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Reliability in survey measurement is a crucial aspect of data quality. Yet surprisingly little
attention has been given to assessing reliability for commonly used survey measures or evaluating
how reliability may vary across different survey contexts. This study leverages the Comparative
Panel File (CPF), a dataset compiled from long-running household panel surveys in seven
countries—Australia, Germany, Russia, South Korea, Switzerland, the United Kingdom, and
the United States—to estimate the reliability of 14 survey indicators from 2001 to 2020 using
quasi-simplex models. We find that reliability is high and consistent across countries for factual
items but substantially lower and more variable for self-assessment items (e.g., satisfaction with
life, satisfaction with work, self-rated health). Additionally, we find that variations in question
wording across the panels (e.g., asking about health currently versus in general) led to different
reliabilities. We discuss the implications these findings have for measurement comparability in
cross-national research.
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1 Introduction

A fundamental aspect of survey data quality is reliability.
This issue is vital because if the answers that respondents
provide to a measure differ from one occasion to another,
then the responses observed in a survey may reflect random
departures from the true value not the true value itself (Lord
and Novick 1968). A solution to this problem is writing
questions that respondents can interpret and answer consis-
tently over time (Tourangeau et al. 2000). While this may
seem straightforward, achieving high reliability is challeng-
ing; reliabilities for widely used survey measures are often
not as high as the benchmark of 0.90 suggested by Nunnally
(1978). For instance, Siegel and Hodge (1968) found a cor-
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relation of 0.85 when comparing individuals’ self-reports
of personal income at two different time points. Scherpen-
zeel and Saris (1997), in a meta-analysis of 12 surveys in
the Netherlands, reported an average reliability coefficient
of 0.89.

Previous research has shown that low reliabilities may
be related to question content, with attitudinal ques-
tions—focused on more abstract or complex concepts—being
less reliable than factual questions (Hout and Hastings
2016; Tourangeau et al. 2021). For example, Alwin (2007)
found average reliabilities of 0.85 for factual questions
compared to 0.66 to 0.68 for non-factual questions in an
analysis of the U.S. General Social Survey.

Studies have also shown that reliability may differ across
countries and cultures. Differences can arise if translated
questions do not have identical meanings or if concepts are
interpreted differently across cultures (Alwin et al. 1994;
Harkness et al. 2004; Johnson 1998). For instance, reliabil-
ity for a life satisfaction question ranged from 0.68 to 0.74
across four countries (Lucas and Donnellan 2012). Scher-
penzeel and Saris (1993) found significant variation in reli-
ability estimates for several satisfaction measures in a meta-
analysis of surveys from 10 European countries. Similarly,
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Chylíková (2021) observed statistically significant differ-
ences in reliability estimates between Central and Eastern
European countries and the rest of Europe for two items
from a European Union survey.

Research also points to differences in reliability over
time in longitudinal surveys, potentially due to panel con-
ditioning as participants become more familiar with the sur-
vey process, resulting in more consistent responses (Sturgis
et al. 2009). For example, item reliabilities for four scales
increased over 11 waves in the British Household Panel Sur-
vey (Sturgis et al. 2009). Cernat (2015), analyzing 46 sur-
vey items over four waves in the Understanding Society
Innovation Panel in the UK, found a slight increase in aver-
age reliability over time. Additionally, Cernat and Oberski
(2023) used data from the same panel and observed a slight
decrease in random measurement error over three waves.

When interpreting previous findings, it is important
to recognize that differences may arise from the various
methods used to estimate reliability, each with unique
assumptions. One common approach—interview-reinter-
view correlation—typically assumes no true score changes
or memory effects between interviews. Multi-trait multi-
method (MTMM) models (Andrews 1984; Saris and Gall-
hofer 2007) estimate both method effects and reliability
by using multiple items that measure different constructs
with different question formats; however, when these items
are administered together in a single survey, reliability
estimates may partly capture respondents’ memory of their
earlier answers. Quasi-simplex models (Heise 1969; Alwin
2007) use data from three or more waves of longitudinal
data and do not require assumptions about memory effects;
instead, they require that error variances remain constant
across waves (Wiley and Wiley 1970). A key advantage of
the quasi-simplex approach is that it enables the estimation
of reliability using existing panel data. For a comprehensive
review of these methods, see Tourangeau (2021).

In this paper, we examine the reliability of widely used
survey measures in national panel studies across contexts
and over time. We do so using data from the Compara-
tive Panel File (CPF 2023), which harmonizes data from
long-running household panel surveys in seven countries,
making it possible to estimate reliability on a large scale.
Using quasi-simplex models, we estimate the reliability of
11 factual and 5 non-factual (self-assessment) survey indi-
cators in each country over a 20-year period.

First, we estimate the reliability of each survey item us-
ing data from all countries and points in time. Understand-
ing the reliability of these items is important in its own
right, as it provides researchers with valuable information
for evaluating data quality and interpreting results; if re-
liability is low, it can reduce the precision of estimates,
attenuate correlations, and bias regression results (Alwin
2007; Fuller 1987; Saris and Revilla 2016). A key issue we

examine is the extent to which question content influences
reliability. While prior studies have found that non-factual
items exhibit about 20–22% lower reliability compared to
factual measures (Alwin 2007), to our knowledge, no previ-
ous research has explored this issue using panel data from
multiple countries.

Next, we investigate how reliability varies by country,
challenging the often-untested assumption that measure-
ment reliability is equal across diverse contexts. While some
research has explored cross-national differences in item re-
liability, such analyses have largely been restricted to data
from the U.S. and Western Europe (Chylíková 2021; Lu-
cas and Donnellan 2012); comparatively little is known
about reliability patterns in other cultural settings. Addi-
tionally, we conduct a longitudinal evaluation of how reli-
ability varies over a 20-year period, motivated by evidence
from the UK suggesting that survey reliability may increase
over time as panel members become more familiar with the
questions being asked (Cernat and Oberski 2023; Sturgis
et al. 2009). However, it remains an open question whether
similar patterns exist in survey panels from a wider range
of countries, as this has not been systematically examined
to date.

Finally, we compare the reliabilities of questions that are
worded differently across the panels. We first examine self-
assessment questions administered with either longer (10-
point) or shorter (5-point or 7-point) scales. Prior research
suggests that attitude questions with fewer response options
tend to yield more reliable answers, likely because simpler
scales make the available choices easier to distinguish (Al-
win et al. 2018; Revilla et al. 2014). However, it is less
clear whether this finding applies to self-assessment ques-
tions, since respondents presumably have access to more
information about themselves than about external (attitude)
objects and may therefore benefit from the finer distinctions
provided by longer scales. To date, findings for self-assess-
ment questions remain mixed. Some studies report greater
reliability with 5-point scales (Revilla et al. 2014), while
others find advantages in using longer scales (Alwin and
Krosnick 1991).

Additionally, we examine a self-rated health (SRH)
question that varies across countries in its reference pe-
riod–assessing either current health or health in general.
According to Garbarski (2016), prior methodological re-
search on SRH has largely focused on the order of response
options and the sequencing of questions, with limited at-
tention given to the effects of specifying a reference period.
Given that respondents consider a wide array of health fac-
tors in their assessments (Jylhä, 2009), it is plausible that
specifying a reference period influences the types of health
factors respondents emphasize; for example, assessments
of “health in general” may draw more on stable, long-term
considerations, whereas “current health” may be shaped by
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temporary or situational factors. If so, asking about health
in general could potentially yield more reliable answers.

In summary, we use data from the CPF to address the
following research questions:

RQ1. Overall Reliability. a. How reliable are frequently
administered items in household panel surveys? b. To what
extent are non-factual items less reliable than factual items?

RQ2. Reliability across Contexts: How do reliabilities dif-
fer across a) different countries and b) over time?

RQ3. Question Characteristics: How is reliability affected
by the use of a) different numbers of scale points for self-
assessment questions and b) different reference periods for
SRH?

1.1 Methods

1.1.1 Comparative Panel File

The CPF is a harmonized dataset compiled from household
panel surveys in seven countries. They are as follows:

– Australia: The Household, Income and Labor Dynamics
in Australia Survey (HILDA),

– Germany: The German Socio-Economic Panel (SOEP),
– United Kingdom: The British Household Panel Survey

(BHPS) and Understanding Society—The UK House-
hold Longitudinal Study (UKHLS),

– South Korea: The Korean Labor and Income Panel Study
(KLIPS),

– Russia: The Russian Longitudinal Monitoring Survey
(RLMS),

– Switzerland: The Swiss Household Panel (SHP), and
– the United States: The Panel Study of Income Dynamics

(PSID).

These studies are intended to be representative of the po-
pulation of households in their respective countries. Each
of them has added sample members over time by including
new household members (e.g., grown-up children) and re-
freshment samples (e.g., migrant families). The studies con-
duct annual interviews with one or more household mem-
ber, except for PSID, which conducted interviews every
other year. For more details about each panel survey, see
Turek et al. (2021).

Table 1

Number of waves and observations in each panel of the
analytic sample

Country Study Waves

Obser-
vations
n

Unique
Respondents
n

Australia HILDA 20 637,940 31,897

Germany SOEP 20 1,745,620 87,281

Russia RLMS 20 1,240,840 40,917

South Korea KLIPS 20 651,300 32,562

Switzerland SHP 20 560,040 28,002

United
Kingdom

BHPS/
UKHLS*

20 2,184,120 97,469

United States PSID 10 467,560 23,378

*BHPS: 2001–2008, 8 waves; Understanding Society: 2009–2020,
12 waves.

The CPF includes observations from individuals aged 18
and older who meet the eligibility criteria of their panel.1

The dataset has a hierarchical structure with: (1) repeated
individual observations from different waves (2) clustered
within individuals (3) who are clustered within countries.
When constructing the file, observations with missing val-
ues for age and gender were deleted (Turek et al. 2021).

We analyzed CPF data from 2001 to 2020 and a total of
6,849,480 observations from 341,506 unique respondents.
Table 1 shows the number of observations in each study.

Our goal was to analyze as many variables as appropriate
given our analytic technique. To achieve this, we included
all numeric and ordinal variables that were not missing in
more than two countries and that had not been corrected
based on answers from previous waves (e.g., year of birth).
This selection process yielded 14 survey indicators, which
are presented in Table 2.2 Satisfaction questions were har-
monized into either 5-point scales or 10-point scales; our
analysis focuses on the 10-point version. The CPF code-
book provides the question wording for these items (Turek
et al. 2023).3

1 Proxy respondents are considered eligible in and the United King-
dom, Switzerland, South Korea, and Russia but not in the US, Aus-
tralia, and Germany.
2 We cannot estimate reliability for nominal variables (i.e., categorical
without any intrinsic ordering) using our analytic approach.
3 All CPF data are publicly available for research purposes and can be
accessed at: https://www.cpfdata.com.

https://www.cpfdata.com
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Table 2

Description of survey variables used in the analysis

Variable Label Description Missing Data

Factual

Education Education: 5 levels

Num. children Number of children in HH aged 0–17 UK

HH size Number of people in HH

hrs worked Work hours per week: worked

Emp. size Size of organization: 5 levels Australia,
Germany

Ind. income Individual labor earnings (all jobs, year, gross)—we recoded and capped at the 95th percentile and took the
log. As a result, this now includes only youth who had income

Russia

HH income Household income (month, post)—we recoded and capped at the 99th percentile, added 1000, and took the
log

Work exp. Labor market experience South Korea, UK

Religious att. Frequency of attendance at religious services

Non-factual

SRH Self-rated health (5 categories)

Sat. HH fin. Satisfaction: financial situation of HH USA

Sat. income Satisfaction: individual income USA

Sat. work Satisfaction: work USA, UK

Sat. life Satisfaction: life US, UK

1.1.2 Analytic methods

To estimate the reliability of our variables, we leverage
the longitudinal design of the survey panels and apply the
quasi-simplex model. This approach, based on the Struc-
tural Equation Modelling framework, can estimate relia-
bility for variables measured across at least three waves
of data, with a separate model fit for each variable. We
chose the quasi-simplex model over interview-reinterview
or MTMM approaches for several reasons. First, it can be
applied to single questions that are not part of multi-item
scales. Second, it does not rely on assumptions about mem-
ory effects (i.e., respondents recalling previous answers),
thereby avoiding a potential source of bias in reliability es-
timates. Third, it does not require any special survey design,
allowing us to estimate reliability using existing panel data
under realistic survey conditions.

The basic formula for the quasi-simplex model (Alwin
2007) can be expressed using two components: a meas-
urement equation and a structural one. The measurement
model is estimated using the equation:

Xt = œtTt + et

Where Xt is the observed variable at time point t, Tt is
a latent variable, λt is a factor loading, and et represents

the residual or random error. The model is extended to
include an auto-regressive model that structurally connects
the latent variables:

Tt = “t−1Tt−1 + ut

Where Tt–1is the trait at the previous wave, βt–1 is a re-
gression coefficient indicating the amount of stability from
one wave to another, and ut is the residual and represents
reliable time-specific variance.

Given that we are analyzing 20 years of data, we will run
the quasi-simplex model for five time points in each model
(2001 to 2005, 2006 to 2010, and so forth). In cases where
data is collected every two years, like in the case of PSID
in the USA, we will still use five waves, but it will be over
ten years of data. We can also visually represent the five-
wave quasi-simplex model using an SEM diagram (Fig. 1).

This model estimates reliability at each point in time
as the proportion of variation explained by the trait (Tt) as
opposed to random error (et). To estimate the model, re-
strictions need to be added. The most common approach
restricts the variance of the residual (et) to be equal in time.
This has been shown to be robust in most applications (Al-
win 2007; Cernat and Sakshaug 2021). We also use this
restriction for our models.
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Fig. 1

Visual representation of the quasi-simplex model with five waves where Xt is the observed va-
riable, Tt is a latent variable, et represents the residual, or random error and ut is the residual
and represents reliable time-specific variance

We run the quasi-simplex model separately for each
country and variable over five waves, producing five re-
liability estimates per variable and country. We then extract
these estimates for analysis to address our research ques-
tions. Reliability will be examined using descriptive sta-
tistics and regression models. The regression models will
predict reliability as a function of question content, country,
time, and question characteristics (see Tables A2, A3 and
A5).

We initially analyzed all the models using the lavaan
(Rosseel 2012) package in R (v. 4.3.2) with Maximum
Likelihood estimation. For models that had issues with
convergence (e.g., negative variances), we re-run the mod-
els using Bayesian estimation using the blavaan package
(Merkle and Rosseel 2018).4 The models assume Missing
At Random (Enders 2010) by using Full Information Max-
imum Likelihood.

2 Results

Variables from some countries and waves were excluded if
they had only missing data or if they were asked only for
a subgroup (e.g., only for new panel members; see details
in the Appendix). After these exclusions, 291 models were
run, each covering five time points. Of these models, 49 did

4 The R code used for analysis is available at: https://github.com/alex-
cernat/long_reliability.

not converge or had negative variances (Heywood cases)5.
These models were rerun using Bayesian estimation and
converged without issues. The number of models we have
for each combination of variable and country is listed in
Table A1 in the Appendix. The overall fit of the models
appears adequate, with an average RMSEA of 0.028.

Given that there is no perfect overlap between all the
countries and variables, for some of the research questions
we do a sensitivity analysis using only the five variables that
are present in all countries: household income, number of
people in the household, satisfaction with life, work hours
per week, and SRH.

2.1 RQ1a. Overall reliability

Our first research question investigates the level of relia-
bility of frequently administered items in household panel
surveys. Across all variables, countries, and time points, the
overall reliability is 0.885, indicating moderate to high reli-
ability. However, this average hides considerable variation
depending on the specific variable. Fig. 2 shows the average
reliability by item. Some variables, such as household size
and education, have almost perfect reliability (close to 1),
while others, such as satisfaction with life and SRH tend

5 In most cases negative variances were very small (close to zero).
This is a known issue in Structural Equation Modelling which can
be addressed either by restricting the residuals or by using alternative
estimation methods, such as Bayesian estimation, that do not allow
for negative variances and are better able to estimate boundary coeffi-
cients.

https://github.com/alex-cernat/long_reliability
https://github.com/alex-cernat/long_reliability
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Average reliability with bootstrapped confidence intervals
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Fig. 3

Predicted reliability by question content based on a regres-
sion model that includes question content, country, and time
as predictors (see Table A2 in the Appendix)

to have average reliabilities in the range of 0.70 to 0.85.
Variables such as income, work hours per week, and reli-
gious attendance fall between these extremes, with average
reliabilities of 0.85 to 0.95. This variation highlights the im-
portance of considering question content and characteristics
when assessing reliability.

2.2 RQ1b. Reliability and question content

We next examined the extent to which non-factual ques-
tions produced less reliable answers than factual question.

Table 3

Average reliability and bootstrapped confidence inter-
vals per country

Country Reliability Std.error Conf.low Conf.high n

USA 0.936 0.008 0.919 0.951 360

Germany 0.911 0.005 0.901 0.921 980

Australia 0.899 0.006 0.887 0.910 960

Switzer-
land

0.893 0.006 0.882 0.904 1000

UK 0.868 0.008 0.852 0.882 680

Russia 0.859 0.007 0.846 0.875 920

South
Korea

0.853 0.008 0.836 0.870 920

To formally test how question content affects reliability,
we build a regression model that includes question con-
tent, country, and time as predictors (see Table A2 in the
Appendix). As expected, the model indicates lower reliabil-
ity for non-factual questions compared to factual questions
(Fig. 3). The predicted average reliability for factual items
is close to 0.94, whereas for non-factual items it is close
to 0.77—a difference of 0.17, corresponding to a percent
reduction of approximately 18%. This substantial differ-
ence underscores the inherent challenge of obtaining reli-
able answers to non-factual questions and mirrors patterns
observed in prior surveys conducted in the USA (Alwin
2007).

2.3 RQ2a. Reliability across countries

Our second research question investigates how reliability
varies by country (Table 3). When aggregating reliability
scores by country, we find that data from South Korea and
Russia exhibit the lowest average reliabilities (around 0.85).
At the other extreme, data from Germany and the USA have
the highest average reliabilities, at 0.91 and 0.94, respec-
tively.

These averages could potentially be confounded by the
fact that countries have different variables that were ana-
lyzed. If we restrict the descriptive statistics to the five items
present in all the countries, we get similar results, although
with different rankings (Figure A1 in the Appendix). South
Korea and Russia again have the lowest average reliabilities
(around 0.85), while Germany, Australia, the USA, and the
UK have average reliabilities of around 0.9.

To further assess whether country differences are statis-
tically significant, we fit a regression model that includes
country, variable, and time as predictors (Table A3 in the
Appendix). The result from this model (Fig. 4) indicate
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Predicted reliabilities and confidence intervals were based on a regression model by country
(Table A3 in the Appendix)

that Russia and South Korea exhibit significantly lower pre-
dicted reliabilities compared to the other countries.

These results nevertheless hide significant variation in
reliability across countries for specific items. Fig. 5 shows
that for factual questions in which reliability is high, there
is notable consistency across countries. By contrast, vari-
ables with lower reliabilities display more heterogeneity in
reliability across countries. For example, while panel data
from Switzerland generally exhibits high reliability, it has
the lowest reliability for SRH. (See Table A4 in the Ap-
pendix for the standard deviation of the average reliability
for each item across different countries).

Thus, our findings do not fully support the common as-
sumption of equal reliability across countries. Rather, we
observe considerable variation—particularly for non-fac-
tual items—highlighting the challenges inherent in cross-
national comparisons for self-reported attitudes and percep-
tions. These results underscore the importance of careful
interpretation when comparing such measures across coun-
tries.

2.4 RQ2b. Reliability over time

The next research question examines how stable the relia-
bilities are over the 20 years of data we analyze, considering
that reliability may increase over time (e.g., as respondents
become more familiar with the questions after repeated ad-
ministrations). A visual inspection of the average reliability
by variable (Fig. 6) suggests that reliabilities have remained
relatively stable over time, both overall and for specific
questions (see Appendix Figure A2).

However, when examining average reliability by country
(Fig. 7), more pronounced patterns emerge. Notable is a de-
crease in reliability in the UK data after 2009 and a general
upward trend in reliability for the South Korean data over
the 20 years.

To determine whether these trends are systematic, we
modeled reliability as a function of country, time, and inter-
actions between them (see Table A5 in Appendix). The
model results support the observation of a systematic im-
provement in the reliability of South Korean data. Fig. 8
presents the predicted scores by country and highlights the
upward trend for South Korea. These findings indicate that,
despite broad stability, there are meaningful longitudinal
changes in reliability within certain countries that warrant
further attention.

2.5 RQ3a. Different scale lengths

The next research question explores how the number of
scale points for the satisfaction measures affect reliability.
The satisfaction measures were administered using 5-point
scales in the USA, South Korea, and Russia; 7-point scales
in the UK; and 10-point scales in Australia, Switzerland,
and Germany. These questions were subsequently harmo-
nized into 10-point scales for analysis. This allows us to
distinguish between questions that originally used 10-point
scales (which required no change for harmonization) and
those that originally used shorter scales (which were re-
coded). The relationship between scale length and relia-
bility was evaluated using a regression model with scale
type, country, and year as predictors (see Table A2 in the
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Average reliability and confidence interval by country and variable

Appendix). The predicted reliabilities for each scale type
are presented in Fig. 9. The results indicate that satis-
faction questions originally using 10-point scales (labeled
“no change”) have significantly higher reliability, averaging
around 0.81, compared to the 5- or 7-point scales, which
averaged around 0.75. These findings suggest that the orig-
inal response scale length has an impact on reliability for
these questions, with longer, unmodified scales producing
more reliable answers.

2.6 RQ3b. Varying reference periods

Finally, we explore whether question wording differences
for the SRH measure affected its reliability. Respondents
were asked about their health “in general” in the USA, UK,
and Australia; their health “right now” in Switzerland; and
their current health or given no explicit reference point in
Korea, Russia, and Germany. We fit a regression model that
includes reference period (in general vs. present), country,
and year as predictors (see Table A2 in the Appendix). As
shown in Fig. 9, asking about health in general tends to yield
higher reliability (0.85) compared to asking about current

health (0.81). These results suggest that broader, less time-
specific wording can produce more reliable answers.

3 Discussion

Reliability in survey measurement is a crucial aspect of
data quality. Our systematic, large-scale longitudinal anal-
ysis of this issue yielded the following findings. First, over-
all reliability in long-running household panel studies was
moderate to high but varied considerably depending on the
content of the questions. Second, non-factual items tended
to have substantially lower reliabilities, with an average re-
duction of 18% compared to factual items. Third, there was
considerable variation in reliability by survey context, with
panel data from Germany and Australia exhibiting higher
average reliability than panel data from South Korea and
Russia. Fourth, reliability in the survey panels did not in-
crease over time, except in one panel (South Korea). Finally,
variation in question wording led to different levels of er-
ror, with higher reliability for self-assessment questions that
used 10-point scales compared to shorter scales and SRH
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questions that asked about health in general compared to
current health.

This study’s results are limited by the fact that varying
data collection procedures were used across different pan-

els, but this diversity is also a strength, as it provides com-
prehensive view of reliability across different real-world
survey situations. Yet the differences observed could be
due to cultural and linguistic factors, as well as differences
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Fig. 8

Predicted average and country trends for reliability based on the regression in Table A4 in
Appendix. South Korea shows significant improvement in reliability. The black line represents
the average change, while the grey lines represent the other countries based on the regression
model

in data collection modes, sample designs, and other survey
procedures (Roberts et al. 2020). This indicates a need for
a larger meta-analysis to isolate the effects of these vari-
ables on reliability.

The study highlights that panel surveys rarely achieve
high reliability (>0.90) for self-rating measures, such as
satisfaction with work, which had an average reliability of
0.74. These levels of reliability likely generalize to cross-
sectional surveys, though they would be more difficult to
estimate. Low reliability can significantly bias panel data
analyses and affect substantive conclusions (Alwin 2007;
Fuller 1987; Saris and Revilla 2016). As such, researchers
should consider applying statistical corrections for meas-
urement error (see e.g., Alwin 2007; Scherpenzeel and Saris
1993).

Our findings point to several implications for design-
ing non-factual survey items. Survey researchers should de-
vote added attention to creating self-assessment questions
(such as self-evaluations or self-descriptions) that are easy
for respondents to interpret and answer consistently. While
shorter response scales (e.g., 5 points) can yield higher-
quality data for certain types of attitude questions (Kros-
nick 1999), 10-point scales may provide greater precision
for self-assessment items. Additionally, asking about gen-
eral health tends to yield more stable responses than asking
about current health, which can be affected by temporary

Changed

No change

0.74 0.76 0.78 0.80 0.82

Reference variable: UK, sat. life 10, 2011

Present

General

0.80 0.82 0.84 0.86
Predicted reliability

Reference variable: UK, 2010

Fig. 9

Predicted reliability by question characteristics

conditions (Jylhä 2009). Future research could further ex-
plore how these questionnaire design choices affect relia-
bility by using randomized experiments with repeated mea-
surements.

In cross-national and cross-cultural research, analysts of-
ten assume consistent measurement error levels across re-
gions and countries when survey items appear comparable
in wording. However, this study shows that this assumption
does not always hold true, even for factual items. For ex-
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ample, the average reliability of a measure of “work hours
per week” ranged from 0.81 in Russia to 0.93 in Germany
and Australia. Harmonizing these measures into a single va-
riable may mask underlying country-specific measurement
differences, leading to incorrect substantive conclusions in
comparative analyses (see Smith 2018).

In interpreting our findings, we note that the quasi-sim-
plex model makes some assumptions in order to estimate
reliability. However, the standard configuration used in this
analysis has been shown to be robust (Cernat and Sakshaug
2021). We have also treated the reliability estimates from
the model as fixed in the second part of the analyses (tables,
graphs and regression models) and this might underestimate
the amount of uncertainty we have in reality.

Nonetheless, our results contribute to the growing body
of knowledge on overall levels of reliability in survey
data across diverse contexts. Future research should fur-
ther investigate this topic in multinational surveys that aim
for consistent procedures across countries (e.g., European
Social Survey, International Social Survey Programme,
Afrobarometer, and Living Standards Measurement Study).
Such research could provide greater insights into whether
differences in reliability stem from study-specific design
factors or broader cultural and linguistic influences.
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