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Estimating Measurement Error in Longitudinal Data Using the Longitudinal
MultiTrait MultiError Approach

Alexandru Cernata and Daniel Oberskib

aThe University of Manchester; bUtrecht University

ABSTRACT
Longitudinal data makes it possible to investigate change in time and its causes. While this type of
data is getting more popular there is limited knowledge regarding the measurement errors involved,
their stability in time and how they bias estimates of change. In this paper we apply a new method to
estimate multiple types of errors concurrently, called the MultiTrait MultiError approach, to longitudinal
data. This method uses a combination of experimental design and latent variable modelling to disen-
tangle random error, social desirability, acquiescence and method effect. Using data collection from
the Understanding Society Innovation Panel in the UK we investigate the stability of these measure-
ment errors in three waves. Results show that while social desirability exhibits very high stability this is
very low for method effects. Implications for social research is discussed.
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1. Introduction

Longitudinal data is essential for answering the most funda-
mental questions in the social sciences. Its ability to estimate
individual level change as well as help make causal infer-
ences is essential in a number of fields such as sociology,
economics, psychology, political science, education and
health. This is obvious also in the increasing number of lon-
gitudinal studies being implemented around the world as
panel studies (Turek et al., 2021), ageing studies (Program
on Global Aging & Health & Policy, 2021) or probability
online panels (Blom et al., 2016).

However, while the amount of longitudinal data being
produced and analysed increases there is a continuing gap
in our understanding of measurement error in this context.
It is common knowledge that measurement error can bias
means and regression coefficients as well as estimates of
changes (Cernat & Sakshaug, 2021; Fuller, 1987; Hagenaars,
2018; Lord & Novick, 1968; Saris & Revilla, 2016; Saris &
Gallhofer, 2007) and its importance is highlighted by the
preeminent role it plays in frameworks such as the Total
Survey Error (Groves, 2009; Lynn & Lugtig, 2017).
Nevertheless, most of the statistical methods developed for
estimating measurement error either consider only one type
of measurement error at a time (such as the quasi-simplex
model, Alwin, 2007; Cernat et al., 2021) or need extra data
for validation (such as the longitudinal vignettes and the
combined Hidden Markov Chain, Paccagnella, 2021;
Pavlopoulos et al., 2021). Furthermore, few of the methods
have the ability to separate multiple sources of measurement
error. By modelling multiple causes of measurement error

concurrently, we can avoid bias while better understanding
the data generating process. This, in turn, will lead to
improvements in future data collection. Additionally, under-
standing the stability of measurement error in time is fun-
damental for understanding its impact on estimates
of change.

In this paper we propose a new approach to estimating
multiple sources of measurement error concurrently using
longitudinal data and show an application in a probability
panel in the UK. By implementing the newly developed
MultiTrait MultiError (MTME, Cernat & Oberski, 2019,
2021) in a longitudinal study we are able to separate four
source of measurement error: social desirability, acquies-
cence, method effects and random error. Furthermore, by
estimating auto-regressive effects for the sources of measure-
ment error we can estimate their stability as well as the
impact on substantive estimates of change.

2. Literature Review

Measurement error has received considerable attention in a
number of fields such as psychology, education, sociology
and survey methodology (e.g., Billiet & McClendon, 2000;
Groves, 2009; Lord & Novick, 1968; Moors et al., 2014;
Tourangeau et al., 2000). Fundamentally, this refers to a dif-
ference between a concept of interest and the answer
recorded during data collection. In addition to the critical
risk of not measuring the intended concept (also known as
validity), measurement error can bias means and totals as
well as estimates of variation and regression coefficients
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(Fuller, 1987; Hagenaars, 2018; Saris & Revilla, 2016; Saris &
Gallhofer, 2007).

A number of approaches have been developed to estimate
and correct for such errors, such as latent variable model-
ling (e.g., Alwin, 2007; Bollen, 1989; Saris & Gallhofer,
2007), data collection experiments (e.g., Tourangeau et al.,
2000), anchoring vignettes (e.g., King et al., 2003) or data
integration (e.g., Oberski et al., 2017; Pavlopoulos et al.,
2021). Nevertheless, fewer methods have been developed
specifically for estimating measurement error in the context
of longitudinal data. We will next briefly discuss some of
the main sources of measurement error in the context of
survey data collection, followed by an overview of the main
methods developed to estimate measurement error in longi-
tudinal data. Then we will discuss the method proposed in
this paper, which we call the Longitudinal MultiTrait
MultiError (LMTME) approach.

2.1. Sources of Measurement Error

Measurement error has a central role in the theory of data
collection in survey methodology. The Total Survey Error
framework (Groves, 2009) separates validity, which is
defined as the difference between the concept of interest
and the measurement instrument, and measurement error,
which is the difference between our intended measures and
the respondent’s answers. Considering closer the act of
answering questions Tourangeau et al. (2000) propose a
four step framework of processing and answering survey
questions: interpret the question, search memory, integrate
information and translate into a response. Cognitive short-
cuts in any of these stages can lead to measurement error.

Saris and Gallhofer (2007) distinguish two types of meas-
urement error: random and correlated error. Random error
refers to response errors that affect only one variable at a
time, although it can still bias regression and change esti-
mates (Fuller, 1987; Hagenaars, 2018; Saris & Revilla, 2016).
Correlated error refers to situations where answer tendencies
carryover across multiple survey questions for particular
respondents. This can bias multivariate statistical models
(e.g. Pankowska et al., 2018; Spector et al., 2019) and can
suppress estimates of change (Hagenaars, 2018). Well-
known examples of correlated errors are: social desirability,
acquiescence and method effects.

Social desirability refers to the tendency of respondents
to edit their answers in order to present themselves in a
favorable light (DeMaio, 1984; Tourangeau et al., 2000).
This can impact sensitive behaviors where there are strong
social norms. It can be present in a number of topics such
as alcohol use, smoking, sexual behaviors or attitudes to
immigration (Fisher & Katz, 2000; Kreuter et al., 2008;
Tourangeau et al., 2000). Some contexts tend to facilitate
this behavior, such as the presence of an interviewer or a
third person (Krumpal, 2013). It has also been shown to be
correlated with personality trait (B€ackstr€om, 2007; Graziano
& Tobin, 2002), making it potentially an individual level sta-
ble characteristic (Haberecht et al., 2015; L€onnqvist et al.,
2007; Schmitt & Steyer, 1993).

Acquiescence, also known as “yea-saying,” refers to the
tendency of agreeing with survey questions regardless of
their content (Billiet & McClendon, 2000; McClendon,
1991). This is typically done to minimize cognitive effort,
i.e., satisficing (Krosnick, 1991), and is facilitated when the
first answer category is a positive one (Billiet & McClendon,
2000). Billiet and Davidov (2008) have also shown this to be
relatively stable in time.

Method effects refers to the impact of the data collection
tool on the response answers. This is typically defined as the
impact of the response scale in the social sciences (Andrews,
1984; Saris & Gallhofer, 2007) or ratters in phycology
(Grimm et al., 2009; Holtmann et al., 2020; Koch et al.,
2020). Characteristics of the response scale have been found
to impact response answers in a number of different con-
texts (Alwin, 2021; Moors et al., 2014; Saris et al., 2011;
Saris et al., 2010 ). This has also been shown to be stable in
time (Grimm et al., 2009; Holtmann et al., 2020).

2.2. Models for Estimating Measurement Error in
Longitudinal Data

While measurement error has received considerable atten-
tion in multiple fields, relatively few methods have been
developed to estimate it in the context of longitudinal data.
One of the methods proposed especially for this type of data
is the quasi-simplex model (QSM, Alwin, 2007; Cernat et al.,
2021; Heise, 1969; Wiley & Wiley, 1974). The model postu-
lates a measurement model using a latent variable approach
as well as an auto-regressive structural part that enables the
estimation of change in time of the trait, or “true score.”
With at least three waves of data the model can be esti-
mated, albeit with some strong assumptions: random error
or the variance of the residual is constant in time. Using
this model it is possible to estimate the amount of random
error and reliability in time, although this model assumes
the absence of correlated errors.

A similar approach can be used in the context of categor-
ical observed and latent variables by applying the Hidden
Markov Chain Model (HMCM, Van De Pol & De Leeuw,
1986; van de Pol & Langeheine, 1990). The model can esti-
mate misclassification and can also be extended to include
sources of correlated errors (Bassi et al., 2000). Similarly to
the QSM, the model can be estimated with only one variable
measured at three points in time if assumptions regarding
the stability of measurement error and of the traits are
made. These can be freed if more information is available,
such as more waves of data or multiple indicators per wave.

Yet another approach to estimating measurement error
in longitudinal data is to use multiple indicators measuring
the same concept at each point in time. Billiet and
McClendon (2000) have shown that response style factors,
such as acquiescence, can be estimated when a set of bal-
anced questions, positive and negatively worded, measure
the same concept. Billiet and Davidov (2008) have shown
that this can be extended to longitudinal data. They found
that while acquiescence is not perfectly stable in time it
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does have a strong correlation between two waves of a lon-
gitudinal study.

A similar approach is used in the context of estimating
method effects using MultiTrait MultiMethod (MTMM,
Andrews, 1984; Campbell & Fiske, 1959; Saris & Gallhofer,
2007). Typically, this involves an experimental design where
respondents answer the same question using different
response scales at two different points in time (typically the
start and end of a survey). Using such a design in combin-
ation with a latent variable modelling approach, it is pos-
sible to separate trait variance from method variance and
random error. This model has also been expanded to longi-
tudinal data by collecting multiple waves of data using the
same design and then investigating the relationship of the
method factors across time (Geiser et al., 2010; Holtmann
et al., 2020; Koch et al., 2020; Scherpenzeel & Saris, 2007).

Another popular method for estimating measurement
error developed recently is the anchoring vignette (King
et al., 2003). In this approach, respondents are asked both
to rate themselves on the construct of interest as well as a
number of vignettes that present a set of standardized situa-
tions. Using the rating in the vignettes it is possible to cor-
rect for differences in the way respondents use the response
scales, also known as differential item functioning (DIF) or
lack of equivalence. This model has also been applied to the
longitudinal context, making it possible to correct for the
change in time of DIF (Angelini et al., 2011; Paccagnella,
2021). This approach is similar to longitudinal equivalence
in the context of multi-item constructs (Leitg€ob et al., 2021;
Little, 2013) although it does also account for individual
level variation in rating behaviour.

An alternative approach to estimating measurement error
is to include external data, especially if it can be considered
a gold-standard or error free. As this is rarely possible when
measuring complex concepts some of the models discussed
above have been expanded to integrate data from multiple
sources. This makes it possible to have multiple measures of
the same concept and to treat the different data sources as
different “methods.” An example in the context of MTMM
is presented by Oberski et al. (2017) which combined survey
and administrative data from the German Federal
Employment Agency. A similar approach has been used
recently in the context of longitudinal data and HMCM. For
example, Pavlopoulos et al. (2021) used the Dutch Labour
Force Survey and the Employment Register to correct for
random and correlated error in employment status across
time. The approach can also be extended to create error free
synthetic data using imputations (Boeschoten et al., 2021)
and to correct for bias if estimates of measurement error
are know a priori (Pankowska et al., 2018).

While the models presented above are valuable in esti-
mating and correcting for measurement error they also have
some limitations. Firstly, they typically estimate only one
type of measurement error (QSM, HMCM) or at most two
(e.g., MTMM). Additionally, the estimates of measurement
error can be a combination of multiple sources of error. For
example, it is not clear what are the causes of longitudinal
DIF, even when using anchoring vignettes. Similarly, the

estimation of method effect, be it from an experiment
within a single dataset or from multiple data sources, can
confound multiple types of errors, such as method effect
with acquiescence or primacy/recency. Furthermore, by con-
centrating on one or two types of measurement errors they
assume that alternative sources of measurement error don’t
exist. For example, the MTMM assumes that social desir-
ability does not impact the measurement of the questions.
This contradicts the large body of literature discussing this
source of error, especially in the case of sensitive topics
(DeMaio, 1984; Fisher & Katz, 2000; Kreuter et al., 2008;
Tourangeau et al., 2000). Finally, there is relatively little
knowledge regarding the stability of different sources of
measurement error. This can be essential in the context of
longitudinal data as it might imply different biasing effects
on the estimates of change. In the next section we propose
a model that can tackle some of these issues.

2.3. The Longitudinal MTME

Recently the MultiTrait MultiError (MTME) approach has
been proposed as a way to estimate multiple types of errors
concurrently (Cernat & Oberski, 2019, 2021). The MTME,
similar to the traditional MTMM, combines an experimental
design with a latent variable model to estimate traits and
measurement error. Cernat and Oberski (2019) argue that
instead of just implementing an experiment, such as the
classical MTMM, researchers should carefully consider the
sources of measurement error in their variables of interest
and develop experiments to estimate all the relevant ones.
They further show how it is possible to construct a statis-
tical model that concurrently estimates the different sources
of measurement error in a latent variable framework using
survey experiments.

More precisely the MTME generalizes the MTMM by
enabling researchers to include multiple sources of error in
the same experiment (instead of just method effects). For
each source of error researchers need to develop an appro-
priate experiment. For example, an experiment could reverse
the order of an Agree-Disagree response scale to manipulate
the level of acquiescence (Billiet & Davidov, 2008; Billiet &
McClendon, 2000) while another one could use three differ-
ent response scales: 5 point, 7 point and 10 point, to calcu-
late the impact of the response scale (i.e., method, W. Saris
& Gallhofer, 2007). By combining all the experiments differ-
ent types of question wordings could be developed, for
example a 5 point Agree-Disagree scale and a 5 point
Disagree-Agree one. To estimate the measurement error in
this context, a within experimental design is needed where
respondents answer the questions using multiple question
wordings. To minimize the burden on survey participants a
split-ballot approach can be used (Cernat & Oberski, 2019;
Saris et al., 2004). Using this approach the sample is divided
in random subgroups, each one receiving the questions
using two different wordings. These would be normally be
spaced (within the survey or in multiple surveys) to minim-
ize memory effects (Saris & Van Meurs, 1991). The experi-
ment can be expanded to multiple types of measurement
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error given large enough samples to collect data for all pos-
sible combinations of wordings (Cernat & Oberski, 2019).

Cernat and Oberski (2021) show how it is possible to use
such a design to estimate concurrently four sources of meas-
urement error in six questions measuring attitudes to immi-
gration: social desirability, acquiescence, method effect and
random error. They find that while all sources of error are
present random error is the largest non-trait source of vari-
ation. On the other hand, social desirability, acquiescence
and method effect impact both the variance and the mean
estimates of the six questions investigated.

While the MTME can be a valuable tool for estimating
measurement error in the context of cross-sectional data in
this paper we will highlight how it can be extended to a lon-
gitudinal context and the value of doing so. In the next sec-
tion we will present the data and the statistical model used
for estimating the Longitudinal MTME.

3. Data and Methods

3.1. Data

In this paper we are using the Understanding Society
Innovation Panel, a yearly probability panel in the United
Kingdom started in 2008 (Institute for Social & Economic
Research, 2021). A stratified and clustered sample design
was implemented in England, Scotland and Wales. Strata
were based in Government Office Region, proportion of
non-manual workers and population density. Using a sys-
tematic random sampling approach 120 sectors were drawn
with 23 address selected within each one. Refreshment sam-
ples in waves 4 and 7 added 960 and 1560 new addresses.
Within each address all adults over 16 were eligible for an
interview. In this analysis we use waves 7, 8 and 9 as they
included the MTME design presented below.

In wave 1 the household response rate was 59% and the
conditional individual response rate was 88.9% (Institute for
Social & Economic Research, 2021). In wave 7 the condi-
tional response rate at the household level was 78.5% while
the conditional individual response rate was 82%. For wave
8 they were 82.7% and 85.4% while for wave 9 they were
84.7% and 85.4%. For more details about the design and
outcomes of the study please refer to the user guide
(Institute for Social & Economic Research, 2021).

4. MTME Design

To implement the MTME experiment we used six questions
that measure attitudes towards immigrants (Table 1). In
order to estimate the three types of correlated errors we
devised experiments for each one:

� Method effect: respondents received a two point response
scale or a 11 point response scale;

� Acquiescence: some respondents received an Agree-
Disagree scale or a Disagree-Agree scale. This is based
on the expectation that having the agree category first
makes it easier to acquiesce;

� Social desirability: some respondents received positively
worded questions while others received negatively
worded ones. This is based on the expectation that the
framing of the question presents the respondents with a
social norm for a topic. Social desirability would encour-
age respondents to agree with the social norm.

By combining the three experiments we develop eight
different wordings for the questions of interest (Table 2).
For example, wording 1 (W1) uses a negative wording of
the question and a two point Agree-Disagree response scale.
To implement the MTME design the respondents had to
answer the six questions using two of these wordings, once
at the start of the survey and once at the end of it. In order
to control for the possible effect of wording order on the
results we divided the sample in 48 groups that were ran-
domly allocated the questions, with one type of wording at
the start of the survey and one at the end. The average time
between the two wordings was approximately 30min. We
repeated the same design for all three waves analyzed here,
respondents being randomly allocate to one of the 48
groups in each wave.

4.1. Statistical Model

The data collected includes a MTME design with three cor-
related errors repeated in three different waves. As a result,
we will expand on the model proposed by Cernat and
Oberski (2021) to include the longitudinal dimension, lead-
ing to the Longitudinal MTME.

We represent the observed variable on the t-th trait, m-
th method, a-th acquiescence direction, s-th social desirabil-
ity and the i-th wave as ytmasi: In our application we observe
6� 2� 2� 2� 3 ¼ 144 possible combinations. We then
consider a response variable y�tmasi; for binary (2-point) vari-
ables, this is the inverse probit, y�tmasi ¼ U�1ðytmasi ¼ 1Þ
when m ¼ 0, and it is the identity otherwise, y�tmasi ¼ ytmasi,
when m ¼ 1: Our model for each response variable is then
a linear factor model:

y�tmasi ¼ kðTÞ
�

tmasi Tti þ kðMÞ�
tmasi M þ kðAÞ

�

tmasi Aþ kðSÞ
�

tmasi Sþ etmasi

Where the loadings kðTÞ
�

tmasi, kðMÞ�
tmasi, kðAÞ

�

tmasi, and kðSÞ
�

tmasi are
restricted according to the design matrix presented in

Table 1. The six questions used to measure attitudes towards immigration
(original wording).

Trait
number Item formulation

T1 The UK should allow more people of the same race or ethnic
group as most British people to come and live here

T2 UK should allow more people of a different race or ethnic group
from most British people to come and live here

T3 UK should allow more people from the poorer countries outside
Europe to come and live here

T4 It is generally good for UK’s economy that people come to live
here from other countries

T5 UK’s cultural life is generally enriched by people coming to live
here from other countries

T6 UK is made a better place to live by people coming to live here
from other countries
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Table 3. Here we use two different strategies for estimating
measurement error. By using effect coding (coding the load-
ings for one type of wording as þ1 and for the other as
�1) we can estimate the average effect of the intervention.
We use this strategy for estimating Acquiescence and Social
Desirability. An alternative way to estimate the effect is
dummy coding by using one of the experimental designs as
the reference (coding the loadings to 0 for that type of
wording). We use this strategy for the method effect to
facilitate the estimation of the model (in line with Cernat &
Oberski, 2021). We allow a method-specific scaling factor
kð�Þm for each latent variable, with kð�Þ1 ¼ 1 for identification
purposes. In our application, the scaling factor kð�Þm scales
standardized effects on the probit scale (for 2-point scales)
to effects on the unstandardized 11-point scale.

The variance of the observed variables could be estimated
using:

VARðy�tmasiÞ ¼ kðTÞ
� 2

tmasi /Tti
þ kðMÞ� 2

tmasi /M þ kðAÞ
� 2

tmasi /A þ kðSÞ
� 2

tmasi /S

þ wtmasi

Where / is the variance of the factor variables and w the
variance of the residual. This formula can also be used to
decompose variance between the different sources of
measurement.

In addition to estimating the MTME model at each wave
we also include structural relationships between the latent
variables as auto-regressive paths (for i > 0):

Tti ¼ bðTÞti Ttði�1Þ þ rðTÞti

Mi ¼ bðMÞ
mi Mi�1 þ rðMÞ

mi

Si ¼ bðSÞsi Si�1 þ rðSÞsi

Ai ¼ bðAÞai Ai�1 þ rðAÞai

Where the b coefficients represent the stability of the latent
variables (or lag-1 autoregressive coefficients) while the r
represents the time specific variation (Figure 1).

In the results section we first present the MTME model
run separately at each wave in time. This will enable us to
see if the aggregate estimate of measurement error are stable
and if the model is indeed converging at each wave. We
then estimated the LMTME and we will focus on the stabil-
ity coefficients and the effects on estimates of change.

To estimate the model, we have used Bayesian estimation
as implemented in Mplus 8.6 (Muth�en & Muthen, 2017).
We chose Bayesian estimation for the computational con-
venience of Gibbs sampling for this complex model with
relatively large number of latent variables and large amount
of missing information (Missing Completely At Random by
design). Additionally, it enables us to add priors to prevent
inadmissible estimates and nonconvergence commonly
found in MTMM models (Helm et al., 2017, p. 201). We
used weakly informative priors for the measurement model
(see Cernat & Oberski, 2021, for more details)1. For estima-
tion we used the default PX1 Gibbs sampler (Asparouhov &
Muth�en, 2010), with four chains and 200,000 iterations (out
of which 100,000 are the burn-in).

Table 2. The eight experimental wordings used in the data collection.

Wording
number

Social
desirability

Number of
scale points

Agree or
disagree

Required
direction Item formulation (using trait 1 as an example)

W1 Higher 2 AD Negative The UK should allow fewer people of the same race or ethnic group
as most British people to come and live here

W2 Lower 2 AD Positive The UK should allow more people of the same race or ethnic group
as most British people to come and live here

W3 Higher 11 AD Negative The UK should allow fewer people of the same race or ethnic group
as most British people to come and live here

W4 Lower 11 AD Positive The UK should allow more people of the same race or ethnic group
as most British people to come and live here

W5 Higher 2 DA Positive The UK should allow more people of the same race or ethnic group
as most British people to come and live here

W6 Lower 2 DA Negative The UK should allow fewer people of the same race or ethnic group
as most British people to come and live here

W7 Higher 11 DA Positive The UK should allow more people of the same race or ethnic group
as most British people to come and live here

W8 Lower 11 DA Negative The UK should allow fewer people of the same race or ethnic group
as most British people to come and live here

Note. The first question is given as example of positive and negative wording.
AD: Agree-Disagree response scale; DA: Disagree-Agree response scale.

Table 3. Design matrix for MTME model measuring attitudes towards immi-
grants in UKHLS-IP.

Subscript
Trait Method Acquiescence Social desirability

Wording m a s (T) (M) (A) (S)

W1 1 1 1 1 0 1 1
W2 1 1 2 �1 0 1 �1
W3 2 1 1 1 1 1 1
W4 2 2 2 �1 1 1 �1
W5 1 2 1 1 0 �1 1
W6 1 2 2 �1 0 �1 �1
W7 2 2 1 1 1 �1 1
W8 2 2 2 �1 1 �1 �1

Note. These are used to determine the loadings in our model.

1We have also estimated the model with different priors and found similar
results, indicating consistent findings.
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5. Results

The models converged and the overall credible interval for
the chi-square statistic was between 56.4 and 350.1 with 63
free parameters and a posterior predictive p-value of 0.004
for wave 7, between �4.5 and 284.0 (p. 0.029) for wave 8
and between �3.7 and 283.7 (p 0.028) for wave 9. For the
LMTME model the chi-square statistic was between 115.6
and 950.8 (p 0.006) with 207 free parameters. The trace
plots and posterior distributions did not indicate conver-
gence issues. The traceplots show a good mix and the four
chains consistently overlap. The potential scale reduction
factor (Gelman & Rubin, 1992) was 1.005, 1.02 and 1.001 in
waves 7, 8 and 9 and 1.09 for the LMTME.

Using the MTME models estimated at each wave we cal-
culate the variances of the three types of correlated error
and the six traits (Table 4). Our main interest is in the three
types of correlated errors. We see that all of them have
credibility intervals that do not include 0. This implies that
they have an impact on the estimates and all of them show
individual level variation. On the other hand we see that
they do not change in time, on aggregate, as their credibility
intervals overlap in the three waves. For the traits we see

that the first three have less variation compared to the last
three and also there appears to be an increase in variance in
wave 8 compared to wave 7.

A more intuitive way to represent the findings of the
MTME is to decompose the total variance by five sources:
trait, acquiescence, social desirability, method and random
error. We first aggregate over all the questions and by wave
to see the relative sizes of the measurement errors and their
aggregate stability. Figure 2 highlights that in the three
waves trait, or the amount of valid variation, represents
around 60% of the total variation. This is followed by ran-
dom error, which represents around 12%, social desirability
and method variation. Looking at the aggregate estimates it
appears the measurement error is relative stable, with a
slight decrease of random error and acquiesce after wave 1
and a slight increase in social desirability.

We can further decompose the variation separately by
question as well (Figure 3). Here we see that the first three
questions measuring attitudes towards immigration have
lower quality compared to the other three, with larger pro-
portions of random errors. The first question seems espe-
cially problematic with trait variation representing only
around 50% of the total amount of variation. It is also

Figure 1. MTME model made in each wave. Circles represent latent variables while square observed variables. Loadings are fixed based on the strategy presented
in Table 3. Here only the observed and latent variables for trait 1 is presented for each of wording for space reasons.

Table 4. Variances for latent variables in the MTME model for three waves.

Wave 7 Wave 8 Wave 9

Est. 2.5% 97.5% Est. 2.5% 97.5% Est. 2.5% 97.5%

Acquiescence 0.42 0.30 0.56 0.60 0.43 0.83 0.44 0.31 0.62
Social desirability 0.30 0.14 0.69 0.40 0.17 0.93 0.99 0.27 7.05
Method (11 pt) 0.87 0.68 1.11 0.75 0.61 0.93 0.88 0.72 1.10
Allow same race 4.08 3.25 5.03 6.34 5.06 7.87 6.51 1.45 8.56
Allow different race 5.96 4.91 7.12 9.28 7.64 11.28 9.24 2.78 11.77
Allow poorer countries 5.53 4.53 6.67 8.99 7.37 10.97 9.91 4.24 12.59
Good for economy 8.56 7.14 10.19 10.61 8.74 12.92 10.86 5.09 13.71
Culture enriched 9.44 7.86 11.20 11.49 9.47 14.00 11.94 6.22 15.03
Better place to live 9.24 7.73 10.95 11.50 9.52 13.94 12.09 6.02 15.14

Note. Bold numbers highlight credibility intervals that do not overlap with interval at previous wave.
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notable that on aggregate measurement error seem relatively
stable for each of the six questions. It is possible to further
drill down to identify the best question format for each
question and wave (Figure A1 in the Appendix). This can
be a useful tool for improving survey design and for instru-
ment development.

The MTME model also enables the estimation of the
means of the latent variables. Values that are different from
0 indicate that the experimental design also impacts the
average of the answers (Table 5). For example, changing the
response scale from agree-disagree to disagree-agree leads to
a shift in the average response of 0.25 standard deviations.
Similarly, changing from a positively worded question to a
negative one leads to a shift of 0.18 standard deviations, on
average. Similarly, using an 11 point scale instead of a 2
point scale leads to lower averages of around 0.4 standard
deviations. We also notice that the mean bias is fairly stable
in time (credibility intervals not overlapping) with the
exception of wave 8 where the effect of the method on the
average appears larger compared to wave 7. While in
regards to the bias in the mean we cannot say which type of

wording is better without the use of gold standard data or
by making some assumptions (e.g., more is better) the fact
that the average of the observed scores is shifted by a par-
ticular type of wording is an indicator that the decisions
regarding the question design are not trivial and can lead
to bias.

6. Stability of Measurement Error

So far we only investigated the aggregate change in meas-
urement error. Nevertheless, this can be misleading as indi-
vidual level stability can have different patterns to those
seen on aggregate. Furthermore, individual level stability is
more important for understanding change in time of meas-
urement error as well as looking at the biasing effect on
estimates of change (as estimated in popular models such as
latent growth models and multilevel model for change).

To understand individual level change in measurement
error we estimate the LMTME model, which includes a
measurement model at each wave, concurrently, as well as

Figure 3. Variance decomposition by wave, question and component based on the MTME.

Figure 2. Variance decomposition by wave and component based on the MTME.
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the stability of the latent variables. Table 6 presents the sta-
bility coefficients for the three sources of correlated error.
We see a wide range of stability. At one extreme, social
desirability appears to be very stable with standardized coef-
ficient stability of around 0.9 (where 1 represents no change
in rank order in time). This implies that this type of corre-
lated error is a very stable individual characteristic that does
not appear to change in time. This would be in line with
some other research showing that social desirability is linked
with personality traits (Haberecht et al., 2015; L€onnqvist
et al., 2007; Schmitt & Steyer, 1993). At the other extreme
the impact of the response scale, or method effect, has very
low stability, coefficients including 0 in the credibility inter-
val. This implies the method, or response scale, has purely a
contextual effect and is not a stable characteristic. Finally,
acquiescence seems to be moderately stable with standar-
dized coefficients of around 0.43. This type of correlated
error appears to have some individual level consistency
in time.

In addition to the insights regarding the stability of cor-
related measurement error over time the LMTME model
also makes it possible to correct for measurement error by
estimating change in time using the trait variables instead of
the observed variables. Table 7 compares the stability coeffi-
cients for the six questions measuring attitudes towards
immigration as estimated by the LMTME compared with
estimates from a model that does not correct for the three
sources of correlated error. Overall, it appears that ignoring
measurement error leads to an underestimation of stability.
This is the case for five out of the six questions analysed.
For three of these questions the credibility intervals don’t
overlap, indicating a consistent underestimation of stability
when ignoring measurement error. This implies that models

that estimate individual level change, like multilevel models
for change and latent growth models, can overestimate the
amount of change if measurement error is present and not
corrected. Part of the spurious change appears to be caused
by the different sources of measurement error.

We should also note that the underestimation of stability
is not a given. For example, for the “Allow same race” indi-
cator the stability is higher when not correcting for meas-
urement error (although we do note that credibility intervals
overlap). So, the impact of measurement error on estimates
of change will depend on the question and the mix of meas-
urement errors and their stability.

7. Conclusion

In this paper we propose the Longitudinal MultiTrait
MultiError (LMTME) as a way to concurrently estimate
multiple types of measurement error at multiple points in
time. We show how the MTME experimental design and
modelling approach can be extended by repeating the same
data collection procedure over multiple waves and how
change in time can be modelled using auto-regressive coeffi-
cients. We present an application of this approach with
three correlated errors that was implemented in the
Innovation Panel. Using this design we can separate five
sources of variation in questions measuring attitudes
towards immigration: trait, random error, social desirability,
acquiescence and method effect.

We found that, on aggregate, the amount of measure-
ment error appears to be stable over three waves of the
study when running the MTME separately. Nevertheless,
this ignores individual level change. The LMTME presents a
starkly different picture. It indicates that social desirability is
extremely stable, with standardized coefficients around 0.9,
and method effects are almost completely contextual, with
stability of 0. Acquiescence measurement error is some-
where in between with a stability of around 0.4.

We also show that correlated measurement error can
impact estimates of change. Most often its presence leads to
an underestimation of stability and, thus, an overestimation
of individual level change. This would imply that part of the
observed change in longitudinal data may be due to meas-
urement error. The impact of measurement error on change
estimates will depend on the amount of measurement error

Table 5. Means for latent variables in the MTME model for three waves.

Wave 7 Wave 8 Wave 9

Est. 2.5% 97.5% Est. 2.5% 97.5% Est. 2.5% 97.5%

Acquiescence 0.25 0.19 0.31 0.17 0.09 0.23 0.26 0.19 0.33
Social desirability �0.18 �0.4 �0.09 �0.13 �0.25 �0.06 �0.33 �2.19 �0.13
Method (11 pt) �0.37 �0.46 �0.29 �0.56 �0.64 �0.48 �0.47 �0.56 �0.37

Allow same race �0.42 �0.60 �0.17 �0.50 �0.69 �0.31 0.12 �0.19 1.96
Allow different race �0.98 �1.18 �0.72 �1.04 �1.26 �0.83 �0.50 �0.83 1.35
Allow poorer countries �0.97 �1.17 �0.70 �1.15 �1.38 �0.94 �0.48 �0.81 1.36
Good for economy 0.24 0.04 0.50 0.42 0.21 0.65 1.19 0.85 3.03
Culture enriched 0.50 0.29 0.77 0.55 0.33 0.78 1.13 0.79 2.98
Better place to live 0.02 �0.19 0.28 0.16 �0.05 0.39 0.77 0.44 2.62

Note. Bold numbers highlight credibility intervals that do not overlap with interval at previous wave.

Table 6. Standardized stability coefficients for the latent variables represent-
ing the correlated errors.

Measurement error at tþ 1

Measurement error Wave Point est. Lower CI Upper CI

Acquiescence 7 0.42 0.29 0.56
8 0.44 0.30 0.58

Social desirability 7 0.97 0.94 0.98
8 0.86 0.82 0.96

Methods (11 point) 7 0.01 �0.13 0.14
8 0.04 �0.08 0.16
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and their stability and it can also to lead to an overesti-
mation of stability in some cases.

The study has a number of limitation and should be only
one part of a more thorough investigation of this new
research method. In particular, here we only investigated
one specific MTME design as implemented in a longitudinal
study in the UK. Future studies should explore different
designs and data sources to further understand the strengths
and limitations of the method. It should also be noted that
LMTME has similar assumptions to the MTME (and more
generally to any within experimental design), as discussed
by Cernat and Oberski (2021). While having a year between
measurements should minimize the effect of memory on the
LMTME, within wave memory effects and the impact of
panel conditioning on the model should be explored in the
future. The timing is also important for the estimation of
stability. In this study we had equal timing between data
collection and respondents participated in the same period
in each wave. When this is not the case autoregressive mod-
els may lead to incorrect estimates. Solutions such as those
proposed by Cole and Maxwell (2003) should be considered
when the design does not meet these requirements. Also,
the ability of the method to estimate measurement error
depends on the experimental design used. For example, our
estimation of social desirability relays on the effectiveness of
our framing experiment. Future research should explore dif-
ferent ways to manipulate social desirability levels.

The model can also be expanded in a number of ways
and this should be further investigated in the future. One
direction could be the separation of within and between
variation as Hamaker et al. (2015). This could further clarify
the sources of variation of traits and measurement error.
Similarly, second order factors could be introduced to cap-
ture trait specific information. For example, in our applica-
tion with six immigration questions the traits could be
measured either by one or two second order factors (the
first three questions measure a slightly different concept to
the last three). This would facilitate some substantive analy-
ses. Similarly, different types of measurement errors could
be included in the model. Here we assumed continuous
types of measurement error but they could also have a mix-
ture distribution to estimate errors such as extreme response
styles (Moors et al., 2014; Oberski et al., 2015). Similarly,
the model can be extend to investigate the equivalence of

the measurement error by restricting different components
of the model and comparing the fit statistics. Finally,
depending on the number and nature of the latent variables
it may be possible to include correlations between some of
these (for example between acquiescence and social desir-
ability). Nevertheless, this may lead to estimation issues and
may make the substantive interpretation of the fac-
tors difficult.

Keeping in mind the need for further research, we do
believe the model presented in this paper offers a unique
view on measurement error in survey data. To our know-
ledge the MTME is the first model to concurrently estimate
such a wide range of measurement errors. This bypasses
some the assumptions of previous models that look at one
type of error at a time, leading to a more holistic view that
gives more accurate estimates and shows relative sizes of
different measurement errors. The LMTME builds on this
and enables the investigation of stability in measurement
error both in aggregate and at an individual level. The
model also makes it possible to correct for measurement
error and our results show that often ignoring measurement
error in longitudinal studies can lead to an overestimation
of change.

The results also have some implications for survey
research. We have seen that on aggregate, measurement
error seems to be relatively stable over three years of data
collection. That being said, at the individual level, the three
correlated errors explored in this paper show very different
patterns. Especially interesting are the findings regarding
social desirability and method effects. It appears that the
former is extremely stable. This result contributes to the
lively debate regarding the relationship between personality
and social desirability (Haberecht et al., 2015; L€onnqvist
et al., 2007; Schmitt & Steyer, 1993). One notable difference
is that our approach does not use a separate scale to meas-
ure social desirability, as often done in the psychology litera-
ture (Haberecht et al., 2015; L€onnqvist et al., 2007; Schmitt
& Steyer, 1993). On the other hand, method variance seems
to be almost entirely contextual, with no visible carryover
effect from one wave to another. This seems to contradict
some of the research that implemented the longitudinal
MTMM but it should be noted that often they refer to rat-
ters as methods and not response scales, as we do here
(Geiser et al., 2010; Holtmann et al., 2020; Koch et al., 2020;

Table 7. Standardized stability coefficients for the traits in the LMTME model and a model without correction for measurement error.

LMTME estimates Estimates without measurement error correction

Trait Wave Point est. Lower CI Upper CI Point est. Lower CI Upper CI

Allow same race 7 0.22 0.10 0.33 0.31 0.27 0.36
8 0.26 0.13 0.40 0.32 0.27 0.37

Allow different race 7 0.38 0.29 0.47 0.32 0.28 0.36
8 0.40 0.28 0.52 0.35 0.30 0.39

Allow poorer countries 7 0.44 0.36 0.52 0.34 0.30 0.38
8 0.48 0.38 0.58 0.37 0.33 0.41

Good for economy 7 0.57 0.50 0.63 0.40 0.36 0.44
8 0.66 0.55 0.74 0.42 0.37 0.46

Culture enriched 7 0.59 0.53 0.65 0.41 0.37 0.45
8 0.65 0.55 0.72 0.44 0.39 0.48

Better place to live 7 0.60 0.54 0.66 0.40 0.36 0.44
8 0.74 0.63 0.81 0.44 0.40 0.48
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Scherpenzeel & Saris, 2007). On the other hand, our results
regarding acquiescence seem to confirm prior research
(Billiet & Davidov, 2008), highlighting moderate stability.

The fact that measurement errors have such different lev-
els of stability indicates that they have different underlying
mechanisms and imply that minimizing them might need
different strategies. For example, studies focused on esti-
mates of change may want to carefully consider social desir-
ability and changes in design that may impact it. Based on
these results it does appear that this type of measurement
error can lead to an underestimation of true change. As a
result, changes such as moving of panel studies from face to
face to web data collection could bias estimates of change as
the former can have higher levels of social desirability (e.g.,
Cernat et al., 2016).
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Appendix

Figure A1. Variance decomposition by wave, form and question.
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