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Background

Mixed Mode Survey Designs

• Surveys are carried out in a mode – e.g., 

face-to-face (F2F), telephone, or video 

interview or paper or web questionnaire.

• Modes may be mixed between 

participants within a data collection

• In longitudinal surveys, modes may be 

mixed between survey sweeps.
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Mode Effects

● Each mode has its idiosyncratic features.

● Modes vary on:

○ Presence of interviewer (social desirability, 

motivation and instruction)

○ Presentation (response grids, visual or aural)

○ Context of response (e.g., while distracted, in 

public, etc.)

● This can affect how people respond to 

survey items: mode effects.

NeverNot 
Often

Some-
times

Often

My age prevents me 
from doing the things I 

would like to do

I feel what happens to 
me is out of my control

I feel left out of things

I feel full of energy these 
days

I feel that life is full of 
opportunities

I feel that the future 
looks good to me

Empirical Evidence

● Mode effects can manifest as differences in: 

survey response, item response, item means, 

and response behaviour (e.g., straightlining)

● Tomova et al. (2026) review effects on item 

means.

○ Effect sizes rarely exceed 0.3 SD

○ Anonymous vs. non-anonymous a key 

difference for sensitive questions (e.g., mental 

health)

○ Physical presence sufficient even in self-

complete. 

NeverNot 
Often

Some-
times

Often

xMy age prevents me 
from doing the things I 

would like to do

xI feel what happens to 
me is out of my control

xI feel left out of things

xI feel full of energy these 
days

xI feel that life is full of 
opportunities

xI feel that the future 
looks good to me
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Empirical Evidence

● Mode effects can manifest as differences in: 

survey response, item response, item means, 

and response behaviour (e.g., straightlining)

● Tomova et al. (2026) review effects on item 

means.

○ Effect sizes rarely exceed 0.3 SD

○ Anonymous vs. non-anonymous a key 

difference for sensitive questions (e.g., mental 

health)

○ Physical presence sufficient even in self-

complete. 

Tomova, G., et al., ‘Mode Effects on Survey Item Measurement’, Survey Futures Working Paper 12, 2016. 
https://surveyfutures.net/wp-content/uploads/2026/01/working-paper-12-mode-effects-on-survey-item-measurement.pdf

Bias from Mode Effects: Univariate Descriptives

Domingue, B W., et al. ‘The Mode Effect of Web-Based Surveying on the 2018 U.S. Health and Retirement Study Measure of Cognitive Functioning’. 
The Journals of Gerontology, 2023. https://doi.org/10.1093/geronb/gbad068.
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Mode Selection

● Mode Selection = Differences in responses between modes due to who is 

responding.

● Causes:

○ Coverage (e.g., not in sampling frame for one mode)

○ Preference (e.g., older people may use paper)

○ Late response in sequential mixed-mode design.

● The combination of mode effects and mode selection can also induce bias.
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Outline of Workshop

• 12.15 – 12.50: Conceptualising Mode Effects with DAGs (GDT)

• 12.50 – 12.55: Q&A on DAGs

• 12.55 – 13.15: Standard Methods for Handling Mode Effects (RJS)

• 13.15 – 13.35: Quantitative Bias Analysis for Mode Effects (LW)

• 13.35 – 14.00: Q&A
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Conceptualising Mode Effects using DAGs

Directed acyclic graphs (DAGs)

• DAGs are a type of causal diagram

• They are representations of 
(hypothesised) causal relationships 
between variables

• Useful for both applied and 
methodological research
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DAGs in applied research

• In experimental data, randomisation ensures groups have the same 
probability of the outcome at baseline 

• In observational data, we try to achieve this via statistical control (e.g. 
adjustment for confounders)

• DAGs can help us select the most appropriate adjustment set

DAGs in methodological research

• DAGs have also helped explain many methodological issues
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DAGs

Graphical representations of (hypothesised) 
causal relationships between variables, 
where:

• Variables represented as ‘nodes’ 
(e.g. A - F)

• Causal effects represented as directed 
‘arcs’ (arrows)

DAGs

• ‘Directed’, i.e. explicitly depicting direction 
over time

• ‘Acyclic’, i.e. no circular paths

• Non-parametric, i.e. do not consider the 
strength, sign direction, or shape

• Probabilistic, e.g. A changes the probability 
of C 
(but A is not necessary or sufficient for C)
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Paths

A path exists between two variables if 
they are connected by one or more arcs 
(regardless of direction)
e.g. A → C → F
e.g. D → F ← E

• Open paths transmit associations 
(dependencies)

• Closed paths do not

Causal paths

A causal (or directed) path exists where 
all arcs run in the same direction
e.g. A → C → D → F

The path can be closed by conditioning 
(controlling, adjusting) for a variable on 
the path
e.g. conditioning on C will close the path
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DAGs for measurement 

With additional notation, DAGs can also 
be modified to depict measurement error:
• Latent variables represented by 

ellipses (or circles)
• Observed variables by squares

e.g. Y* is a measure of the latent Y

Mode effects

Mode effects can be understood as a 
form of systematic measurement error

e.g. a measure of smoking (S*) will have 
variation introduced by the survey mode 
(M) 
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Mode effect on outcome

Such measurement error may have 
consequences for analyses

Example: occupation (X) and smoking (Y)

This may introduce error in the observed 
association

Mode effect on outcome

Such measurement error may have 
consequences for analyses

Example: occupation (X) and smoking (Y)

This may introduce error in the observed 
association

Controlling for mode (M) will resolve this
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Mode effect on exposure

Such measurement error may have 
consequences for analyses

Example: smoking (X) and stroke (Y)

This may introduce bias (typically dilution) 
in the observed association

Mode effect on exposure

Such measurement error may have 
consequences for analyses

Example: smoking (X) and stroke (Y)

This may introduce bias (typically dilution) 
in the observed association

Controlling for mode (M) will resolve this
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Mode effect on both exposure and outcome

Often, mode effects may affect both the 
exposure and outcome, 
e.g. anxiety and smoking

This introduce (mode-)dependent 
measurement error

We can conceptualise mode as a source 
of confounding

Confounding paths

A confounding (or ‘backdoor’) path is a 
type of non-causal path

e.g. in the path C ← B → F

B is a common cause of C and F and will 
create a non-causal association 
between C and F
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Confounding paths

A confounding (or ‘backdoor’) path is a 
type of non-causal path

e.g. in the path C ← B → F

B is a common cause of C and F and will 
create a non-causal association 
between C and F

Confounding paths can be closed by 
conditioning

Confounding

In observational data, ice cream (X) 
consumption is associated with 
incidence of shark attacks (Y)

This is because weather (C) is a common 
cause, introducing confounding
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Confounding

In observational data, ice cream 
consumption (X) is associated with 
incidence of shark attacks (Y)

This is because weather (C) is a common 
cause, introducing confounding

Controlling for C will close the 
confounding path

Mode as a confounder

Example: anxiety (X) and smoking (Y)

Both may be subject to mode effects, i.e.
their observed association may be 
confounded by mode (M)
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Mode as a confounder

Example: anxiety (X) and smoking (Y)

Both may be subject to mode effects, i.e.
their observed association may be 
confounded by mode (M)

Controlling for mode will close this 
confounding path

Mode selection

Reminder: 
mode effects (how people respond) are distinct from mode selection 
(who responds)

Mode selection can be affected by a variety of factors, including the 
latent exposure and outcome themselves

Mode selection must be considered carefully before deciding to 
control for mode
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Collider paths

A collider path is another type of non-
causal path

e.g. in the path D → F ← E

F is a collider of D and E

Collider paths are closed and therefore 
do not automatically introduce any bias

Collider paths

But they can be opened by conditioning 
(controlling) for the collider

e.g. conditioning on F will open the path 
D → F ← E and introduce a spurious 
association between D and E

This is known as ‘collider bias’
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Collider bias

Two reasons why someone may become 
a Hollywood star:
acting ability and physical appearance

Collider bias

Two reasons why someone may become 
a Hollywood star: 
acting ability and physical appearance

Conditional on being a Hollywood actor, 
there will appear to be a negative 
association between the two
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Collider bias

The ‘obesity paradox’ is a counter-
intuitive finding that obesity results in 
lower mortality among people with 
chronic conditions

Although a combination of several 
biases, collider bias is one of them

Collider bias

In a sample of people who have 
experienced a heart attack 
(i.e. conditional on heart attack)

There will be a spurious association 
between obesity and all other cause of 
heart attack

This may make obesity appear protective
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Collider bias: survey mode

Example: years of education (X) and 
frequency of internet use (Y)

Both will likely be related to participation 
via a certain mode

Collider bias: survey mode

Example: years of education (X) and 
frequency of internet use (Y)

Both will likely be related to participation 
via a certain mode

Naïve conditioning on mode might 
introduce collider bias
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Mode effects and mode selection

Example: depression (X) and alcohol 
intake (Y)

Both are likely subject to mode effects 
and a source of mode selection

Mode effects and mode selection

Example: depression (X) and alcohol 
intake (Y)

Both are likely subject to mode effects 
and a source of mode selection

Controlling for mode (M) may resolve 
one problem but introduce another
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Mode effects and mode selection

Example: depression (X) and fruit & veg 
intake (Y)

Fruit & veg unlikely to cause mode 
selection

Mode effects and mode selection

Example: depression (X) and fruit & veg 
intake (Y)

Fruit & veg unlikely to cause mode 
selection

But other variables (U) may be causes of 
both mode (M) and fruit & veg intake (Y)
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56



30/04/2026

29

Mode effects and mode selection

Example: depression (X) and fruit & veg 
intake (Y)

Fruit & veg unlikely to cause mode 
selection

But other variables (U) may be causes of 
both mode (M) and fruit & veg intake (Y)

Collider bias is still possible

Longitudinal analyses

Example: depression (DT) and Alcohol intake (AT) over time

• Mode may change over time
• What is the research question? – this will determine the most appropriate action
• In most cases, conditioning on mode might lead to collider bias, while not conditioning might 

lead to confounding bias
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Summary

The presence of mode effects and/or mode selection will be context-specific

Where mode effects occur without mode selection, any consequences can be 
reduced by controlling for mode

In the presence of mode selection, controlling for mode risks introducing bias, 
which may necessitate alternative approaches to handling mode effects

DAGs are very helpful tools for reasoning about this

Standard Methods for Handling Mode Effects

59
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Standard methods for handling mode effects

1. Statistical control

2. Multiple imputation

• Where the aim is to obtain an estimate of the effect of an exposure on an 
outcome, it may be possible to account for mode effects using control variables.

• Where there is no relevant mode selection, this could simply involve adding an 
indicator variable for mode to the substantive model (or, alternatively, stratifying 
by mode).

Statistical control
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Statistical control – Example 1

Spurious association between X and Y* due to M.

Regress Y* on X controlling for M.

Statistical control – Example 1
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Statistical control

• However, where there is mode selection according to a relevant variable, 
accounting for mode alone may not be sufficient and could even increase bias.

• In this case, a larger set of control variables may be required.

Statistical control – Example 2

Spurious association between X and Y* due to M.

65
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Statistical control – Example 2

Regress Y* on X controlling for M?

Statistical control – Example 2

Regress Y* on X controlling for M and also U.
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Statistical control – Example 2

But what if U is unobserved?

Statistical control

• It is possible that the required set of control variables does not or could not exist 
in the data (e.g. if Y is both subject to mode effects and a source of mode 
selection).

69
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Statistical control – Example 3

Regression of Y* on X biased whether controlling for M or not.

Statistical control – Example 3

Regression of Y* on X biased whether controlling for M or not.
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Statistical control

• Can instead estimate the mode effect and use this to predict counterfactuals for 
those observed in the alternate mode.

• Then analyse as if observed.

• (Bootstrap the whole thing to appropriately incorporate uncertainty.)

Statistical control – Example 1

Regressing Y* on M gives an unbiased estimate of the mode effect.

73
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Statistical control – Example 2

Estimated mode effect now confounded by U.

Regress Y* on M controlling for U.

Statistical control – Example 2

75
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If U unobserved then can’t remove confounding.

Statistical control – Example 2

Statistical control – Example 3

Regression of Y* on M confounded by (unmeasured) Y.

77
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Statistical control

DisadvantagesAdvantages

• Strong assumption that mode 
selection correctly accounted for.

• Required set of control variables may 
be unknown, unmeasured, or poorly 
measured, meaning bias persists.

• Adjusting for causes of mode 
selection may change the 
interpretation of the estimate being 
produced.

• Straightforward method, easily 
understood and implemented.

• Given the richness of variables 
captured in large social surveys, the 
required set of control variables (or 
something sufficiently approximating 
it) may be available.

Multiple imputation

• Values of variables hypothesized to exhibit mode effects are artificially set to 
missing for individuals in the alternate survey mode(s). 

• Predictive models are developed based on data from those in the reference survey 
mode.

• Predictive models applied to data for those in the alternate survey mode to 
generate counterfactuals.

• ‘Completed’ dataset then used to provide descriptive statistics or analysed in 
substantive regression models.

79
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Multiple imputation

• Multiple imputed datasets generated by this procedure.

• Each imputed dataset analysed using the substantive model then estimates 
pooled to obtain standard errors that account for uncertainty inherent in the 
imputation process.

Multiple imputation - Example

• A battery of mental health questions were asked by telephone (which used an 
interviewer) and web (which was anonymous).

summodeid

9tel1

17tel2

14web3

22web4

15tel5

………

81
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Multiple imputation - Example

• Develop imputation model for sum score among web respondents.

cogedhealthscgendersummodeid

-0.522319tel1

0.7121117tel2

0.4132214web3

1.4242222web4

-0.8354115tel5

……………………

sum ~ gender + social class + health + education + cognitive ability

Multiple imputation - Example

• Values of sum score artificially set to missing for telephone respondents.

cogedhealthscgendersummodeid

-0.52231.tel1

0.71211.tel2

0.4132214web3

1.4242222web4

-0.83541.tel5

……………………
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Multiple imputation - Example

• Apply predictive model to data for telephone respondents, imputing 
counterfactual sum score.

cogedhealthscgendersummodeid

-0.5223111tel1

0.7121118tel2

0.4132214web3

1.4242222web4

-0.8354118tel5

……………………

Multiple imputation - Example

cogedhealthscgendersummodeid

-0.5223111tel1

0.7121119tel2

0.4132214web3

1.4242222web4

-0.8354110tel5

……………………

• Repeat process to create multiple imputed datasets.

cogedhealthscgendersummodeid

-0.5223110tel1

0.7121116tel2

0.4132214web3

1.4242222web4

-0.8354114tel5

……………………

cogedhealthscgendersummodeid

-0.522319tel1

0.7121119tel2

0.4132214web3

1.4242222web4

-0.8354113tel5

……………………

cogedhealthscgendersummodeid

-0.522318tel1

0.7121120tel2

0.4132214web3

1.4242222web4

-0.8354115tel5

……………………

cogedhealthscgendersummodeid

-0.522315tel1

0.7121116tel2

0.4132214web3

1.4242222web4

-0.8354117tel5

……………………

cogedhealthscgendersummodeid

-0.5223110tel1

0.7121119tel2

0.4132214web3

1.4242222web4

-0.8354117tel5

……………………

cogedhealthscgendersummodeid

-0.5223111tel1

0.7121120tel2

0.4132214web3

1.4242222web4

-0.8354114tel5

……………………

cogedhealthscgendersummodeid

-0.522318tel1

0.7121115tel2

0.4132214web3

1.4242222web4

-0.8354117tel5

……………………

cogedhealthscgendersummodeid

-0.522317tel1

0.7121114tel2

0.4132214web3

1.4242222web4

-0.8354116tel5

……………………

cogedhealthscgendersummodeid

-0.522318tel1

0.7121116tel2

0.4132214web3

1.4242222web4

-0.8354114tel5

……………………
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Multiple imputation - Example

• Analyse each imputed dataset using the substantive model of interest.

• Pool estimates using standard rules to obtain appropriate standard errors.

Multiple imputation

DisadvantagesAdvantages

• Does not use information from the 
observed values in the alternate 
mode(s) – potentially very wasteful.

• Strong assumption that data are 
‘missing at random’ (MAR): 
conditional on the variables used, 
answering in the alternate mode is 
not informative about the value of the 
variables to be imputed – equivalent 
to requiring that mode selection is 
correctly accounted for.

• Increasingly commonly used so may 
already be familiar to researchers.

• Easy-to-use functionality in major 
statistical software.

• Straightforward to implement for a 
wide variety of variable types.

• Can combine with MI for missing data 
handling.
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Quantitative Bias Analysis for Mode Effects

Quantitative Bias Analysis (QBA)

● QBA refers to a collection of methods designed to incorporate or output 

quantitative information on sensitivity of an estimate to bias. 

● QBA methods span:
● Application to summary statistics (e.g., regression coefficients) or to record-level data (i.e., 

observations)

● Provide bounds on bias to explain an association or generate bias-corrected estimate

● Account for information, confounding and/or selection biases

● Use deterministic or probabilistic and single- or multi-dimensional inputs.

● For more, see (e.g.): Fox et al. (2021), Keogh et al. (2020), Shaw et al. (2020), Cinelli 

& Hazlett (2020)
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Counterfactual Simulation

● Counterfactual Simulation: Correct 

observed data for assumed mode effect

● Advantages:

○ Uses information that’s available

○ May not require assumptions about mode 

selection

○ Lots of experimental evidence to use (Tomova

et al., 2026)

○ Implausible assumptions also useful!

DegreeCASP-6ModeID

04TEL1

15WEB2

15TEL3

07WEB4

03TEL5

06WEB6

…………

Tomova, G., et al., ‘Mode Effects on Survey Item Measurement’, Survey Futures Working Paper 12, 2016. 
https://surveyfutures.net/wp-content/uploads/2026/01/working-paper-12-mode-effects-on-survey-item-measurement.pdf

Counterfactual Simulation

● Counterfactual Simulation: Correct 

observed data for assumed mode effect

● Advantages:

○ Uses information that’s available

○ May not require assumptions about mode 

selection

○ Lots of experimental evidence to use (Tomova

et al., 2026)

○ Implausible assumptions also useful!

SimDegreeCASP-6ModeID

04TEL1

15WEB2

15TEL3

07WEB4

03TEL5

06WEB6

……………

Tomova, G., et al., ‘Mode Effects on Survey Item Measurement’, Survey Futures Working Paper 12, 2016. 
https://surveyfutures.net/wp-content/uploads/2026/01/working-paper-12-mode-effects-on-survey-item-measurement.pdf

91

92



30/04/2026

47

Counterfactual Simulation

● Counterfactual Simulation: Correct 

observed data for assumed mode effect

● Advantages:

○ Uses information that’s available

○ May not require assumptions about mode 

selection

○ Lots of experimental evidence to use (Tomova

et al., 2026)

○ Implausible assumptions also useful!

SimDegreeCASP-6ModeID

04TEL1

515WEB2

15TEL3

707WEB4

03TEL5

606WEB6

……………

Tomova, G., et al., ‘Mode Effects on Survey Item Measurement’, Survey Futures Working Paper 12, 2016. 
https://surveyfutures.net/wp-content/uploads/2026/01/working-paper-12-mode-effects-on-survey-item-measurement.pdf

Counterfactual Simulation

● Counterfactual Simulation: Correct 

observed data for assumed mode effect

● Advantages:

○ Uses information that’s available

○ May not require assumptions about mode 

selection

○ Lots of experimental evidence to use (Tomova

et al., 2026)

○ Implausible assumptions also useful!

SimDegreeCASP-6ModeID

304TEL1

515WEB2

415TEL3

707WEB4

203TEL5

606WEB6

……………

Tomova, G., et al., ‘Mode Effects on Survey Item Measurement’, Survey Futures Working Paper 12, 2016. 
https://surveyfutures.net/wp-content/uploads/2026/01/working-paper-12-mode-effects-on-survey-item-measurement.pdf
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Counterfactual Simulation

● Counterfactual Simulation: Correct 

observed data for assumed mode effect

● Advantages:

○ Uses information that’s available

○ May not require assumptions about mode 

selection

○ Lots of experimental evidence to use (Tomova

et al., 2026)

○ Implausible assumptions also useful!

Tomova, G., et al., ‘Mode Effects on Survey Item Measurement’, Survey Futures Working Paper 12, 2016. 
https://surveyfutures.net/wp-content/uploads/2026/01/working-paper-12-mode-effects-on-survey-item-measurement.pdf

Counterfactual Simulation

● Counterfactual Simulation: Correct 

observed data for assumed mode effect

● Advantages:

○ Uses information that’s available

○ May not require assumptions about mode 

selection

○ Lots of experimental evidence to use (Tomova

et al., 2026)

○ Implausible assumptions also useful!

Tomova, G., et al., ‘Mode Effects on Survey Item Measurement’, Survey Futures Working Paper 12, 2016. 
https://surveyfutures.net/wp-content/uploads/2026/01/working-paper-12-mode-effects-on-survey-item-measurement.pdf
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Counterfactual Simulation

● Counterfactual Simulation: Correct 

observed data for assumed mode effect

● Advantages:

○ Uses information that’s available

○ May not require assumptions about mode 

selection

○ Lots of experimental evidence to use (Tomova 

et al., 2026)

○ Implausible assumptions also useful!

https://cls-data.github.io/mode-effects-database/
Tomova, G., et al., ‘Mode Effects on Survey Item Measurement’, Survey Futures Working Paper 12, 2016. 

https://surveyfutures.net/wp-content/uploads/2026/01/working-paper-12-mode-effects-on-survey-item-measurement.pdf

Counterfactual Simulation: Example
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Counterfactual Simulation: Limitations

● Doesn’t work easily for non-continuous 

variables

○ e.g., for binary variables, may need negative 

predictive value (NPV) or similar, which require 

assumptions about underlying prevalence.

● But …

○ Can assume implausible values for these, too.

○ VanderWeele & Li (2019) develop simple 

sensitivity analysis for differential measurement 

error in binary variables.

VanderWeele, T. J., & Li, Y. ‘Simple Sensitivity Analysis for Differential Measurement Error’. 
American Journal of Epidemiology, 2019. https://doi.org/10.1093/aje/kwz133

𝑁𝑃𝑉 = 𝑃 𝐷𝑒𝑝𝑟𝑒𝑠𝑠𝑒𝑑 = 0 𝐷𝑒𝑝𝑟𝑒𝑠𝑠𝑒𝑑∗ = 0)

=
ௌ௣௘௖௜௙௜௖௜௧௬ (ଵି௉௥௘௩௔௟௘௡௖ )

(ଵିௌ௘௡௦௜௧௜௩௜௧ )ȉ௉௥௘௩௔௟௘௡௖௘ାௌ௣௘௖௜௙௜௖௜௧௬ȉ(ଵି௉௥௘௩௔௟௘௡௖ )

Simple Sensitivity Analysis

VanderWeele & Li (2019) observe …

Where RRXY* ≥ 1, to explain association:

● RRXY* ≤ Sensitivity(X = 1)/ Sensitivity(X = 0)

OR …

● RRXY* ≤ False Positive Probability(X = 1)/ False 

Positive Probability(X = 0)

VanderWeele, T. J., & Li, Y. ‘Simple Sensitivity Analysis for Differential Measurement Error’. 
American Journal of Epidemiology, 2019. https://doi.org/10.1093/aje/kwz133
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Simple Sensitivity Analysis

VanderWeele & Li (2019) observe …

Where RRXY* ≥ 1, to explain association:

● RRXY* ≤ Sensitivity(X = 1)/ Sensitivity(X = 0)

OR …

● RRXY* ≤ False Positive Probability(X = 1)/ False 

Positive Probability(X = 0)

VanderWeele, T. J., & Li, Y. ‘Simple Sensitivity Analysis for Differential Measurement Error’. 
American Journal of Epidemiology, 2019. https://doi.org/10.1093/aje/kwz133

Simple Sensitivity Analysis

Sensitivity(X = 1) = 

Sensitivity(M = 1)∙Prob(M = 1 | X = 1) + 

Sensitivity(M = 0)∙Prob(M = 0 | X = 1)

Sensitivity(M = 0) ≤ 

Sensitivity(X = 1) ≤ 

Sensitivity(M = 1)
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Worked Example: Next Steps Sweep 9

• RR(Depression* | Female) = 1.57 (95% CI = 1.45 – 1.71)

• RR(Web | Female) = 1.09

○ P(Web | Female) = 0.904

○ P(Web | Male) = 0.826

• Goodman et al. (2022): RR(Depression | Web) = 1.23

○ Sensitivity | Web = 1.00 (Assumption)

○ Sensitivity | Telephone = 1 / 1.23 = 0.813 (Corollary)

• Ratio of Sensitivities = 1.015

○ Sensitivity | Female = 1 * 0.904 + 0.813 * (1 – 0.904) = 0.982

○ Sensitivity | Male = 1 * 0.826 + 0.813 * (1 – 0.826) = 0.967

Goodman, A., et al. ‘The Impact of Using the Web in a Mixed-Mode Follow-up of a Longitudinal Birth Cohort Study: Evidence from the National Child Development Study’. 
Journal of the Royal Statistical Society Series A: Statistics in Society, 2022, https://doi.org/10.1111/rssa.12786.

Worked Example: Next Steps Sweep 9

• RR(Depression* | Female) = 1.57 (95% CI = 1.45 – 1.71)

• RR(Web | Female) = 1.09

○ P(Web | Female) = 0.904

○ P(Web | Male) = 0.826

• Tipping Point: RR(Depression | Web) = ∞

○ Sensitivity | Web = 1.00 (Assumption)

○ Sensitivity | Telephone = 0.00 (Assumption)

• Ratio of Sensitivities = 1.094

○ Sensitivity | Female = 1 * 0.904 + 0 * (1 – 0.904) = 0.904

○ Sensitivity | Male = 1 * 0.826 + 0 * (1 – 0.826) = 0.826

Goodman, A., et al. ‘The Impact of Using the Web in a Mixed-Mode Follow-up of a Longitudinal Birth Cohort Study: Evidence from the National Child Development Study’. 
Journal of the Royal Statistical Society Series A: Statistics in Society, 2022, https://doi.org/10.1111/rssa.12786.
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Mode Effects in Practice

● (Relative) bias depends on:

○ Association between X and Y absent 

mixed-mode

○ Prevalence of alternate mode

○ Extent of mode effect

○ Strength of mode selection
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Quantitative Bias Analysis: Advantages

• Detailed understanding of mode selection may not be required.

• Can sometimes use all available information, unlike MI.

• Flexible approach, e.g., heterogeneity in mode effects, multiple variables subject to mode 
effects, mixing modes between sweeps, multiplicative errors

• Simple sensitivity analysis can be performed post hoc

Quantitative Bias Analysis: Disadvantages

• Plausible mode effects for a given situation may not be known (though, implausible might be).

• Estimation of mode effects from non-experimental data (if necessary) requires appropriate 
modelling of mode selection.

• No simple out-of-the-box functionality for performing general sensitivity analysis.

107

108



30/04/2026

55

Further Questions? liam.wright@ucl.ac.uk
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