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differences across modes and should be used only with caution.
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1. INTRODUCTION

For many years, face-to-face interviews have been considered the gold stand
ard method of data collection in survey research (de Leeuw 1992; Dillman 
et al. 2009b). The positive features of face-to-face interviews can mostly be 
attributed to the presence of interviewers, who can locate and persuade sample 
members to take part, resulting in higher response rates and potentially more 
representative samples. Interviewers are also able to motivate respondents to 
complete complex or cognitively demanding questions, to provide explana
tions or clarifications for ambiguous wordings, and to use show cards and 
other supporting materials, all of which are expected to improve measurement 
quality (Campanelli et al. 1997). However, the substantial costs of face-to-face 
interviewing, along with increasing rates of nonresponse, have precipitated 
substantial growth in the use of online data collection and mixed-mode designs 
in a range of social and economic surveys (Dillman et al. 2009b; Williams and 
Brick 2018; Bethlehem and Biffignandi 2021; Maslovskaya et al. 2022).

One of the key concerns about this shift to online data collection has been 
that these self-completion designs tend to yield considerably lower response 
rates than has been the norm for interviewer-administered surveys. Recent 
research has questioned the true strength of the correlation between response 
rates and nonresponse bias (Groves and Peytcheva 2008; Sturgis et al. 2017a). 
Nevertheless, lower response rates in online surveys still increase the risk of 
nonresponse bias and hinder their comparability with surveys conducted in 
modes that attain higher levels of cooperation. A key question is, when a 
repeated cross-sectional survey transitions from face-to-face to online self- 

Statement of Significance  
Face-to-face interview surveys are widely viewed as providing the 
highest quality data of all survey modes. However, they continue to 
experience increasing costs and declining response rates and face 
growing challenges of maintaining field forces following the coronavi
rus 2019 pandemic. As a result of these problematic trends, the use of 
mixed-mode survey designs has increased, despite their susceptibility 
to mode effects and the difficulty this poses for comparability. Here, 
we focus on a commonly used methodological approach—propensity 
score matching (PSM)—as a means of removing or reducing sample 
compositional differences caused by differential selection effects 
between surveys conducted in online and face-to-face modes. We find 
that nontrivial mode differences between face-to-face and online sur
veys remain after matching. This provides a note of caution on the 
use of PSM as a means of isolating the observational and non-obser
vational error components of mode effects in surveys.
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completion, are the observed measurement differences due to true change or 
due to sample composition arising from differential nonresponse between 
modes? The same question can, of course, be asked of mixed-mode surveys 
which are a standard approach to including offline respondents in (otherwise) 
online survey designs.

In addition to sample composition, changing a survey to a different mode or 
introducing mixed-mode designs can hinder comparability because different 
modes are characterized by heterogeneous measurement error properties (de 
Leeuw 2005). The presence of differential measurement errors can bias preva
lence estimates and distort temporal comparisons in both longitudinal and 
cross-sectional studies. Measurement effects are most likely to occur when a 
survey changes from an interviewer-administered to a self-administered mode, 
or vice versa because the presence of an interviewer can affect respondent 
behavior in a number of ways (Klausch et al. 2017). For example, there are 
well-known benefits of interviewers when it comes to measurement quality 
compared to self-completion because participants are less likely to use satisfic
ing response styles and interviewers’ capability of probing encourages valid 
responses (Krosnick 1991; Goldenbeld and De Craen 2013). However, inter
viewer administration is more prone to social desirability bias compared to 
self-completion, especially in surveys involving behavioral and attitudinal 
questions (Kreuter et al. 2008; Heerwegh 2009; Burkill et al. 2016; Berzelak 
and Vehovar 2018).

The quality of data produced in different modes would ideally be evaluated 
by comparing them to external benchmarks or carrying out experiments where 
respondents are randomly assigned to modes (de Leeuw 2005; Voogt and 
Saris 2005; Dillman et al. 2009a; Tourangeau 2017). However, high-quality 
benchmarks are rarely available for most survey variables and most mixed- 
mode surveys do not randomly assign respondents to modes. This means 
that respondents interviewed in different modes usually differ by baseline 
characteristics that are related to both the survey measures and mode 
selection effects. In such situations, measurement effects are confounded with 
selection effects, and it is only possible to separate them using methods 
that require strong assumptions (Voogt and Saris 2005; Weisberg 2005b; 
Vannieuwenhuyze and Loosveldt 2013). A common approach to achieving 
this separation is to attempt to balance samples collected in different modes 
across a vector of measured characteristics using adjustment methods such as 
propensity score matching (PSM) (Rosenbaum and Rubin 1983; Schonlau and 
Couper 2006; Austin 2011; Suzer-Gurtekin et al. 2018).

PSM seeks to remove sample compositional differences in baseline charac
teristics between groups by matching on the probability of exposure (in this 
case, survey mode) to approximate a randomized assignment design 
(Rosenbaum and Rubin 1983; Austin 2011). PSM has been used to adjust for 
confounding in studies exploring mode effects in telephone and web surveys 
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(Lugtig et al. 2011; Capacci et al. 2018), web and mail (Suzer-Gurtekin et al. 
2018), and telephone and mail (Pintor et al. 2015).

The aim of this study is, therefore, to evaluate the performance of PSM as a 
method of removing or reducing selection effects between samples collected 
in different modes. We use the specially designed 2014 Community Life 
Survey (CLS) in England to compare estimates of the same quantities across 
three studies conducted at the same time using different modes and sample 
designs with exactly the same questionnaire. We address two primary research 
questions: (i) how effective is PSM in removing differences in selection 
effects between modes? and (ii) to what extent do mode measurement effects 
change after matching based on question characteristics?

The remainder of the paper proceeds as follows. We first provide a concise 
review of the literature on the effect of survey mode on data quality and the 
methodological approaches that have been used for conditioning out composi
tional differences between samples. We then describe the datasets used in the 
empirical part of the paper and set out our analysis strategy, with the key find
ings from the analyses presented after that. We conclude with a summary of 
our main findings, a consideration of the potential limitations of the study, and 
the implications of our results for survey practice.

1.2 Survey Mode Effects

Differential sample composition between face-to-face and online surveys may 
arise due to both coverage and self-selection error (Bethlehem 2010). In online 
surveys, undercoverage is typically found among groups without internet 
access who tend to be older, less educated, rural-dwelling, and in lower 
income groups (Bethlehem 2010; Tijdens and Steinmetz 2016). In addition to 
lower response rates affecting nonresponse error, online surveys are also sus
ceptible to selection bias through within-household selection procedures 
because there is no interviewer to carry out this procedure (Bethlehem 2010; 
Khazaal et al. 2014). This may result in differences in sample composition 
between respondents in online and face-to-face modes, making the estimates 
obtained noncomparable.

Regarding measurement effects, it has long been known that interviewers 
can induce both random and systematic errors in face-to-face surveys 
(Campanelli et al. 1997). For example, the presence of interviewers can make 
respondents more likely to provide answers that are socially acceptable due to 
a desire to be perceived positively according to social norms (Berzelak and 
Vehovar 2018). Online surveys, on the other hand, provide more confidential
ity compared to face-to-face surveys, making them less susceptible to social 
desirability bias (Kreuter et al. 2008; Berzelak and Vehovar 2018). In face-to- 
face surveys, interviewers can motivate respondents and help them to under
stand ambiguous or complex questions which is mostly not possible in online 
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surveys (Roberts 2007; Revilla and Saris 2013). The presence of an inter
viewer may also reduce the likelihood of respondents adopting satisficing 
response strategies (Krosnick 1991; Roberts 2007) but may also lead to meas
urement differences due to interviewer effects (Weisberg 2005a).

As might be expected from this body of research, the survey methodologi
cal literature contains many examples of sometimes quite large differences 
between estimates produced in different modes. For example, Burkill et al. 
(2016) and Villar and Fitzgerald (2017) found differences in response distribu
tions across the two modes where the same respondents provided responses to 
attitudinal and behavioral questions, first in a face-to-face survey and then in 
an online survey. Both studies also reported higher levels of agreement on 
behavioral compared to attitudinal items in face-to-face and online surveys. 
Similarly, Heerwegh (2009) found higher rates of “don’t knows” and item 
nonresponse in an online sample compared to the corresponding face-to-face 
sample. As is typical in these kinds of observational designs, these differences 
may have been due, at least in part, to selection effects since compositional 
differences were not controlled.

As we noted earlier, a widely used method for addressing the 
“measurement/selection” confound is PSM (Rosenbaum and Rubin 1983; 
Austin 2011). While PSM has mostly been used in medicine and epidemiology 
contexts (Austin 2008; Granger et al. 2020; Medaglio et al. 2022), it has also 
been applied in mixed-mode survey contexts (Lugtig et al. 2011; Pintor et al. 
2015; Capacci et al. 2018; Suzer-Gurtekin et al. 2018). Notably, Lugtig et al. 
(2011) applied PSM to separate mode effects from two parallel probability- 
based surveys conducted using computer-assisted telephone interview (CATI) 
and online modes of data collection. After matching, they found that large dif
ferences between telephone and online surveys remained but there were fewer 
and smaller differences between a probability and a nonprobability online 
survey.

Suzer-Gurtekin et al. (2018) were able to remove selection differences 
caused by mode on a measure of health status in the World Values Survey 
between two self-administered (web and mail) surveys after controlling for 
selection effects using PSM. Similarly, Pintor et al. (2015) found PSM to be 
effective in reducing the magnitude of mode effects in healthcare discrimina
tion estimates among children and adults in the US Minnesota public health
care program. They found that responses of unfair treatment were 13 
percentage points higher among phone respondents compared to those who 
responded by mail. Capacci et al. (2018), on the other hand, applied PSM to 
explore mode effects between computer-assisted web interviewing (CAWI) 
and CATI in a proprietary panel survey in the United Kingdom and Italy. 
They found large mode differences between modes remained after matching, 
where CAWI respondents were less likely to support healthy eating policies 
compared to their CATI counterparts in both countries.
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This study aims to build on and extend this existing body of work by apply
ing PSM to a specially designed study in which the same questionnaire was 
administered in both face-to-face and online survey contexts. We estimate 
mode effects before and after matching across 133 outcome variables, cover
ing a broad range of topic areas. We present our results separately for attitudi
nal and behavioral questions as the former are likely to have greater 
susceptibility to social desirability pressures in face-to-face compared to 
online surveys (Tourangeau and Yan 2007; Kreuter et al. 2008; Revilla and 
Saris 2013). We may thus expect larger mode differences after matching for 
attitudinal compared to behavioral questions. We also assess our results 
according to whether the question used single or multiple response options, 
with the expectation that multiple response options will be more cognitively 
demanding and, hence, more prone to satisficing effects both in the face-to- 
face and online surveys (Krosnick 1991). However, satisficing effects are 
expected to be lower in face-to-face than in online surveys due to interviewers’ 
ability to facilitate the response process, which in turn reduces the cognitive 
demands placed on respondents (Heerwegh and Loosveldt 2008).

2. DATA AND METHODS

The data for this study come from the CLS which is an annual general popula
tion survey of adults in England conducted by Kantar Public on behalf of the 
Department for Digital, Culture, Media and Sport since 2012 (Williams 2017; 
Kantar Public 2022). The survey covers topics relating to empowering com
munities such as identity and social networks, community engagement, civic 
engagement, volunteering, social action, subjective wellbeing, and loneliness. 
The inferential population is all adults in England aged 16þ and living in pri
vate residence (Williams 2017; Kantar Public 2022). In 2014, administration 
of the CLS questionnaire was implemented using three independent samples 
as part of a research and development initiative exploring the feasibility of 
moving the survey to online self-completion. These three samples were a face- 
to-face survey, an online follow-up of the previous year’s face-to-face survey, 
and a standalone push-to-web online survey—a fresh sample, which was col
lected online, and where respondents were invited through an invitation letter 
sent to their home address. All three samples were administered the same 
questionnaire. Fieldwork for all three survey samples took place between July 
and September 2014. The study design is summarized in figure 1. The 
response rates are calculated using the RR1 formula of the American 
Association of Public Opinion Research (AAPOR) (AAPOR 2016).

The face-to-face sample was a clustered, stratified random sample of 
addresses drawn from the Postcode Address File (PAF) with a single adult ran
domly selected by the interviewer at each household (where an address con
tained more than one household, a single household was randomly selected). 
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Interviews were conducted using computer-assisted personal interviewing. 
The issued sample size was 1,110, and 666 respondents were successfully 
interviewed, resulting in a response rate of 60 percent.

The online follow-up survey was drawn from respondents who had partici
pated in the previous face-to-face round of the CLS in April 2013/14 
(n¼ 5,105) and who had given consent to be recontacted, which was the case 
for 83 percent (n¼ 4,219) of cases. The net response for the online follow-up 
survey was 37 percent (n¼ 1,576) among invited cases, with 33 percent 
(n¼ 1,415) responding online and 3 percent (n¼ 161) completing a paper 
questionnaire. The paper questionnaire respondents are excluded from the 
analysis here because our focus is on the comparison of face-to-face and 
online self-completion surveys.

The push-to-web sample was a stratified random sample of addresses drawn 
from the PAF in a single stage and with addresses sampled with equal proba
bility of selection. Letters containing username(s), password(s), and the survey 
website link were mailed to 6,700 sampled addresses inviting one resident 
adult to complete the survey online. Where there was more than one eligible 
adult (16þ years) at an address, the adult who had the last birthday was asked 
to complete the survey. The achieved sample size was 834, with 789 using 
online completion, representing an overall response rate of 12 percent. [The 
45 respondents (5 percent) who completed the survey using a paper question
naire are excluded from the analysis for the same reason as above.]

Across the three surveys, there were large differences in response rates, 
with the standalone face-to-face survey approach reaching by far the highest 
response rate (60 percent), the online survey following from a previous face- 
to-face interview achieving 33 percent, and the push-to-web cross-sectional 
sample achieving the lowest response rate of 12 percent. These differences in 

Figure 1. Graphical Illustration of the Study Design for the Three Different 
Samples Collected in Different Modes: Face-to-Face, Online Follow-Up, and 
Push-to-Web [RR 5 Response Rate based on AAPOR (RR1)].
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response rates across modes should lead us to expect, a priori, to observe dif
ferences in estimates for across survey variables resulting from differential 
sample composition.

We focus on 133 questions that were administered in all three surveys 
with full wordings provided in table S1 in the supplementary data online. 
All questions were recoded to binary variables to enable computation of the 
absolute percentage difference (APD) because this is more intuitively inter
pretable than other statistics such as means or medians which depend arbitra
rily on the metric of the response scale (see the methodology section 2.1 for 
further detail).

Any observed differences between the face-to-face and push-to-web survey 
could be due to a mix of both selection and measurement effects. However, 
differences in estimates between the push-to-web and online follow-up sur
veys must be due to differential sample composition only, because the ques
tionnaires were identical and completed in the same mode. The rate of missing 
values (i.e., item nonresponse) across the variables considered was low, rang
ing from 0.4 percent for online follow-up to 2.0 percent for push-to-web so we 
undertook a complete case analysis (Schafer 1999).

2.1 Methodology

We used PSM to mitigate selection differences between the three samples by 
matching respondents on a set of common observed baseline covariates 
(Rosenbaum and Rubin 1983; Imbens 2004). The aim was to generate a 
matched sample, such that for every respondent there was at least one respond
ent from the comparison sample with similar characteristics on the vector of 
matching variables. As is standard practice, we followed the following four 
steps: (i) estimation of propensity scores, (ii) matching of cases, (iii) evalua
tion of the matching quality, and (iv) estimation of mode differences after 
matching.

2.1.1 Estimation of propensity scores.
The propensity scores were estimated using a logistic regression model where 
yi denotes the mode assigned to individual i as presented in equation (1):  

yi ¼
1 mode A

0 mode B
;

(

(1) 

for each individual i ¼ 1; . . . n, with assignment probabilities for yi, denoted 
pi ¼ Pr yi ¼ 1ð Þ; and 1 � pið Þ ¼ Pr yi ¼ 0ð Þ: The logistic regression model is 
presented in equation (2) and takes the form: 
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logit pið Þ ¼ log
pi

1 � pi

� �

¼ b0 þ b1x1 þ � � � þ bjxj ¼ BTXi; (2) 

where B ¼ b0; b1; . . . ; bj

� �
is a vector of regression coefficients and Xj is a 

vector of covariates. We use the binary logistic model instead of multinomial 
modeling, since the latter relies on an additional assumption of independence 
of irrelevant alternatives which is not always realistic (Vijverberg 2011). In 
any event, the fitted probabilities from a set of binary logistic regressions will 
be identical to those obtained in multinomial logistic regressions.

We used the following variables for the estimation of the propensity scores: 
sex, age, marital status, number of children, paid work, income, ethnic group, 
number of adults in household, education, tenure, main language, and govern
ment office region (GOR). We included only sociodemographic and area-level 
variables in Xi because they likely influence survey outcomes (i.e., responses 
to behavioral and attitudinal questions) and the choice of the survey mode 
(Brookhart et al. 2007; Chen et al. 2022). Austin et al. (2007) showed that a 
propensity score model that includes confounders (i.e., covariates that are 
associated with exposure and the outcome) or includes all variables associated 
with an outcome leads to a reduction in selection bias. Additionally, inclusion 
of attitudinal and behavioral variables in the propensity model may result in 
biased estimates because the matching variables are themselves likely to be 
influenced by survey mode (Brookhart et al. 2007; Cuong 2013). The propen
sity score models are adjusted using weights which account for unequal selec
tion probabilities in the sample designs and calibration to population totals. 
We assessed the predictive performance of the propensity score models using 
pseudo-R squared and area under the curve (AUC)–receiver operating charac
teristics curve (Plewis et al. 2012).

2.1.2 Matching cases.
The adequacy of the propensity scores for matching was evaluated using a 
measure of the “area of common support,” as is standard in PSM (Austin 
2011; Leite 2017). This measures the degree of overlap in the distribution of 
propensity scores of respondents in the different samples and is assessed using 
histograms (Austin 2011; Leite 2017). We then proceed to match respondents 
on the propensity scores using nearest neighbor matching with replacement, 
such that control cases that have been matched with treated cases are available 
for consideration as potential matches for other treated cases. The choice of 
the survey mode to be in the treatment group rather than the control group is 
informed by the obtained response rate—the mode with the higher response 
rate is chosen as the treatment group—as these influences both the internal and 
external validity of the matched samples (Brigham et al. 2009; Malay and 
Chung 2012). Therefore, the face-to-face mode, given its higher response rate 
(60 percent) compared to online follow-up (33 percent) and push-to-web (12 
percent), is used as the treatment group in respective comparative samples, 
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while the online follow-up is used as the treatment group in the comparison 
sample with push-to-web. As a sensitivity analysis, we have also reestimated 
all models with the treatment and control groups reversed and the results are 
substantively the same, which would be expected because matching is based 
on similar propensity scores between the two groups. (The results of these 
analyses are available from the corresponding author upon request.)

In nearest neighbor matching, each treated case is matched to the nearest 
control case that lies within a specified range, or “caliper.” Nearest neighbor 
methods are often preferred to other matching algorithms due to its ability to 
include many control cases in the matched sample, where exact matching 
approaches can result in many discarded cases due to nonmatching (Gu and 
Rosenbaum 1993; Austin 2009b). Here, we use three caliper specifications of 
width 0.005, 0.01, and 0.02. The choice of these caliper widths is based on 
most used calipers in the PS literature (e.g., Austin 2009b). Using a range of 
caliper widths enables us to assess the sensitivity of our results to the strictness 
of the matching criteria and, hence, the number of matched cases. We used a 
matching ratio of one to many (1:M) where each treated case was matched to 
many control cases (Gu and Rosenbaum 1993; Austin 2009b). Matching with 
replacement increases the overall quality of matching due to the sufficiently 
large size of the matched sample because of few discarded cases (Smith and 
Todd 2005). This tends to keep the bias low at the expense of larger variance 
caused by reused cases between the two samples (Smith and Todd 2005). The 
matching was implemented using the MatchIt package in the R statistical soft
ware (version 4.0.2) with code available in https://github.com/Kibuchi-eliud/ 
Mode-effects_PSM.git in Github (Ho et al. 2018).

2.1.3 Evaluation of matching quality.
Evaluation of matching quality provides information about the likely effective
ness of the propensity scores to adjust for confounding (Wang and Donnan 
2001; Weitzen et al. 2005). The quality of the matching is assessed using 
standardized mean differences (SMDs). This allows the comparison of differ
ences in means or proportions of different types of covariates without being 
influenced by the units of measurement, since it standardizes the differences 
based on the variance of the samples (Stuart 2010; Linden 2015; Leite 2017). 
For dichotomous variables, SMDs are calculated as presented in equation (3): 

SMD ¼
ðp̂A � p̂BÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðp̂A 1 � p̂Að Þ þ p̂B 1 � p̂Bð ÞÞ=2
p ; (3) 

where p̂A and p̂B are proportions of dichotomous variables in modes A and B, 
respectively. The SMD is a robust approach for evaluating the covariate bal
ance before and after matching because it is not affected by differential sample 
sizes across comparison groups (Stuart 2010; Austin 2011). Adequate covari
ate balance for matched samples is achieved if the values of the SMDs are 
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below 0.1 for all the covariates included in the propensity model (Austin 
2011; Lenis et al. 2017; Nguyen et al. 2017). However, a covariate with a 
value greater than 0.1 in matched samples represents an imbalance between 
matched comparison groups. An important caveat is that the 0.1 threshold is 
somewhat arbitrary, and other equally reasonable values could have been used 
instead. Therefore, in some instances, moderate imbalance SMDs (<0.2) are 
acceptable, particularly in small samples because they are expected to occa
sionally occur, even after correctly specifying the propensity score model 
(Austin 2009a).

2.1.4 Estimation of mode differences.
Mode differences are estimated using APDs between the same attitudinal and 
behavioral variables measured in different sample modes. The APD was 
chosen because it produces a more intuitively interpretable quantity compared 
to other measures such as standardized scores or relative absolute differences 
(Sturgis et al. 2017). The APD was calculated by taking the unsigned differ
ence in the proportion for each survey outcome across two comparison modes. 
For categorical variables with K response levels, ðK � 1Þ APDs are derived 
from modal categories, where the omitted categories are those with the lowest 
frequencies.

Since we cannot rule out residual selection effects on unobserved character
istics between matched face-to-face and online samples, we use the matched 
online follow-up and push-to-web samples to explore mode effects that we 
know are unrelated to the measurement differences. Since the questionnaires 
and survey mode are the same in this comparison, differences in APD between 
matched online follow-up and push-to-web must be due to measurement 
effects alone. We also consider median APD estimates by whether the ques
tion is behavioral or attitudinal in nature and by whether the question is binary 
or multicategory to assess whether measurement effects differ by question 
type. Our expectations here are that the residual differences in APD after 
matching will be greater for behavioral than attitudinal and for multiple than 
single response options.

3. RESULTS

Table 1 presents SMDs before (i.e., unmatched) and after matching across the 
three caliper widths (i.e., 0.005, 0.01, and 0.02) for all matching variables in 
the propensity score models. To preserve space, the full results for propensity 
score models across three samples (i.e., face-to-face versus online follow-up, 
face-to-face versus push-to-web, and online follow-up versus push-to-web) 
including indicators of model fit (pseudo-R squared and AUC values) are 
given in table S2 in the supplementary data online. The AUC for face-to-face 
versus push-to-web was 0.71, suggesting a satisfactory fit, while for face-to- 
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face versus online follow-up and online follow-up versus push-to-web was 
0.65 and 0.62, respectively, indicating a moderate to good fit. The pseudo-R- 
squared values range between 0.08 and 0.17 across three samples indicating a 
poor predictive power of the model, although we should not expect a high 
explanatory power from demographic variables alone. The goal of PSM here 
is to control for confounding factors and not to fully explain the survey mode 
allocation.

Table 1 shows that for face-to-face and online follow-up, the unmatched 
sample had 7 of the 12 with SMD values above 0.1. However, after matching 
(caliper¼ 0.005) only two variables (i.e., the number of adults in household 
and GOR) had SMDs above 0.1 but below 0.2; with the variable “main 
language” also exceeding 0.1 for calipers 0.01 and 0.02. In this matched sam
ple, single-person households were overrepresented in the face-to-face sample, 
with two-person households and people resident in the Southeast region under
represented when compared with the online follow-up (table S3 in the supple
mentary data online). In the unmatched comparison of face-to-face and push- 
to-web, 10 of the 12 variables had SMDs greater than 0.1 while, after match
ing, only four variables (i.e., age, number of adults in household, tenure, and 
GOR) had SMD values above 0.1 but below 0.2 for caliper 0.005; while for 
calipers 0.01 and 0.02 there were 5 and 8 variables with SMDs above 0.1 
respectively and each has one variable with an SMD above 0.2. The single- 
person households, not educated, and private renters were overrepresented in 
the face-to-face sample compared to push-to-web; two-person households, 
having a degree and above, and being resident in the Southeast were underre
presented in the matched samples (table S4 in the supplementary data online). 
Finally, the online follow-up and push-to-web matched sample had 6 variables 
with SMDs above 0.1 before matching and only 3 variables exceeded 0.1 after 
matching across the three different caliper width specifications and were 
below 0.2. Those aged 16–34, resident in London, and two-person households 
were overrepresented in the online follow-up sample, with single-person 
households underrepresented when compared with push-to-web (table S5 in 
the supplementary data online). The descriptive statistics of the unmatched 
and matched sample comparisons are presented in tables S3–S5 in the supple
mentary data online.

Table 2 presents the sample sizes of three matched sample comparisons 
before and after matching. Overall, the number of matched pairs increased as 
the width of caliper specifications increased across the three matched sample 
comparisons, as would be expected. The percentage of discarded cases across 
matched comparisons is highest for the online follow-up sample and ranges 
between 45 percent in online follow-up versus push-to-web to 69 percent in 
face-to-face versus online follow-up. This can be attributed to the higher num
ber of participants in online follow-up compared to face-to-face and push-to- 
web. The number of reused cases is highest in the face-to-face and push-to- 
web compared to the other two comparison samples. Common support is 
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achieved across all three matched sample comparisons according to conven
tional criteria, as depicted using histograms for calipers with a width of 0.005 
before and after matching in figures S1–S3 in the supplementary data online. 
We have also presented SMD plots for unmatched and matched sample com
parisons (calipers of width 0.005) in figures S4–S6 in the supplementary data 
online. Overall, qualitatively comparable balance in the covariates was 
attained based on all three different caliper specifications in the matched sam
ple comparisons.

Figure 2 presents the APD estimates for the three sample comparisons 
before and after matching for all three caliper specifications. The questions on 
the X-axis are ranked by the magnitude of the APD before matching and the 
Y-axis shows the magnitude of APDs. The patterns of the plots in figure 2 are 
similar across all three sample comparisons before matching, although the 
magnitudes of the differences are considerably larger for face-to-face and 
online samples before matching when compared to the difference between the 
two online samples, as would be expected.

Figure 2 shows that the median APDs for the face-to-face and online 
follow-up comparison is 5.0 percentage points before matching, increasing to 
between 5.7 and 6.0 percentage points after matching. Similarly, the median 
APD for the face-to-face and push-to-web comparison increases slightly from 
4.2 percentage points before matching to between 4.4 and 4.8 after matching. 
On the face of it, this is a surprising result because the expectation is that the 
average mode effects should decrease after controlling for selection effects. 
However, the counterintuitive pattern may be due to selection and measurement 
effects having opposite signs, such that they counteract rather than reinforce 
each other (Schouten et al. 2013). Overall, the median APDs when comparing 
the face-to-face sample and either of the two online samples are approximately 
two times larger, even after matching, than those found when comparing the 
online follow-up and push-to-web, indicating the presence of mode effects. If 
the matching procedure has successfully removed the selection effect compo
nent of the mode difference, we conclude that nearly all the mode differences 
between the face-to-face and online samples are due to measurement effects.

Figure 2 shows that the median APDs for the comparison of the two online 
surveys before matching is 2.6 percentage points which remains unchanged 
after matching using caliper width 0.005. However, the median APD increases 
to 2.7 and 2.9 percentage points for caliper widths 0.01 and 0.02, respectively, 
after matching. As these two surveys were conducted in the same mode, we 
can conclude with confidence that measurement effects are approximately zero 
and that the observed differences can be attributed to the different sampling 
strategies used for online follow-up and online push-to-web samples. These 
results demonstrate that even after accounting for selection differences between 
matched face-to-face and online surveys, the median APD is approximately 2 
percentage points or more (i.e., the difference in median APD between matched 
face-to-face and online samples and matched online samples).
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Figure 3 assesses whether differences in mode effects before and after 
matching are related to question type. Overall, attitudinal questions do indeed 
tend to have higher mode effects across all sample comparisons both before 
and after matching compared to behavioral questions. Figure 3 shows the 
median APD differences for attitudinal questions in matched samples for face- 
to-face and online follow-up is 1.4 across all caliper widths and ranged 
between 0.4 and 0.9 for face-to-face and push-to-web, and 1.2 to 1.5 for online 
follow-up and push-to-web when compared to behavioral questions. We also 
find that the median APD for pure measurement effects after accounting for 
sample composition differences ranged between 0.6 and 0.7 percentage points 
in the matched face-to-face and online follow-up and 1.8 and 2.3 in for face- 
to-face and push-to-web for behavioral questions. The measurement effects 
increased to a range of 3.7–3. 8 in the face-to-face and online follow-up com
parison and reduced to 1.2–1.4 percentage points in face-to-face and push-to- 
web for attitudinal questions. Overall, the comparison between behavioral and 
attitudinal questions in both the unmatched and matched samples for face-to- 
face versus online follow-up and face-to-face versus push-to-web were not 
statistically significant. However, they were statistically significant for the 
online follow-up versus push-to-web comparison.

Finally, figure 4 shows that, as expected, multicategory questions had larger 
mode effects both before and after matching compared to questions with only 
two answer categories. The APD estimates after matching across the three 
sample comparisons ranged from 2.4 to 4.7 times higher for multicategory 
questions when compared to binary questions. The median APD for the meas
urement effect, that is, the effect after “removing” selection differences, 
ranged between 0.5 and 0.8 percentage points for binary questions compared 
to 3.9 and 5.4 percentage points for multicategory questions in face-to-face 
and online follow-up. This same pattern is observed in the face-to-face and 
push-to-web comparison, where the range of pure measurement effect for 
binary questions (0.6–0.8) is narrower than for multicategory questions (0.3– 
4.0). Overall, the comparisons between binary and multicategory questions for 
both the unmatched and matched samples were statistically significant indicat
ing true differences in means. Frequencies by question type and category are 
presented in figure S7 in the supplementary data online.

4. DISCUSSION

While face-to-face interviewing has long been considered to produce the high
est quality data of all survey modes, the empirical evidence is not as clear-cut 
as one might expect. In large part, this is due to a lack of suitable criterion var
iables for making comparisons of accuracy between modes and the confound
ing of measurement and selection effects in “naïve” comparisons across 
survey modes (de Leeuw 1992; Tourangeau and Yan 2007; Vannieuwenhuyze 
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and Loosveldt 2013; Burkill et al. 2016; Villar and Fitzgerald 2017). An 
increasingly popular way of addressing this confounding problem is to use 
PSM to remove, or at least reduce, sample composition differences between 
samples collected in different modes. The logic here is if we can remove dif
ferences in sample composition, then what is left can be attributed to the meas
urement properties of the different modes. The aim of this study has been to 
assess the suitability of PSM for this purpose using a specially designed study 
in which data were collected using different modes at the same time but using 
the same questionnaire. We addressed the following two research questions: 
(i) how effective is PSM in removing selection effects in face-to-face and 
online surveys? and (ii) do question characteristics affect mode effects after 
matching?

The results of our analyses revealed nontrivial differences in estimates 
between face-to-face and online samples before and after matching. Smaller 
differences were found where both samples were collected online but 
employed different sampling designs (online follow-up and online push-to- 
web samples). We also found larger measurement effects in the face-to-face 
versus online follow-up comparison than in the face-to-face versus push-to- 
web sample comparison. Attitudinal and multicategory questions were more 
prone to measurement effects when compared to behavioral and binary ques
tions, respectively. These findings are consistent with Villar and Fitzgerald 
(2017) who found that behavioral questions tend to show higher levels of 
agreement between face-to-face and online surveys compared to attitudinal 
items. However, it should be noted that the majority of attitudinal questions in 
our study have multiple response options, so we cannot draw a strong conclu
sion about their independent effects.

Matching on common observed demographic variables did little to reduce 
the magnitude of differences between estimates produced in face-to-face and 
online modes; median mode effects between face-to-face and online samples 
were above 2.5 percentage points, after accounting for sample composition 
differences. This provides more evidence that the majority of the raw mode 
effects appear to be attributable to measurement differences across face-to- 
face and online samples rather than to selection effects (Tourangeau et al. 
2013; Shino et al. 2022).

These conclusions, however, are subject to the strong caveat that matching 
may not remove all the compositional differences across samples as there is 
always the possibility that unobserved factors are missing from the vector of 
matching variables in the prediction models. For example, the inclusion of par
adata such as contact information, device type, and response times may 
improve the quality of the matching (Kreuter et al. 2010; West 2011; 
Callegaro 2013). Unfortunately, variables of this type were not available in 
our dataset but would represent a useful extension in future studies. While the 
predictive power obtained in the fitted propensity score models was low, we 
do not expect this to have influenced the ability of the models to adjust for 
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selection bias since the covariates we included in the models were either true 
confounders of the survey mode and outcome variables or were related to the 
outcome only (Rubin and Thomas 1996; Brookhart et al. 2007). Moreover, 
high predictive power is not essential for successful matching (Alves 2022). In 
this regard, we found that matching was successful in removing only around a 
quarter of the selection effects between the two online surveys. We can attrib
ute this difference to sample composition with high confidence because, for 
this comparison, mode-related measurement differences can be ruled out a pri
ori as exactly the same questionnaire was administered in the same mode. 
This means that some important variables must indeed have been missing 
from the matching vector. That being said, it is possible that previous survey 
experience for the online follow-up participants may have influenced their 
responses and may have accounted for some of measurement differences. 
However, given the relatively long time lag between the face-to-face and 
online follow-up surveys, large effects of this nature do not seem likely.

Contrary to expectation, the median APD between face-to-face and online 
sample comparisons increased after matching. This implies that selection and 
measurement effects are moving in opposite directions for some variables 
(Schouten et al. 2013; Tourangeau 2017). For example, a lower response rate 
in an online sample might result in higher estimates for volunteering when 
compared to a face-to-face survey with a higher response rate if the tendency to 
volunteer is correlated with the response propensity. At the same time, social 
desirability bias is likely to be higher in the face-to-face mode, increasing the 
volunteering estimate and offsetting the compositional difference, partially or 
fully. In this scenario, successful matching between samples would increase 
and not reduce the magnitude of the difference in estimates of volunteering. 
Clearly, the possibility that this phenomenon might affect some (but not all) 
variables complicates the interpretation of pre- and postmatching estimates.

Our findings here are consistent with recent developments in the causal infer
ence literature which have found that PSM can increase rather than reduce imbal
ance (King and Nielsen 2015). In any event, the fact that the matching had such 
a small effect on the difference in estimates between face-to-face and online sam
ples implies that the larger part of the difference between modes is due to meas
urement rather than sample composition differences. We also found that different 
caliper specifications resulted in very similar APD estimates across matched 
samples, suggesting that stricter matching criteria did little to change the substan
tive findings. We must also point out that while nearest neighbor matching with 
replacement should reduce bias because less information is discarded, it may 
also increase the variability of measurement effects due to reused cases since this 
method tends to decrease the effective sample size (Smith and Todd 2005). 
However, sensitivity analyses conducted using an optimal matching approach 
(not presented here) produced substantively similar conclusions.

Of course, our analysis is based on a single study in one country with a 
focus on a particular substantive area. Generalization to other contexts, topic 
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areas, and survey designs should therefore be done with caution. Additionally, 
while the basic methodological principles remain unchanged, the data used for 
the analysis were collected 10 years ago and there have been technological 
changes in that time which could potentially affect some of our findings. For 
example, UK internet penetration was 92 percent in 2014, slightly lower com
pared to the current 97 percent (Petrosyan 2003). During this time, internet use 
among adults aged 75þ has nearly doubled from 29 percent (2013) to 54 per
cent (2020) indicating that this group may have been underrepresented in the 
online surveys (Prescott 2021).

The results of this study have two main implications for survey practice. 
First, we provide further evidence that there are substantial mode differences 
between online surveys and surveys conducted using a face-to-face mode of 
data collection. Therefore, survey designers and commissioners must be cau
tious when switching a survey from one mode to another. Second, we have 
shown that PSM is not a straightforward solution for mitigating differential 
selection effects in surveys conducted in different modes. This is because quite 
large differences are evident across mode samples even after matching. 
Additionally, the potential for measurement and selection effects to move in 
the same or opposite directions for different variables complicates the interpre
tation of results using this method, as does the possibility of missing important 
variables from the matching vector. Overall, our findings suggest that PSM 
and related approaches are likely to be of only limited utility in separating 
measurement and sample composition differences across surveys conducted in 
different modes. Researchers should use these methods only with caution and 
with sensitivity to the problems we have identified here.

Supplementary Materials

Supplementary materials are available online at academic.oup.com/jssam.
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Data for the online follow-up survey are not publicly available but may be 
obtained from a third party, Kantar Public, who collected the data. The main 
face-to-face survey and the push-to-web survey can be accessed via the UK 
Data Service: main face-to-face survey: https://doi.org/10.5255/UKDA-SN- 
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