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Abstract

Survey data are increasingly collected using mixed-mode designs (e.g. personal interview and
web questionnaire). Little is known, however, about the extent to which this introduces bias in
subsequent analyses, or whether simply including mode as a covariate addresses it. Using data
simulations, we identified the conditions under which mode effects (mode measurement
differences) and mode selection (respondent differences) introduce bias, complementing this
with empirical illustrations using mixed-mode data from the 1958 National Child Development
Study. In simulations, absent mode selection, substantial bias arose only from unusually large
mode effects, but was amplified when mode selection was present. Controlling for mode under
strong mode selection introduced substantial bias, including sign-reversal of the estimate. Bias
was more pronounced when the sample was split equally between modes. The direction and
size of bias will depend on the direction of all effects. In our empirical illustration, the results
were largely unchanged after controlling for mode, possibly reflecting weaker mode selection
and mode effects in these data. These findings highlight that, while possible, substantial bias
from mixed-mode designs may be unlikely in many practical settings. However, the risk of bias,
and the appropriate strategy to address it, should be considered on an analysis-specific basis.

Key words

survey data, mixed-mode data, mode effects, measurement effects, mode selection, mode
preference



Background

Mixed-mode survey designs —where the same data are collected from different respondents
using some combination of telephone, face-to-face, or video interview, and web or paper
questionnaire — have become increasingly common, driven by rising costs, declining response
rates, and shifts in the coverage of different modes (Brown and Calderwood 2020). The specifics
of mixed-mode designs can vary substantially between studies, including what modes are
offered, whether they are offered sequentially or concurrently, and whether allocation is based
on participant preference, allocation by survey managers (e.g. on available contact information)
or - asin the sequential mixed-mode design - initial non-response (de Leeuw 2005; Martin
2011).

Regardless, a common challenge in mixed-mode surveys is that participants may respond
differently to questions depending on the mode used. This introduces a type of systematic
measurement error, commonly referred to as a mode effect (d’Ardenne et al. 2025). For
instance, participants may be unwilling to reveal socially sensitive or incriminating information
truthfully to an interviewer, whereas they might provide this information more readily in an
anonymous mode, like a web questionnaire, leading to systematically different responses
across modes. Importantly, mode effects do not only introduce differences in measurement.
They can also introduce spurious associations between variables that are subject to mode
effects. If one mode elicits more socially desirable responding, variables that are subject to this
(e.g. smoking and history of sexually transmitted infections) will appear correlated, even in the
absence of any true relationship. Two variables subject to mode effects can therefore be
described as containing dependent measurement error, which can also be conceptualised as
confounding by mode (Hernan and Cole 2009; Tomova et al. 2026a).

Differences in responses between modes may also arise because different types of participants
end up responding by each mode. Depending on the survey design, mode may be determined
directly according to known participant characteristics (e.g. individuals without an email
address may be automatically assigned to offline modes) or participant preference (e.g. where
participants choose mode), or, as in sequential designs, indirectly due to initial non-response.
Regardless of the reason, there typically exist systematic differences between individuals in
each mode; a phenomenon referred to as mode selection (Hox et al. 2017).

Mode selection can introduce spurious associations in two distinct ways. First, it can happen
directly. If frequent internet users are more likely to respond via web, and respondents are more
likely to disclose poor mental health in a web survey, then internet use will appear associated
with mental health outcomes purely as an artefact of the survey design. Second, spurious
associations can also be introduced by naively controlling for mode due to a phenomenon
known as collider bias (Cole et al. 2010; Tomova et al. 2026a). When two variables are
independent sources of mode selection, e.g. if loneliness and chronic pain are both reasons
why someone may prefer responding by telephone rather than web, then mode is saidto be a
‘collider’ (Arah 2019) of these two causes. Controlling for the collider, mode (e.g. by including as
a covariate in a regression model, commonly referred to as the ‘indicator method’), introduces
spurious associations between its causes: if one knows someone responded via telephone and
that they do not have chronic pain, then they are more likely to be lonely. This means that
controlling for mode would induce an apparent association between loneliness and chronic



pain even when there is no true effect and could be sufficient to reverse the direction of the
observed estimate. See Figure 1 for an illustration and Tomova et al. (2026a) for further
explanations and examples.

The extent of bias introduced by adopting a mixed-mode survey design is an empirical question
and depends on the presence and strength of mode effects and mode selection, what the
causes of mode selection are (in particular, whether they involve the exposure and outcome),
and the proportion of participants responding by each mode. Whether — and when —these are
sufficiently important to materially bias results is a key question for both survey methodologists
and analysts of survey data, particularly as mixed-mode surveys become more common. A
large literature has assessed the effects of mode on item measurement experimentally (Tomova
et al. 2026b), but by themselves these findings cannot be used to indicate whether, and how
much, bias would be introduced when estimating relationships between variables. Direct
empirical evidence on this is very limited. Although some articles have assessed whether
mixed-mode designs alter the observed associations between variables in the data, they
predominantly focus on changes in statistical significance (Clarke and Bao 2022; Dolan and
Kavetsos 2016; Jackle et al. 2006; Piccitto et al. 2022; Villar and Fitzgerald 2017), whichis a
highly discouraged practice (Greenland 2017; McShane et al. 2019), or only examine a few
variables (Jackle et al. 2006; Martin and Lynn 2011; Vannieuwenhuyze 2015), which makes it
difficult to generalise beyond them. Most importantly, however, the existing literature does not
distinguish between scenarios where controlling for mode may reduce bias (by reducing the
impact of mode effects) or introduce bias (by introducing collider bias in the presence of mode
selection). As such, it cannot offer any conclusions as to whether any differences in the
observed associations are desirable or not, and this is a significant limitation, because it cannot
equip researchers with a way to reason about any potential consequences in their own analyses
of mixed-mode data. Regardless, examining such questions is not straightforward in real data -
it can be difficult to know whether a change in estimate represents more or less bias, without
knowing what the true effect is.

Data simulations, however, allow such questions to be investigated. By generating data
according to known mechanisms, the true relationships between variables are known by
design, making it possible to quantify bias under a range of structural and analytic scenarios
(Morris et al. 2019). Although simulations are necessarily simplifications of reality, they are
well-suited to methodological questions of this type and can be grounded in plausible
structures. They can help demonstrate the extent of bias that is expected to occur under
different structural scenarios, but not how commonly such structures may occur in practice.
This is why they can also be complemented by accompanying analyses of real data. Together,
simulations can help identify the conditions under which bias may arise, whereas real data can
help provide an empirical sense of the implications of such bias in practice.

The present study has two overarching aims:

1) Insimulated data, identify the conditions under which substantial bias may be
introduced in the analyses of mixed-mode data, in particular resulting from:
a. mode effects
b. naive controlling for mode in the presence of mode selection



2) Inreal data, assess the practical implications of mode effects and mode selection for
analyses of mixed-mode data by examining whether, and how much, observed
estimates change after controlling for mode across scenarios, where we expect a priori
that:

a. inthe presence of mode effects without mode selection, a change in estimate
would reflect a decrease in bias

b. inthe presence of mode selection, a change in the estimate would reflect an
increase in bias.

Methods

Simulated data

Illustrative example

To ground the simulations, suppose we are interested in estimating the effect of an exposure X
on an outcome Y (henceforth the ‘focal relationship’) in a dataset collected using a (two-mode)
mixed-mode design. A common goal in such settings is to obtain estimates in which mode-
related measurement differences have been controlled for, usually with the aim to approximate
what would have been observed had all respondents answered via the same reference mode.
This is commonly attempted by including mode as a covariate in the regression model.

Throughout, we keep concepts and examples as general as possible. Simulation parameters are
chosen to be informative of the range of conditions under which bias may or may not arise in
practice, rather than attempting to replicate a single particular dataset. We describe variables
using general terminology referring to their roles, namely exposure (X), outcome (Y), survey
mode (M), and an unobserved common cause of survey mode and the outcome (U). We further
distinguish between the latent (true) version of a variable (i.e. X or Y) and its measured version
obtained in a survey (i.e. X* or Y'*).

Data generating mechanisms

To explore and demonstrate the extent of bias likely to be introduced under different scenarios,
we considered several data generating mechanisms involving mode effects and mode
selection. All scenarios are variations of a common underlying structure, depicted in Figure 2,
where dashed paths represent structural features that were varied across scenarios: the
presence and strength of the focal relationship (X — Y), mode effects on the measured
exposure and outcome (M — X*,M — Y*), mode selection driven by the exposure (X - M)
and/or outcome (Y — M), and mode selection via an unobserved cause of mode (U —» M) and
the outcome (U — Y). Figure 3 summarises all parameters that were varied across the
simulations. The only structurally invariant paths were X —» X* andY — Y™, which represent the
underlying relationship between the latent exposure or outcome and the structural ‘true’ part of
their measured versions.

We did not simulate scenarios in which U is cause of X. While likely in practice, including it on
top of existing paths would only additionally introduce classical confounding, which is a
standard and well-understood issue (Greenland et al. 1999) distinct from the mode-related
challenges examined here, therefore adding more complexity without additional insight.
Although collider bias can similarly be introduced when U is a common cause of X and M, the



structural principles generalise from the examples considering collider bias arisingwhen U is a
common cause of Y and M. The scenarios considered, while not exhaustive, are sufficient to
illustrate the core principles, which extend naturally to a wider range of settings.

Data simulations

Data were simulated according to the illustrative data generating mechanism depicted in Figure
2 and the simulation parameters in Figure 3 using the ‘dagitty’ package (v0.3-4) (Textor et al.
2017)in R (v4.6.0) (R Core Team 2025) by directly specifying the causal structures of interest.

For simplicity, all variables were simulated as continuous and standardised, and all
relationships assumed linear. Path coefficients therefore represent standardised effects
expressed in standard deviation units. Survey mode M was the only variable that was
dichotomised from its underlying continuous form, using a threshold that results in the desired
mode split (50/50 or 80/20, the latter reflecting a more common mixed-mode split (Wright et al.
2024)).

To illustrate the process, consider a single simulation condition with a focal relationship X = Y
of 0.2 SD and an equal 50/50 mode split. For this condition, datasets of 10,000 observations
each were simulated for each of the nine mode selection scenarios depicted in Figure 3, by
varying the path coefficientsforX - M,Y - M ,U - M,and U - Y. M was then dichotomised
and within each dataset, all combinations of mode effects (M — X*,M — Y*) were applied in
turn to the simulated dataset, by deriving X* (or Y*) as a function of X (or Y), M (using the
desired mode effect coefficient), and noise. Noise was added because, although mode effects
are primarily systematic rather than random error, not all observations (respondents) will always
experience the same mode effect. The noise was drawn from a normal distribution with mean 0
and SD equal to 25% of the mode effect coefficient, meaning the amount of noise scaled with
the size of the mode effect. The parameters selected for mode effects (i.e. 0 SD, 0.2 SD and 0.5
SD) were chosen to provide an informative overview of the degree of bias that may be
introduced. A mode effect of 0.2 SD is relatively large, but not that uncommon, e.g. in a recent
systematic review, 37.3% of mode effects between face-to-face and web responses exceeded
0.2 SD (Tomova et al. 2026b), and therefore provides a useful insight for the consequence of
material mode effects in practice. Very few mode effects exceed 0.5 SD in reality, providing a
useful bound for the bias that may occur under more extreme scenarios. These parameters also
provide informative choices for mode selection. To give an intuition of the degree of mode
selection represented in terms of SD, consider Y = M, where Y is years of education (mean=13,
SD=3), and M is mode (50% web vs telephone). A 0.5 SD effect of educational attainment on
mode will result in a respondent with average educational attainment (i.e. 13 years) having
approximately a 50% probability of responding via web, and a respondent 1 SD above the mean
(i.e. 16 years) having approximately a 70% probability, i.e. a difference of 20 percentage points.
ForY — M of 0.2 SD, the difference will be 8 percentage points. Both are plausible degrees of
mode selection, though the exact strength will of course differ in practice across survey
designs, variables, and populations. Using the same set of parameter values across mode
effects, mode selection, and the focal relationship allows their relative strengths to be
compared intuitively across scenarios. To maintain feasibility and clarity, we do not vary the
paths U - M and U - Y, therefore examining the presence (as opposed to absence), but not
the strength, of mode selection arising from U.



For all combinations of scenarios depicted in Figure 3, 10,000 datasets were simulated, each
containing 10,000 observations.

Ground truth and models examined

Throughout, we maintain an illustrative interest in estimating the effect of an exposure (X) on an
outcome (Y), where the ground truth effect is 0, 0.2, or 0.5 SD. In practice, X and Y are not
directly observed and the measured versions X* and Y* are used instead. Across all simulated
scenarios, we obtained estimates from the following two models:

1. Unadjusted for M, corresponding to a mixed-mode analysis that does not control for
mode:
E[Y*'|X"] = ag + a1 X"
2. Adjusted for M, corresponding to a mixed-mode analysis that controls for mode:
E[Y*|X*,M] = Bo + B X" + p.M

For each model, we report the median effect estimate and 95% simulation interval (Sl), defined
as the 2.5th and 97.5th effect estimate centiles across all simulated datasets. Under all
simulated conditions, we compared the obtained estimates against the ground truth, as well as
against a null effect of zero to assess the risk of sign-reversal. Model 2 was examined to
determine when and to what extent the indicator adjustment method reduced or introduced
bias.

Real data

lllustrative example

To complement the simulation analyses, we use data from a real mixed-mode survey to
examine the practical implications for study results of mode effects and mode selection,
including the consequences of controlling for mode, across a range of examples. Since in real
data true causal relationships are unknown, a direct empirical replication is not generally
possible. However, with a priori expectations of which variables may be related to mode
selection, as well as empirical evidence on the presence of mode effects obtained from an
embedded experiment, we can classify scenarios in terms of the presence and absence of
mode selection and/or mode effects, that logically follows the simulation conditions examined.
In a range of exposure-outcome pairs across these scenarios, we examine whether, and how
much, any observed associations between variables may change after controlling for mode, and
based on the assigned classification, whether this therefore may represent an increase or a
decrease in bias.

Data

We used data from the 1958 National Child Development Study (NCDS), a multidisciplinary
cohort study following over 17,000 individuals in Great Britain born during a single week in 1958,
with immigrants born in the same week added during childhood and adolescence, resulting in a
total number of 18,558 individuals (Power & Elliott, 2006). Participants have been followed up at
multiple time points across the life course, with data collected on a wide range of physical,
psychological, and social characteristics. The 2013 follow-up (at age 55) adopted a sequential
mixed-mode design in which participants were first offered a web survey, and non-respondents
then offered a telephone interview. In this wave, an experiment was embedded in which a



random sub-sample of individuals (for which telephone details were available) were allocated
directly to telephone (n=1,476), while the rest of the participants were allocated to the
sequential mixed-mode arm (n=9,110). For further details, see Brown and Hancock (2015).
There were 9,134 respondents in total (n=7,546 in the mixed-mode arm, n=1,588 in the
telephone arm). In the present study, we conducted analyses within the mixed-mode arm (i.e.
within which mode was not randomised), where 5,612 individuals responded by web and 1,934
by telephone, resulting in a web-telephone mode split of 74-26%. We also utilised the
experiment between arms to estimate mode effects, as detailed further in the sections below.

Variable selection

We selected variables from the NCDS Age 55 wave to serve as examples in this illustrative
analysis, with the aim of obtaining a range of variables that differ in terms of their mode
selection and mode effect properties, in order to conceptually match the broad scenarios
explored in the simulation. Mode selection status was classified a priori on theoretical grounds,
i.e. based on whether a plausible mechanism existed by which the variable could directly
influence mode selection. Although associations with mode can be estimated empirically, this
is challenging in observational mixed-mode data since any observed association between a
variable and mode may reflect confounding. Further, when constructing DAGs, such as for the
purpose of determining appropriate variable adjustment, this process is based on a priori theory
anyway (Digitale et al. 2022). Mode effect classification was, however, determined empirically
using the randomised experiment embedded within the wave. We obtained estimates of the
complier average causal effect (CACE) for each variable of interest using random mode
allocation as an instrumental variable. For simplicity and ease of binary classification, a
variable was considered to be subject to a mode effect if the 95% confidence interval of the
estimate did not contain the null. Further details on the estimation of mode effects are available
in the Supplementary Methods. For each of the four classification categories, i.e. 1) both mode
selection and mode effects, 2) mode selection with no mode effects, 3) no mode selection with
mode effects, 4) no mode selection and no mode effects, we selected 10 variables,
corresponding to 40 variables in total. A list of these variables, including justifications of their
mode selection and mode effects status is available in Table S1. Finally, to examine whether
any differences in results after controlling for mode may be attenuated or inflated in the
presence of additional covariates, we also selected a range of variables from previous waves to
serve as illustrative covariate adjustment sets. Table S2 contains details of all variables from
NCDS selected across waves, their purpose, and descriptive statistics.

Models examined

Following the classification of variables by their mode effect and mode selection status, we
examined whether controlling for mode alters the observed associations between such
variables. Any such change can, in principle, reflect either a reduction in bias (where controlling
for mode accounts for mode effects) or an introduction of bias (where controlling for mode in
the presence of mode selection induces collider bias). Which of these applies depends on the
classification: for example, where a mode effect is present, but mode selection is not, a change
would be expected to indicate a decrease in bias, whereas where mode selection is present, it
may indicate an increase in bias. Crucially, in real data this cannot be verified directly, as the
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true exposure-outcome effect is unknown. We therefore interpret all results in light of this
theoretical classification and the simulation findings.

Within each classification category, we selected exposure-outcome pairs, such that each
variable was used once, resulting in 20 pairs from the 40 variables. While aiming to maintain
plausible exposure-outcome choices, this was constrained by the pool of variables available
that can be reasonably classified into the defined categories. A list of all exposure-outcome
pairs is available in Table S3. For each pair, we compared the following models run in the mixed-
mode arm:

1. Unadjusted for M and C, corresponding to a mixed-mode analysis that does not control
for mode or any other covariates:
E[Y*IX"] =yo + 71X
2. Adjusted for M, but unadjusted for C, corresponding to a mixed-mode analysis that
controls for mode but no other covariates:
E[Y*|X*,M] = 6y + 6, X" + 6,M
3. Unadjusted for M, but adjusted for C, corresponding to a mixed-mode analysis that does
not control for mode but controls for other covariates:
E[Y*|X",C] = {o + {1X" + {,C
4. Adjusted for M and C, corresponding to a mixed-mode analysis that controls for both
mode and other covariates:

E[Y*|X*,C,M] =TMNo +T]1X* +T]2C + T]3M,

where M represents survey mode, and C represents a set of covariates for each exposure-
outcome pair (available in Table S3). We obtained point estimates and corresponding 95%
confidence intervals (Cl) from each model and compared estimates that differed in adjustment
for M (i.e. 7, vs 31, and {; vs 7i;), to assess whether, and how, controlling for mode altered the
observed estimates. Estimates were presented as average marginal effects, including
standardised effect sizes (in SD units) for continuous variables and probability differences for
binary variables, using the ‘marginaleffects’ package (Arel-Bundock et al. 2024). Note, these
analyses are entirely illustrative for the purpose of assessing the impact of mode, therefore the
resulting estimates should not be interpreted substantively.

Finally, we implemented an alternative approach to handling mode effects (other than mode
control), in which empirical evidence on mode effects derived from experiments is used to shift
values observed in one mode to their expected value in the other. This is conceptually similar to
calibration or bias-correction, and is within the wider family of quantitative bias analyses (Fox et
al. 2021). The use of this approach is still emerging (Wright et al. 2024), and guidance on
application to different variable types is limited. We therefore restricted this analysis to a subset
of exposure-outcome pairs in which at least one variable was continuous, where this is most
straightforwardly applied. The approach is detailed in the Supplementary Methods.
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Results

Simulated data

Figures 4 and 5 present results for the simulation with ground truth X — Y effect of 0.2 SD,
presented respectively for 50-50% and 80-20% mode splits. Each panel corresponds to a
different mode selection scenario, and within each panel, different mode effect conditions are
depicted along the y-axis. Points represent the median estimated effect of X* on Y* across
10,000 simulations, with error bars showing the 95% SI, and compared against the ground truth
(grey line) and the null (dashed red line). Results for the alternative ground truth scenarios (i.e.
other X — Y effect sizes under each mode split) are available in Figures S1-S4. The overview of
results below is organised in themes according to mode selection, mode split, and the strength
of the focal X — Y relationship. The implications of mode effects are further discussed within
each theme. Throughout, we use Figure 4 as a starting point for interpretation, and refer to other
figures where relevant. The complete set of all simulation results is available in Table S4.

No mode selection

In the absence of mode selection (Figure 4A), the unadjusted model generally recovered the
true effect across most conditions (0.20 SD [95% SI: 0.18, 0.22], compared to ground truth of
0.20 SD). Estimates were only attenuated when X was subject to stronger (0.5 SD) mode effects
(0.19SD [95% SI: 0.17, 0.21]) and inflated when both X and Y were subject to strong mode
effects (0.25 SD [95% SI: 0.23, 0.26]). However, adjusting for mode in these scenarios
successfully corrected the bias and recovered the true effect (0.20 SD [95% SI: 0.18, 0.22] in
both cases).

Mode selection via the exposure and/or outcome

When mode selection was driven by X alone (Figure 4B), then mode effects on X attenuated the
observed estimate, whereas mode effects on Yor both X and Y inflated it, and the size of the
bias increased with both the size of the mode effects themselves, as well as the size of the
mode selection from X. In all scenarios, controlling for mode recovered the true effect. For
example, under strong mode effects on both X and Y and strong mode selection from X (Figure
4C), unadjusted results were: 0.27 SD [95% SI: 0.25, 0.29], adjusted: 20 SD [95% SI: 0.18, 0.22],
ground truth 0.20 SD). When mode selection was driven by Y (Figure 4D), the presence of mode
effects inflated the observed estimate and this inflation increased with the increasing size of the
mode effects and mode selection. However, in this scenario, controlling for mode did not
recover the true effect and instead attenuated the estimate in the other direction. This was most
evident when mode selection from Y was stronger (0.5 SD) (Figure 4E) (unadjusted: 0.34 SD
[95% SI: 0.32, 0.36], adjusted: 0.017 SD [95% SI: 0.15, 0.09], ground truth 0.20 SD), but weaker
when the selection itself was weaker (0.2 SD) (unadjusted: 0.29 SD [95% SI: 0.27, 0.30],
adjusted: 0.19 SD [95% SI: 0.17, 0.21], ground truth 0.20 SD). These patterns were considerably
more pronounced when both the exposure and outcome were sources of mode selection
(Figure 4F). Mode effects introduced greater bias in the unadjusted model, and controlling for
mode instead biased the estimate in the opposite direction. Most strikingly, when both the
exposure and outcome were strong sources of mode selection (0.5 SD) (Figure 4G), controlling
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for mode was sufficient to completely sign-reverse the results (unadjusted: 0.38 SD [95% SI:
0.37, 0.40], adjusted: -0.04 SD [95% SI: -0.06, -0.02], ground truth 0.20 SD).

Mode selection via an unobserved variable

When mode selection was introduced via U (an unobserved common cause of M and Y), under
both weaker (0.2 SD) (Figure 4H) and stronger (0.5 SD) (Figure 41) mode selection, results in the
presence of mode effects were broadly similar to those observed under comparable exposure-
and outcome-driven mode selection. However, the implications of controlling for mode were
not as pronounced. Under stronger selection paths, adjusting for mode did not sign-reverse the
estimates but attenuated them by half (unadjusted: 0.34 SD [95% SI: 0.32, 0.36], adjusted: 0.10
SD [95% SI: 0.08, 0.12], ground truth 0.20 SD).

Mode split

Results differed according to mode split. In general, the consequences of mode effects, mode
selection, and inappropriate controlling for mode were all less pronounced under the 80-20%
split (Figure 5, Figure S2, Figure S4) compared to the 50-50% split (Figure 4, Figure S1, Figure
S$3). Under the 80-20% split, the most extreme scenario of strong mode selection (0.5 SD) from
both X and Y did not sign-reverse the estimates, but it attenuated them towards zero
(unadjusted: 0.33 SD [95% SI: 0.32, 0.35], adjusted: 0.03 SD [95% SI: 0.01, 0.05], ground truth
0.20 SD). The overall pattern of results was otherwise consistent across mode splits, with bias
differing in magnitude but not direction. Uncertainty in estimates was also higher under the
unequal split.

Strength of the true focal relationship

The results also differed according to whether the true focal X — Y relationship was 0 SD
(Figure S1, Figure S2), 0.2 SD (Figure 4, Figure 5) or 0.5 SD (Figure S3, Figure S4). When the
true effect was larger (0.5 SD), the consequences of mode selection, mode effects, and
inappropriate controlling for mode were relatively less pronounced (Figure S3, Figure S4). The
most extreme scenarios attenuated estimates substantially but did not produce sign-reversal
as observed when the ground truth was 0.2 SD (Figure 4, Figure 5). When the true effect was
null (0 SD) (Figure S1, Figure S2), both mode effects and controlling for mode in the presence of
mode selection introduced greater bias compared to when a true effect did exist (Figure 4,
Figure 5). A key difference in the context of a true null effect is that, unlike in all other scenarios,
when mode selection is caused by Yalone, controlling for mode does not introduce any bias.
The reason for this is that, when Y is the outcome, controlling for a descendant of it (mode)
creates a dependency between the structural part of Yand all random determinants of Y.
Typically, this results in attenuation of the effect towards the null (e.g. Figure 4). However, no
attenuation towards the null can occur if the effect is already at the null. In all scenarios, any
discussed implications were less severe in the 80-20% mode split compared to 50-50%.

Real data

Figure 6 presents results from the illustrative mixed-mode analysis of NCDS Age 55 data.
Across all 20 exposure-outcome pairs, controlling for mode had little if any impact on the
observed estimates, regardless of whether the variables involved were subject to mode effect
and/or mode selection. When the variables were classified as having no mode selection and no

13



mode effects, the results were identical before and after controlling for mode. When variables
were classified as sources of mode selection (top panels in Figure 6), controlling for mode
resulted in a negligible attenuation of the estimate. These findings were also consistent across
comparisons after controlling for an illustrative set of other covariates, though any attenuation
was even more negligible. Using quantitative bias analysis to account for the mode effects
correctly, rather than controlling for mode as a covariate, also produced largely identical results
(Figure S5). Overall, in this particular dataset, controlling for mode did not lead to any notable
change in the obtained results.

Discussion

Using data simulations and an empirical illustration, we examined the conditions under which
mode effects and mode selection are likely to bias estimates of substantive relationships of
interest, and the circumstances under which naively controlling for mode can introduce, rather
than reduce, bias. Our findings demonstrate that the consequences of mode effects and mode
selection depend critically on the underlying causal structure, particularly the presence and
strength of mode effects, the sources and strength of mode selection, and the mode split
proportion. In some structural scenarios, where mode is a ‘collider’, naively controlling for it can
introduce substantial bias, including sign-reversal. However, in the empirical illustration,
controlling for mode had no practical impact on the observed estimates across a range of
exposure-outcome pairs. This means that both in settings where bias may have been expected
to exist, it was not observed, and where controlling for mode may have been expected to reduce
any existing bias, it had hardly any impact on the observed associations. Overall, this suggests
that while the potential for bias exists under certain conditions, the actual magnitude may be
negligible in practice depending on the structure of the real data.

Key messages

First, in the absence of mode selection, mode effects generally need to be large and affect both
the exposure and outcome to introduce meaningful bias. For example, even mode effects of 0.2
SD (which is likely to exceed most mode effects observed in practice [Tomova et al. 2026b]) did
not introduce bias, which is reassuring. Only very large mode effects (0.5 SD) introduced bias,
and even then, in the absence of mode selection, controlling for mode was sufficient to remove
it. However, in the presence of mode selection, a mode effect on either the exposure or
outcome alone can be sufficient to introduce substantial bias because mode effects then
constitute a form of differential measurement error (Van Smeden et al. 2020). In other words,
the presence of mode selection amplifies any bias from mode effects.

Second, whether naively controlling for mode would introduce bias depends on the underlying
causal structure. When only the exposure is a source of mode selection (which may be more
likely if the exposure and outcome are measured at different time points), then including mode
as a model covariate will generally not introduce bias. Some bias was introduced when mode
selection (of 0.2 SD magnitude) was driven by the outcome or both the exposure and outcome,
but bias of the magnitude observed in our simulations is likely to fall within the range of
uncertainty that is typical of observational studies, where other sources of bias would also
operate. Substantial collider bias was, however, introduced by controlling for mode when both
the exposure and outcome were sources of stronger mode selection (0.5 SD), and, depending
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on the strength of the substantive relationship of interest, this then resulted in sign-reversed or
heavily attenuated estimates. This highlights the critical importance of carefully considering the
potential for mode selection when analysing mixed-mode data, while at the same time
providing reassurances that, in practice, substantial collider bias requires very strong mode
selection mechanism and is therefore likely to be rare.

Third, the scenarios in which mode effects are large enough to require correcting (i.e. large
mode effects amplified by accompanying strong mode selection), are precisely the scenarios in
which controlling for mode is most likely to introduce collider bias. Since mode selection can
amplify mode effects, their co-existence compounds the problem that needs resolving and
increases the risk of inappropriate mode adjustment being made. Such scenarios therefore
require careful consideration, and handling mode effects may necessitate other approaches,
such as quantitative bias analysis (Fox et al. 2021; Wright et al. 2024).

Fourth, in the illustrative analysis of mixed-mode data from NCDS, controlling for mode had
little practical impact on observed estimates across a range of exposure-outcome pairs,
regardless of the presence of mode selection or mode effects. This suggests that, at least in this
dataset, the conditions required for substantial bias to materially alter study conclusions were
not met. Indeed, in the data there was an uneven mode split (75-25%) and most of the mode
effects were under 0.1 SD (Goodman et al. 2022). A possible explanation for why mode
selection may have been weaker too is that in a longitudinal study with many follow-up waves,
the main drivers of mode selection are likely to be individual characteristics collected in earlier
waves, rather than the specific variables collected at this particular follow-up. Therefore, the
possibility for substantial collider bias which requires direct selection paths is very small. While
this is likely to generalise to other cohorts with similar design and provides some reassurance
for applied researchers, the results should not be overinterpreted as each mixed-mode study
will have its own unique structure and underlying selection mechanisms.

Taken together, these findings suggest that while mixed-mode designs can introduce substantial
bias under certain conditions, the risk in many practical settings may be modest as it requires
sufficient mode selection, mode effects, and/or a relatively equal mode split. Reassuringly, the
conditions that may be commonly encountered in practice, i.e. unequal mode splits with one
mode being dominant in the dataset, and lack of strong mode effects and strong mode
selection related to the variables being studied, are those in which our simulations suggest bias
is unlikely to materially bias the results. This was further demonstrated by our illustration of
mixed-mode data analyses in NCDS, where controlling for mode made no notable difference to
the observed estimates. However, two important caveats apply. First, the conditions under
which bias can be substantial are, although more rare, not implausible: mode effects of 0.5 SD
have been reported in various settings (Tomova et al. 2026b), and the magnitude of mode
selection can be expected to vary between studies and populations. Second, even modest
sources of bias may overwhelm a relationship that is itself small. Different substantive domains
tend to work with effects of different standardized sizes (Lortie-Forgues and Inglis 2019; Lovakov
and Agadullina 2021; Schafer and Schwarz 2019), and those typically studying smaller effects
would be disproportionately vulnerable to this, even at magnitudes that would be
inconsequential for larger effects. The present findings therefore provide cautious reassurance
for many applied settings, while serving as an important reminder that the appropriateness of
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any analytical approach is contingent on the causal structure of the specific study. An
assumption made for one mixed-mode setting cannot necessarily be generalised to others.

Implications and recommendations

The results have direct implications for the large body of existing research using mixed-mode
data. This includes both studies involving variables subject to mode effects as well as those in
which mode has been included as a covariate without explicit consideration of mode selection.
Previous publications had already raised concerns that the common practice of naively
controlling for mode may introduce bias (Institute for Social and Economic Research 2025;
Maslovskaya et al. 2020; Tomova et al. 2026a; Wright et al. 2024). Whether this is the case,
however, depends largely on the underlying causal structure in a given setting. It is important to
note that this true underlying structure is typically unknown. However, our results indicate that a
combination of large mode effects and large mode selection paths are what is necessary to
introduce substantial bias (including but not limited to sign-reversal or full attenuation),
especially where the substantive exposure-outcome relationship is weak. This is perhaps
unlikely to be the case most of the time, especially given recent evidence that mode effects
rarely reach magnitudes like 0.5 SD (Tomova et al. 2026b), suggesting that existing findings may
not have been impacted substantially. Indeed, in our analysis of real mixed-mode data, the
results across 20 illustrative models were essentially the same regardless of whether mode was
controlled for or not. However, systematically reviewed empirical evidence on the typical size of
mode selection paths does not exist, and it is therefore very difficult to make a sufficiently
general statement regarding this. It is worth noting, however, that any consequences will be
further minimised by the fact that typical mode splits in mixed-mode surveys include one
dominant mode (Wright et al. 2024), which we demonstrated to offer further protection against
bias.

Going forward, to translate these findings in practice, applied researchers are encouraged to
consider the underlying causal structure of their specific mixed-mode dataset, before
proceeding with an analysis if they anticipate mode effects and mode selection are present,
and especially if they are considering controlling for mode. Finding information on the potential
size of mode effects can be relatively straightforward, given the substantial experimental
evidence now available, which has been recently synthesized in a systematic review, with the
findings accessible via a searchable database of mode effects (Tomova et al. 2026b). In some
cases, where a mode experiment may have been conducted as part of a mixed-mode wave,
mode effects can be estimated directly from the data. Typically, however, a plausible
assumption based on the existing literature is required. Assessing mode selection is
considerably more challenging, as no equivalent experiments are possible to conduct for mode
selection. In theory, each path from a variable of interest to mode can be estimated using
appropriate data, given a set of confounders, chosen and measured sufficiently well. However,
this is clearly only possible for observed variables, which the latent exposure and outcome are,
by nature, not. It may therefore be more practical for researchers to reason about the mode
allocation process qualitatively based on a priori theory. For example, by conceptualising it as a
spectrum extending from a fully random process to a fully pre-determined one. Where the mode
allocation process is random (e.g. in a mode experiment survey), then mode selection is not
generally of concern, unless there is non-compliance or differential non-response, although it is

16



rare to analyse mode experiments to answer substantive questions anyway. A concurrent
mixed-mode design is also likely to have weaker mode selection than a sequential design, since
initial non-response in the latter introduces an additional selection mechanism. Finally,
whenever mode is pre-allocated, mode selection is likely to be largest in size, as it would usually
be allocated based on pre-defined characteristics, and may be near-deterministic in nature
(e.g. those without access to the internet are automatically allocated to non-web modes). When
strong mode selection cannot be ruled out, but mode effects need correcting, then researchers
must consider alternative strategies for handling mode effects, such as quantitative bias
analysis (Fox et al. 2021; VanderWeele and Li 2019; Wright et al. 2024).

Strengths and limitations

We used data simulations, which allowed the extent of bias to be quantified against a known
ground truth — something not possible in real data, where the true relationship between
variables is never known. By varying the strength of mode effects, mode selection, the mode
split, and the substantiative effect of interest, we were able to examine a broad range of
structural scenarios and draw conclusions that offer a more complete understanding of the
mechanisms that can lead to bias, beyond what can be achieved in any single dataset or study
design. The explicit specification of data generating mechanisms using DAGs adds particular
transparency. We also complemented these simulations with an empirical illustration across
many models using real mixed-mode data. Although this does not offer the properties of
simulated data in terms of knowing the ground truth, it provides a practical sense of whether
and how much controlling for mode may actually alter observed estimates, and whether this
change is likely to reflect a decrease or an increase in bias, based on a priori theoretical
grounding and empirical evidence on mode effects.

For simplicity and because we were not aiming to simulate a specific single scenario, all
variables were simulated as continuous and normally distributed with linear relationships
assumed throughout, which may not reflect the complexity of real survey data. To maintain
feasibility and a realistic number of specifications, we only examined scenarios in which all
path coefficients were in the same direction (positive). The direction of bias would reverse if all
signs were reversed, and its magnitude can differ when signs are mixed, since contributions
from paths with opposing signs may partly offset one another and result in effects being
cancelled out. The simulation parameters, while plausible, were chosen for illustrative
purposes, and real-world values may of course differ substantially. The precise magnitudes of
bias reported here may therefore not always translate to all real-world settings. In both
simulated and real data, we only considered two-mode designs. We did not consider other
sources of measurement error beyond mode effects, nor effect modification, nor did we
explicitly aim to simulate and contrast cross-sectional and longitudinal designs. These
simplifications are inherent to the simulation approach and do not undermine the qualitative
conclusions but suggest that the precise magnitudes of bias reported here should be
interpreted as indicative rather than definitive. Although we used 40 different variables from the
NCDS age 55 follow-up, the results might have differed if other variables, or other exposure-
outcome pairs among those variables, had been selected. However, it is challenging to assign
equal numbers of variables into the pre-defined mode selection and mode effect
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classifications, which limits the number of variables, and therefore models, that can be
explored.

Conclusion

Whether mixed-mode survey designs can introduce bias in substantive analyses largely
depends on the underlying structure and characteristics of the dataset. Substantial bias can
arise under specific conditions, particularly when the variables of substantive interest are
sources of mode selection, when the mode effects are large, or when respondents are more
equally split between modes. However, these conditions may not be commonly met in practice,
as illustrated by our empirical analysis. Naively controlling for mode is not a universally
appropriate way of handling mode effects and can introduce, rather than reduce, bias, in the
presence of strong mode selection. Applied researchers should carefully consider the structure
and characteristics of their specific mixed-mode data setting when deciding whether, and how,
to account for mode effects, recognising that assumptions made in one context cannot be
generalised to others.
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Available on the Open Science Framework: https://osf.io/q75bn/
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Figure 1. Adirected acyclic graph (DAG) depicting collider bias induced by conditioning
on survey mode. Ellipses depict latent (true) variables, whereas squares depict their
observed (measured) versions. Mode (M) is caused by both the latent exposure (X) and
outcome (Y). Conditioning on M induces a spurious association between X and Y
(dashed arrow). Although according to this DAG there is no true X — Y effect, an
association may therefore be observed simply as a result of conditioning on mode.
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Figure 2. A directed acyclic graph (DAG) showing the data generating mechanism used
to simulate data. Ellipses depict latent variables, i.e. the exposure (X), outcome (Y),
and an unobserved common cause of mode and the outcome (U); squares depict
observed variables, i.e. survey mode (M) and the observed measurements of the
exposure (X*) and outcome (Y*). Dashed paths, representing the focal relationship
(X = Y), mode selection (X - M,Y - M,U - M), unobserved causes of the outcome
(U = Y),and mode effects (M — X*, M — Y™) show path coefficients which were varied
in their presence and magnitude across simulations. Solid paths, representing the
structural part between a latent variable and its measured form (X - X*,Y — Y*) were
not varied.
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Figure 3. Overview of the simulation flow and parameters, depicting the hierarchical structure of the
simulation design, with each box representing a parameter that was varied and the corresponding
values or combinations considered. The flow corresponds to the simulation process in which each
variation was nested within the previous.
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Figure 4. Results from simulated data with true X — Y effect of 0.2 SD and 50-50% mode split. Each panel corresponds to a different mode selection
scenario (varying the path coefficients X - M, Y - M, U - M, and U — Y), and within each panel, different mode effect conditions are depicted
along the y-axis. Points represent the median estimated effect of X* on Y* across 10,000 simulations, with error bars showing the 95% SI. The grey
vertical line indicates the true effect (0.2 SD), whereas the red dashed line indicates a null effect of zero.
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Figure 5. Results from simulated data with true X — Y effect of 0.2 SD and 80-20% mode split. Each panel corresponds to a different mode selection
scenario (varying the path coefficients X - M, Y - M, U - M, and U - Y), and within each panel, different mode effect conditions are depicted
along the y-axis. Points represent the median estimated effect of X* on Y™* across 10,000 simulations, with error bars showing the 95% SI. The grey
vertical line indicates the true effect (0.2 SD), whereas the red dashed line indicates a null effect of zero.

26



Mode selection: Yes Mode selection: Yes
Mode effect: Yes Mode effect: No
—— +.
internet_use ~ longstanding_illness < H_ smaoking ~ anxiety _:*:
home_ownership ~ n_health_problems -s 1, hours_work_pw ~ mortgage_left _:tzt
- -
.
health_general ~ alcohol 5 _,g employed ~ education - :t_ o
- $—
R e -
financial ~ disability < —8— :‘: education_new ~ benefits j_a:
casp1 ~ hearing 4 ﬁ L4 depression ~ partner :*:;
Mode selection: No Mode selection: No
Mode effect: Yes Mode effect: No
working_at_66 ~ job_satisfaction _jz: voted_2010 ~ sex 3E
— —4
leisure_sport ~ backache :3: :t hypertension ~ height - jﬁt:
leisure_meal ~ leisure_local_group o ﬂ_:t diabetes ~ weight 4 * '
leisure_concerts ~ income_monthly < g children_new ~ asthma :i
leisure_cinema ~ voted_libdem 4 _'f cancer ~ children_deceased = 35
T T T T T T T T
0.2 0.1 0.0 0.1 0.2 0.2 01 0.0 0.1 02

Estimate

Model ¢ Y~X & Y~X+M 4 Y~X+C 4 Y~X4C+M

Figure 6. Results for the illustrative analysis of mixed-mode data fromm NCDS Age 55. Each panel corresponds to a different combination of mode
selection and mode effect status (classified as described in the Methods). Within each panel, outcome~exposure pairs are displayed along the y-
axis, and point estimates with 95% confidence intervals are shown for four models differing in their adjustment for mode (M) and confounders
(C). For a list of confounders, see Table S3. Comparisons between models should be made for models containing the same variables but differing
in adjustment for M only. Estimates are presented as average marginal effects: standardised effect sizes (SD units) for continuous variables and
probability differences for binary variables.



Ui itvof E University of UK §;zns:.2::|
nlverS|ty oressex SOUthCImptOI"I R Research Council

Sl [ o B A Ty s, Mims L. Aol verliny

UNIL | Université e Lausanne e,

www.surveyfutures.net



