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Abstract

Using multiple modes to collect data is becoming a standard practice in survey agencies. While
this should lower costs and reduce non-response error it may have detrimental effects on
measurement quality. This is of special concern in panel surveys where a key focus is on
measuring change over time and where changing modes may have an effect on key measures. In
this paper we use a quasi-experimental design from the Health and Retirement Study to compare
the measurement quality of two scales between face-to-face, telephone and Web modes. Panel
members were randomly assigned to receive a telephone survey or enhanced face-to-face survey in
the 2010 core wave, while this was reversed in the 2012 core wave. In 2011, panelists with Internet
access completed a Web survey containing selected questions from the core waves. We examine
the responses from 3251 respondents who participated in all three waves, using latent models to
identify measurement mode effects. The two scales, depression and physical activity, show
systematic differences between interviewer administered modes (i.e., face-to-face and telephone)
and the self-administered one (i.e., Web). Possible explanations are discussed.!

1 Introduction

As surveys increasingly turn to mixed-mode designs, concerns about mode effects on
measurement are being raised. And while mixed-mode strategies are often adopted for cost
reasons, the trade-off in terms of measurement needs to be understood. This is especially
true of panel studies where a key focus is on measuring change over time and a necessary
assumption is measurement invariance over waves of data collection (Cernat, 2015b,a).
Much of the research on mode effects has involved cross-sectional designs, with subjects
randomly assigned to one mode of data collection or another. This often makes it hard to
disentangle selection effects (those who choose to respond in a particular mode) from
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measurement effects. Changing modes in a panel study may similarly confound true change
with effects of mode (Cernat, 2015a). The optimal experimental design for disentangling
selection and measurement effects while controlling for temporal change would involve
randomly assigning subjects to different modes at different times (e.g., in a randomized
cross-over design). Such designs (e.g., Gmel, 2000; Hays et al., 2009; Mavletova and
Couper, 2013) are rare in large-scale panel studies because of their cost and effort to
implement.

In this paper we exploit a design feature of the Health and Retirement Study (HRS) that was
first introduced in the 2006 wave, in which a random half of the panel members are assigned
to an enhanced face-to-face interview (which includes physical measurements and
biomarker collection), while the rest are assigned to a telephone interview. In the next wave,
these assignments are reversed so that each respondent gets the enhanced face-to-face
interview every other wave (or every 4 years). In addition, those who have access to the
Internet and are willing to do an online survey are invited to complete a Web survey in the
“off-years” (i.e., the odd years between the even years of core data collection). While the
content of these Internet surveys is typically focused on topics not asked on the core waves,
or on experimental topics, in 2011 a set of questions was included in the Internet survey that
is usually asked in the core, with the goal of exploring measurement effects of mode. We
thus have a set of questions that are asked up to three times of the same respondents, once in
a face-to-face interview, once by telephone (with the temporal order randomized) and once
on the Internet (in between the other two waves). This design feature allows us to explore
possible measurement differences across three modes for a select group of questions in the
context of an ongoing representative panel study.

In the sections that follow, we first review the literature on mode effects relevant to our study
along with the specific hypotheses we test. We then present the data and survey design in
more detail and describe the modelling strategy we employ to isolate mode effects. Finally,
we present the analyses and discus the results.

2 Mode differences and previous research

Mode comparison studies - and hypotheses about causes for differences between modes -
have a long history. Research on differences between face-to-face and telephone surveys
date to the early introduction of the telephone mode (see Cannell et al., 1987; Groves, 1979;
Herzog et al., 1983; Sykes and Collins, 1988), but continues to receive attention (e.g.,
Béland and St-Pierre, 2008; Burton, 2012; Cernat, 2015b,a; Jackle et al., 2006). Research
comparing mode effects in Web surveys to interviewer-administered modes (telephone or
face-to-face) is more recent (e.g., Chang and Krosnick, 2009; Dillman, 2005; Duffy et al.,
2005; Fricker et al., 2005; Heerwegh, 2009). Given the many dimensions of mode (Couper,
2011), there are several mechanisms that could produce differences between modes in data
collection. Our goal is not to attempt an exhaustive review of this literature, but to focus on
two key aspects that are relevant for the items analysed here: interviewer administration
versus self-administration and auditory versus visual presentation of survey questions.
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One of the consistently-found differences between interviewer-administered and self-
administered surveys relates to social desirability bias, or the tendency to present oneself in a
favourable light (see DeMaio, 1984). A number of studies have found higher reports of
socially undesirable behaviors, attributes, or attitudes in self-administered surveys and lower
reports of socially desirable ones (for reviews, see Groves et al., 2008; Tourangeau et al.,
2000; Heerwegh and Loosveldt, 2011). These findings extend to Internet surveys (see, e.g.,
Heerwegh, 2009; Kreuter et al., 2008). While the differences between face-to-face and
telephone surveys are not as large, there is a general tendency for greater social desirability
response bias on the telephone (see Holbrook et al., 2003).

Regarding the second feature of mode we explore, both face-to-face and telephone
interviews involve interviewers, but may differ on the presentation of questions. Telephone is
(by definition) aural, with the interviewer reading the question and response options to the
respondent, who must keep this information in working memory while processing the
question and formulating a response. Face-to-face surveys often involve the use of show
cards, which display the response options to respondents, to minimize the cognitive burden
of answering questions with several response options (see Lynn et al., 2012; Révilla, 2010).
HRS does not make use of show cards, so in this respect both the face-to-face survey and
telephone survey can be viewed as primarily aural modes. In contrast, the Web is a primarily
visual mode, with respondents reading survey questions on the Web page. This can lead to
differential response order effects, with primacy effects (in which options presented first are
selected more often) occurring in visual modes and recency effects (with later options
selected more frequently) occurring in aural modes (see Krosnick and Alwin, 1987; Schwarz
etal., 1992; Visser et al., 2000).

3 Research questions and theoretical expectations

The items chosen for inclusion in the 2011 Internet Survey were selected from among
available core items (asked in 2010 and again in 2012) to test specific hypotheses related to
mode effects. Here we concentrate on two scales that are measured by multiple items in all
three waves: depression and physical activity.

Generally the HRS does not contain very sensitive questions. Many of the questions that
may be subject to social desirability effects are single-item (often yes/no) questions (e.g.,
alcohol use, seatbelt use, smoking status), that are not amenable to our analytic approach.
But both the core and Internet surveys included the Center for Epidemiologic Studies
Depression Scale (CES-D) measure of psychological distress, or symptoms of depression.
This consists of a series of nine yes/no items, with three items reverse-scored, which allows
us to disentangle social desirability effects from response order effects. Depression measures
have been found to be subject to mode-related social desirability effects (see, e.g., Moum,
1998), although Chan et al. (2004) suggest cognitive effects related to response order may be
at work. Respondents who endorse four or more of the items are viewed as having
depressive symptoms (Steck, 2000). In addition, a three-item physical activity index
(frequency of mild, moderate, and vigorous exercise) was included in the Internet survey and
core surveys.
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Based on previous research, we expect more reports of depressive symptoms on the Web
than in either interviewer-administered mode. Similarly, reduced social desirability biases
should lead to lower reports of physical activity on the Web. However, this may be countered
by response order effects (primacy on the Web), as the first option in each case indicates a
higher level of activity (1 = more than once a week, 4 = hardly ever or never). In both cases,
however, we expect the effect of social desirability to be stronger than that of primacy, so the
overall net effect would be lower reports of physical activity on the Web.

4 Data and design

Data for this study come from the Health and Retirement Study in the United States, a
national panel study of men and women over the age of 50 that began in 1992. HRS
conducts biennial interviews (in even-numbered years) with about 20,000 individuals. The
sample is refreshed with a new cohort of individuals age 51-56 every six years (in 1998,
2004, 2010, etc.) to maintain representation of the population over age 50. Selected age-
eligible respondents and their spouses of any age are interviewed. All baseline respondents
(new cohorts interviewed for the first time) and persons 80 and older are assigned to a face-
to-face interview, while the remainder are randomly assigned to either face-to-face (using
computer assisted personal interviewing, or CAPI) or telephone (using computer assisted
telephone interviewing, or CATI) mode. For panel (i.e., non-baseline) respondents under age
80 the mode assignment flips across waves (e.g., from telephone in 2010 to face-to-face in
2012 or vice versa). Response rates for the core interview have ranged from 52 to 81% at
baseline and from 87 to 89% at each follow-up wave.

In addition to the biennial core interview, HRS also conducts a number of supplemental
studies, mainly in the form of mail and Internet surveys that are conducted in the off-year
between interview waves. The Internet survey has been ongoing since 2001 and is
administered to respondents who report in their core interview that they have Internet access.
The 2011 HRS Internet survey included a number of items to explore possible mode effects,
repeating measures that were asked in the 2010 and 2012 core interviews. The response rate
for the 2011 Internet survey conditional on having internet access, responding to the 2010
core survey and being alive in 2011 was 80%. A total of 3251 respondents who were subject
to the random mode rotation completed all three surveys and comprise our analysis sample.
Of these, 1583 were assigned to a telephone interview and 1668 to face-to-face in 2010. This
sub-group of respondents represents 70.8% of participants in the 2011 Web survey and
14.8%/15.8% of the 2010/2012 HRS respondents. Table 1 shows the respondent
characteristics in the three waves of the HRS (the two main interview waves, 2010 and 2012
and the 2011 Internet wave) and our analysis data based on a number of socio-demographic
characteristics. Not surprisingly, the Internet sample (and thus our analytic sample) is more
educated, younger, and comprised of higher proportions of white and coupled participants
compared to the total HRS sample who were interviewed in 2010 and 2012. While this will
not impact the internal validity of our results it could affect the generalizability of our
findings to other populations and surveys.

The link between data collection and our analytical approach is shown in Figure 1. It can be
seen that in 2010 two groups were randomly allocated to either face-to-face (Group 1) or
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telephone (Group 2). The order was reversed in 2012. In the year between these two waves
all selected respondents answered a Web survey. On the right side of the Figure we can see
how this translates into our analytical groups. Thus, each individual answers in all three
waves. We also observe how this design partially avoids confounding time with mode. This
is only partial as all Web responses come from the 2011 wave. If there are time specific or
non-linear learning effects then these may bias interviewer vs. Web comparisons. This
potential confounding is partially solved by the statistical approach used here which lets the
latent, or “true”, variables of interest be different across modes. Additionally, the analysis
was rerun using the mode of interview in wave 2010 as a control variable. This serves as a
sensitivity check for the impact of the order in which the modes of interview were received.?

The analysis uses a balanced panel of the respondents that took part in the 2010, 2011, and
2012 waves of the HRS. The mode variable used reflects the mode in which the interview
was assigned. As noted previously, mode for the core interview was randomly assigned for
panel respondents under age 80, with roughly half being assigned to telephone and half to
face-to-face. Although interviewers make every attempt to complete the interview in the
assigned mode, in some circumstances respondents are allowed to switch modes. Only a
small proportion of respondents in our sample did not complete their interview in the
assigned mode (3.1% in 2010 and 4.8% in 2012). The most common switch was from face-
to-face to telephone, though some respondents also switched from telephone to face-to-face.
Additionally, there are respondents who answered using the same mode in both 2010 and
2012: 155 (4.8%) answered by telephone in both 2010 and 2012 waves while 92 (2.8%)
answered by face-to-face in both waves. As a sensitivity analysis all the models were rerun
on the more restricted sample that includes only people who actually switched modes
between 2010 and 2012. Missing data was low for the items we examine, the highest being
1.3% for the “Had a lot of energy” item.

The analysis uses Full Information Maximum Likelihood (FIML) to deal with missing data
and assumes missingness at random (MAR) given the measurement model (Enders, 2010).
We analysed all the models controlling for the clustering and stratification of the data as a
sensitivity check (not shown). All results were consistent with those presented below.

5 Measurement models and error

In order to evaluate data quality and relative bias we use the multiple-items approach
(Alwin, 2007). This implies the existence of a latent construct of interest, in our case
continuous, that is measured with approximation by multiple observed variables. Models
such as Confirmatory Factor Analysis or Item Response Theory use this approach, resulting
in the following formulation:

y=T+A{+e (1)

2psa sensitivity analysis we have also estimated the models using a wide format with correlated errors between the three
measurements of the same items. The results are similar to those presented below (although for the activity scale it led to a non-
positive residual covariance matrix).
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where A is the slope/loading or the strength of the relationship between the latent variable of
interest, &, and the observed item, y. This can be considered an estimate of validity (Bollen,
1989), although it has a different meaning to that used in Classical Test Theory (Alwin,
2007; Lord and Novick, 1968). The random error, &, can be considered an estimate of
reliability (Bollen, 1989) and it can be easily calculated: e = 1- A2. Lastly, zrepresents the
intercept, or the threshold when the observed variable is categorical, and can be interpreted
as the conditional mean or probability of the observed items when the latent variable is 0.
This is usually associated with systematic error (e.g., Chen, 2008).

This model has been further extended to a multi-group framework, enabling researchers to
investigate relative bias between groups, such as sex, ethnicity or culture (Millsap, 2012) or,
in our case, modes of data collection. This is not only an interesting methodological tool but
it is also substantively important as differences in the measurement model across groups
(called lack of equivalence or invariance) will bias comparisons of the latent variable.

The usual procedure in testing for equivalence of the measurement model across groups
starts with the configural model (Meredith, 1993; Millsap, 2012; Steenkamp and
Baumgartner, 1998). This implies that a model with the same structure (i.e., the same
number of factors) is found in all groups but no equality of coefficients is imposed. If this is
found to have a good fit then the model is further restricted to assume equal loadings, A,
across groups. This is known as metric equivalence (Steenkamp and Baumgartner, 1998). If
this, in turn, fits the data, then a new model can be estimated which assumes that the
loadings and the intercepts/thresholds, z, are equal across groups. This model has been given
different names by authors in the literature: scalar equivalence (Steenkamp and
Baumgartner, 1998), strong factorial equivalence (Meredith, 1993) or first order equivalence
(Millsap, 2012).

Using equivalence testing for estimating relative bias has become a standard procedure in
cross-cultural research (e.g., Davidov et al., 2008; Van de Vijver, 2003) and it has also been
implemented a number of times in the mixed-mode literature (e.g., Cernat, 2015a; Hox et
al., 2015; Klausch et al., 2013). In this paper we combine the use of this procedure with the
quasi-experimental design of the data collection in order to estimate the effects of modes on
measurement.

Analytical approach

Using the data and the statistical method presented above we test a series of nested models
to identify different types of measurement mode effects. The sequence will distinguish
between random error (evaluated based on the loadings with metric equivalence) and
systematic error (evaluated based on thresholds with scalar equivalence) and between
modes: telephone (TEL) versus face-to-face (FTF) and interviewer versus self-administered
(FTF and TEL vs. Web). From these theoretical comparisons stem the five (cumulative)
models tested:

. Configural (structure is the same in all modes, no equality constraints);

. Interviewer metric equivalence: the same loadings in FTF and TEL;
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. Full metric equivalence: FTF, TEL and Web have the same loadings;
. Interviewer scalar equivalence: the same thresholds in FTF and TEL;
. Full scalar equivalence: the same thresholds in FTF, TEL and Web.

This sequence of models reflects our theoretical hypotheses regarding the impact of mode on
measurement. We expect FTF and TEL to be more similar as both of them are mainly aural
and involve communication with an interviewer. This would mean that it is more likely to
find Interviewer equivalence than Full equivalence overall. Nevertheless some differences
are expected due to higher social desirability and faster pace in TEL (Holbrook et al., 2003).
On the other hand, we expect the Web to show the biggest differences from the other modes
in relative systematic bias. Firstly, given it is self administered, we expect smaller social
desirability effects. Secondly, it is mainly visual, which might lead to primacy effects. This
leads us to expect a lack of full scalar equivalence as the systematic errors in Web are
expected to be different from the interviewer modes.

It should be noted that in all these models no assumption is made about the equality of the
latent variables across modes as the variances are freely estimated and the means restricted
to 0 in all the modes. Thus, any learning or maturation which might appear and is not
controlled for by our quasi-experimental design are expected to appear as differences in the
variances of the latent variables.

To estimate the models we use Maximum Likelihood Robust estimation as implemented in
Mplus 7.2. All the observed variables are considered categorical while the latent variable is
modelled as continuous. As such, thresholds are calculated (the number of thresholds is one
less than the number of categories) and compared across modes in order to estimate
systematic error. This can be viewed either as a categorical Multi-Group Confirmatory
Factor Analysis model or as an IRT model (Kankara$ and Moors, 2010; Millsap, 2012).
Models are compared by using a corrected score of the A)(Z. This is calculated by the
difference in y? of two nested models. The degree of freedom of the test is the difference in
degrees of freedoms between the models compared. A correction is applied to the score in
order to take into account the Maximum Likelihood Robust estimation (Satorra and Bentler,
2001)3. The Akaike Information Criteria (AICs) are also reported. This is an indicator of
relative fit based on the log-likelihood of a model that ‘penalizes’ for lack of parsimony. A
smaller AIC implies a better-fitting model.

Depression scale

We first present descriptive statistics for the nine items measuring depression (Table 2). Here
we are interested in four comparisons. The first two comparisons are sensitivity checks
showing the distribution of answers within the telephone and face-to-face groups by the
wave in which they were answered. Here we do not expect any differences as the order was
randomized. Indeed, only one of the 18 comparisons is significantly different using a Rao-

3see http://www.statmodel.com/chidi_shtml for explanation and an example.
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Scott corrected y?, the “Felt sad” item. Given this, we treat the two time points as one in
subsequent analyses. The next comparison refers to our theoretical question regarding
differences between telephone and face-to-face responses. Here, although we expected some
amount of differences, none of the comparisons show statistically significantly results.
Lastly, we treat telephone and face-to-face responses as one (Int) and compare them with
Web responses. As mentioned previously, this is where we expect the biggest differences.
This is indeed confirmed in the bivariate analyses as eight of the nine depression variables
show significant differences between interview and Web answers.

We next model the latent depression measure with the procedure presented before using the
nine dichotomous items that make up the CESD scale. The first model, Configural, assumes
that the structure of the measurement model is the same across modes (e.g., no correlated
errors in just one of the modes) but does not impose equality constraints on the coefficients
across modes. The second model, Interviewer metric equivalence, assumes equal loadings,
or reliability, across TEL and FTF. Table 3 shows that the Interviewer metric equivalence
model should be selected as it does not fit significantly worse than the Configural model
even if it is more restrictive (p-value of 0.85 and AIC is smaller). Similarly, the third model
(Full metric equivalence), which assumes equal loadings across all three modes, fits the data
well, indicating that Web does not differ in reliability compared with TEL and FTF (p-value
of 0.83 and AIC is smaller). Looking at the mode effects on systematic measurement
(Interviewer scalar equivalence) we find no differences between TEL and FTF (p-value of
0.72 and AIC smaller); however these two modes are systematically different from Web (p-
value of 0.00 and AIC is larger for Full scalar equivalence). This indicates that the relative
measurement quality is the same across modes with the exception of systematic errors
between interviewer modes and Web. These results are consistent with the sensitivity
analysis done using only the respondents who changed the modes in 2010-2012 and/or
controlling for the mode order (not shown).

We are able to further investigate the differences indicated by these analyses. The lower part
of Table 3 shows the thresholds for the two interviewer modes and those from the Web
responses (from the Interviewer scalar model). Further testing shows that all the differences
in thresholds are reliable with the exception of the ‘Sleep’ and ‘Sad’ variables. Constraining
the thresholds of these two variables did not fit significantly worse than Interviewer scalar

equivalence (Partial scalar equivalence model: Ay2=1.81, p-value of 0.40), unlike all the
other items.%

Because the observed variables are dichotomies (no/yes) the model estimates one threshold
for each item. A large number on the threshold means that there are more people answering
the first category (in this case 0 = no) while controlling for their true depression score.
Differences across groups in thresholds imply relative systematic measurement differences.
The results show that for all the negatively worded items that are significantly different
(‘Depressed’, ‘Effort’, ‘Lonely’, “Not get going’; 1 = yes = more depression) the thresholds

4The comparisons were made between the interviewer scalar model and models that started with full scalar equivalence but
sequentially freed up thresholds. The sequence was based on the absolute difference in thresholds. Thus, the comparison started by
freeing up the threshold with the biggest difference between interviewer and Web modes. If the model was significantly worse the
second biggest threshold was freed, and so on.

J Surv Stat Methodol. Author manuscript; available in PMC 2017 June 11.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Cernat et al.

Page 9

are lower for the Web while for all positively worded items (‘Happy’, ‘Life’ and ‘Energy’)
the thresholds are higher (more no’s). This means that even after controlling for their latent
score, responses in the Web mode indicated higher depression levels than those from TEL
and FTF. The most plausible explanation for this pattern is higher social desirability bias in
the interviewer modes. Because the scale includes both positively and negatively worded
items, response order effects (primacy/recency) can be ruled out.

To make this pattern clearer we have plotted the Item Characteristic Curve (ICC, Figures 2
and 3). For example, Figure 2 plots the probability of answering “Yes” to the ‘Depression’
item, based on the latent depression score (x axis). The slope of the line is influenced by the
discrimination or loading of the item. The flatter the slope, the weaker the relationship is
between the item and the latent variable. The horizontal position indicates difficulty or the
threshold and indicates at what levels of the latent variable the item gives information. In
Figure 2, for example, saying “Yes” to the ‘Depressed’ item has a high level of
discrimination (i.e., it is quite vertical), and is also is an indicator of a relatively high level of
latent depression (it is positioned more to the right of the graph). What is interesting for us is
how this curve is different between interviewer and Web modes. We can see that the slope of
the curve is the same, due to the equal loadings, but the horizontal position is different. So,
for the same level of latent depression respondents are more likely to say “Yes” to the
‘Depressed’ item on the Web than in an interviewer administered survey. To gauge the size
of the effect we can choose the point on the curve that shows the highest difference across
the groups. In the case of the ‘Depression’ question this is when the respondents have a
score of 6 on the latent depression measure (Figure 2). At this point, based on our model,
37% of the Web responses are “Yes”, compared to 58% for interviewer administered
surveys, leading to a difference of 21% in the predicted probability of answering positively.

Using the same approach, Figure 3 plots the ICC for all the questions that were significantly
different between the interviewer modes and Web. It also highlights the biggest difference in
predicted percentages of “Yes” for each of the item. A clear pattern obvious from this plot is
that for all the negatively worded questions (first row/part A of Figure 3) the likelihood of
answering “Yes” in the Web interview is higher than for the interviewer modes. On the other
hand, for all the positively worded questions (second row/part B of Figure 3) this pattern
reverses. This is consistent with our hypothesis regarding lower social desirability bias in the
Web survey. It implies that for the same level of latent depression respondents are more
likely to admit to negative affect on the Web than in interviewer modes.

In order to provide a sense of the differences between the two modes we can look at the
variables with the highest and lowest significant differences (as seen in Figure 3). For
example, in the case of the “Life’ variable for a score of 6 on the latent depression scale
respondents in the interviewer-administered modes have a 67% predicted probability of a
“Yes” answer compared to 34% for Web responses. We believe that this would be a
substantially important difference in most applied research. At the other extreme, this
difference is approximately 4% for the ‘Energy’ item.
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Activity scale

The second scale we examine measures physical activity. This is based on three observed
variables that ask about the frequency of different types of activities: mild, moderate and
vigorous. Table 4 presents the observed distributions, first within mode by wave, and then
between modes. For the sensitivity analysis it appears that two out of the six variables are
significantly different using the Rao-Scott corrected ;(2: ‘Moderate activity’ between 2010
and 2012 response answers and “Vigorous activity’ within face-to-face. Because there seems
to be no theoretical explanation or a clear pattern in the differences we combine the two
waves within each mode. As with the depression scale, we find no significant differences
between telephone and face-to-face but we do find differences when comparing these two
with the Web answers. The patterns are in line with the response order hypothesis (with Web
respondents being more likely to choose the first categories, while in the auditory modes the
last ones are more likely to be chosen). The findings of the multi-group analyses below are
consistent with this finding and were replicated in our sensitivity analyses when we control
for mode order effects and/or restricted the sample only to people who changed mode of
interview.

Next, we compare the three modes using the latent variable approach. Table 5 shows that the
loadings, or reliabilities, are equal across all three modes, indicated by the fact that the
second (interviewer metric equivalence) and third (full metric equivalence) models are not
significantly worse than the previous ones (p-values of 0.37 and 0.12, both AICs are
smaller). On the other hand, the thresholds, or relative systematic error, are the same
between face-to-face and telephone (p-value of 0.98 and AIC smaller) but these two are
systematically different from Web (p-value of 0.00 and AIC is larger). This implies that the
level of physical activity appears to be measured systematically differently in face-to-face
and telephone, on one hand, and Web, on the other. Further testing showed that only part of
these thresholds is significantly different. Thus, when comparing interviewer modes with
Web the third threshold for all the variables and the first threshold of “Mild activity” are

significant different (Partial scalar equivalence: A yZ=4.13, p-value of 0.53 when these are
freed).

The different levels of the thresholds can be seen in the lower part of Table 5. We see that for
all three variables Web respondents are less likely to choose the last category, ‘Hardly ever
or never’, and are more likely to choose ‘One to three times a month’ for “Mild” at the same
levels of latent physical activity. These differences are moderate to large as can be seen when
we analyse the predicted probabilities of selecting a category for different scores on the
latent physical activity scale. For example, looking at the predicted probability of selecting
the “Hardly ever or never’ category we find a difference of approximately 9 percentage
points for the “Mild” and “Vigorous” items (47% versus 38% and 57% versus 46% at a
score of 3.5 and of 0.5 respectively on the latent physical activity scale for interviewer
versus Web responses). The biggest difference is found for the probability of answering the
same category for the “Moderate” item at a level of 1.5 on the latent physical activity
variable: 81% for interviewer answers versus 31% in Web interviews. Such a pattern can be
explained both by primacy/recency effects (Web respondents being more likely to choose the
first categories, while in the auditory modes the last ones are more likely to be chosen), and
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higher social desirability bias when answering on the Web. While our initial expectation was
that social desirability would be stronger in the interviewer modes, this does not appear to be
the case. The opposite can be observed in our data as interviewer modes systematically
under-report physical activity compared with Web responses. Although we cannot
disentangle primacy/recency from social desirability for this scale, higher recency levels in
the interviewer modes seems the most plausible theoretical explanation for the observed
pattern. The absence of social desirability effects could be explained by the fact that the
fitness of respondents is an observable attribute which may lower social desirability bias in
interviewer modes (see Tourangeau et al., 2000, for an overview).

Impact on validity

Given these results, a natural question to ask is: how do these differences impact substantive
analyses? In other words, are these differences large enough to warrant the attention of
survey researchers and users? To gauge these effects we next investigate the degree to which
mode changes estimates of the means and variances of the variables of interest (depression
and physical activity), as well as regression coefficients (e.g., Kankara$ and Moors, 2009).
We will compare three different approaches: using sum scores, using latent models but
ignoring mode differences, and using latent models with correction for mode differences.
The first approach might be the most typical one used in practice but it ignores both random
error and mode differences. The second approach corrects for lack of reliability but ignores
mode differences (it is the full scalar equivalence model from before). The last model takes
into account both random error and mode effects (the partial scalar equivalence model found
previously).

Table 6 shows the means® and variances for depression and physical activity for the three
estimation approaches and the three modes. Comparing the first two columns shows how
ignoring measurement error using sum scores can be biased compared to a latent model
approach. Comparing the last two columns indicates to what degree ignoring the mode
differences can bias means and variances. It is the last of these comparisons that is of special
interest here. Overall, the differences are small. The biggest effect is for the mean depression
score for the Web group, as expected. Ignoring mode differences leads to a mean which is
larger than when correcting for mode effects (0.44 vs. 0.16). Although this difference is not
statistically significant it might be of theoretical importance in some contexts.

Another way to estimate the impact of measurement mode effects on substantive research is
to examine regression coefficients. Table 7 shows results from simple models that regress
depression and physical activity in turn using six variables: if the respondent has a degree, is
white, is female, is in a couple, their age and their self-rated health. Overall we see that
using a sum score underestimates the regression coefficients compared to the latent models.
It appears that these differences are larger than those produced by ignoring mode differences
in measurement. For example, comparing the Web coefficients for the scalar equivalence

Sn order to make the means comparable across the three approaches we have used the mean for the telephone group as the reference.
Thus, we subtracted the TEL mean from the mean of the Web and FTF answers. This is similar to how means of latent variables are
calculated in multi-group analysis.
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model and partial equivalence leads to small differences, none of which are significantly
different.

7 Conclusions

In this paper we used a quasi-experimental design implemented in the 2010-2012 waves of
the Health and Retirement Study to estimate mode effects on measurement. Using latent
measurement models we compared random and systematic error on two scales: depression
and physical activity. The results partially support our hypotheses regarding mode effects.

Previous literature regarding mode effects on measurement has consistently found social
desirability bias as an important source of differences. This was partially replicated in our
analyses. The CES-D depression scale enabled us to separate social desirability from
primacy/recency effects. We show that responses collected in interviewer modes are
consistently influenced by social desirability compared to Web, resulting in lower observed
levels of depression even after controlling for the latent level of depression. Another possible
source of mode effects we examined was primacy/recency effects. This was partially
supported by our results as the Web respondents report higher levels of physical activity,
consistent with higher recency effects in aural modes (i.e., telephone and face-to-face
without showcards).

We have also seen that the impact of these differences on validity is relatively small. Both
the means and variances of the variables and regression coefficients showed low amounts of
bias due to lack of equivalence. That being said, the mean of depression was larger for the
Web group in the model that ignored mode differences compared to a model that controlled
for these differences. While the difference was not significant here we can imagine situations
in which such differences could impact substantive conclusions. This typically happens if
the reasons for the mode effects are also related to the substantive model. For example, we
might be interested in the effect of self-reported BMI on diabetes. Both the dependent and
independent variables can be considered sensitive and can be under-reported in interviewer
modes. The mode effects on both measurements and the proportion of people in the
interviewer mode(s) will determine the size of the mode effect on the relationship between
BMI and diabetes. It should be also noted that the effects of the modes can bias different
types of coefficients. Differences in intercepts/thresholds (as we have found here) can bias
means and intercepts of substantive models while differences in loadings can bias
substantive regression slopes.

As in all research our study has several limitations. Firstly, the respondents included in the
analyses are a sub-group of a representative sample of the population over 50 that have
access to the Internet and who participated in three waves of a longitudinal study. Secondly,
our study looks only at two scales. Different patterns may be expected for other topics and
other types of response scales.

Nonetheless, these findings have important implications for survey methodology, although
they are mostly in tune with a growing body of literature on the topic. First of all, the biggest
differences we found were between interviewer and self-administered modes. Our
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hypothesized reasons, social desirability and recency/primacy, find support in our analyses.
Secondly, we saw that the two scales lack equivalence in the systematic part of the
measurement model between interviewer and Web modes. This implies that using a mixed-
mode design may lead to lower levels of equivalence which, when combined with selection
effects, could bias substantive results. Thus, a combination of improvements in design that
would minimize mode measurement effects, and statistical approaches to correct for these
(see Vannieuwenhuyze and Loosveldt, 2012, for overview) are advised.

Finally, in tune with other research on the topic, we caution against mixing interviewer and
self-administered modes, where possible, and encourage study designs that allow for the
evaluation of mode effects across a range of topics and indicators. Two such designs are the
use of a reinterview in a reference mode (Schouten et al., 2013) or surveying a random
subsample in the single mode of reference (Jackle et al., 2015). The first design is a within-
person one, thus making it possible to disentangle the different types of mode effects. The
second approach is a between-person experimental design that allows only for the
calculation of overall mode effects. As survey researchers increasingly make use of mixed-
mode designs, whether in cross-sectional or panel studies, we encourage further research
exploring the effects of mode changes on measurement error across a wider range of
question types.
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Figure 1.

The link between the quasi-experimental data collection design and analysis strategy
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Figure 2.

Item characteristic curves for saying “Yes” to the Depression question, interviewer vs. Web.
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Figure 3.
Item characteristic curves for “Yes” in the significantly non-equivalent CES-D items,

interviewer vs. Web. Largest difference between the groups are highlighted. First row items
(A) are negatively worded while second row ones (B) are positively worded.
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