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Abstract
Voters’ issue preferences are key determinants of vote choice, making it essential to reduce measurement
error in responses to issue questions in surveys. This study uses a MultiTrait MultiError approach to assess
the data quality of issue questions by separating four sources of variation: trait, acquiescence, method, and
random error. The questions generally achieved moderate data quality, with 76% on average represent-
ing valid variance. Random error made up the largest proportion of error (23%). Error due to method
and acquiescence was small. We found that 5-point scales are generally better than 11-point scales, while
answers by respondentswith lower political sophistication achieved lower data quality.Thefindings indicate
a need to focus on decreasing random error when studying issue positions.

Keywords: latent variable modelling; measurement error; MTME; issue positions; survey methodology

1. Introduction
Spatialmodels of voting, which highlight the importance of politicians’ and voters’ issue positions, are
central in political science. The parties and individual voters are distributed across the policy space—
or rather, policy spaces—since elections are often contested on multiple relevant policy dimensions.
The spatial thesis posits that voters prefer parties and candidates whose policy positions closely align
with their own (Downs, 1957; Laver, 2014). However, accurately measuring voters’ positions on spe-
cific issues requires valid and reliable tools. The most common method for assessing individual voter
positions is through batteries of attitude questions in mass opinion surveys.

There are no gold standardmeasurements for preferences,making evaluating their data quality dif-
ficult. Measurement error can be affected by aspects such as question formulation, response options,
and scale levels (e.g., Krosnick, 1991). Previous research has shown that data quality for survey ques-
tions, especially nonfactual ones, can be low (Alwin, 2021). Furthermore, using the European Social
Survey (ESS), Saris et al. (2011) estimated the average measurement quality to be 0.64, while Alwin
(2007) found the reliability of survey questions in aU.S. context to be as low as 0.5. Also,measurement
error can be both random and correlated. The types and sizes of measurement errors create differ-
ent amounts of bias and lead to varying strategies for correction (Saris and Revilla, 2016; Cernat and
Oberski, 2022). However, previous research on measurement error rarely estimated multiple sources
of measurement error concurrently (Cernat and Oberski, 2019). Finally, measurement error can also
be moderated by respondent characteristics (Cernat and Toepoel, 2022). This means that differences
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2 Kim Backström et al.

in survey responses to attitudinal questions used when approximating issue positions can, in reality,
result from differences inmeasurement error, for example, between respondents with higher or lower
political sophistication.

It is imperative to decrease and correct measurement errors to avoid drawing conclusions about
democratic well-being based on flawed data. This paper investigates howmeasurement error impacts
survey items used when studying issue preferences. We implement a novel MultiTrait MultiError
(MTME) experimental design in twowaves of the Finnish online panel Citizens’Opinion.TheMTME
design enables concurrently estimating measurement error due to acquiescence, method effects,
and random error, while reducing carryover effects. Furthermore, due to the potential moderating
effect of political sophistication, we also investigate the effects of political interest, internal politi-
cal efficacy, and whether respondents have a degree on measurement error. Using this approach, we
contribute to a better understanding of the data quality of questions used when studying issue posi-
tions, and the findings can be used when designing future studies and to correct for measurement
error.

2. Issue positions
A substantial body of literature shows that citizens’ preferences over public policy issues significantly
influence various outcomes. Classic spatial theories of elections state that individuals assess candi-
dates and parties based on their positions on issues (see Ansolabehere et al., 2008). The influence of
public policy preferences on voting decisions is commonly referred to as “policy voting” or “issue
voting,” with the terms often used interchangeably. The policy voting model demonstrates consider-
able explanatory power in models of vote choice (Wagner and Kritzinger, 2012; Kessenich and van
der Brug, 2024), although some scholars are skeptical about the extent to which issues influence vote
choice (see Guntermann and Persson, 2023). The model traces its origins to Downs (1957), who
posited that political preferences could be conceptualized along a single left–right axis and citizens
opt for the party that gives them the highest utility. Also, when applied to political issues broadly, the
model suggests that demand and supply must align whereby citizens prefer the alternative that best
represents their policy positions (Ansolabehere et al., 2008; Wagner and Kritzinger, 2012).

In empirical studies of citizen preferences, respondents are asked to locate themselves on various
policy or issue scales. Individuals may have preferences on many different matters. Such preferences
involve a wide range of concrete topics such as taxation, redistribution of wealth, privatization, envi-
ronmental protection, law and order, defense spending, and immigration. Studies addressing such
preferences vary in scope, from using single survey items for specific topics to multiple survey items
for different policy dimensions. The dimensionality of policy spaces implies that distinct bundles
of issue positions are correlated. Data-reduction techniques map respondents’ positions on specific
issues to latent policy dimensions, such as left–right economic policy and liberal–conservative social
policy (Laver, 2014). Survey items on political attitudes are often combined to measure more gen-
eral political values such as economic left–right and libertarian–authoritarian orientations (Kumlin
and Knutsen, 2005). However, it is important to clearly distinguish political values from issues, as the
former are defined as “prescriptive beliefs about which goals one would like to see implemented in
the political system and about the desired participatory forms to influence politics,” while the latter
are “often more narrowly defined—capturing particular policy proposals or political circumstances”
(Aardal and Van Wijnen, 2005: 195).

Scales composed of multiple measures, by averaging several items together or constructing factor
scores, indeed improve our ability to assess people’s underlying predispositions that are coherent and
stable (Ansolabehere et al., 2008). However, irrespective of whether we use individual survey items
to tap preferences over public policy issues or issue scales composed of multiple measures, we should
improve the quality of individual survey items to reducemeasurement error. Different types of survey
items in terms of response alternatives and their order are used. A scan of the literature shows that
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studies gauging issue preferences have used 5-point (Hellwig, 2014), 7-point (Dinas et al., 2016), or
11-point scales (Isotalo et al., 2019). Other studies using data from the European Values Study or the
ESS have combined responses on 2-, 3-, 4-, and 10-point scales (Knutsen, 2018) or five- and 11-point
scales (van der Brug and Van Spanje, 2009). There is also variation in how the survey questions are
framed, for example, whether the government should take measures to reduce differences in income
levels (those who agree are economically left) and whether there should be a lower taxation level
(those who agree are economically right).

3. Measurement error
The concept of measurement error can be understood as the difference between the theoretical
concept of interest and the collected data. Measurement error and other errors such as coverage,
sampling, and nonresponse errors contribute to a difference between the measured sample statistic
and the population parameter according to the total survey error framework (Groves and Lyberg,
2010). Considering our study design, we will focus on three types of measurement error: method
effects, acquiescence, and random error.

Method effects include respondents’ tendency to answer questions in a specificmanner regardless
of the substance of the question. In survey research, these are often conceptualized as the impact of
the response scale (Andrews, 1984; Saris and Gallhofer, 2014), including aspects such as the number
of scale levels and whether numeric or verbal labels are used. The method effects are typically studied
using theMultiTraitMultiMethod (MTMM) approach. For example, Saris andGallhofer (2014) show
that method effects varied between 0.36 and 0.50 when studying three questions across three forms
in an MTMM experiment embedded in the ESS.

The main takeaway from other research on method effects is that fewer scale points are prefer-
able when studying preferences (Revilla et al., 2014; Alwin et al., 2018; Höhne et al., 2023). However,
DeCastellarnau (2018) found in a literature review that aspects such as scale length and using ver-
bal and numeric labels affect data quality, and the results are mixed due to different aspects being
measured and interaction effects. Given the contradicting results and the interaction of scale charac-
teristics, there is a need for experimental designs that separate different causes of measurement error
concurrently.

Acquiescence is the tendency to agree with statements regardless of content (Krosnick, 1991;
Billiet and McClendon, 2000). In a survey methodology context, this tendency can be influenced
by how a question or statement is worded and how the response options are designed. When using
bipolar survey questions with response options ranging from agree to disagree, a survey item with
the first response option “agree” indicates a possible increased risk of satisficing. This type of mea-
surement error can also be present when using labels such as “good,” “average,” and “bad” (Hofmans
et al., 2005). Furthermore, the occurrence and strength of the acquiescence appear to vary based on
the topic and survey design (Hofmans et al., 2007; DeCastellarnau, 2018; Keusch and Yan, 2018).
Previous MTME studies looking at acquiescence and other error sources concurrently have found
acquiescence variance to vary across forms and questions but generally to be minor compared to
other error sources (Cernat and Oberski, 2019, 2022, 2023).

Random error describes the “noise” when respondents answer survey questions (Alwin, 2007).
Respondents interpret questions differently, may not have established opinions or attitudes related
to the question, or may not understand the question, leading to random response patterns that vary
with every new measure. However, as opposed to the two previously discussed correlated errors,
method effects and acquiescence, random error consists of differences in response error specific to
a single question (Cernat and Oberski, 2022). However, while random error does not bias estimates
of the population mean due to its randomness, it does bias regression coefficients (Fuller, 1987), and
can inflate estimates of change when using longitudinal data (Cernat and Sakshaug, 2021). Simply
ignoring this “noise” due to its random nature is not valid when striving to make accurate inferences.
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4 Kim Backström et al.

Random error can also be conceptualized as the complement of reliability. Alwin (2021) found,
looking at three General Social Survey panel studies, that reliability varied around 0.85 when looking
at factual survey questions and around 0.66 when looking at nonfactual survey questions. However,
reliability could be as low as 0.52 for some nonfactual questions. Furthermore, even when accounting
for other error sources concurrently in other MTME studies looking at attitudes toward immigrants,
random error has, in every case, been the largest source of measurement error (Cernat and Oberski,
2019, 2022, 2023).

Finally, some respondents can be expected to generate more measurement error. Considering the
political topic, we may expect more survey errors from respondents with lower political sophisti-
cation. Agreeing with a statement and choosing the first presented response option decreases the
cognitive burden for the respondent while having many response options increases it. The burden
may be higher for respondents who do not have crystallized views on policy issues, leading to an
increased risk of acquiescence and method effects among respondents with lower interest in the sur-
vey topic and lower cognitive ability (Cernat and Toepoel, 2022). Furthermore, Groves (2004) found
that non-attitudes are more likely among respondents with lower education and political interest,
while the risk of not comprehending the question is higher. Furthermore, when studying attitude sta-
bility, Freeder et al. (2019) found that those more politically sophisticated had more stable attitudes
when looking at more extended periods. Based on this, respondents with lower political sophisti-
cation can also be expected to generate more random error since they are likelier to not have as
grounded attitudes as other respondents, especially if the questions used suffer from poor design,
such as being overly complex or deemed irrelevant to the respondents.

The literature review highlights that measurement error is perversive in survey research, espe-
cially when measuring nonfactual topics. Accounting for this is essential as they can severely impact
research results. For example, Saris and Revilla (2016) show that when the quality of two variables
decreases, the correlation between the two variables will decrease much faster, leading to an under-
estimation of the variables’ relationship if measurement error is not corrected in the analysis. Also,
considering the previous discussion on the potential moderating effects of political sophistication, it
is vital to study measurement error among those with lower political sophistication. A better under-
standing ofmeasurement error allows us to correct formeasurement error by designing better survey
questions and using statistical models.This, in turn, enables us to produce better quality research that
can be used when developing theory and policy.

To improve our understanding of measurement error when studying issue positions, we will
investigate the following:

• RQ1: How do acquiescence, method effects, and random error affect the measurement quality
of issue positions?

• RQ2: How does political sophistication moderate measurement error?

4. Methodology
4.1. The MTME framework
The MTME is a generalization of within-person experimental designs, such as test–retest or the
MTMM (Cernat and Oberski, 2019, 2022). A within-person experimental design implies asking
respondents the same questions multiple times. The design makes estimating reliability possible by
examining how consistently respondents answer the same question. The simple design can also be
expanded to include correlated sources of bias. For example, MTMM designs, in addition to asking
the same questions, also manipulate the response scale of the questions, with respondents receiving
different answer options in the follow-up (Campbell and Fiske, 1959; Saris and Andrews, 1991). This
makes it possible to estimate “methods effects,” which is a source of correlated variance due to the
response scale and not the content of the question.
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The MTME framework generalizes this approach and implies the development of experimental
manipulations that can lead to different sources of measurement error. Furthermore, the MTME
framework is theory-driven and allows researchers to study relevant errors and estimate their rel-
ative impact. For example, Cernat and Oberski (2022) manipulated the response scale, the categories’
order, and the questions’ content to estimate method effects, acquiescence, and social desirability (in
addition to random error). Such a complex design leads to multiple “forms” of the questions (way
to word the question and response category). A split ballot factorial design is typically used to mini-
mize the burden on the respondents (Saris et al., 2004; Revilla et al., 2019), in which respondents are
randomly allocated to groups and receive the questions twice using different forms.

TheMTME framework offers a flexible way to experimentally explore differentmeasurement error
sources. That being said, the approach is a within-person experimental design and thus inherits its
limitations, such as memory effects (people remembering they were asked the questions already).
Possible solutions to this issue are increasing the time between re-interviews (although too long of a
time might lead to true change in the topic of interest), randomly changing the order of the forms, or
accounting for memory effects (e.g., controlling for cognitive ability or period to reinterview). In the
next sections, we will discuss how we developed an MTME design to estimate measurement error in
responses to issue questions, how we modeled the data, and how we minimized and controlled for
memory effects.

4.2. The MTME design and data
TheMTMEexperiment designwas included inwaves five (n= 3,763; RR= 75.2%) and six (n= 3,885;
RR = 76.9%) of the Finnish panel Citizens’ Opinion (Finnish: Kansalaismielipide) 2023 parliamen-
tary election study (Grönlund and Strandberg, 2023). The panel is recruited via nonprobability and
probability sampling, and data are collected online using Qualtrics. The two waves used in this study
were conducted in the period from April 4 to 24, 2023, after the parliamentary election on the 2nd of
April. The entire election study consisted of 4,875 respondents, while this dataset only uses respon-
dents who answered the relevant questions in both waves (n = 3,175).1 See Backström et al. (2023)
for a more in-depth description of the panel and the election study. Data for the entire election study
can be accessed at the Finnish Social Science Data Archive (FIRIPO and Strandberg, 2023), while
data and replication files for the MTME experiment can be accessed at the PSRM Harvard Dataverse
(Backström et al., 2025).

Ten survey itemswere included in the twowaves using a bipolarmatrix question that asked respon-
dents: ‘What is your opinion on the following political proposals?’ The items are used to capture
different issue dimensions prevalent in Finland, such as the traditional economic left–right dimen-
sion, and various aspects of the sociocultural dimension. We also include an item used to capture
the historically relevant center-periphery dimension. Westinen (2015) presents an overview of the
political cleavage structures in Finland, and Söderlund (2023) discusses a more in-depth analysis of
the substantive results and the ability of the items to capture different dimensions in the election
study. The matrix questions were included at the end of the respective waves, and the total wave
response times were about 10 minutes (wave five median: 10.5 minutes; wave six median: 10.1 min-
utes). Table 1 presents the exact statement wordings and what political issue dimension the items
attempt to capture.

The experimental design is based on varying the number and direction of scale points that
respondents can choose from when answering the questions. These variations are done to capture
measurement errors resulting from method effects (scale points) and acquiescence (scale direction)
while estimating random error. The survey attributes were manipulated in a 2 × 2 experimental

1When studying dropout due to not answering bothwaves, we find that there are significant differences between respondents
included versus those not included. There is an overrepresentation of men, older, higher educated, non-probability recruited,
politically interested, and with high internal political efficacy.
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6 Kim Backström et al.

Table 1. Survey items used and their representative issue dimension

Item number Statement-wording Issue dimension

1 Tax solutions that reduce income differences in society Economic

2 Allowing private corporations to be responsible for elder care to a
greater degree

Economic

3 Increasing financial support to rural areas Center-Periphery

4 Implementing stricter prison sentences Sociocultural

5 Accepting fewer refugees to Finland Sociocultural

6 Strengthening gay, bi- and transsexual rights in society Sociocultural

7 Investing more in an environmentally friendly society Sociocultural

8 Finland should leave the EU Sociocultural

9 Increasing the digitalization of society Other

10 Introducing a climate tax on beef Sociocultural

Table 2. Question forms when varying scale points and directions (2 × 2)

Form number Number of scale points Scale direction

F1 5 Very good proposal→ Very bad proposal

F2 5 Very bad proposal→ Very good proposal

F3 11 Very good proposal→ Very bad proposal

F4 11 Very bad proposal→ Very good proposal

design, where respondents could answer using either 5- or 11-point scales, and the scale direction
was either from good to bad proposal (decremental) or bad to good proposal (incremental). All scale
points had verbal labels in the 5-point scale forms,2 while only the polar scale points had verbal labels
in the 11-point forms. Furthermore, all scale points in the 11-point forms had numeric labels ranging
from 0 to 10. These variations resulted in four possible forms for the question (Table 2).

However, the MTME approach is based on a within-person experimental design, meaning that
respondents must answer two forms of the question at two different points to estimate measurement
error. Using a split ballot design (Saris and Gallhofer, 2014), the four forms over two measurement
points result in six combinations, or form pairs, that must be administered to achieve the design.3
However, the form pairs’ order should be randomized to counteract potential carryover effects.
Randomizing the order of the forms results in 12 treatment groups (2 × 6) (Table 3).

Memory effects are also a concern when carrying out within-person experimental designs.
Respondents may remember they answered the same questions earlier, affecting their answers. For
example, they may simply repeat the previously given answer due to satisficing (Rettig and Blom,
2021). Increasing the time between measurement points can decrease the risk of memory effects.
Previous research has found that memory effects are rare after at least 20 minutes of interview time
(Saris et al., 2010; Saris, 2013). However, new research found respondents to be able to reproduce
their answers after 20 minutes across questions on beliefs, attitudes, and behavior (Rettig et al., 2023;
Rettig and Struminskaya, 2023), indicating a need for more time between measurement points.

However, when studying measurement error using within-person experimental designs, keeping
time betweenmeasurement points too long can also be problematic since there is a risk of true change
in the concepts of interest (Cernat and Oberski, 2019). This means that differences observed between

2For example, F1: very good proposal, fairly good proposal, neither good nor bad proposal, fairly bad proposal, very bad
proposal. Every form also had a “don’t know” response option, these responses have been recoded as NA. See Figure A1 in the
appendix for the proportion of item nonresponse.

34!/((2!(4-2)!)) = 6.
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Table 3. Randomized form order combinations across measurement points for the treatment groups (n= 3,175)4

Group number T1 form T2 from Group sample size

1 F1 F2 265

2 F1 F3 285

3 F1 F4 299

4 F2 F3 270

5 F2 F4 259

6 F3 F4 251

7 F2 F1 251

8 F3 F1 275

9 F4 F1 259

10 F3 F2 258

11 F4 F2 256

12 F4 F3 247

forms of the questions for the same respondent could be caused by a change in the underlying trait
and not bymeasurement error. However, preferences on sociocultural issues generally aremore stable
(Zaller, 2012), meaning that survey items used should not be prone to true change in traits.

The two waves that included the MTMEexperiment took place after the parliamentary election,
meaning there should not be an election outcome effect that could have changed the true score
between the two waves. However, the waves’ field periods overlapped each other in time. To ensure
the correct form orders and decrease the impact of memory effects, we excluded respondents who
answered the waves in the wrong order (n = 10) or both waves on the same day (n = 46). This
resulted in 3,175 respondents, with a mean time between waves of 9.6 days (min: 1; max: 19; sd: 2.3).
Ensuring there was at least 1 day between responses, randomizing the form order, the fact that both
waves occurred after the election, and the relative stability of the topic of interest should balance well
the possible confounders of memory effects and true change. We will also run sensitivity analyses to
investigate how the time between measurements impacts error estimates.

Furthermore, from a data quality standpoint, probability samples are preferable to nonproba-
bility samples since analyzing data from nonprobability samples increases requirements regarding
transparency, design, and modeling assumptions (Baker et al., 2013). The critique on nonprobability
samples is based on the uncertainty regarding being able to make accurate inferences about a larger
population. Lately, this critique has focused on online incentivized opt-in panels such as Amazon’s
Mechanical Turk (Kennedy et al., 2020; Ahler et al., 2021). However, the Citizens’ Opinion panel does
not employ comparable incentives for panel participants, and almost all of the panelists recruited via
nonprobability sampling have been in the panel for over 3 years, meaning they are active and will-
ing participants even without incentives used in other online panels. Still, while there are exceptions
(e.g., Einarsson et al., 2022), based on the previous literature, nonprobability samples can be expected
to generate more measurement errors. Because of this, we will decompose variance between pan-
elists recruited via non-probability (n = 1,154) and probability (n = 2,021) sampling as a sensitivity
analysis.

4A post hoc power analysis showed that a sample size of 3,175 with 1 numerator degree of freedom, 12 groups, 0 covari-
ates, an alpha of 0.05, and an effect size of 0.1 would result in a power of 0.9998802. The experimental groups do not differ
significantly with respect to gender and education, while there are some differences between age-groups (see Table A1 in the
appendix).
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Figure 1. Representation of the MTME model estimated in the SEM framework. Observed variables are represented by
squares, each topic being measured using four different forms (F1–F4). Latent variables, or factors, are represented by cir-
cles. The “T” latent variables represent the concept of interest, while the “M” latent variables represent method effects due
to the response scale, and “A” represents acquiescence caused by the direction of the scale. Only 3 out of the 10 topics are
presented for ease of reading. Residual errors are not presented for the same reason.

4.3. The MTME model
Based on the experimental design presented in the previous section, we develop a statistical model
that separates three different sources of measurement error from the trait, or concept of interest
(Cernat and Oberski, 2019, 2022). First, we estimate method effects as the variance due to the
response scale, 5 versus 11 points. Second, we estimate acquiescence effects, or the tendency to
agree with statements regardless of their content, by comparing situations when positive response
categories are presented first versus when presented last. This is based on the expectation that it is
easier to agree with a statement if the positive response category is presented first. Finally, we also
estimate random errors or noise.

To separate these different sources of variation concurrently, we develop an MTME model in the
Structural Equation Modeling framework (Bollen, 1989):

y*
tma = 𝜆(T)*

tma Tt + 𝜆(M)*

tma M + 𝜆(A)*

tma A + 𝜀tma

where y*
tma is the observed variablemeasuring a particular trait or topic, t, a method or response scale,

m, and a scale direction, a. We decompose these observed variances in four sources of variation: T,
measuring the trait,M,measuring themethod effect,A,measuring acquiescence and an item specific
random error, 𝜀tma. The trait variance represents the valid source of variation that measures the
concept of interest.We reason that, evenwhenworkingwith items used to create indices, it is essential
to detect measurement error at the individual-item level to achieve the best possible data quality. The
Acquiescence and Method variances are correlated measurement errors as they represent consistent
answering patterns due to the format of the response scale and not the content. The random error
represents noise in the data that can bias confidence intervals and multivariate analyses. The visual
representation of the model can be seen in Figure 1.

In the MTME models, correlated measurement error (such as Method (M) or Acquiescence (A))
can be identified using either a latent variable for each condition or using a dummy coding approach
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(Cernat and Oberski, 2019, 2022). Here, we use the former approach for the method effect, thus esti-
mating two latent variables (M1 and M2), one for each method used, and the latter for acquiescence
(A). As a result, the method effects can be interpreted as the amount of variation due to each method
compared to a hypothetical answerwithout amethod effect.The acquiescence latent variable variance
can be interpreted as the amount of extra variation due to presenting a positive response category first
compared to presenting it last. Using the dummy coding approach can help estimate the models (as
used in the MTMM-1 models; see Eid et al., 2008) but can sometimes be harder to interpret.5

In addition to running the MTME model for the entire sample, we also investigate if MTME
estimates vary by key groups identified in the literature. We will do this by separating the MTME
estimates by the degree of political interest, degree of internal political efficacy, and education level,
which we view as indicators of political sophistication.6

Political interest is indicative of general interest in answering the survey, considering the political
theme. Groves (2004) found an association between survey topic interest and degree of non-attitude
and acquiescence, meaning respondents with lower political interest can be expected to achieve lower
data quality on questions used to measure political issue positions. Political interest is estimated
through the question “Generally, how interested are you in politics?” with the response options “very
interested,” “‘fairly interested,” “not particularly interested,” and “not interested at all.” However, to
achieve better class balance, the response options “fairly interested,” “not particularly interested,” and
“not interested at all” were combined in the analyses, creating two groups that either have “high
political interest” (n = 1,275) or “low political interest” (n = 1,888).

Internal political efficacy is seen as an individual’s assessment of their ability to understand what
is going on in politics (Niemi et al., 1991). Considering that a lack of knowledge or comprehension
of a subject indicates non-attitudes (Groves, 2004), it is reasonable to assume that a low level of inter-
nal political efficacy is also associated with non-attitudes on political issues. A higher propensity to
answer these surveys randomly will lead to a greater overall degree of error.We use three survey items
and the four response options to create a sum variable (scale 0-9), where a higher value indicates a
higher degree of internal political efficacy. See Table A2 in the appendix for a closer decomposition
of the items and response options used to create the sum variable and differences within the sam-
ple regarding internal political efficacy. To achieve class balance, we recoded the sum variable into a
dichotomous variable where respondents with a value under the mean (6.28) were coded as having
a low degree of internal efficacy (n = 1,438), while those over the mean were coded as having a high
degree (n = 1,238).

Finally, having an academic degree is also viewed as indicative of political sophistication and
cognitive ability. Again, being less educated is associated with a higher chance of non-attitude and
acquiescence (Groves, 2004). Meisenberg and Williams (2008) also found that cognitive ability or
education level is negatively related to acquiescence and extreme response styles. Having a degree
was measured using the question “What is your highest achieved education?” with nine response
options.The responses were then recoded based onwhether the respondent had achieved a university
or university of applied sciences degree (n = 1,666) or not (n = 1,489).

We view these variables as indicators of political sophistication, meaning a respondent with low
political interest, low internal political efficacy, and/or without an academic degree can be expected
to have lower political sophistication compared to those with a higher formal sophistication concern-
ing politics. Political interest, internal political efficacy, and education level are all closely related and
can be used as proxies for political knowledge (Rapeli, 2022). Furthermore, high political knowledge

5For the models where there were estimation issues, we have run a model where both M and A are identified using the
dummy approach method. These are mentioned in Section 5.

6See Table A2 in the appendix for the descriptive statistics.
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Figure 2. Rescaled averages and confidence intervals by form and topic.

is related to correct voting (Lau et al., 2013; Pierce and Lau, 2019), meaning those politically knowl-
edgeable can better vote according to their preferences. Based on this, we expect respondents with
low political sophistication to be more error-prone.

Data were cleaned in R 4.3.1 (R Core Team, 2023), and the SEM models were estimated in the
lavaan package (Rosseel, 2012). Missing data7 were dealt with using Full Information Maximum
Likelihood, which assumes Missing At Random (MAR) given the model (Enders, 2022).

5. Results
We first explore the results using descriptive statistics. To investigate if the response scale (5 vs. 11
points) or the scale direction (positive vs. negative first) impact mean estimates, we rescaled all the
questions on a 0–1 scale, and we reverse coded the positive first forms (Figure 2) so larger numbers
imply more support for the statement. Overall, the averages are similar, and the response scale used
does not seem to biasmean estimates. Somenotable exceptions are theCorporations questions, where
there is a significant difference between positive first and negative first. Surprisingly, people are less
likely to select the first categorywhen this is positive. A similar pattern can be observed for the 5-point
scale for Rural, Environment, and Digitalization.

Next, we create a correlationmatrix of all the questions we use in the analysis (4 forms × 10 topics).
In line with MTMM research, we expect the four forms measuring the same concept to be highly
correlated (Campbell and Fiske, 1959). Ideally, the correlation of different topics using the same forms
should be smaller (implying low method effects). Such a pattern would imply that the content of the
question is the main driver of the answers and not the form of the response scale. Our correlation
matrix (Figure 3) presents such a pattern, with the lighter squares on the off-diagonal representing
higher correlations for questions measuring the same topic. Based on these, we expect relatively low
method and acquiescence effects in the MTME model and relatively high data quality.

7Item nonresponse (NA and “Don’t know”-answers) proportions varied between 6.9% (F1, environment) and 12.2% (F3,
corporations). See Figure A1 in the appendix for a decomposition.
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Figure 3. Correlation matrix of all the questions and forms.

5.1. MTME results
The model proposed in Section 4.3 was estimated successfully and had an overall good fit (χ2:
1535.617, df : 719, p-value: 0.000, CFI: 0.978, RMSEA: 0.019, SRMR: 0.026). Using the model, we
can decompose the total amount of observed variance in the sources presented in Section 4: trait,
acquiescence, method, and random error. Figure 4 presents the variance decomposition by response
scale and topic.

Overall, the 10 questions measuring issue positions show moderate data quality. The proportion
of variance measuring the concept of interest (trait, i.e., validity) is approximately 76%. Looking at
the causes of measurement error, it appears that random error is the largest source, with around 23%
variance. By comparison, method and acquiescence variance is small, representing less than 1%. The
data quality is similar when using either 5-point or 11-point response scales (trait variance 78% vs.
75%). When using 11-point response categories, we have slightly more random error (24% vs. 21%)
and method effects (1.2% vs. 0.2%). Looking at data quality by topic, we see considerable variation.
Four topics have trait variance over 80% (higher quality): EU, Beef, Gay, and Prison, while two have
lower than 70%: Corporations and Digitalization.

We can use this approach to investigate further which response scale leads to the best data quality
for each topic or question. Figure 5 highlights that in most cases, the 5-point scale leads to better
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Figure 4. Variance decomposition by (a) response scale and (b) topic.

Figure 5. Variance decomposition based on MTME by topic and response scale.

quality compared to the 11-point.The only questionwhere the response scale does not seem tomatter
is Refugees.

5.2. Moderating effects
These overall data quality patterns could hide important group differences (Cernat and Toepoel,
2022). As a result, we investigate if the data quality of 10 items measuring issue positions is mod-
erated by other factors such as political interest, internal political efficacy, and degree. To answer this
research question, we run a series of multigroup MTME models where the moderating factors define
the groups. This allows each group to have different data quality indicators.

First, comparing data quality for those with high interest to those with low interest in politics, we
observe slightly higher quality for the latter.8 Overall, those with high political interest have around
78% trait variance versus 76% of those with low interest. The difference is caused by more random
error for the latter (24% vs. 22%) and acquiescence effect (1% vs. 0.3%).We see considerable variation
when comparing the two groups by topic (Figure 6). For example, the Corporations question has a
difference of approximately 12% in data quality (73% vs. 60%), with those with less interest in politics
showing lower quality. The other questions show smaller differences, and for the EU question, those
with lower interest actually show slightly higher quality (88% vs. 86%).

8Note that for this model, we use dummy coding both for themethod and acquiescence factors (similar tomtmm-1) to help
with the estimation of the model and avoid negative variances (Haywood cases). See Section 4 for a discussion regarding this.
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Figure 6. Variance decomposition based on amultigroup MTME by topic and political interest.

Figure 7. Variance decomposition based on amultigroup MTME by topic and internal efficacy.

Similar patterns are observed when comparing those with high internal efficacy with those with
lower levels.9 Overall, trait variance is lower for those with low internal efficacy (79% vs. 74%). This
seems to be caused mainly by more random error for the latter group (25% vs. 21%). Looking at the
different topics (Figure 7), we observe the largest differences for Corporations (10%), Tax (8%), Rural
(7%), EU (6%), and Environment (5%).

Finally, we also investigate if having a degree leads to differences inmeasurement errors.10 Overall,
we observe more trait variance for those with a degree (77% vs. 75%). Again, this seems to be mainly
driven by random error (22% vs. 25%). This pattern can also be observed for most topics (Figure 8).
The largest differences can be observed for Tax (11%) and Corporations (8%), with those without a
degree having less trait variance and more random error.

5.3. Sensitivity analysis
We also run two sensitivity analyses. First, we investigate whether the time between interviews
impacts data quality estimates. We do this by rerunning the MTME model while controlling for the

9Note that for this model, we use dummy coding both for themethod and acquiescence factors (similar tomtmm-1) to help
with the estimation of the model and avoid negative variances (Haywood cases). See Section 4 for a discussion regarding this.

10Note that for this model, we use dummy coding both for the method and acquiescence factors (similar to mtmm-1) to
help with the estimation of the model and avoid negative variances (Haywood cases). See Section 4 for a discussion regarding
this.
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Figure 8. Variance decomposition based on amultigroup MTME by topic and degree.

number of days between the interviews. We do not observe any differences in our estimates after
controlling for the number of days (Figure A2 in the appendix).

We also investigate if data quality is different by sampling source. More precisely, we compare
those selected through random sampling and those self-selected in the study. Overall, the differ-
ences between the probability and nonprobability samples are relatively small. For the trait variance,
this is only 0.8% (76.1% for probability vs. 76.9%). We observe more variation by looking at each
question separately (Figure A3 in the appendix). The largest difference is for the Corporations vari-
able, where the non-probability sample shows better quality (70% vs. 64% trait variance). The second
largest difference is in the opposite direction for the Digitalization variable (65% vs. 70%).

6. Discussion
In this paper, we investigated the quality of 10 items usedwhenmeasuring positions on political issues
in Finland. We used an experimental design, the MTME, to examine how acquiescence, method
effects, and random error affect these important measures. Overall, the items have moderate data
quality, with around 76% of the variance measuring the topic of interest (trait variance), 23% being
random error, and around 0.7% for method and acquiescence. The data quality varied significantly
by topic, with the Corporations and Digitalization questions having the lowest quality (under 70%
trait variance) and EU, Beef, Gay, and Prison showing the highest quality (over 80% trait variance).

While method and acquiescence had a low impact on the overall variance, the choice of response
scale has proved important.The data quality is slightly better for the 5-point compared to the 11-point
response scales (trait variance 78% vs. 75%). This is true for most topics investigated here. Looking at
average estimates, there are few differences, but when differences appeared, surprisingly, people were
less likely to select the first category when this is positive.

We also investigated if data quality varies by key groups. We looked at how political interest, inter-
nal political efficacy, and having a degree moderate data quality. While the differences were small,
we observed a systematic pattern with people with less interest, less internal efficacy, and, without a
degree, having lower data quality.This seems to be drivenmainly by random error.The differences are
especially large for some topics, such as Tax and Corporations, which are used to tap economic left–
right preferences. These might be topics where some of the public does not have enough information
to have informed opinions.

As with all research, this also has some limitations. While we used an experimental design to
investigate data quality, our data have some potential limitations. First, memory effects could impact
the results since our design had a reinterview. To minimize this, we restricted our data to people
with at least 1 day between reinterviews. We have also randomized the order in which respondents
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were presented with the response forms, minimizing potential systematic biases. We find the same
results when running a sensitivity analysis by controlling for the days between interviews (Figure
A2 in the appendix). Additionally, the sample comprises a mix of respondents who were selected
using probability and non-probability sampling. We observed minor differences when analyzing the
two groups separately (Figure A3 in the appendix). Still, the interview and re-interview design led
to us being unable to include respondents who only answered one of the survey waves, leading to
differential dropout. Considering the differences between included and excluded respondents con-
cerning political sophistication, measurement error can be even higher in non-filtered survey data.
Also, it is possible that measurement error would be higher in a less labor-intensive cross-sectional
survey, as opposed to this study’s panel setting. A panel might have filtered away those with lower
political sophistication (especially interest) that otherwise would have answered a cross-sectional
survey.

In addition, while our implementation of theMTMEoffers the possibility to separate three sources
of variance (method, acquiescence, and random error), other causes, such as social desirability, could
be present. Future research should investigate to what degree other sources of measurement error
are present when measuring issue preferences. Similarly, here we investigated just 5- and 11-point
response scales, but future research could compare them with other alternatives, varying the number
of response scale points, verbal and numeric scales, and item-specific questions.

Considering the study’s inherent limitations, we can nevertheless draw some important conclu-
sions. First, survey items estimating issue positions have moderate data quality and are similar to
other opinion or attitudinal questions. For example, Alwin (2021) has shown by analyzing hundreds
of questions from multiple longitudinal studies that factual questions collected in surveys have a
reliability of around 0.85, while nonfactual items often have reliabilities as low as 0.5. Saris et al.
(2011) estimated the average measurement quality at 0.64 using 2,460 questions from multiple cross-
sectional studies. We also note that the main threat to data quality seems to be random error. In
contrast, systemic errors due to methods and acquiescence are small, which aligns with previous
MTME studies that looked at different error sources concurrently (Cernat and Oberski, 2019, 2022,
2023). Random error can be problematic, as Saris and Revilla (2016) show that a true correlation
of 0.9 can appear to be 0.33 when the quality coefficient of the two questions used is 0.6. They fur-
ther show how regression coefficients and their relative importance can change due to measurement
error.

In addition to this overall moderate data quality, we note that this varies by key population
groups, political interest, internal efficacy, and degree. This can be especially problematic as differ-
ences observed in issue positions between these groups could be caused by measurement error, not
differences in the concept of interest. This can have important implications for political theory and
policy.

Researchers can account for this information by designing better data collections that minimize
measurement errors in advance and correcting for errors after data collection. We recommend using
5-point response scales instead of 11-point ones as they show better quality. Similarly, presenting the
negative response category first may minimize acquiescence effects. Also, we recommend avoiding
the Tax, Corporations, and Digitalization questions or developing alternatives, as these have shown
the largest differences in quality across key groups or overall low quality.

Researchers should also consider correcting for measurement error. Since the main threat stems
from random error, researchers should focus on that. Researchers, for example, could re-interview a
random sample of the data to estimate reliability (e.g, using a test–retest approach). Those reliability
estimates can be used to correct for measurement error in standard statistical packages or using a
SEM framework. Researchers can also consider developing their own MTME or MTMM designs to
estimate data quality. The advantage of these models is that the trait latent variables can be used in
substantive analysis or saved for other users. In this way, they would be correcting for measurement
error in their analyses.
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