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Abstract
A common characteristic in almost all sample surveys is the presence of nonresponse. Nonresponse
can negatively affect the quality of the sample estimates, because of the possibility of selection bias.
One potential factor that can influence nonresponse is the survey interviewer. In this study, we
employ multilevel modelling techniques to investigate interviewer effects on nonresponse bias in
survey estimates of interest. We describe an application for the method using data from the 2001 UK
Labour Force Survey (LFS). Information at individual level on both respondents and nonrespondents
was acquired by linking each household member in the LFS dataset to the 2001 UK census individual
records. The results show that there is evidence of nonresponse bias driven by interviewers.
Keywords: Multilevel models; sample surveys; linked data; missing data.
1. Introduction
Not long ago, the researchers’ concern towards nonresponse was mostly on the identification of
factors that could influence (non)response rates (Merkle and Edelman, 2002). Although nonresponse
researchers are keen to find ways of reducing nonresponse rates, Groves (2006) stresses that
(non)response rate alone does not predict nonresponse bias. In his paper, he discusses techniques for
assessing nonresponse bias in surveys, pointing out advantages and disadvantages of these techniques.
Although much attention is still being given to nonresponse rate issues, Loosveldt and Beullens
(2014) report that in recent years the general research focus has shifted towards nonresponse bias in
nonresponse research (e.g., Groves and Peytcheva, 2008).
It is widely recognised that interviewers play a crucial role in gaining cooperation from sample survey
members and on the data quality of the responses obtained. Thus, it is believed that interviewers have
some influence on nonresponse rates (see, for example, Durrant et al., 2010; O’Muircheartaigh and
Campanelli, 1999), since they are in charge of contacting and convincing sampled units to take part in
surveys (Blom et al., 2011). That is, the sampled units’ decision to participate in a survey may be
influenced by their interaction with interviewers.
This study aims to assess interviewer effects on nonresponse bias by applying multilevel modelling
techniques. One differential feature of these models is that a binary response indicator is used as one
of the explanatory variables rather than a dependent variable as it is the case of most studies in the
literature. In addition to a random intercept, a random coefficient is introduced on the response
indicator to investigate the effects of interviewers on nonresponse bias. This research makes use of
variables from the 2001 UK Labour Force Survey (LFS) dataset linked to the 2001 UK census
records. The advantage of this dataset is that information on both respondents and nonrespondents is
available.
2. Data
Part of the data used in this study comes from the 2001 UK Labour Force Survey (LFS) and the other
part comes from the 2001 UK census records. To assess potential nonresponse bias in variables of
interest, it is crucial that auxiliary variables for respondents and nonrespondents are available.
	
  
	
  

Therefore, instead of using the LFS target variables, fully observed census variables are used as
dependent and explanatory variables in the models.
Census binary variables such as employment indicator and academic qualification indicator are
chosen to be dependent variables for the models since they are directly related to the LFS main
investigation. Table 2.1 presents the percentages for each dependent variable for nonrespondents and
respondents.
Table 2.1 Distributions (percentages) of the dependent variables (LFS linked dataset)
Dependent variable
Nonrespondents
Respondents
Total
Employment
68.94
70.98
70.66
Academic qualification
23.98
30.07
29.13
Regarding the structure of the data, it is assumed that individuals interviewed by the same interviewer
tend to give more similar responses than individuals interviewed by different interviewers (Biemer et
al. 1991). Hence, individual outcomes are considered nested within interviewers. Furthermore,
interviewer effects are potentially confounded with area effects. For the 2001 LFS linked dataset,
there are interviewers assigned to more than one area and some areas are covered by more than one
interviewer. Then, interviewers are not purely nested within local authority districts (areas). In the
case where area effects are taken into account in the multilevel analyses, individual outcomes are
considered to be nested within the cross-classification of both interviewers and areas.
3. Methodology
Multilevel models (Goldstein, 2011) are used to analyse nonresponse bias and to assess interviewer
effects on nonresponse bias. Since both dependent variables (employment and academic qualification)
of interest are binary, logistic multilevel models with random interviewer effects are used. The
dependent variables are defined such that
1, if person i interviewed by interviewer j has a characteristic  of  interest
𝑦!" =
,
0, if person i interviewed by interviewer j does not have the characteristic
where i = 1, …, nj and j = 1, …, J. Let rij be the response indicator of person i, interviewed by
interviewer j, which means that rij = 1 if the person i interviewed by interviewer j participates in the
survey and rij = 0 otherwise. Let also xij be a vector of individual-level explanatory variables.
The first multilevel model of interest is the two-level random intercept logistic model, which may be
written as
log

!!"
!!!!"

= 𝛽! + 𝛽! 𝑟!" + 𝜷! 𝒙!" + 𝑢!! ,

(3.1)

where πij = P(yij = 1|rij, xij, j) is the probability of the dependent variable having the characteristic; 𝛽!!
is the interviewer-dependent intercept; 𝛽! is the coefficient of the response indicator; β is a vector of
coefficients and u0j are random effects representing unexplained interviewer effects. The random
effects are assumed to be independent and identically distributed random variables from a normal
distribution, i.e. u0j ~ i.i.d. N 0, σ2!! . The variance parameter 𝜎!!! is the residual between-interviewer
variance in the log-odds of the dependent variable.
Model (3.1) assumes that the bias, if present, is the same for all interviewers. In the context of the
models investigated in this study, 𝛽!! rather than be the interviewer-dependent intercept, it is an
interviewer assignment effect since the dependent variables used are census variables, for which no
interviewer is involved in their collection since census questionnaires are self-administered. The
coefficient of the response indicator, 𝛽! , has a particular meaning with regards to nonresponse bias.
Using the same reasoning as in Agresti (2002, p. 183), one can note that, controlling for the other
explanatory variables and for the interviewer random effects, 𝛽! is the difference of logits of the
dependent variable between respondents (rij = 1) and nonrespondents (rij = 0). In this case, it follows
that the odds(response) = exp(β1)*odds(nonresponse). This means that if 𝛽! is significantly different
from zero, the odds(response) ≠ odds(nonresponse), which indicates that there is nonresponse bias for
all interviewers.
Another possible model of interest is the two-level random coefficient model
log
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= 𝛽! +𝛽! 𝑟!" +𝑢!! 𝑟!" + 𝜷! 𝒙!" + 𝑢!! ,

(3.2)

	
  
	
  

where 𝛽!! is the same as in (3.1), 𝛽!! is the interviewer-dependent coefficient of the response
𝑢!!
indicator and 𝐮! = 𝑢
is a vector of random effects representing unexplained interviewer effects.
!!
The random effects are assumed to follow a bivariate normal distribution, i.e. 𝐮! ~𝑁 𝟎, Ω! and
𝜎!!!
𝜎!! !!
Ω! =
,
𝜎!! !!
𝜎!!!
where the parameters 𝜎!!! and 𝜎!!! are respectively the random intercept variance and the random
coefficient variance. The term 𝜎!! !! = cov 𝑢!! ,   𝑢!! is the covariance between random intercept and
random coefficient effects. Model (3.2) modifies the assumption of constant nonresponse bias for
interviewers in Equation (3.1), allowing the bias, if present, to vary across interviewers. Similar to
above, the random coefficient has a meaning with regards to nonresponse bias. Whereas 𝛽!! could be
only attributed to interviewer assignment effects rather than interviewer effects, it is possible to
attribute 𝛽!! to the effect of interviewers since rij does relate to the LFS interviewers. The random
coefficient represents the difference of logits of the dependent variable between respondents and
nonrespondents for interviewer j. It follows that the odds(response) = exp(β1j)*odds(nonresponse).
This means that if 𝛽!! is significantly different from zero, the odds(response) ≠ odds(nonresponse),
which indicates that there is nonresponse bias for interviewer j.
The above models may be extended to multilevel cross-classified logistic models, since interviewer
effects are potentially confounded with area effects. In this case, individual outcomes are nested
within a cross-classification of interviewers and areas. The multilevel cross-classified logistic model
may be written as
log

!! !"
!!!! !"

= 𝛽! +𝛽! 𝑟!
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+ 𝜷! 𝒙!
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+ 𝑢!! + 𝑣!! ,

(3.3)

where the notation i(jk) means that individual i is nested within a cross-classification of interviewer j
and area k. The other terms of the model have already been explained for the models in Equations
(3.1) and (3.2) except for v0k, which are i.i.d. N 0, σ2!! , denoting a random effect representing
unexplained area effects. Again, the random coefficient in (3.3) represents the difference of logits of
the dependent variable between respondents and nonrespondents for each interviewer j in the same
area k. This has the same interpretation as in (3.2).
4. Results
Given the limitation of pages, this paper presents only the results for the dependent variable academic
qualification.
4.1 Modelling academic qualification
Table 4.1 presents the parameter estimates for the models using academic qualification as the binary
dependent variable.
Table 4.1 Parameter estimates for the models for academic qualification
Fixed effect
Constant
Response indicator
Response
Other explanatory variables
Random effect
Random intercept:
Interviewer variance 𝜎!!!
Random coefficient:
Interviewer coef. variance 𝜎!!!
Interv. inter.-coef. covariance 𝜎!! !!
Interv. inter.-coef. correlation 𝜌!! !!

Model A1
Par. (S.E.)
-1.154 (0.086)**

Model A2
Par. (S.E.)
-0.547 (0.102)**

Model A3
Par. (S.E.)
-0.563 (0.116)**

Model A4
Par. (S.E.)
-0.638 (0.129)**

0.310 (0.093)**
No

0.303 (0.096)**
Yes

0.284 (0.101)**
Yes
Par. (S.E.)

0.358 (0.123)**
Yes
Par. (S.E.)

0.328 (0.058)**

0.598 (0.218)**
0.587 (0.247)**
-0.407 (0.213)*
-0.687

The base categories for the explanatory variables are ‘Nonresponse’, ‘Single’, ‘Good’, ‘Not a dependent child’, ‘16 – 34’ and ‘Urban’.
Model A1 is the standard (single-level) logistic model with only the response indicator as the explanatory variable, Model A2 is the singlelevel logistic model with additional individual-level characteristics (explanatory variables), Model A3 is the two-level logistic random
intercept model and Model A4 is the two-level logistic random coefficient model.
**Significant at the 5% level; * Significant at the 10% level

	
  
	
  

In Model A1, the response indicator is significant to explain the odds (probability) of being highly
academically qualified. Including other explanatory variables in the model (Model A2), the
coefficient of the response indicator is significant, meaning that people who took part in the survey
are more likely to be highly academically qualified.
Model A3 extended Model A2 to allow the probability of being highly academically qualified to vary
randomly across interviewers. In this case, the interviewer effects are actually interviewer assignment
effects, since academic qualification is a variable from the census, for which there is no interviewers
involved in its collection since census questionnaires are self-administered. The coefficient of the
response indicator is significant. This indicates that there is nonresponse bias for all interviewers,
even though the bias is the same for all of them. The addition of the variance of the interviewer
(assignment) random effects is highly significant based on the Wald test, which means that there are
significant differences in the probability of being highly academically qualified across interviewers,
controlling for the explanatory variables. This interviewer (assignment) variance may be significant
due to failure of equally allocating highly academically qualified people to interviewers.
In Model A4, there is nonresponse bias and it depends on interviewer. Furthermore, the inclusion of
the new parameters (variance of u1j and covariance between u0j and u1j) is significant. Thus, the effects
of response/nonresponse vary by interviewer for the probability of being highly academically
qualified, controlling for the other explanatory variables.
4.2 Cross-classified models
In the 2001 UK LFS some areas are covered by more than one interviewer and some interviewers
worked in more than one area, which means that interviewers and areas are not strictly nested, but
they possibly have a cross-classified structure. Table 4.2 presents the cross-classified logistic models
for academic qualification.
Table 4.2 Par. estimates for the models for academic qualification (cross-classified models)
Fixed effect
Constant
Response indicator
Response
Other explanatory variables
Random effect
Random intercept:
Interviewer variance 𝜎!!!
Area variance 𝜎!!!
Random coefficient:
Interviewer (coef.) variance 𝜎!!!
Interv. inter.-coef. covariance 𝜎!! !!
Interv. inter.-coef. correlation 𝜌!! !!

Model A5
Par. (S.E.)
-1.177 (0.101)**

Model A6
Par. (S.E.)
-1.220 (0.108)**

Model A7
Par. (S.E.)
-1.295 (0.125)**

Model A8
Par. (S.E.)
-0.686 (0.144)**

0.288 (0.098)**
No
Par. (S.E.)

0.291 (0.102)**
No
Par. (S.E.)

0.359 (0.125)**
No
Par. (S.E.)

0.363 (0.136)**
Yes
Par. (S.E.)

0.337 (0.067)**

0.237 (0.067)**
0.341 (0.075)**

0.566 (0.246)**
0.347 (0.078)**

0.623 (0.270)**
0.336 (0.081)**

0.532 (0.241)**
-0.412 (0.224)*

0.653 (0.267)**
-0.492 (0.248)**
-0.771

The base categories for the explanatory variables are ‘Nonresponse’, ‘Single’, ‘Good’, ‘Not a dependent child’, ‘16 – 34’ and ‘Urban’.
Model A5 is the two-level random intercept model with only the response indicator as the explanatory variable, Model A6 is the
interviewer-area cross-classified model, Model A7 is the interviewer-area cross-classified model with random coefficient and Model A8 is
Model A7 plus additional individual-level characteristics (explanatory variables).
**Significant at the 5% level; * Significant at the 10% level

Inspecting the random effects for the models in Table 4.2, one can see that when the intercept is
allowed only for interviewer random effects (Model A5), the interviewer-level variance is significant.
As the model includes the cross-classification of both interviewer and area random effects (Model
A6), the interviewer-level variance decreases. However, both the area and interviewer variances are
still significant. Allowing the response indicator coefficient to vary across interviewers (Model A7),
the interviewer-level variance becomes less significant than it used to be in Model A6, while the
significance of the area-level variance is still about the same. As other individual-level characteristics
are included (Model A8), the interviewer-level variance becomes more inflated. Although this seems
surprising, Snijders and Bosker (1999, p.217 and p.228) explain that for a multilevel model
considering binary dependent variables, adding highly significant level-one (individual-level)
explanatory variables in the model tend to increase estimated level-two (interviewer-level) variances.
4.3 Residual analysis
Further analysis is needed to explain the significant interviewer assignment effects in Model A8. By
looking at the normal probability plots and the scatterplots respectively in Figures 4.1 and 4.2, three
residuals appear to be unusual.
	
  
	
  

Figure 4.1 Normal probability plots highlighting
the three residuals

Figure 4.2 Scatterplots of the residuals against
interviewer number

Since these three highlighted residuals seem to be extreme, it is advisable to investigate their
influence on the results by repeating the analyses on Table 4.2 removing the cases of all individuals
interviewed by the three corresponding interviewers. Table 4.3 presents the new models for academic
qualification.
Table 4.3 Par. estimates for the models for academic qualification (without cases from 3 interv)
Fixed effect
Constant
Response indicator
Response
Other explanatory variables
Random effect
Random intercept:
Interviewer variance 𝜎!!!
Area variance 𝜎!!!
Random coefficient:
Interviewer coef. variance 𝜎!!!
Interv. inter.-coef. covariance 𝜎!! !!
Interv. inter.-coef. correlation 𝜌!! !!

Model A3R
Par. (S.E.)
-0.671 (0.121)**

Model A4R
Par. (S.E.)
-0.671 (0.122)**

Model A8R
Par. (S.E.)
-0.717 (0.129)**

Model A10R
Par. (S.E.)
-0.700 (0.119)**

0.398 (0.105)**
Yes
Par. (S.E.)

0.391 (0.118)**
Yes
Par. (S.E.)

0.400 (0.122)**
Yes
Par. (S.E.)

0.339 (0.114)**

0.342 (0.072)**

0.229 (0.136)*

0.245 (0.154)
0.295 (0.073)**

0.310 (0.154)**
-0.064 (0.120)
-0.240

0.349 (0.181)*
-0.136 (0.149)
-0.466

Par. (S.E.)

0.360 (0.138)**
0.470 (0.172)**

The base categories for the explanatory variables are ‘Nonresponse’, ‘Single’, ‘Good’, ‘Not a dependent child’, ‘16 – 34’ and ‘Urban’.
Model A3R is the two-level random intercept logistic model, Model A4R is the two-level random coefficient logistic model, Model A8R is
the interviewer-area cross-classified model with random coefficient and Model A10R is Model 8R with no random interviewer intercept.
The R in the models’ labels refers to ‘removing the cases from the three unusually assigned interviewers’.
**Significant at the 5% level; * Significant at the 10% level

In the two-level random intercept logistic model (Model A3R), the interviewer assignment effect is
significant. In Model A4R, the interviewer assignment effect is no longer significant. On the other
hand, the interviewer-level variance for the coefficient of the response indicator is significant, which
means that the nonresponse bias depends on interviewer. Furthermore, since interviewer effects are
potentially confounded with area effects, the model includes the cross-classification of interviewers
and areas (Model A8R). As it can be noticed, the interviewer-level variance for the intercept is no
longer significant, whereas the area-level variance is highly significant. In addition, there is still
evidence of interviewer effects on nonresponse bias.
5. Conclusion
This study analysed the possibility of interviewer effects on nonresponse bias. Multilevel logistic
models were applied to model the interviewer effects on nonresponse bias on the dependent variable
of interest. The analysis considered data from the 2001 UK LFS linked dataset. A key advantage of
this data is that census records are available for both respondents and nonrespondents. Unlike other
studies, this research has considered the response indicator as an explanatory variable in the models
rather than a dependent variable.
Model A1 can be used to test for possible nonresponse bias for the dependent variable of interest.
Including other explanatory variables in the model and allowing the intercept to vary across
	
  
	
  

interviewers, it is found that the nonresponse bias is significant for all interviewers, even after
controlling for other explanatory variables. The final models include explanatory variables at
individual-level to control for the different cases allocated to interviewers.
In the Model A4, the coefficient of the response indicator is significant. This means that, on average,
there is nonresponse bias. In addition, the nonresponse interviewer-level variance is also significant,
meaning that the nonresponse bias varies by interviewer.
Since interviewer effects may be confounded with area effects due to interviewers being assigned to
specific areas, the models also include the cross-classification of interviewer and area random effects.
In Model A6, there is evidence that after including the cross-classification of interviewer and area
random effects, the interviewer assignment variation reduces. This might mean that the interviewer
assignment variation is only partially explained by the area random effects.
The cases from three extreme interviewers were removed from the sample after a residual analysis
that identified these interviewers as unusually assigned. Thus, the models were refitted without these
cases. For the refitted models, the interviewer assignment effect is significant at first (Model A3R).
Then, allowing the difference between response and nonresponse within an interviewer to vary across
interviewers (Model A4R), the interviewer assignment effect is no longer significant whereas the
interviewer-level variance for the coefficient of the response indicator is significant. Finally, after
controlling for the cross-classification of interviewers and areas (Model A8R), the interviewer-level
variance for the intercept is no longer significant, whereas the area-level variance is highly significant.
This indicates that the interviewer assignment effects are in fact attributed to areas rather than to
interviewers. Also, there is evidence that the nonresponse bias for academic qualification might be
driven to interviewers (Model A10R).
Potential limitations in this study may be due to a large number of deleted cases from the LFS dataset.
Possible consequences of these deletions may require further investigation.
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