of how good the estimates are from the
survey.
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EXERCISES

1} A recent newspaper article reported that “sales of handheld digital devices
(e.g., Palm Pilots, PDAs) are up by nearly 10% in the last quarter, while sales
of laptops and desktop PCs have remained stagnant.” This report was based
on the results of an on-line survey in which 9.8% of the more than 126,000
respondents said that they had “purchased a handheld digital device between
January 1 and March 30 of this year.” E-mails soliciting participation in this
survey were sent to individuals using an e-mail address frame from the five
largest commercial Internet service providers (ISPs) in the United States.
Data collection took place over a 6-week period beginning May 1, 2002. The
overall response rate achieved in this survey was 53%. Assume that the
authors of this study wanted to infer something about the expected purchases
of US adults (18 years old +),
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2)

3)

4)

5)

INFERENCE AND ERROR IN SURVEYS

a) What is the target population?

b) Based on this chapter and your readings, briefly discuss how the design
of this survey might affect the following sources of error (24 sentences
each):

e coverage error
e NONIESPONSE error
e INeasurement error

¢) Without changing the duration or the mode of this survey (i.e., computer
assisted, self-administration), what could be done to reduce the errors
you outlined in (b)? For each source of error, suggest one change that
could be made to reduce this error component, making sure to justify
your answer based on readings and lecture material (1-2 sentences
each).

d) To lower the cost of this survey in the future, researchers are consider-
ing cutting the sample in half, using an e-mail address frame from only
the two largest [SPs. What effect (if any) will these changes have on
sampling error and coverage error (1-3 sentences each)?

Describe the difference between coverage error and sampling error in survey
statistics.

Given what you have read about coverage, nonresponse, and measurement
errors, invent an example of a survey in which attempting to reduce one error
might lead to another error increasing. After you have constructed the exam-
ple, invent a methodological study design to investigate whether the reduc-
tion of the one error actually does increase the other.

This chapter described ertors of observation and errors of nonobservation.

a) Name three sources of error that affect inference from the sample from
which data were collected to the target population.

b) Name three sources of error that affect inference from the respondents’
answers to the underlying construct.

¢) For each source of error you mentioned, state whether it potentially
affects the variance of estimates, biases the estimates, or both.

For each of the following design decisions, identify which error sources
described in your readings might be affected. Each design decision can affect
at least two different etror sources. Write short (2-4 sentences) answers to
each point.

a) The decision to include or exclude institutionalized persons (e.g., resid-
ing in hospitals, prisons, military group quarters) from the sampling
frame in a survey of the prevalence of physical disabilities in the United
States.

b) The decision to use self-administration of a mailed questionnaire for a
survey of elderly Social Security beneficiaries regarding their housing
situation.
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EXERCISES

c) The decision to use repeated calls persuading reluctant respondents in a
survey of customer satisfaction for a houschold product manufacturer.

d) The decision to reduce costs of interviewing by using existing office per-
sonnel to interview a sample of patients of a health maintenance organ-
ization (HMO) and thereby increase the sample size of the survey. The
topic of the survey is their use of prescription medications.

e) The decision to increase the number of questions about assets and
income in a survey of income dynamics, resulting in a lengthening of the
interview.
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