It is generally recognized that interviewers may have an important effect on the quality
of the data collected in survey research. This article presents an application of the
hierarchical regression model in the analysis of interviewer effects. The hierarchical
regression model offers an elegant way of analyzing the simultaneous effects of specific
interviewer and respondent characteristics. It is especially attractive if the research
design does not provide for a random assignment of respondents to interviewers, because
it allows the researcher to use statistical rather than experimental control by modeling
the interviewer effects conditional on the respondent effects.
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he survey interview is a major source of research data in

many social science disciplines. Consequently, there is a
large and growing literature on the quality of survey data, as instanced
by two special issues of Sociological Methods & Research (November
1977 and August 1991; cf. Alwin 1978, 1991), and a series of recent
collections on various aspects of survey methodology (Groves et al.
1988; Kasprzik, Duncan, Kalton, and Singh 1989; Biemer, Groves,
Lyberg, Mathiowetz, and Sudman 1991).

Discussions of errors in surveys usually distinguish between vari-
ous error sources. Groves (1989) differentiates two major sources of
error: error of nonobservation and observation error. The errors of
nonobservation arise because surveys generally fail to cover the
complete population; in this category Groves places coverage error,
nonresponse error, and sampling error. Observational errors are those
errors that would arise even if the survey produced a complete enu-
meration of the population (Bailar 1987; Groves 1989). Groves (1989,
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pp. 11-12) places observational errors in four categories: interviewer
effects, respondent effects, instrument effects, and mode effects (ef-
fects of the specific mode of data collection used). This article focuses
on the use of hierarchical linear regression models for research on
interviewer and respondent effects; extensions that would include
instrument and mode effects are mentioned only briefly.

Both respondents and interviewers have long been recognized as a
potential source of error in survey interview data. Various respondent
characteristics, such as age and education, have been thought to affect
data quality. The literature is somewhat equivocal; respondent effects
are generally reported to be small (Groves 1989), although Alwin and
Krosnick (1991) report fairly large effects of respondents’ education
on the reliability of their answers to survey questions. The effects of
interviewer characteristics are also generally reported as small
(Bradburn 1983; Groves 1989). However, even small interviewer
effects might have an important impact on the quality of survey data,
especially when each interviewer deals with a large number of respon-
dents (Kish 1965). Finally, there is some evidence for interaction
effects between respondent and interviewer characteristics (Freeman
and Butler 1976), especially with respect to race and gender (Collins
1980; Stokes and Yeh 1987).

Studies of respondent and interviewer effects generally combine
both respondent and interviewer variables. The design of such studies
reflects several specific methodological problems; for a concise review
see Hagenaars and Heinen (1982). For our purpose, two factors are
important: the requirement that interviewer and respondent character-
istics are mutually independent and the hierarchical structure of the data.

To investigate the independent (additive and interaction) effects of
respondent and interviewer characteristics, a design must be used that
leads to low or preferably zero correlations between interviewer and
respondent characteristics. In its simplest form, this can be accom-
plished by sampling both respondents and interviewers at random
from a given population and assigning respondents at random to
different interviewers. This method is designated as the method of
interpenetrating samples. In this design, straightforward analysis of
variance can be used to estimate the respondent and interviewer
effects. More complex designs use reinterviewing by either the same
or different interviewers, with reinterviews assigned at random, which
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leads to more complicated ANOVA models (O’Muircheartaigh 1977,
Biemer and Stokes 1985; Groves 1989).

The adequacy of these designs depends to a great extend on the way
the respondents are assigned to the interviewers. Much research on
respondent and interviewer effects is based on a secondary analysis of
survey data collected for a nonmethodological purpose. Because of
the cost of an interpenetrating design, the respondents are generally
not randomly assigned to the interviewers. For example, respondents
might be randomly assigned to interviewers within specific geo-
graphic regions to avoid excessive traveling times. Thus respondents
in an urban area will mostly be interviewed by urban interviewers, and
respondents in a rural area mostly by rural interviewers. Respondents
who live close to a university are more likely to be interviewed by
students. The result of such nonrandom assignment is that respondent
and interviewer characteristics become confounded; in other words,
respondent and interviewer variables are correlated. As in other cases
where it is not possible to use experimental control by random assign-
ment, statistical control must be used instead to control for confound-
ing variables.

The analysis of respondent effects is simple, although in the pres-
ence of a significant interviewer effect, the analysis should include
this as a design effect (Kish 1987) or include the interviewers as a
random factor (Dijkstra 1983).

For the analysis of interviewer effects, two approaches have be-
come popular. The first is to consider the interviewer effect as a
random effect that increases the variance of sample means (and other
sample statistics). A random effect ANOVA model is used to estimate
the interviewer variance component, and the intraclass correlation is
used to estimate the interviewer effect (Hanson and Marks 1953; Kish
1965; Groves 1989).

The intraclass correlation p; is defined as the population proportion
of between group variance in a random effects ANOVA model (cf.
Hays 1973, p. 535). Thus

=0, /(0" +5,0), (0))

where ©,” is the between-interviewers variance and 6,2 the within-
interviewers variance. Various estimators are available for p,, depend-
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ing on different assumptions and on the specific design used. For the
simple one-way design that results if respondents are assigned at
random to interviewers, the intraclass correlation is estimated as:

p1= (MSg — MSy)/(MS; — (n - 1) MSy), ¥))

where MS; is the between-interviewer mean square, MSy, is the
within-interviewer mean square, and n is the common group size
(number of respondents for each interviewer). Equation (2) is equiv-
alent to the formula given by Kish for the intra-interviewer correlation
Pu It applies to a population with infinitely large groups. For finite
groups of unequal size, appropriate formulas are given in the ANOVA
literature (e.g., Searle 1971; see Groves 1989, pp. 360-73, for a
discussion of the designs and estimates for p; commonly used in
interviewer survey research). Shrout and Fleiss (1979) show that most
estimators for p; are slightly biased, with the amount of bias varying
with the sample size and the variation in group sizes. As we will see
later, multilevel modeling offers another way to estimate the intraclass
correlation.

In the approach outlined above, the effect of explanatory inter-
viewer variables is investigated by splitting the interviewer sample,
(e.g., in male and female interviewers) and estimating the intraclass
correlation separately for each subsample. If the intraclass correlation
disappears in the subsamples, the explanatory variable used to split
the sample of interviewers is assumed to explain the interviewer effect.
The general reasoning behind this approach is analogous to the clas-
sical elaboration method for contingency tables.

The second approach to the analysis of interviewer effects is to
assess the effect of explanatory variables measured at the interviewer
level, such as the interviewer’s sex, age, or experience (Sudman and
Bradburn 1974; Bailar, Bailey, and Stevens 1977; Berk and Bernstein
1980).

Typically, interviewer variables are disaggregated to the level of the
dependent variable, which is the respondent level, and both inter-
viewer and respondent variables are combined in one ANOVA or
regression model. This violates several assumptions of the ordinary
linear model, the most critical assumptions being that the error terms
are uncorrelated and that the units of analysis are independently sampled.
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Because each interviewer questions several respondents, unmeasured
interviewer variation will result in correlated error terms between
respondents. The assumption of independent sampling is violated
because respondents interviewed by the same interviewer will have
values for interviewer variables that are necessarily exactly equal.
These violations affect both point estimates of regression parameters
and their standard errors. The parameter estimates are generally unbi-
ased but very inefficient, whereas the standard errors are underesti-
mated, which results in a type I error rate that is much higher than the
nominal alpha level (de Leeuw and Kreft 1986; Bryk and Raudenbush,
1992; see Hox, Kreft, and Hermkens 1991 for an empirical example).
Sometimes even the signs of the regression coefficients might be
misleading (Kreft and de Leeuw 1988).

Because the respondents are hierarchically nested within the inter-
viewers, a hierarchical model must be used for the analysis of respon-
dent and interviewer effects. Specialized hierarchical models have
been proposed to analyze interviewer effects (Pannekoek 1991; Hill
1991). However, the well-known hierarchical linear regression model
is a very useful general model that allows estimation of both the
interviewer variance and the effects of explanatory variables measured
at the interviewer and the respondent level. This model, also known
as the random component model or the random coefficient model, has
been described in several review articles (e.g., Mason, Wong, and
Entwisle 1984; Raudenbush 1988) and books (Goldstein 1987; Bryk
and Raudenbush 1992). It is used extensively in educational research,
where pupils, classes, and schools present a natural hierarchical sys-
tem; applications in the field of interviewer research are still rare
(examples are Wiggins, Longford, and O’Muircheartaigh 1990; Hox,
de Leeuw, and Kreft 1991).

THE HIERARCHICAL REGRESSION
MODEL FOR INTERVIEWER EFFECTS

Suppose we wish to investigate the effect of certain interviewer
characteristics on the quality of the data they collect. We also want to
know if the interviewer effect is the same for different respondents.
Let us assume that we select J interviewers from a large interviewer
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pool and that each interviewer interviews n; respondents. The depen-
dent variable Y is a measure that indicates some aspect of the data
quality of the responses of a specific respondent, for instance item
nonresponse or amount of social desirability. Let Y be the score of
respondenti(i=1, ..., n), assigned to interviewerj (j=1,...,]). If
we have no other information about the interviewers or the respon-
dents, we can apply the following linear model (random variables are
underscored):

Y =By +¢; 3

B, is the intercept (the expected value of Y) for interviewer j, and &
is the residual for respondent i for interviewer j, which varies randomly
between respondents. The intercept B is treated as a random variable
at the interviewer level that can in turn be written as:

Boj = Yoo + By @
Substitution of (4) in (3) gives
Y5 ="o0 + O + & )]

where 7y, is the overall intercept, 8 is an interviewer-level residual,
which varies randomly between interviewers, and g; is the respondent-
level residual. It is usually assumed that the g; are distributed with
expectation zero and have a variance o/ that is equal for all interview-
ers, that is: all 6 are equal to 6,2. The §; are assumed to be independent
from the g;, and have a distribution with expectation zero and variance
My In this model, the intraclass correlation for the interviewer effect
is defined as

P1= oo/ (0o + G). (©)

If interviewer effects exist, @y, is greater than zero, which introduces
a correlation between measurements collected by the same inter-
viewer. The available software for multilevel analysis uses an empir-
ical Bayes maximum likelihood procedure to produce parameter
estimates. The estimation procedure iteratively weighs the parameter
estimates, with weights depending on the group size and the intraclass
correlation. To estimate the intraclass correlation in a multilevel
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analysis, we replace @, and G;” in equation (6) by their estimates; the
effects of finite and varying group sizes are incorporated in the
estimation procedure.

Equations (3) to (5) contain no explanatory variables. Suppose we
have P explanatory variables X,; (p =1 ... P) at the respondent level
(e.g., respondents’ age or education) and Q explanatory variables Z;
(@=1...0Q) at the interviewer level (e.g., interviewers’ age or
experience). The effect of the respondent variable X,; on the depen-
dent variable Y;; is described by the following linear model:

Y= By + BpiXois + & a

The intercept B,; and the slopes B,; are treated as random variables at
the interviewer level that can be modeled by the interviewer variables
Z .

'

B = Yoo + YoaZq; + oy ®

Boi =Yoo + YpaZj + By )
Substituting (8) and (9) into (7) gives
Y =Yoo + YpoXKei + YooZa + YooZarXpis + (05X + Sy + - (10)

The hierarchical linear model is often presented as a hierarchical
system of regressions such as in equations (8) and (9). When more
than two levels are involved, it becomes increasingly difficult to
visualize the succession of regressions on regressions. Most analysts
would prefer to interpret the single equation version of the model
(equation 10) directly as a complex regression equation involving
multiple explanatory variables and interactions. In equation (10), the
part Yoo + YooXpi + YouZa + Yol Xy 15 the fixed part, that contains all
fixed coefficients. The gammas can be interpreted as raw regression
coefficients in a multiple regression. The product terms ZXp; in
equation (10) arise as a consequence of substituting (9) into (7); they
are interaction terms that specify cross-level interactions between
interviewer (Z;) and respondent (X;) characteristics. The part §,X; +
8y, + &, which is written in square brackets in equation (10), contains
the random error structure; it is called the random part. The residuals
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Oy and §, X ; in (10) are assumed to be independent from the g; and to
have a joint multivariate distribution with covariance matrix Q.! It
should be clear from equation (10) that although the fixed part looks
much like an ordinary regression equation, the random part is more
complicated, with a random term §; in addition to the usual g;, and for
each lower level regression slope a distinct random error term 9,
which also involves the corresponding explanatory variable X;.

The estimation procedures and programs currently available all
produce asymptotic standard errors for the gammas and the variance
components. They also produce an overall measure of the fit of a
specific model, the deviance. The difference between the deviances of
two nested models is distributed as a chi-square variate, with degrees
of freedom equal to the difference between the number of parameters
estimated by both models. Thus the deviance can be used to compare
the fit of different submodels in a manner analogous to the chi-square
test for the difference between two nested LISREL models (Bryk and
Raudenbush 1992).

Both the regression coefficients and the variance components are
conditional on the explanatory variables in the model. This property
is very useful if there is no complete orthogonalization of interviewer
and respondent variables and statistical control of confounding vari-
ables is necessary. The analysis approach follows the general strategy
of constructing a model starting at the lowest (respondent) level, and
inspecting at each step the size and significance of the regression
coefficients and variance components to decide which parameters
must remain in the model. In addition to the standard errors of the
parameters in the model, the deviances of two nested models can be
used to decide if the larger model fits significantly better than the
smaller model. The example in the next section follows this approach.

MODEL SELECTION AND ANALYSIS: AN EXAMPLE

The example data stem from a controlled field experiment on mode
effects (de Leeuw 1992). In this example, data are analyzed from 515
respondents, who were questioned by 20 interviewers. Three data
collection methods are compared: 221 of the interviews were con-
ducted face-to-face, 219 by telephone using a pencil-and-paper ques-
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tionnaire, and 75 by telephone using Computer Assisted Telephone
Interviewing (CATI), all three using the same interviewers. The re-
spondents were randomly assigned to the different data collection
methods; in both telephone conditions, they were also randomly
assigned to interviewers. Due to financial constraints, in the face-to-
face condition, random assignment of respondents to interviewers was
used within four broad geographical regions.

The dependent variable in the analysis is the total time needed for
an interview. Because time measures generally have a skewed distri-
bution, an inverse transformation is used, which transforms the vari-
able, time, into the variable, speed. Thus the dependent variable Y;; is
the speed of the interview measured in number of questions completed
per minute. The research problem is whether interviewers differ in the
speed with which they complete an interview. In addition, we wish to
analyze which interviewer and/or respondent characteristics influence
the interviewing speed. The explanatory variables X; at the respon-
dent level include two dummy variables indicating the three data
collection methods: one contrast variable, tel (coded +1, —1), that
compares the two telephone conditions to the face-to-face condition,
and one contrast variable, cati, that compares the CATI-condition with
the pencil-and-paper telephone condition (cati). The other respondent
variables are respondent age (r-age) and loneliness (lonely), as mea-
sured by a multi-item scale. The explanatory variables Z; at the
interviewer level are amount of previous interviewer training, amount
of interviewing experience, interviewer age (i-age), interviewer pref-
erence for telephone interviewing (pref.tel.), and the interviewer’s
score on five personality scales: extroversion (extro), friendly dispo-
sition (friendly), conscientiousness (cons.), social assurance (soc.ass.),
and ability to terminate awkward situations (term.).

Because the design is not completely orthogonal, the first step in
the analysis is to inspect the correlations between respondent and
interviewer explanatory variables. These are given in Table 1. The
correlations between respondents and interviewers are generally low,
indicating that the partial orthogonalization was successful. But, be-
cause the respondent and interviewer effects to be investigated are
generally also small, it is safer to take these correlations into account
in the analysis by modeling the interviewer effects conditional on the
respondent variables.
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TABLE 1: Correlations Between Respondent and Interviewer Variables

Respondent Variable
Interviewer Variable  Tel CATI r-age lonely
Training -05 -10 -04 -02
Experience -.09 ~15 -12 .05
I-age -10 -09 -.04 .00
Pref.tel. .10 .03 .08 -03
Extro .01 -14 .03 .05
Friendly 01 -01 .00 -01
Cons. .03 .08 .02 -02
Soc.ass. -.01 -07 .02 -02
Term. .06 -15 .06 .00

NOTE: Tel = comparison of telephone to face-to-face condition; CATI = computer assisted
telephone interviewing; r-age = respondent’s age; lonely = loneliness; i-age = interviewer’s age;
prefitel. = preference for telephone interviewing; extro = extroversion; friendly = friendly
disposition; cons. = conscientiousness; soc.ass. = social assurance; term. = ability to terminate
awkward situations.

The starting point for the model construction is the intercept-only
model, which is a model with no explanatory variables. By removing
all terms involving explanatory variables, the general equation (10)
simplifies to equation (5), which is repeated here:

Y =Yoo + 8 + &;. &)

This model contains the fixed regression coefficient 1, for the grand
mean of Y;; and the two variance estimates, 6’ for the residual variance
at the respondent level and w,, for the residual variance at the inter-
viewer level.? In our example, Yy, is estimated as 3.19, indicating an
overall interviewing speed of slightly more than three questions per
minute. The respondent level variance ©,” is estimated as 0.68 and the
interviewer level variance wy, as 0.11; applying equation (6) produces
an estimate for the intra-interviewer correlation p; of 0.14. The param-
eter estimates for the model corresponding to equation (5) are sum-
marized in Table 2, with the results from other analyses.
 The next analysis step analyzes explanatory variables at the lowest
(respondent) level as fixed variables; that is, without the correspond-
ing variance components for the regression slopes. Equation (10) now
simplifies to

Y, = Yoo + Yoo X + [0 + gl (11)
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TABLE2: Parameter Estimates of Selected Models™

Model Equation
Variable (5) (12) (13) (10)
Fixed part
Respondent level
Intercept 3.19 373 1.77 1.43
Telephone .30 (.04) .30 (.04) .30 (.04
r-age -01(002) -01(002) -.01(.002)
r-lonely -.04 (.01) -.04 (.01) -.04 (.01)
Interviewer level
Interviewer training 20(.10) 25(.10)
Interviewer prefers telephone 25 (.08) 27 (.08)
Interviewer extrovert .02 (.006) .02 (.007)
Interviewer social assurance -.01(.007)
Interaction telephone social
assurance .01 (.005)
Random part
o 68 53 5 52
g (intercept) ar® 08 04 03
@y, (telephone slope) 02 02 01
Proportional decrease of variance
of o 3% 23% 23%
Of @y (intercept) 22% 65% 68%
Of @, (telephone slope) 0% 2%
Deviance 1294 1173 1161 1155

a. Standard errors between parentheses.
b. This variance estimate is the basis for calculating the proportional decrease of variance in
subsequent models.

In the subsequent model, the regression coefficients of the respondent
variables are assumed to be random; that is, they are assumed to vary
between interviewers. This is described by equation (12):

Y5 = Yoo + YooK + [0 + Boj + &5l (12)

In equation (12), each regression slope, Yy, has a corresponding
random error term §,X;. In our example data, the effect of the CATI
contrast turns out to be not significant (p = .25).> The other explanatory
respondent variables are all significant (largest p < .00). Only the
regression slope for the telephone contrast has a significant variance
component. The conclusion is that the model for the respondent effects
might be simplified by dropping the CATI contrast altogether and
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assuming a random slope only for the telephone contrast.* In this
model, the respondent level variance 6.2 is 0.53, and the interviewer
level intercept variance @y, is 0.08. The parameter estimates of the
model derived from equation (12) are summarized in Table 2.

The next analysis step adds the explanatory variables at the inter-
viewer level, giving

Y55 = Yoo + YooXpis + YoaZoj + [8 K05 + Oy + €51 13)

In our example, only three of the nine interviewer variables are
significant: interviewer training, preference for telephone, and extro-
version. The parameter estimates for the model based on equation (13),
omitting the nonsignificant effects, are again summarized in Table 2.

The between-interviewers variation of the regression slopes for the
telephone condition can be modeled by including interactions between
the telephone condition variable and explanatory variables at the
interviewer level (cf. equations [7], [8], and [9]). This gives the model
already formulated in equation (10), which is repeated here:

X5 =Yoo + YooXpij + Yooloj + YoaZo X + [0 X + 8y + &) (10)

The only significant interaction effect is the interaction of the tele-
phone contrast with the interviewer variable, social assurance. Be-
cause the interpretation of interaction effects requires that the corre-
sponding simple effects are also included in the model (Jaccard,
Turrisi, and Wan 1990), the (nonsignificant) interviewer variable,
social assurance, is again added to the model. To aid interpretation,
social assurance is centered around its overall mean of 61.8, and the
interaction term is computed using the centered variable. The param-
eter estimates for this final model are summarized in the last column
of Table 2. In model (5), the residual variance at the respondent level,
G2, is 0.68, and the residual variance at the interviewer level, Wy, 1S
0.11. In model (12), 6. is estimated as 0.53; we can express this by
saying that the respondent variables reduce the residual variance at the
respondent level by 23%. Similarly, the interviewer variables can be
said to reduce the residual variance at the interviewer level by 22%.
The explanatory interviewer variables added in model (13) reduce the
intercept variance by a further 43%. Adding the (nonsignificant)
interviewer variable, social assurance, and its interaction with the
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telephone contrast (model (10) in the last column of Table 2) reduces
the intercept variance by 3% and the variance of the regression slope
for the telephone contrast by 22%. If we interpret these variance
reductions as explained variance, a comparison of the explained
variance across the different models in Table 2 shows that both the
respondent and the interviewer variables explain a significant portion
of the initial variance in interview speed. The interaction that is added
in model (10) does not appear to explain much variance but, in fact,
does explain a considerable proportion of the slope variance that
appears in the previous model (13).°

Using the models’ deviances for a chi-square test shows that, in all
comparisons of consecutive models, the more complicated models
have a significantly better fit. Most of the regression coefficients in
Table 2 are stable between different models. Although interviewer and
respondent variables are correlated, adding the interviewer variables
to the model does not appreciably change the regression slopes for the
respondent variables. Only the intercept changes. The interpretation
of the regression slopes is straightforward. Interviews take longer with
older and lonely respondents, previously trained and extrovert inter-
viewers are faster, and interviewers that have expressed a preference
for using the telephone are also faster. The regression contrast for the
telephone condition is coded —1 for the face-to-face condition and +1
for both telephone conditions. Its slope coefficient of 0.30 means that
the telephone condition is faster by (2 x 0.30 =) 0.6 questions per
minute; at an overall average of 3.19 questions per minute, this
means that telephone interviews are 19% faster. However, because
the variable, telephone condition, is involved in an interaction, we
cannot interpret the interaction effect and the corresponding simple
effects in isolation. When an interaction between two explanatory
variables is involved, the simple regression coefficients for either
of these variables reflect a conditional relationship, which is the
relationship that holds when the other explanatory variable has the
value zero. Because social assurance is centered around its overall
mean of 61.8, the regression slope for the telephone contrast reflects
the effect of this explanatory variable for interviewers with an
average social assurance. To interpret the interaction, it is conve-
nient to plot the regression slope of one explanatory variable at
various values of the other (Jaccard et al. 1990). Because the
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TABLE 3: Comparisons of Fit Between Successive Models

Difference With

Model Equation Deviance Previous Model df P
&) 1294.1 — — —
12) 1172.6 121.5 5 .00
13) 1161.4 11.2 3 .01
(10) 1155.1 6.3 2 .04
3,67
L a3 |
3,41
"E-‘ }
§ 3,27 - Tel.
s ~* Face-to-Face
g 3,01
> 2,81
£
2 2,61
8
£
24 v Y T ' v T |
-30 -20 -10 0 10 20

Social assurance

Figure 1: Social Assurance Slopes in Telephone and Face-to-Face Conditions

telephone contrast has only two values, Figure 1 plots the regression
slope of the interviewer variable, social assurance, for both values of
the telephone contrast.

Figure 1 shows that over the observed range of values for social
assurance, telephone interviewing is faster than face-to-face inter-
viewing. In the telephone interview, there is no relationship between
social assurance and interviewing time, but in the face-to-face inter-
view, interviewers with a higher social assurance tend to use more
time. For an explanation, it could be hypothesized that the more
personal situation in the face-to-face interview leads the less socially
assured interviewers to adopt a task-oriented role, whereas the more
socially assured interviewers adopt a social role, which uses up more
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time. In the more businesslike situation of the telephone interview, this
differential role assumption does not take place.

DISCUSSION

Extending the hierarchical regression models discussed above to
include instrument effects is straightforward. Instrument effects are
observation errors that are the effects of differences in the question-
naire used, such as the specific question wording or flow. Two research
designs are commonly used to investigate instrument effects. One
strategy is to use a split-sample (split-ballot) design, which divides the
respondent sample at random into subsamples, and presents different
variations of the questionnaire to each subsample. Here, question type
is coded as an explanatory variable at the respondent level, to be
analyzed just as the explanatory variable, interview mode, in the
example given above. A different strategy would present all respon-
dents with all different types of questions. Then, the questions can be
viewed as repeated measures nested within respondents, and a three-
level analysis can be used to analyze the effects of explanatory
variables at the interviewer, respondent, and question level (for a
discussion of multilevel analysis as a tool for analyzing repeated
measurements, see Bryk and Raudenbush 1987; Goldstein 1987).

Ideally, in interviewer effect studies, respondents should be as-
signed to interviewers at random. In large-scale studies, this is seldom
done because it is expensive and complicated to organize. This makes
it difficult to use such studies for methodological research because, as
a result, interviewer and respondent characteristics might be con-
founded. Multilevel analysis, as outlined above, offers some remedies
for this situation. If the relevant respondent variables are known, they
can be put in the regression model to equalize interviewers by statis-
tical means. If, after controlling respondent variables, interviewer
variables explain significant variance, we might conclude that this
reflects real interviewer effects. Conversely, if we are primarily inter-
ested in respondent effects, we can control for interviewer differences
and investigate whether adding respondent variables to a regression
equation containing the interviewer variables explains additional vari-
ance. The procedure is similar to analysis of covariance, with one set
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of variables as the explanatory variables of interest and the other set
as the covariates to be adjusted for; but the assumptions of the
multilevel model are much more realistic than those of analysis of
covariance. The limitation of this approach is that it relies on statistical
control instead of experimental control. It depends on the assumption
that all relevant covariates have been included and have been correctly
modeled. Without randomization, it is impossible to conclude that the
influence of all confounding variables has been eliminated.

An ordinary least squares analysis of multilevel data produces
unbiased but inefficient estimates and downwardly biased standard
errors. Consequently, an OLS analysis could still be used to explore
the data before a full hierarchical model is applied (the multilevel
programs HLM and ML3 even offer this as an option). Furthermore,
the criticism formulated in this article does not mean that the results
of earlier analyses of interviewer and respondent data are totally
invalid. The regression coefficients (or ANOVA effects) reported in
the literature are still unbiased indicators of the population effects.
However, the associated p values should be regarded with extreme
caution; they are likely to be much too low.

Finally, even researchers who are not interested in interviewer
effects may find it useful to use hierarchical analysis models to include
interviewer effects in the analysis, to control for potential interviewer
effects. If there are non-zero interviewer effects, the intraclass corre-
lation for the interviewer effect p; is part of the equation that deter-
mines the appropriate standard error for many statistical tests (cf. Kish
1987). Even small values for this intraclass correlation might result in
alarge bias in the standard errors produced by ordinary statistical tests,
because the interviewer load is also a factor. If the interviewer load is
high, meaning that a small number of interviewers conducts a large
number of interviews (not unusual in large-scale telephone surveys),
the combined result of a small intrainterviewer correlation and a large
interviewer load can still be a large bias of the standard error (for
examples see Groves 1989), producing spuriously significant statisti-
cal test results. The effect of the intrainterviewer correlation is com-
parable to the bias that results from cluster sampling; survey statisti-
cians generally model this by including it as a design effect in the
statistical model (Kish 1987). Calculating this design effect can be
complicated. The hierarchical linear regression model is an alter-
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native way to accommodate the design effect in such designs, because
the clustering is always a part of the model (Goldstein and Silver 1989;
for an application, see Hox et al. 1991). For the more complex
covariance structure models, the approach outlined by Muthén in this
issue offers a simple procedure to correct for the bias introduced by
clustering.

NOTES

1. If there are more than two levels, the covariance matrices Q should be given a superscript
indicating to which level they belong. As long as there isnorisk of confusion, the simpler notation
is used.

2. All calculations were done with Longford’s program VARCL (Longford 1990).

3. All p values are derived from a two-sided normal approximation of Z = (coefficient/SE).
Because the SEs are asymptotic and the normal distribution is not always proper (for instance
when variances are tested), the resulting p values are approximate.

4. The random slope effects were examined by allowing all four slopes to be random and
examining their standard errors. There is a penalty to this strategy, because including many
random effects implies statistical models which are much more complex. This may lead to
unstable or improper estimates, and slows down the computations, especially if some effects are
near zero. If there are many respondent variables, the preferred strategy would be to make the
respondent variables random one by one, and finally estimate a model including random effects
for only those slopes which had a significant variance.

5. Interpretation of the variance components in a model with random slopes is difficult
because they are not generally invariant under admissible linear transformations of the explan-
atory variables. Bryk and Raudenbush (1992) present a more sophisticated way to calculate
explained variance. The article by Snijders and Bosker (1994 [this issue]) offers a detailed
criticism of reasoning-by-analogy to the ordinary multiple regression model. In my view,
calculating an analogue of a multiple R? is, nevertheless, useful because it provides some
indication of how well the model predicts various effects.
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