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the TIMSS 2015 eighth-grade student 
questionnaire
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ABSTRACT
This study examined the impact of two questionnaire 
characteristics, scale position and questionnaire 
length, on the prevalence of random responders in 
the TIMSS 2015 eighth-grade student questionnaire. 
While there was no support for an absolute effect of 
questionnaire length, we did find a positive effect for 
scale position, with an increase of 5% in random 
responding over the course of the questionnaire (in 
both the shorter and the longer version). However, 
scale character turned out to be an unexpected but 
more important determinant. Scales about students’ 
confidence in mathematics or science showed an 
increase of 9% in random responding, which is dou-
ble the impact of scale position. Potential mecha-
nisms underlying the confidence case and general 
implications of the results for questionnaire design 
are discussed.

Survey answers can be distorted by construct-irrelevant factors that influ-
ence response behavior. A potential measurement validity problem arises 
here as the corresponding scale scores might no longer accurately reflect 
knowledge, abilities, or opinions related to the survey content (e.g., 
Cronbach, 1950; Messick, 1984). A prominent contextual factor that tends 
to trigger such invalid response behavior is a low-stakes-low-effort con-
text. This context characterizes most international large-scale educational 
assessments such as IEA’s Trends in International Mathematics and Science 
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Study (TIMSS) or OECD’s Programme for International Student 
Assessment (PISA). For students participating in these types of assess-
ments, there are no personal consequences linked to their responses on 
the assessment, and hence, students might not always respond accurately 
or thoughtfully, but instead shift to responding with the lowest effort 
(e.g., Curran, 2016; Eklöf, 2010).

In the current study, we will specifically focus on random responding, 
which is one type of response behavior that is considered a typical expres-
sion of this low-stakes-low-effort context where students provide 
“responses without meaningful reference to the test questions” (Berry 
et  al., 1992, p. 340). Specifically, using TIMSS 2015 as a case study, we 
will investigate the prevalence of random responders among the students 
across the different scales of the TIMSS eighth-grade student question-
naire and in the different participating countries. Profiting from the large-
scale of the TIMSS study and the natural variation in questionnaire 
version among countries, the potential impact of two construct irrelevant 
external factors, scale position and questionnaire length, on random 
responding will be explored.

Questionnaire characteristics in context: Scale 
position × questionnaire length

Scale position
One of the most common risk factors that has been hypothesized to 
influence response quality is item position. In the context of low-stakes 
assessments in the personality and survey literature, invalid response 
behavior appears to become more frequent near the end of the question-
naire, regardless of the specific content of the items considered (Bowling 
et  al., 2021; Galesic & Bosnjak, 2009). With respect to random respond-
ing, rapid-guessing research provides an example of the specific impact of 
item position on this type of behavior. The underlying idea is that when 
responses are given too fast, students have not been able to accurately 
reflect on the given questions and the “answers given during rapid-guess-
ing are essentially random” (Wise & Kong, 2005, p.167). Consequently, 
their responses are no longer reflective of their true knowledge or abili-
ties. For achievement tests, rapid guessing studies have shown that items 
located closer to the end of the assessment tend to receive more random 
responses overall (e.g., Wise et  al., 2009).

Although most research has focused on item-level position effects, 
every extra scale added to a questionnaire can be seen as an additional 
group of items that need to be answered. Hence, a position effect would 
naturally extend to the scale level as well. For example, in a small-scale 
study with university students, Merritt (2012) included one additional 
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scale on affective commitment to a questionnaire, either at the beginning 
or the end. It was found that placing the scale at the end of the question-
naire resulted in more invalid responding. Similarly, when looking at two 
blocks of items of differing contents (i.e., numeracy and literacy) in an 
educational achievement test, Goldhammer et  al. (2017) found, for both 
blocks, that when presented in the first versus second part of the assess-
ment, more invalid response behavior was observed in the latter position. 
As students progress through the questionnaire, they can be prone to 
experience, for example, boredom, disinterest, inattentiveness, or fatigue, 
and as a consequence, provide responses that are no longer accurate or 
thoughtful.

Hypothesis 1. Scales at a later position in the questionnaire display a higher 
prevalence of random responders compared to scales at an earlier position.

Questionnaire length
Based on the notion of similar underlying mechanisms, a second poten-
tial risk factor that has been put forward is questionnaire length (e.g., 
Meade & Craig, 2012). However, the literature shows mixed results 
with respect to the relation between questionnaire length and response 
quality. Herzog and Bachman (1981) used two types of questionnaires 
in their study, a short 45-minute version and a long 2-h version, and 
found higher levels of overly uniform responding in the longer ques-
tionnaire. In a similar fashion, longer internet surveys were character-
ized by lower completion rates (e.g., Deutskens et  al., 2004; Galesic & 
Bosnjak, 2009). In contrast, Boe et  al. (2002) found that the ‘persistence 
to respond’ to the TIMSS 1995 student questionnaire, as measured by 
the percentage of missing responses across the entire questionnaire, 
was not significantly related to the length of the administered question-
naire. Furthermore, in a set of small-scale studies with university stu-
dents, Gibson and Bowling (2020) showed that the influence of 
questionnaire length for personality assessments is dependent on the 
context of questionnaire administration and on the operationalization 
or detection method for invalid response behavior. Even though the 
literature is not unanimously in agreement, we would still expect that 
a longer questionnaire length coincides with more random responding 
overall, even in the TIMSS student questionnaire: “among the few doc-
umented problems detected by the national monitors were students 
complaining about the length of the Student Questionnaire” (Martin 
et  al., p.6.19).

Hypothesis 2. Longer questionnaires display a higher prevalence of random 
responders compared to shorter questionnaires.
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Position × length
The final external factor that we will take into consideration is the inter-
play between scale position and questionnaire length. Wise et  al. (2009) 
for example wondered whether adjustments to questionnaire length might 
be sufficient to counteract the observed position effects. Yet current liter-
ature shows that it is hard to pinpoint a generic criterion for the optimal 
length of a questionnaire as this would among other things depend on 
the amount of invalid response behavior that is considered acceptable, as 
well as on more pragmatic contextual factors (e.g., the context of admin-
istration) (Bowling et  al., 2021). In addition, invalid response behavior 
appears related to questionnaire length or the number of questions over-
all. For example, Deutskens et  al. (2004) not only found that fewer 
respondents are finishing an internet survey as it gets longer, but that the 
respondents would finish less of the longer questionnaire percent-wise. 
Hence, respondents’ subjective perception of questionnaire length and the 
pace at which they proceed through the questionnaire might actively 
moderate potential position effects. A longer questionnaire might drain a 
respondent’s resources at a faster pace by sheer negative anticipation for 
what’s still waiting ahead. Note that this would imply a synergistic inter-
action between scale position and questionnaire length.

Hypothesis 3. In longer questionnaires, scales at a later position in the ques-
tionnaire display an even higher prevalence of random responders compared 
to scales at an earlier position, than in a shorter questionnaire.

The current study

When studying the impact of scale position and questionnaire length on 
random response behavior, an ideal setup would be a large-scale experi-
mental design. With such a design we would be able to manipulate the 
two external content-irrelevant factors under controlled scale-content con-
ditions, randomize thousands of high school students across the experi-
ment, and administer the resulting questionnaire versions under low-stakes 
conditions. Yet, such an extensive experiment might not be a realistic 
endeavor. As illustrated in the previous subsection, studies in the litera-
ture are mostly based on (i) personality questionnaires administered to 
relatively small convenient samples of university students in typical 
Western countries, (ii) on internet surveys with somewhat larger but still 
nonrandom samples of participants, or (iii) on achievement tests in com-
bination with response-time data (cf. rapid guessing). Simply extrapolat-
ing the evidence base from these types of study designs and contexts to 
random responding on low-stakes questionnaires for high school students 
in large-scale educational assessments in a more international context 
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seems not warranted. Thus, more specific tailored research is needed to 
answer our research questions.

Here, we will be using the eighth-grade student questionnaire of the 
Trends in International Mathematics and Science Study (TIMSS) 2015 as a 
specific case study. Profiting from the large-scale of TIMSS, the study has 
large representative random samples of eighth-grade students in each of the 
participating countries. This large-scale sample feature brings along extra 
generalization support and potential systematic country variation that can 
be of interest to educational stakeholders. Furthermore, the TIMSS 2015 
student questionnaire provides natural variation in scale position and ques-
tionnaire length across countries as two versions of the questionnaire were 
administered. The specific version that was administered in a country 
depended on the structure of the science curriculum program taught by 
that country. The student questionnaire under the separated science pro-
gram is much longer than under the integrated science program (i.e., 
respectively 19 and 10 scales beyond basic demographics/background infor-
mation). The order of the scales in each version remains constant across 
administrations and the first 6 scales and the last scale of both versions 
were similar for all students. Furthermore, most scales had a similar setup 
with respect to question format and answer alternatives, with some being 
replicates if it were not for subject domain differences (e.g., confidence in 
biology or confidence in chemistry). All these features allow for studying 
random response behavior as a function of the two content-irrelevant fac-
tors of interest: scale position and questionnaire length.

Note that there are no response times available for the student ques-
tionnaire (so far, these have typically only been available for the achieve-
ment tests part of the international large-scale assessments), and hence 
popular rapid guessing methodology to identify random responders is not 
an option. Self-report data or convincing psychological effort-related 
proxies are also lacking. Instead, we will rely on an operationalization of 
random response behavior by van Laar and Braeken (2022) that is directly 
based on the questionnaire responses given at scale level. This operation-
alization uses a mixture item response theory (IRT) approach (for a 
review, see Sen & Cohen, 2019) to explicitly model the possibility of two 
underlying yet unobserved groups in the population, students engaging in 
regular response behavior versus students engaging in invalid random 
response behavior across the items of a scale.

Method

The data that will be used comes from the Trends in International 
Mathematics and Science Study 2015 cycle. TIMSS is an international 
large-scale educational assessment used to monitor mathematics and 
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science achievement among representative samples of fourth- and eighth-
grade students across different countries. Besides the achievement mea-
sures, TIMSS also collects information about the home, school, and 
classroom context for learning. As mentioned before, in the current study 
we focus on the non-achievement part of the assessment, with a specific 
focus on the student questionnaire. Besides some basic demographics and 
background information, the main focus of the student questionnaire lies 
with students’ attitudes toward learning mathematics and science (Mullis 
& Martin, 2013).

Assessment duration
For the eighth grade, the achievement test of TIMSS consisted of two 
sections (i.e., focus on mathematics or science). For each of these sec-
tions the testing time was set at 45 min with a 30-minute break in 
between (e.g., Mullis & Martin, 2013). Only after a second break, the 
student questionnaire was administered as a third section. The student 
questionnaire was administered to every student that took part in the 
TIMSS 2015 achievement test. The testing time for the student question-
naire was set at 30 min. The total testing time for an eighth-grade stu-
dent in the TIMSS 2015 assessment (i.e., all 3 sections) is then 120 min 
in total plus the time for the two breaks (Mullis & Martin, 2013). 
Students were not allowed to leave the room or start with a new section 
even if they had already completed the task within the set time frame 
(Martin et  al., 2016). Hence, there is no reward for rushing through the 
assessment as students had to remain seated in class and everyone also 
gets the same break time.

Student questionnaire length

For the eighth grade, there are two versions of the student question-
naire. The version that is administered depends on the science curricu-
lum program within a country. One version is for countries teaching 
science as a single or general subject (i.e., integrated science program), 
while the other version is for countries teaching science as separate sub-
jects (i.e., separated science program). This distinction between the sci-
ence programs also comes with natural variation in questionnaire length 
as implied by the different number of survey scales within the specific 
versions of the questionnaire. The separated science program has the 
longer questionnaire (i.e., 19 scales) with an additional 9 scales com-
pared to the student questionnaire for the integrated science program 
(i.e., 10 scales).
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Student questionnaire scales

The student questionnaires contain survey scales related to the following 
domains: school climate for learning, school safety, and student engagement 
and attitudes toward mathematics or science (Martin et  al., 2016) (for infor-
mation on the specific scales see Table 1). The three scales affected by the 
structure of the science program are the “Students Like Learning Science”, 
“Students’ View on Engaging Teaching in Science Lessons” and “Students 
Confident in Science” scales. For countries with an integrated science pro-
gram, each of these scales only appears once, while for countries with a sep-
arated science program each of these scales is available for each science 
domain separately (i.e., in order of appearance: Biology, Earth Science, 
Chemistry, and Physics). The science scales in both student questionnaires do 
have the same structure. For the items in the separated student questionnaire, 
it is just the word ‘science’ that is replaced by the name of the specific sci-
ence domain (e.g., ‘I enjoy learning science’ vs ‘I enjoy learning chemistry’).

The set of scales contains between 7 and 10 items for each scale, for 
which a student needed to indicate to what extent s/he agrees with the 
given statement or indicate how often a specific situation has occurred to 
them on a 4-point Likert scale, ranging from 1 (agree a lot or at least 
once a week) to 4 (disagree a lot or never).

Scale position

Scale position is defined by the order in which the survey scales appear 
in the student questionnaire. Starting at position zero is the first substan-
tive scale (i.e., students’ sense of school belonging) that followed after 14 
more general questions about students’ background. After this first scale, 
the other survey scales followed in succession in the questionnaire. An 
overview of the survey scales and their position in each version of the 
student questionnaire can be found in Table 1.

TIMSS sample: countries

All 40 regular participating countries that administered the eighth-grade 
TIMSS assessment in 2015 or 2016 have been included in the analyses. 
Note that some countries used the opportunity to administer the TIMSS 
assessment to the ninth grade instead of the regular eighth grade for bet-
ter comparability with curricula (i.e., Botswana and South Africa), for 
better comparability of results with other countries (i.e., Norway) or to 
better match the TIMSS age criteria (i.e., England and New Zealand) 
(e.g., Martin et  al., 2016). Of the included countries, 29 teach an 
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integrated science program, while the other 11 countries teach a separated 
science program1. In what follows, we will refer to the countries by the 
ISO country codes as used in the TIMSS data files (see also footnote 1).

Prevalence of random responders

A mixture item response theory model framework (Mislevy & Verhelst, 
1990; Sen & Cohen, 2019; Yamamoto, 1989) was adopted to 

1Integrated Science Program: Australia, AUS; Bahrain, BHR; Botswana, BWA; Canada, CAN; 
Chile, CHL; Chinese Taipei, TWN; Egypt, EGY; England, ENG, Hong Kong SAR, HKG; Iran, Islamic 
Rep. of, IRN; Ireland, IRL; Israel, ISR; Italy, ITA; Japan, JPN; Jordan, JOR; Korea, Rep. of, KOR; 
Kuwait, KWT; Malaysia, MYS; New Zealand, NZL; Norway, NOR; Oman, OMN; Qatar, QAT; Saudi 
Arabia, SAU; Singapore, SGP; South Africa, ZAF; Thailand, THA; Turkey, TUR; United Arab 
Emirates, ARE; United States, USA.
Separated Science Program: Armenia, ARM; Georgia, GEO; Hungary, HUN; Kazakhstan, KAZ; 
Lebanon, LBN; Lithuania, LTU; Malta, MLT; Morocco, MAR; Russian Federation, RUS; Slovenia, 
SVN; Sweden, SWE.

Table 1. O verview of scales in the TIMSS 2015 student questionnaire.

Response Position
Scale Items Options ISP SSP

Domain: School climate
 S tudents’ sense of school belonging 7 1 (agree a lot) −  

4 (disagree a lot)
0 0

Domain: School safety
 S tudent bullying 9 1 (at least once a 

week) − 4 (never)
1 1

Domain: Student engagement and 
attitudes

 S tudents like learning mathematics 9 1 (agree a lot) −  
4 (disagree a lot)

2 2

 S tudents’ views on engaging teaching 
in mathematics lessons

10 1 (agree a lot) −  
4 (disagree a lot)

3 3

 S tudents confident in mathematics 9 1 (agree a lot) −  
4 (disagree a lot)

4 4

 S tudents value mathematics 9 1 (agree a lot) −  
4 (disagree a lot)

5 5

 S tudents like learning science* 9 1 (agree a lot) −  
4 (disagree a lot)

6 {6, 9, 12, 
15}

 S tudents’ views on engaging teaching 
in science lessons*

10 1 (agree a lot) −  
4 (disagree a lot)

7 {7, 10, 13, 
16}

 S tudents confident in science* 8 1 (agree a lot) −  
4 (disagree a lot)

8 {8, 11, 14, 
17}

 S tudents value science 9 1 (agree a lot) −  
4 (disagree a lot)

9 18

Note. *For this scale, there is a distinction between countries with an integrated or a separated science 
program, respectively referring to one general scale related to science as a single subject or to four 
separate scales related to each of the specific science subjects. In the questionnaire for countries with 
a separated science program, these scales are grouped per domain and appear in the following order: 
biology, earth science, chemistry, and physics. In the corresponding statements “science” is then 
replaced by the specific subject name. ISP = integrated science program; SSP = separated science pro-
gram. Note that the first scale at position 0 represents the first substantive scale after 14 more gen-
eral background questions.
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operationalize and define the target outcome variable of interest PREV(RR), 
the prevalence of random responders on a particular survey scale. The 
approach by van Laar and Braeken (2022) assumes that there are two 
distinct, yet unobserved latent groups of responders in the population 
expressing different response behavior on a survey scale: regular or non-
random responders and random responders (see Figure 1).

The regular responders are expected to respond consistently according 
to their own opinions and beliefs related to the questionnaire content of 
the items on the scale, in line with a traditional latent variable measure-
ment model (see Figure 1(a), the ‘circle’ is the common cause of the 
‘squares’) such as the graded response model (Samejima, 1969). In con-
trast, the random responders are expected to provide responses that do 
not reflect their opinions and beliefs, but are more haphazard, in line 
with a null model implying independent item responses that have an 
equal chance of falling in either of the possible response categories (see 
Figure 1(b), the ‘squares’ are mutually disconnected, nor influenced by the 
‘circle’; all squares are divided into uniformly equal category parts).

Under the mixture IRT model, the likelihood of a person p’s item 
response pattern y

p
 (see Equation 1) is written as a weighted sum of the 

two mentioned model expressions: (i) the joint probability of the observed 
item response pattern given the person’s latent trait value under the 
graded response model multiplied by Pr( )∖RR  the prior probability for a 

Figure 1.  Mixture IRT model Framework to Define and Operationalize Random 
Responders in terms of Independence and Uniformity of Item Responses.
Note. Symbols follow standard path diagram conventions, with squares repre-
senting observed variables (i.e., item responses); circles, latent variables (i.e., a 
trait to be measured by the scale of items); arrows indicating dependence rela-
tions; vertical lines, response category thresholds. Reprinted under the terms of 
CC-BY-NC from “Random responders in the TIMSS 2015 student question-
naire: A threat to validity?” by S. van Laar & Braeken, 2022, Journal of 
Educational Measurement.
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person to be a member of the regular responder group plus (ii) the joint 
probability of the observed item response pattern under the null model 
multiplied by Pr( )RR  the prior probability for a person to be a member 
of the random responder group.
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Although seemingly much more complex, this mixture model in fact 
has only one additional parameter2 when compared to the regular mea-
surement model. This parameter Pr( )RR  can be interpreted as a mod-
el-based estimate of the prevalence of random responders on the survey 
scale for the item response data the mixture model is applied to.

Thus, this mixture IRT model was estimated for each of the scale-coun-
try combinations in the current study. The resulting estimates for the 
mixture weight Pr( ) C RR=  will be used as an estimate of the prevalence 
of random responders on the survey scale for that country, and hence is 
the actual outcome variable PREV(RR) for further analyses targeting our 
core research questions. If the mixture model for a specific country-scale 
combination failed either of two quality checks, the corresponding out-
come was set to missing. First, the measurement model for the regular 
responders in the mixture was inspected to ensure that it reflected a clean 
unidimensional model (i.e., compatible with the assumed common trait 
for the survey scale). This criterion was not met when two or more stan-
dardized item discrimination parameters (i.e., factor loadings) were below 
.40. Secondly, a classification entropy of at least .70 was required to ensure 
that the mixture model was able to provide a good enough distinction 
between the two latent groups of responders. To further assess model 
adequacy we gathered model comparison evidence using BIC and BIC 
weights (Nylund et  al., 2007; Wagenmakers & Farrell, 2004) contrasting 
the null model with the graded response model and the mixture 
IRT model.

2The part of the model accommodating the possibility of random responders in the popula-
tion has no unknown parameters as item response probabilities are known and assumed to 
be uniformly equal across categories and items, such that only the mixture weights  and  
remain as extra model parameters, which reduces to one given that 
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Statistical analysis

A cross-classified linear mixed model approach was adopted to investigate 
how the prevalence of random responders on a survey scale varied as a 
function of the scale’s position in the questionnaire and the length of the 
student questionnaire it is part of. The study design has a cross-classified 
cluster structure as multiple prevalence estimates are observed within 
each country (i.e., across scales), but also for each survey scale multiple 
prevalence estimates are observed (i.e., across countries). As a conse-
quence, the outcome variable PREV RR

cs
( ) in the model is the random 

responder prevalence for a given country c on a given scale s, reflecting 
the countries-by-scales cross-classification. A series of five models was fit-
ted to investigate the main research questions. As a baseline model we 
used a varying-intercepts model (M

0
) capturing variation in the preva-

lence of random responders across countries and scales, accounting for 
the heterogeneity and dependence structure implied by the cross-classified 
study design:
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The general intercept β0 reflects the average expected prevalence of 
random responders for an average country on an average scale. The 
country-varying (random) intercept β

0c
 and scale-varying (random) 

intercept β
0s

 allow for a systematic deviation in the prevalence for a 
specific country c or specific scale s, respectively. The residual ε

cs
 allows 

for unexpected deviations in prevalence for a specific country-scale 
combination not accommodated by both country and scale main effects 
in the model.

Our core research questions would imply that when adding scale posi-
tion and questionnaire length as predictors to this model, variation in 
both features would be related to the systematic variation in the preva-
lence of random responders across scales (i.e., σ

scale

2 ). Hence, the four 
models building on the presented baseline model will incrementally add 
both predictors (and their interaction) to the equation. The percentage of 
systematic variation in the prevalence of random responders among the 
survey scales that is accounted for by the predictors (i.e., R

scale

2 ) will be 
used as a general effect size measure for each model.
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Statistical software
The mixture IRT models were estimated using Mplus Version 8.2 (Muthén 
& Muthén, 1998–2017) through the MplusAutomation package for R ver-
sion 0.7-3 (Hallquist & Wiley, 2018) (for an example of Mplus syntax see 
Appendix A). We used full-information maximum likelihood estimation 
with robust standard errors and the expectation-maximization accelera-
tion algorithm with a standard of 400 random starts, 100 final stage opti-
mizations, and 10 initial stage iterations. Mixture model estimates 
accounted for the TIMSS sampling design through the total student 
weights. The cross-classified mixed models were estimated using the lme4 
package for R version 1.1-27 (Bates et  al., 2015). As recommended by 
Snijders and Bosker (2012) we used residual maximum likelihood estima-
tion for the model parameters, but maximum likelihood estimation for 
model comparison inference by means of likelihood ratio tests. All anal-
ysis scripts were run under R version 4.0.0 (R Core Team, 2020).

Results

Descriptives

Data. Given that 29 countries teach an integrated science program and 11 
countries teach a separated science program the study started with 499 
country-scale combinations. However, prevalence estimates are not available 
for all combinations. For 7 combinations this was related to data collection 
procedures (i.e., the scale was not administered or the data is not available 
for public use), while 35 combinations did not fulfill the mixture model 
quality checks (for an overview see Table 2). Together, this results in an 
effective sample size of 457 country-scale combinations for further analyses. 
Across all 457 combinations, the null model is never supported (BIC weight 
= 0 for all, average BIC = 145747) and the model comparison evidence is 
close to unanimously in favor of the mixture IRT model (average BIC = 
90608; BIC weight = 1 for 435 combinations). The the regular graded 
response model (average BIC = 91855) was only favored in 13 combina-
tions (all representing the ‘Student bullying’ scale with prevalence estimates 
below 1%). On average 93% (range: 70–100%) and 89% (range: 47–100%) 
of the scales have an effective prevalence estimate for countries with an 
integrated science and a separated science program structure, respectively. 
For survey scales shared by both science programs, prevalence estimates are 
available for 95% (75–100%) of the countries; for scales unique to the inte-
grated science and separated science programs, this comes down to 90% 
(69–100%) and 85% (73–100%) of the corresponding countries, respectively. 
In sum, we have a solid empirical basis for further analyses.
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Baseline model M
0

The estimated prevalence of random responders on an average scale 
ranged from 6.3% to 15.4% (M = 8 9. %) across countries. The estimated 
prevalence for an average country ranged from 1.9% to 20.2% (M = 8 9. %) 
across scales. The variation in prevalence (σ total

2

37 8= . ) was primarily due 
to systematic differences between scales (σ scale

2

25 5= . , 67% of the total 
variance) and only to a lesser extent to systematic differences between 
countries (σ country

2

3 8= . , 10% of the total variance).
The systematic variation in the prevalence of random responders and how 

it relates to scale position and questionnaire length will be discussed in the 
next subsection, but first the systematic variation across countries will be 
briefly addressed. The expected prevalence of random responders for an aver-
age country on an average scale was estimated to be about β

0
8 9= . %. Yet on 

average, Georgia, Qatar, and Armenia showed higher levels of random 
responders across scales, while Russia, Australia, Sweden, Kazakhstan, 
England, Canada, and Norway tend to show lower levels (see Figure 2).

	 Prevalence ScalePosition QuestionnaireLength
cs

( )RR = × 	

It was expected that survey scales at a later position would display higher 
prevalence rates. The model results (see Table 3) indicated that the expected 
difference in prevalence rate as a function of differences in scale position  
was positive, yet not significantly different from zero 
(β χ

1 0 1

2 2
12 1 1 28 257 10 1= = = =. , ( ) . , . , . %

( , )M M p scaleR ). The longer questionnaire 
was expected to display higher prevalence rates, yet no empirical support was 
found for this hypothesis (β χ

2 0 2

2 2
06 1 0 01 935 0= = = =. , ( ) . , . , %

( , )M M p scaleR ). 
Considering both scale position and questionnaire length jointly as predictors 
in the model, led to similar results (χ

( , )
( ) . , . , . %M M0 3

2 2
2 1 31 521 10 2= = =p scaleR ), 

and no support for the hypothesized synergistic interaction was found 
either (χ

( , )
( ) . , . , . %M M3 4

2 2
1 88 349 16 9= = =p scaleR ).

Overall these results were not in line with expectations. However, when 
visualizing the data, an unexpected but impactful factor for the preva-
lence of random responders appears (see Figure 3). The black lines in 
Figure 3 show the country trends of the prevalence of random responders 
across scales in the student questionnaire. What becomes visible is that 
the prevalence rates show a systematic occurrence of several spikes 
throughout the survey in each of the countries. Two spikes occur for the 
integrated science program, and three more spikes (i.e., 5 in total) occur 
in the longer questionnaire of the separated science program. The loca-
tions of these spikes in prevalence are not randomly distributed but coin-
cide with the locations of the confidence scales in the questionnaire. In 
the integrated science program the spike in prevalence occurs for both 
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Figure 2.  Differences in Prevalence of Random Responders across Countries.
Note. The vertical gray line represents the prevalence of random responders for an 
average country on an average scale under the baseline model M

0
 (β

0
8 9= . %). 

The black horizontal lines are 95% confidence intervals of the country-specific 
deviations in prevalence (ΔPREV(RR)) to that average.
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Figure 3. O bserved Prevalence of Random Responders per Country across Scales by 
Science Program .Note. The solid black line represents the observed prevalence of 
random responders across scales. The dashed grey lines represent the average preva-
lence on the first and the last scale across countries in the corresponding question-
naire. The spikes in prevalence are related to the confidence scales; within the 
integrated science questionnaire located at position 4 and 8 and within the separated 
science questionnaire located at position 4, 8, 11, 14, and 17 (i.e., indicated by the 
grey vertical bars).
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confidence scales (i.e., mathematics and science), and in the separated 
science program for all five confidence scales (i.e., mathematics, biology, 
earth science, chemistry, and physics). Given the clear impact of the con-
fidence scales on the prevalence patterns, it makes sense to take this fac-
tor into consideration and to revisit our hypotheses adjusting for this 
unexpected confounder.

Hypotheses revisited with confidence in mind

To account for the spikes in prevalence, we added a binary predictor vari-
able differentiating between non-confidence (i.e., confidence = 0) and 
confidence (i.e., confidence = 1) scales to the model. As Figure 3 also 
showed that the degree of irregularity for the confidence scales varied 
across countries, we allowed for a country-varying (random) coefficient 
for confidence with mean β

confidence
 and variance σ

confidence

2  and potentially 
correlated with the country-varying intercept β

0c
. Model results are sum-

marized in Table 4.
The prevalence of random responders on an average non-confidence 

scale for an average country was estimated to be β


0
6 14= . %, whereas the 

corresponding prevalence for an average confidence scale was expected to 
be β confidence = 9 89. % higher (χ

( , )
( ) . , . , . %M M0 0

2 2
3 381 51 001 86 1c scalep= < =R ). 

Hence, there is clear statistical support for a systematic spike in the preva-
lence of random responders on the survey scales measuring confidence. 
When compared to the variation in prevalence across countries for non-con-
fidence scales σ country

2

2 1= . , the corresponding variation across countries for 
the difference between confidence and non-confidence scales is more size-
able σ confidence

2

31 3= . . The latter result reflects the differences in the height of 
the spikes in the different countries in Figure 3, whereas the baseline prev-
alence trends are more similar in nature. There was no clear pattern 
between country differences in prevalence heights for non-confidence scales 
and country differences in prevalence spike heights for confidence scales 
(i.e., ρ = .26).

The addition of the new binary predictor effectively detrends the prev-
alence patterns across the student questionnaire for the unexpected spike 
pattern due to the confidence scales, allowing us to revisit the original 
hypotheses adjusting for that systematic distortion. As effect size measure 
∆R

scale

2  will be used, the difference between the model’s R
scale

2  and the ref-
erence R

scale

2  under M0c the baseline model augmented with the new 
binary confidence predictor. Hence, this measure will quantify the unique 
contribution of scale position and questionnaire length to systematic vari-
ation across scales in the prevalence of random responders beyond what 
is accounted for by the confidence spike pattern.
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Accounting for the confidence spikes, a scale located five positions 
later in the questionnaire is expected to have about 1% higher prev
alence of random responders than the earlier scale 
(β χ

1 0 1

2 2
22 1 11 31 001 8 7= = < =. , ( ) . , . , . %

( , )M Mc c scalep ∆R ); a result supporting 
Hypothesis 1. Yet, no statistically significantly higher prevalence was 
found in countries teaching the separated science program when com-
pared to those with the integrated science program 
(β χ

2 0 2

2 2
25 1 19 666 0= − = = =. , ( ) . , . , %

( , )M Mc c scalep ∆R ), and hence no empirical 
support was found for Hypothesis 2 that the prevalence of random 
responders would be a function of questionnaire length. When looking 
jointly at scale position and questionnaire length, there was support found 
for an interaction (χ

( , )
( ) . , . , . %M M3 4

2 2
1 8 11 004 10 3c c scalep= = =∆R ), yet not one 

of the hypothesized synergistic type. Figure 4 illustrates that in contrast 
to expectations the differences in prevalence between scales at subsequent 
positions are estimated to be larger in the shorter questionnaire than in 
the longer questionnaire. Notice that regardless of the length of the ques-
tionnaire, the prevalence estimate for an average survey scale at the first 
and last position in the respective questionnaire is estimated to be about 
3.5% and 8.5%, respectively.

Discussion

The aim of the present study was to investigate the impact of two ques-
tionnaire characteristics, scale position and questionnaire length, on the 
prevalence of random responders in the TIMSS 2015 eighth-grade student 

Figure 4.  Prevalence of random responders as a function of scale position and ques-
tionnaire length in TIMSS 2015 under the cross-classified mixed model M

4c
.

Note. The TIMSS 2015 student questionnaire consisted of 10 survey scales for countries 
with an integrated science program, whereas it consisted of 19 survey scales for coun-
tries with a separated science program. For the model parameters of model M

4c
,  

see Table 4.
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questionnaire. Although random responders still provide responses to the 
items of a questionnaire scale, their responses can be seen as a type of 
non-response, as they would not lead to valid inferences on their actual 
attitudes or beliefs that were intended to be measured. It has been sug-
gested that as students progress through a questionnaire they will experi-
ence for example boredom, disinterest, inattentiveness, or fatigue and 
consequently engage in random responding. Accordingly, a higher preva-
lence of random responders was hypothesized for scales at a later position 
in the questionnaire and for the longer version of the two questionnaires, 
and an even higher prevalence for later scales in the longer questionnaire 
(i.e., a synergistic interaction between scale position and questionnaire 
length).

Questionnaire length

We found no clear difference in the prevalence of random responders 
between the longer student questionnaire administered in countries 
with a separated science program and the shorter student questionnaire 
administered in countries with an integrated science program. In a 
similar fashion, Boe et  al. (2002) also didn’t find an effect of question-
naire length when they looked at student response omission rates 
(labeled ‘task persistence’) in the TIMSS 1995 student questionnaire. A 
skeptical interpretation could attribute this finding to the difference in 
countries between the two questionnaire versions, but it has also been 
suggested that most educational and psychological questionnaires are 
just not long enough to find an effect on response quality to begin 
with (e.g., Bowling et  al., 2022). In broader survey situations where 
there is a larger time and length difference, questionnaire length does 
seem to have an effect (e.g., Herzog & Bachman, 1981). Yet the mixed 
results in the literature with respect to questionnaire length suggest 
that actual effects will also depend on (i) the content or context of the 
specific questionnaire under consideration (e.g., Gibson & Bowling, 
2020; Rolstad et  al., 2011) and (ii) on the subjectively perceived length 
of the questionnaire instead of its actual length (Helgeson et  al., 2002). 
Although there had been some complaints reported by the students 
about the length of the student questionnaire (Martin et  al., 2016), the 
current null finding with respect to questionnaire length does seem to 
suggest that the differences in test burden and testing time for the two 
versions of the TIMSS 2015 student questionnaires were kept within 
seemingly reasonable boundaries.
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Scale position

We found support for a scale position effect with a significantly higher prev-
alence of random responders for scales at a later position in the question-
naire compared to scales at an earlier position. Over the course of both 
questionnaires, the prevalence of random responders increased by 5%, from 
3.5% on an average scale at the beginning to 8.5% at the end of the student 
questionnaire. The effect of scale position actually being stronger within the 
shorter version of the student questionnaire contrasted with the hypothesized 
synergism which would have implied the opposite trend. Galesic (2006) sug-
gests that again students’ relative perception of the questionnaire plays a role. 
Hence, students might consider scale position being considered relative to the 
perceived length of the questionnaire. Relatively speaking, with every addi-
tional scale in the shorter questionnaire more of the questionnaire has passed 
percent-wise (i.e., the progress signified by 1 scale is 10% in the shorter ques-
tionnaire compared to 5% in the longer questionnaire). This might have 
potentially influenced the students’ subjective perception of how much they 
already had completed and how much was still left and influenced how they 
would engage with further scales in the questionnaire3.

The case of the confidence scales

The most striking result with respect to the prevalence of random respond-
ers across the student questionnaire were the spikes in prevalence among 
all confidence scales (i.e., mathematics and science subject domains) with 
on average an extra 9% prevalence compared to other scales. This differ-
ence due to the specific scale character is double the size of the above-dis-
cussed 5% prevalence difference due to the maximal scale position 
difference. The implication of this finding is that random responder prev-
alence is not only depending on the ‘endurance’ of the students throughout 
the questionnaire. So what is so special about the confidence scales that 
they elicit more random response behavior? Focusing on the characteristics 
of the confidence scales might provide some indications of what is going on.

First, the confidence scales are mixed-worded scales. It has been argued 
that reversed-worded items are more difficult to process (e.g., Marsh, 1986; 
Swain et  al., 2008). Although the confidence scales are not the only mixed-
worded scales in the student questionnaire, they do have the largest amount 
of reversed-worded items (e.g, 4 out of 9 reversed-worded items for 

3Note that students are only familiar with the version of the student questionnaire adminis-
tered to them, they are not able to compare the length with the other version and as such 
have no baseline but their own perception.
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confidence in mathematics compared to 2 out 9 items for the like-learning 
scales) which could contribute to a larger impact (e.g., Schmitt & Stuits, 1985).

A second characteristic to consider is the type of items in the confidence 
scales. Because some of the items are related to self-concept (e.g., Michaelides 
et  al., 2019), one could argue that items are more comparative in nature as 
opposed to more absolute/factual. Important here is that perceptions students 
have about themselves are always made in comparison to some standard, either 
internally (i.e., own performance in one subject with own performance in 
another subject) or externally (own performance with the performance of other 
students) (e.g., Marsh & Hau, 2004). Examples of items administered in the 
student questionnaire are “mathematics is harder for me than any other sub-
ject” or “mathematics is more difficult for me than for many of my classmates”. 
Items that require comparisons, with additional changing or ambiguous stan-
dards and definitions of self, might just be more difficult to answer.

Both speculative explanations touch upon extra cognitive processing 
demands and perceived ambiguity or difficulty of the items in the confidence 
scales. This would be in line with the study by Baer et  al. (1997) where the 
core reasons given by participants for random responding were difficulties in 
understanding items and difficulties in deciding on the response, in contrast 
to for instance lapses of concentration or boredom. Yet, these more abstract 
item characteristics are at the same time intertwined with the concrete scale 
contents ‘confidence in a school subject’. On the upside, the fact that the 
confidence spikes generalized across different participating countries in 
TIMSS 2015 implies some generality of the underlying reasons.

Although TIMSS is low-stakes in all participating countries and there 
are solid standardized procedures for (back)translation of the different 
scales and administration of the questionnaire as a whole, this does of 
course not cancel out any further interplay with national context, socio-
cultural aspects, language connotations, and differences in motivation and 
implicit communication surrounding TIMSS. Such contextual differences 
are reflected in the observed variability across countries in the average 
prevalence of random responders. Also when looking at the Confidence 
scales, the spikes in prevalence are for instance more outspoken in coun-
tries from the Middle East region. Further research would need to dig 
into whether these scales are indeed eliciting more random responding or 
whether these questionnaire scales are being completely differently inter-
preted or approached by students in those regions than elsewhere4.

4Note that among the 35 of 499 scale-country combinations not meeting the quality criteria 
for the application of the mixture IRT to random responder detection, 27 combinations 
involved confidence scales, of which 18 did not meet the standardized loadings criterion, 
implying weakness of the unidimensional measurement model for these cases.
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The current study exploited the natural variation in scale position, 
questionnaire length, and scale characteristics found in the TIMSS 2015 
student questionnaire. Yet, to be able to clearly separate the influence of 
item characteristics and contents, an experimental study would be called 
for in which item formulation of the questionnaire scales is systematically 
varied, independently of scale contents. However, to implement such an 
experiment at a similar large-scale and level of generality as TIMSS 2015 
might perhaps prove to be unrealistic. Complementary, we should also 
not dismiss the value of a more qualitative follow-up. Being classified as 
a random responder by the mixture IRT model does not imply that the 
student has deliberately responded randomly, but merely that the pattern 
of responses given is more random-like than it is consistent with the 
scale. Cognitive interviews and related techniques might provide insight 
into students’ understanding and interpretation of the items in the confi-
dence scales, into their processes to arrive at a response, but also into 
their feelings toward the scale contents in the questionnaire (e.g., 
Karabenick et  al., 2007). Such research could potentially also shed light 
on other potential risk factors that have been put forward by Meade and 
Craig (2012) with respect to the general quality of responses (e.g., respon-
dent interest, social contact, and environmental distraction).

Conclusion

In sum, we conclude that one can indeed expect more students to engage 
in random responding on scales toward the end of the questionnaire in 
a large-scale educational assessment such as TIMSS. This seems likely 
related to more of a subjective relative evaluation for each individual, as 
in “Aren’t we there yet?”, than to an objective physical criterion in terms 
of questionnaire length. Yet, when considering such response behavior, 
characteristics (item formulation and/or contents) of the questionnaire 
scales seem to be more crucial than expected. This implies that research-
ers and questionnaire designers want to better ensure that their target 
population is eager and willing to fully engage with the questions asked 
to increase response validity. The target population’s subjective experience 
with the questionnaire can influence the quality of their responses given. 
We hope that the study’s findings can contribute to convincing the orga-
nizations behind the international large-scale assessments in education of 
the value of investing in more extensive cognitive techniques and test 
panels. In general, an increased involvement of the target student popu-
lation could benefit the design of the questionnaire scales.
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Appendix A 

Mplus syntax of mixture IRT model for the ‘students value mathematics’ scale in 
Norway.

TITLE:
Norway_SQM20;
DATA:
file = "NOR_SQM20.dat";
VARIABLE:
names = IDSCHOOL IDSTUD TOTWGT
BSBM20A BSBM20B BSBM20C BSBM20D
BSBM20E BSBM20F BSBM20G BSBM20H BSBM20I;
missing = .;
usevariables = BSBM20A BSBM20B BSBM20C BSBM20D
BSBM20E BSBM20F BSBM20G BSBM20H BSBM20I;
categorical = BSBM20A BSBM20B BSBM20C BSBM20D
BSBM20E BSBM20F BSBM20G BSBM20H BSBM20I;
idvariable = IDSTUD;
weight = TOTWGT;
cluster = IDSCHOOL;
classes = c(2);
ANALYSIS:
type = mixture complex;
algorithm = INTEGRATION EMA;
estimator = MLR;
process = 3;
starts = 400 100;
MODEL:
%overall%
F BY BSBM20A-BSBM20I*;
F@1;
[F@0];
%c#1%
F BY BSBM20A-BSBM20I*;
F@1;
[F@0];
[BSBM20A$1-BSBM20I$1];
[BSBM20A$2-BSBM20I$2];
[BSBM20A$3-BSBM20I$3];
%c#2%
F BY BSBM20A-BSBM20I@0;
F@0;
[F@0];
[BSBM20A$1-BSBM20I$1@-1.09861228866811];
[BSBM20A$2-BSBM20I$2@0];
[BSBM20A$3-BSBM20I$3@1.09861228866811];
OUTPUT:
stdyx;
SAVEDATA:
file = cpr_NOR_SQM20.dat;
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format = free;
save = cprobabilities;
Note. The item category threshold parameters in Class 2 (i.e., random re-

sponder class) are set on a logistic scale and correspond to cumulative response 
category probabilities of 25%, 50%, and 75% (i.e., 1/(1 + exp(threshold))). A more 
detailed description of the model can be found in van Laar and Braeken (2022).
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