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Abstract 

Background: Due to the increasing use of information and communication technology, 
computer-related skills are important for all students in order to participate in the digital 
age (Fraillon, J., Ainley, J., Schulz, W., Friedman, T. & Duckworth, D. (2019). Preparing for life in 
a digital world: IEA International Computer and Information Literacy Study 2018 International 
Report. Amsterdam: International Association for the Evaluation of Educational Achieve-
ment (IEA). Retrieved from https ://www.iea.nl/sites /defau lt/files /2019-11/ICILS %20201 
9%20Dig ital%20fin al%20041 12019 .pdf ). Educational systems play a key role in the 
mediation of these skills (Eickelmann. Second Handbook of Information Technology in 
Primary and Secondary Education. Cham: Springer, 2018). However, previous studies have 
shown differences in students’ computer and information literacy (CIL). Although various 
approaches have been used to explain these differences, process data, such as response 
times, have never been taken into consideration. Based on data from the IEA-study ICILS 
2013 of the Czech Republic, Denmark and Germany, this secondary analysis examines to 
what extent response times can be used as an explanatory approach for differences in 
CIL also within different groups of students according to student background characteris-
tics (gender, socioeconomic background and immigrant background).

Methods: First, two processing profiles using a latent profile analysis (Oberski, D. 
(2016). Mixture Models: Latent Profile and Latent Class Analysis. In J. Robertson & M. 
Kaptein (Eds.), Modern Statistical Methods for HCI (pp. 275–287). Switzerland: Springer. 
https ://doi.org/10.1007/978-3-319-26633 -6) based on response times are deter-
mined—a fast and a slow processing profile. To detect how these profiles are related to 
students’ CIL, also in conjunction with students’ background characteristics (socioeco-
nomic and immigrant background), descriptive statistics are used.

Results: The results show that in the Czech Republic and Germany, students belong-
ing to the fast processing profile have on average significantly higher CIL than students 
allocated to the slow processing profile. In Denmark, there are no significant differ-
ences. Concerning the student background characteristics in the Czech Republic, there 
are significant negative time-on-task effects for all groups except for students with an 
immigrant background and students with a high parental occupational status. There 
are no significant differences in Denmark. For Germany, a significant negative time-
on-task effect can be found among girls. However, the other examined indicators for 
Germany are ambiguous.
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Conclusions: The results show that process data can be used to explain differences 
in students’ CIL: In the Czech Republic and Germany, there is a correlation between 
response times and CIL (significant negative time-on-task effect). Further analysis 
should also consider other aspects of CIL (e.g. reading literacy). What becomes clear, 
however, is that when interpreting and explaining differences in competence, data 
should also be included that relates to the completion process during testing.

Keywords: Response times, Student background characteristics, Computer and 
information literacy, Process data

Introduction
Seeing how digitalization is becoming a more and more integral part of social and profes-
sional environments, competence in new technologies is becoming increasingly important 
for students (Fraillon et al. 2014, 2019; Gerick et al. 2017; Gerick 2018). In this context, the 
acquisition of computer and information literacy (CIL) as an interdisciplinary key com-
petence is of particular relevance (Eickelmann 2018). However, empirical findings show 
differences in CIL between different groups of students when students’ background char-
acteristics (gender, socioeconomic status, immigrant background) are taken into account 
(summarizing Aesaert and van Braak 2018; Fraillon et  al. 2014, 2019). So far, predictors 
such as computer-based self-efficacy, computer use or computer experience have been 
used to explain these differences (Hatlevik et al. 2015; Luu and Freeman 2011; Punter et al. 
2017). Besides determining these predictors of CIL, computer-based testing in the context 
of large-scale assessment studies also opens up possibilities to gather data on processing 
behaviour during testing—the so-called process data, such as response times, which can be 
used to model competencies and explain individual differences during testing (summarizing 
Goldhammer et al. 2017). Despite the potential to explain differences in competence among 
students, process data, such as response times, has never been used as an explanation 
regarding differences in students’ CIL. The present examination takes up this desideratum.

Following an overview of the theoretical classification, the state of research on differences 
in CIL and on the role of process data, a secondary analysis will be provided and include 
representative student data from the IEA-study ICILS 2013 (International Computer and 
Information Literacy Study; Fraillon et  al. 2014) carried out in three Western European 
countries (the Czech Republic, Denmark and Germany) in which the students performed 
differently in CIL. This analysis is done to investigate the extent to which students’ response 
times during testing could be used as an explanation for differences in CIL and how CIL dif-
fers within different groups of students according to the response times. After the presenta-
tion of the results, they will be discussed and an outlook on future research will be given.

Theoretical background and state of research
CIL and student background characteristics—theoretical background

The ICILS 2013 framework model can be used as a theoretical model to locate CIL 
and student background characteristics such as gender, socioeconomic background 
and immigrant background (Fraillon et  al. 2014). This framework model distinguishes 
between the learning antecedents and learning processes with regard to the learning 
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outcomes and thus, the computer and information literacy of the students (Fraillon et al. 
2014). The present model, therefore, represents a classic input-process-output model. 
It further assumes that the features or predictors at the antecedent level (input) directly 
affect the learning processes (process). These learning processes, in turn, are assumed to 
correlate with students’ CIL – the learning outcomes (output)—and thus, have an impact 
on competences and are influenced by competences (Fraillon et al. 2014). Figure 1 shows 
a graphic representation of the abovementioned model.

The described model is used for the present analysis in order to be able to locate the 
student background characteristics at an input level (Fraillon et al. 2014). At the same 
time, the student competences (CIL) can be located at the outcome level. What is unac-
counted for in the model but relevant for the present research is what takes place at the 
process level within the framework of competence testing. For this reason, an additional 
model of theoretical localisation will be used in the course of this article.

CIL and student background characteristics—state of research

The empirical findings regarding gender differences in digital literacy are not clear. For 
example, some studies show a performance advantage in favour of boys (Goldhammer 
et  al. 2013; Morris and Trushell 2014). Among others, the so-called COMPED study 
(Computer in Education Study), which was carried out internationally by the IEA at the 
beginning of the 1990s and determined the skills of fifth and eighth graders in dealing 
with new technologies by means of a competence test, can be listed here (Pelgrum et al. 
1993). The students’ competences were determined by means of standardized paper-
based tests, the contents of which were designed to learn about students’ application 
knowledge and knowledge about the use of computers (Pelgrum et al. 1993). The results 
showed that boys had on average a higher skill level than girls in all participating coun-
tries (Pelgrum et al. 1993).

Fig. 1 ICILS 2013 Framework Model (Fraillon et al. 2014)
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In contrast to studies that show a performance advantage in favour of boys, like the 
COMPED study, other studies do not indicate any gender differences at all (e.g., Punter 
et al. 2017). For example, in a study in Norway, in which more than 4.000 seventh grad-
ers were tested using a web-based module to determine their ‘digital competence’, no 
differences were identified between girls and boys (Hatlevik and Christophersen 2013).

In turn, other studies found that female students had on average a higher skill level 
than boys (ACARA 2015; Aesaert and van Braak 2015; Fraillon et al. 2014, 2019; Geb-
hardt et al. 2019; Thomson 2015). In Australia, for instance, it was observed that girls 
in sixth and tenth grade classes displayed a higher computer and information literacy 
than boys (ACARA 2015, 2018). Similar results can also be found in the US. In 2013, 
the ‘technology literacy’ of 1.300 eighth graders in the US was tested by means of a web-
based performance test. The study’s results showed the girls performed better than the 
boys (Hohlfeld et al. 2013). Furthermore, the gap between the average girls’ and boys’ 
achievement levels increased between the two cycles (ACARA 2015, 2018). In a study 
of 378 sixth graders from 58 different elementary schools in Flanders, Aesaert and van 
Braak (2015), it was discovered, by means of a proficiency test on information and com-
munication technology (ICT) skills, that girls have on average higher skills than boys. 
The ICILS 2013 and ICILS 2018 studies were also able to identify significantly higher 
levels of computer and information literacy skills for eighth-grade girls in comparison to 
the boys in all participating countries by using a computer-based proficiency test (Frail-
lon et  al. 2014, 2019). Through secondary analysis using the ICILS 2013 international 
database and subscales, Punter et al. (2017) were also able to support the hypothesis that 
the girls outperformed the boys in the overall results and discovered performance dif-
ferences in that computer-related skills were more in favour of boys and information-
related skills were more in favour of girls.

A potential reason for the hitherto ambiguous findings with regard to the connec-
tion between gender and digital literacy described above could thus be the use of differ-
ent constructs with which the mentioned studies (e.g. PISA 2009, COMPED, ACARA, 
ICILS) assess the students’ ICT skills. An explanation for varying results between differ-
ent countries could be the manifold ways in which different school systems foster ICT 
skills. In addition, a distinction must be made between self-assessed and actually meas-
ured competences (Hatlevik et al. 2017) as studies are often not based on valid compe-
tence assessment but on self-assessed skills.

Regarding the socioeconomic background of the students, empirical findings also 
point to differences. In comparison to gender, these differences are more consistent. 
Empirical evidence suggests that students from more privileged families display higher 
digital competencies than those from less privileged homes. For example, studies have 
identified a link between the socioeconomic background of students and their acquired 
competencies concerning the use of computers and the internet (Zhong 2011; Zillien 
and Hargittai 2009). Studies also show that students from less privileged families only 
possess basic skills in using new technologies (Aesaert and van Braak 2015; Fraillon 
et al. 2014, 2019; Thomson, 2015). Furthermore, some reports point to a positive cor-
relation between cultural capital and computer and information literacy (Fraillon et al. 
2019; Hatlevik et al. 2015). Students whose parents have the highest occupational sta-
tus have significantly higher digital competences than students whose parents have the 
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lowest occupational status (Fraillon et al. 2019; Thomson 2015). The ACARA (Australian 
Curriculum Assessment and Reporting Authority) study shows similar findings for Aus-
tralia. Among sixth and tenth graders whose parents have both a higher occupational 
status and level of education, higher competencies in using information and communi-
cation technologies have been identified in comparison to their classmates, whose par-
ents have both a lower occupational status and level of education (ACARA 2018).

Similar findings exist concerning the immigrant background of students. In terms of 
access to and the use of computers, studies can be found that reveal no or only minor 
differences among students with an immigrant background (Bonfadelli et  al. 2007; 
D’Haenens 2003); however, empirical findings show that students without an immigrant 
background have higher digital competences than those with an immigrant background 
(Fraillon et  al. 2019; Luu and Freeman 2011). In addition to the parents’ country of 
origin, the language spoken at home can be another indicator for an immigrant back-
ground: Study findings suggest that the language spoken at home influences school 
performance (summarized by Fraillon et  al. 2019). This is related to the fact that stu-
dents from immigrant families often do not have sufficient knowledge of the language 
of instruction (Fraillon et al. 2019). A connection between the language spoken at home 
and CIL has also been found in ICILS 2013 and 2018 (Fraillon et al. 2014, 2019). The 
findings of ICILS 2013 and 2018 for Germany also indicate that students whose families 
speak the test language in the home environment attain higher computer and informa-
tion literacy than students who speak a different language at home (Fraillon et al. 2014, 
2019). In contrast, the results of the ACARA study for Australia show that sixth-grade 
students who speak a language other than the test language at home have significantly 
a higher skill level in using information and communication technologies. For the tenth 
graders, however, there is no significant difference (ACARA 2018). At the same time, 
tenth grade students who were born in Australia demonstrate a higher skill level than 
their classmates who were born abroad (ACARA 2018).

Predictors such as computer-based self-efficacy, computer experience and students’ 
computer use have often been taken into consideration in order to explain such differ-
ences in CIL (Hatlevik et al. 2018; Livingstone and Helpster 2010; Rohatgi et al. 2016).

The role of response times—theoretical background

In addition to the abovementioned predictors (e.g. computer-based self-efficacy, com-
puter experience and computer use), computer-based testing in the context of large-
scale assessment enables the determination of process data such as response times, 
which can describe individual behavioural differences during the process of task comple-
tion and thereby task success (summarizing Goldhammer et al. 2017). Although process 
data, such as response times (the time taken to complete a task), allows the use of per-
sonal differences in behaviour as an explanatory approach for competency modelling, it 
can also be used to explain performance differences in this context (ibid.).

Since the process data is not explicitly considered in the already presented ICILS 
model, another model according to Naumann (2012) is also used to theoretically embed 
the presented analysis. This model also represents a type of input-process-output model. 
In this framework model it is assumed that the completion process during testing (pro-
cess), which is influenced by person-level characteristics and task-level characteristics 
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(input), has a direct influence on the result of task completion (output) (Goldhammer 
et al. 2017; Naumann 2012). Figure 2 shows a graphic representation of the model.

Against the background of the ICILS model described above, both theoretical models 
can be merged for the present work: at the input level, it is possible to locate the student 
background characteristics which, in the context of the present analysis, are assumed 
to have a direct influence on the level of the completion process in which the response 
times are located. From the level of the completion process, a direct influence on the 
results of task completion can be assumed. Here again, parallels to the ICILS model can 
be seen, from which, in turn, the reciprocal relationship between the process level and 
the output level can be adapted in the course of further analyses.

The role of response times—state of research

Empirical findings indicate correlations between response times and the processing suc-
cess. These relationships can also be referred to as "time-on-task effects" where positive 
“time-on-task effects” (long response times with high processing success) and negative 
“time-on-task effects” (long response times with low processing success) can be distin-
guished (Goldhammer et al. 2014, 2017; Naumann and Goldhammer 2017). With regard 
to problem-solving tasks in PIAAC (Programme for the International Assessment of 
Adult Competencies), Goldhammer et  al. (2014) determined positive "time-on-task 
effects" as well as negative “time-on-task effects” (Goldhammer et al. 2014). In PIAAC, 
they used “a specific concept of problem solving […]; it refers to solving problems in 
technology-rich environments” (Goldhammer et  al. 2014, p. 10). The study by Stelter 
et al. (2015), for example, used data from the PIAAC study and built upon the research 
of Goldhammer et al. (2014). They analysed the specific part of the time spent on basic 
subtasks of PIAAC problem-solving tasks which could be solved through automated 
cognitive processing (Goldhammer et al. 2017; Stelter et al. 2015). The concept behind 
this study was that as soon as basic subtasks in problem-solving tasks were performed 
through automated processing, cognitive skills became available and therefore, benefited 
task processing and thus, the processing success (Goldhammer et al. 2017). As a result, 
negative “time-on-task effects” could be determined for problem-solving tasks. For read-
ing tasks, there were correlations between response times as well as the results. Thus, 
positive as well as negative “time-on-task effects” could be determined during reading 

person-level
characteristics

task-level
characteristics

completion process results of 
task completion

assessable by 
computer based testing

Fig. 2 Theoretical Model based on Naumann (2012) modified by Goldhammer (2013)
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tasks (Goldhammer et al. 2014; Su 2017). Even within one study, different effects could 
be detected: firstly, a positive “time-on-task-effect” for slow digital readers in difficult 
tasks and tasks with high navigation requirements was identified. At the same time, a 
negative “time-on-task” effect could be detected for simple tasks with low navigation 
requirements (Naumann and Goldhammer 2017).

Research desideratum and research questions

Despite the abovementioned potential of process data, such as response times for ana-
lysing behaviour during testing to explain differences in competence, there is a lack of 
research on the extent to which response times can explain differences in students’ com-
puter and information literacy (CIL).

Therefore, the present analysis focuses on the following research questions:
1. How do the response times relate to the CIL of students in Denmark, Germany and 

the Czech Republic?
2. How does CIL differ in terms of response times within different groups of students 

according to students’ background characteristics (gender, socioeconomic background 
and immigrant background)?

Data and methods
Sample

For the present secondary analysis, the representative student data of the Czech Repub-
lic (N = 3.066), Denmark (N = 1.767) and Germany (N = 2.225) from the IEA-study 
ICILS 2013 (Fraillon et al. 2015) is used. The uniqueness of the ICILS 2013 study is that 
students’ competencies in using information and communication technologies, or their 
computer and information literacy (CIL), could be assessed by means of computer-based 
performance tests for the first time (Fraillon et al. 2014). In addition to competence test-
ing, the students took part in a written survey in which among others background infor-
mation about the students such as gender, socioeconomic and immigrant background 
and other contextual information could be recorded. In addition to the framework con-
cept which was based on the literacy concept, test instruments were developed for the 
survey to allow a computer-based determination of CIL.

Country selection

The country selection incorporated Western European countries in which student per-
formance in CIL differed. As Germany was in the middle of the international field in 
terms of students’ CIL in ICILS 2013 (M = 523 points, SE = 2.40), the Czech Republic 
has also been used as a reference country, since it was one of the top performers in the 
study (M = 553 points, SE = 2.10). Students in Denmark (M = 542 points, SE = 3.50), on 
the other hand, performed worse than students in the Czech Republic, but better than 
students in Germany.

Variables

Firstly, the so-called timing-items are used and represent the response times (in sec-
onds) for the individual test tasks distributed over the four modules for each student. 
Student background characteristics (gender, socioeconomic background and immigrant 
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background), collected through the questionnaires, are also utilised for the present anal-
ysis of the timing items. The gender is operationalized by the question ’Are you a girl or 
a boy?’.

Previous analyses of the ICILS 2013 data (e.g. Hatlevik et al. 2018) also show that the 
cultural capital determined by the number of books in the household can be used as an 
indicator of the socioeconomic background. For this reason, this indicator is also used in 
this paper (high cultural capital = more than 100 books; low cultural capital = 100 books 
or less). Furthermore, the occupation of the parents is operationalised in context of the 
International Socio-Economic Index of Occupational Status (ISEI; Ganzeboom et  al. 
1992). According to this indicator, low values suggest a low socio-economic background 
and high values a high socio-economic background. Therefore, the following groups 
are formed consistent with previous ICILS 2013 analyses (e.g. Fraillon et al. 2014): low 
parental occupational status (less than 40 points), medium parental occupational status 
(40 to 59 points) and high parental occupational status (60 points or more).

The immigrant background is, on the one hand, represented by the language spoken at 
home whereby, a distinction is made whether the test language is a language used in the 
home environment or another language. On the other hand, the immigrant background 
is represented by the parents’ country of birth. This has resulted in the following cat-
egories: no parent born abroad, one parent born abroad and both parents born abroad. 
An overview of the student background characteristics and the corresponding computer 
and information literacy distribution is shown in Table 1.

Table 1 Overview of  descriptives of  background characteristics related to  computer 
and information literacy (CIL) of different groups of  8th grade students in Czech Republic, 
Denmark and Germany (see also Fraillon et al., 2014)

a  Did not meet sample requirements
b  “Met guidelines for sampling participation rates only after replacement schools were included” (Fraillon et al. 2014, S. 112)

Student background characteristics Czech Republic Denmarka Germanyb

% M SE % M SE % M SE

Gender

 Boys 49.61 548 2.82 51.11 534 4.12 51.86 516 3.20

 Girls 50.39 559 2.00 48.89 549 4.75 48.14 532 2.88

Socioeconomic background

 100 books or less 61.10 542 2.52 59.88 531 3.03 51.59 505 2.66

 More than 100 books 38.90 572 2.19 40.12 563 3.57 48.41 550 2.65

Parental occupation (HISEI)

 Less than 40 points 34.76 533 3.29 25.62 523 4.51 34.76 501 4.04

 40 to 59 points 47.31 560 2.01 37.79 547 3.00 42.68 537 3.02

 60 points or more 17.93 582 2.56 36.59 563 3.77 22.56 553 3.50

Language spoken at home

 Test language 97.21 554 2.07 94.03 546 2.99 85.98 532 3.00

 Other language 2.79 541 8.38 5.97 500 8.16 14.02 488 7.71

Immigrant background

 No parent born abroad 89.45 554 1.96 81.24 549 2.71 69.01 538 3.21

 One parent born abroad 7.84 548 6.58 9.53 544 6.71 11.40 515 6.21

 Both parents born abroad 2.71 551 9.74 9.23 501 7.16 19.59 499 4.64
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In addition to the background characteristics and the timing-items, the five plausible 
values of the performance test which map CIL are used for further analysis. Further-
more, the student weight is included in the analysis.

Methods

The selected timing-items were also prepared for the further analysis with the so-called 
z-score standardization. Due to the nature of the data, direct comparability is not pos-
sible. The data must, therefore, first be prepared in such a way that the available response 
times for the respective tasks can be compared. To calculate the z-scores, the average of 
all values must be subtracted from each value before dividing it by the standard devia-
tion. This calculation is depicted in the following formula (Mohamad and Usman 2013, 
p. 3300):

By default, the variable that exists after the z-score standardization always has a mean 
value of 0 and a standard deviation of 1 (for example Mohamad and Usman 2013).

As a first step to make students’ response times more tangible and comparable, a latent 
profile analysis (LPA; Oberski 2016) using the software Mplus (Muthén and Muthén 
2012) is carried out to identify possible processing profiles. The student weight is also 
used for the complete analysis to approximate the sample to the population and thus, 
to prevent possible distortions in the results (Jung and Carstens 2015). To answer the 
research questions, descriptive statistics are applied using the processing profiles to 
determine the extent to which differences in CIL can be explained by response times. In 
addition, descriptive statistics are used to measure how CIL varies in terms of response 
times within different groups of students due to student background characteristics. 
This is done using the IEA-IDB-Analyzer (Mirazchiyski 2015).

Results
Results RQ1: processing profiles and CIL

Based on the parsimony principle, the interpretability, the mean class membership prob-
abilities and the entropy value as criteria for evaluating the model quality (cf. Nylund 
et al. 2007; Tein et al. 2013), two profiles could be determined while profiles three to six 
are irrelevant given the figures related to the profile size and the associated interpretabil-
ity shown in the table (cf. Table 2).

The first profile can be labelled as the "fast processing profile". This profile includes 
81.07% of the students. The second profile, which can also be referred to as the "slow 
processing profile", only accounts for 18.93 percent of the students. While students in the 
first profile completed the tasks on average at a faster pace, the students in the second 
profile needed on average more time to complete the tasks. Exceptions are only found 
in so-called authoring tasks, also referred to as "big tasks"; each test module contains 
one (Fraillon et al. 2014, 2019). In comparison to the other tasks (i.e. multiple choice) of 
the respective test module, an authoring task is a more complex task type as informa-
tion products (i.e. a presentation) have to be created by the test participants (Fraillon 

xij = Z
(

xij
)

=

xij −
−

xj

σj
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et al. 2014, 2019). The students who work on average at a faster pace need more time for 
these specific tasks. Students allocated to the slow processing profile, on the other hand, 
completed these tasks at a faster processing speed (cf. Figure 3). In the Czech Republic, 
most of the students can be fall into the first profile (71.32%), while 28.68% go in the sec-
ond profile. In Denmark, 88.10% are part of the first profile, while 11.90% fit the second 
profile. In Germany, 82.51% of the students are in the first profile and 17.49% can be allo-
cated to the second profile (cf. Fig. 3).

With regard to the first research question, the analysis shows that the Czech and Ger-
man students belonging to the first profile have on average a significantly higher CIL 
than the students belonging to the second profile (Czech Republic profile 1: M = 558 
points; profile 2: M = 541 points/Germany profile 1: M = 526 points; profile 2: M = 510 
points / p < 0.05). In Denmark, there is no such significant difference between the stu-
dents (profile 1: M = 542 points, /profile 2: M = 536 points). Response times can be used 
to explain students’ CIL in the Czech Republic and Germany. Therefore, we can speak of 
a so-called significant negative time-on-task effect (cf. Table 3).

Results RQ2: processing profiles and CIL regarding students’ background characteristics

Regarding the second research question, the following results are shown with regard 
to the student background characteristic of gender (cf. Table 4): In the Czech Republic 
as well as in Germany the girls assigned to the fast processing profile (Czech Republic: 
M = 565 points, 67.94%, Germany: M = 536 points, 80.91%) display significantly higher 
computer and information literacy than the girls from the slow processing profile (Czech 
Republic: M = 547 points, 32.06%, Germany: M = 517, 19.09%). In Denmark, there is 
no such significant difference among the girls (profile 1: M = 550 points, 87.23%; pro-
file 2: M = 541 points, 12.77%). In the Czech Republic, a significantly higher computer 
and information literacy can be seen for the boys assigned to the fast-processing pro-
file (M = 552 points, 74.76%) in comparison to the boys allocated to the slow processing 
profile (M = 533 points, 25.24%). A similar significant difference can neither be deter-
mined for the boys in Denmark nor in Germany (Denmark profile 1: M = 535 points, 
88.94%; profile 2: M = 531 points, 11.06%/Germany profile 1: M = 518 points, 84.00%; 
profile 2: M = 503 points, 16.00%).

Table 2 Latent profile analysis—criteria for evaluating the model quality

Profile Entropy Percentage distribution (%) and mean class membership probabilities

Profile 1 Profile 2 Profile 3 Profile 4 Profile 5 Profile 6

2 0.858 81.07% 18.93% – – – –

0.970 0.908

3 0.888 77.37% 0.43% 22.20% – – –

0.962 0.992 0.902

4 0.903 0.45% 25.03% 74.10% 0.43% – –

1.000 0.902 0.956 0.995

5 0.849 28.58% 0.90% 54.34% 15.94% 0.23% –

0.879 0.992 0.905 0.900 0.998

6 0.856 0.83% 27.46% 16.61% 51.85% 0.30% 0.23%

0.993 0.876 0.886 0.899 0.928 0.999
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So-called negative time-on-task effects can be seen with regard to the socioeco-
nomic background (cf. Table  5); in this case, the cultural capital (number of books in 
the household). In the Czech Republic, a negative time-on-task effect can be observed 
both for students with high cultural capital (profile 1: M = 576 points, 73.27%; profile 
2: M = 560 points, 26.73%) as well as for students with low cultural capital (profile 1: 
M = 548 points, 70.00%; profile 2: M = 530 points, 30.00%). Such a significant negative 
time-on-task effect is also evident in Germany concerning students with high cultural 
capital (profile 1: M = 552 points, 82.43%; profile 2: M = 538 points, 17.57%), but not 
among high school students with low cultural capital (profile 1: M = 507 points, 83.13%; 
profile 2: M = 491 points, 16.87%). In Denmark, neither students with high cultural capi-
tal (profile 1: M = 564 points, 88.71%; profile 2: M = 561 points, 11.29%) nor students 
with low cultural capital (profile 1: M = 531 points, 88.16%; profile 2: M = 526 Points, 
11.84%) show a significant correlation between their processing profile / processing time 
and their computer and information literacy (cf. Table 5).

Results concerning the parental occupation as a further indicator for socioeco-
nomic background can be found in Table 6. For the Czech Republic a significant nega-
tive time-on-task effect for students from families with a HISEI of less than 40 points 
is visible: The 68.08% of the students who belong to the fast profile have a higher 
computer and information literacy (M = 540 points) in comparison to the 31.92% of 
students in the slow profile (M = 519 points). There is also a significant negative time-
on-task effect among students with a HISEI of 40 to 59 points (profile 1: M = 564 
points, 72.43%; profile 2: 550 points, 27.57%). However, students with a HISEI of 60 
points or more show no significant differences in the profiles. Furthermore, there are 
no significant differences regarding any of the HISEI categories in Denmark. None-
theless, a positive though not significant time-on-task effect can be noted here for 
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students with a HISEI of 60 points or more. The 88.91% of students belonging to the 
fast profile achieved an average of 562 points and thus, fewer points than the 11.09% 
students belonging to the slow profile (565 scale points). For Germany, a significant 
negative time-on-task effect can be identified for students with a HISEI less than 40 
points (profile 1: M = 506 points, 79.54%; profile 2: M = 483 points, 20.46%).

With regard to the immigrant background, as determined by the language spoken 
at home, the following results are shown (cf. Table 7): In the Czech Republic it can be 
ascertained that the students without an immigrant background (the at-home spo-
ken language is the same as the test language) who belong to the fast-paced process-
ing profile have a higher computer and information literacy (M = 559 points, 71.51%) 
than those who are allocated to the slow profile (M = 542 points, 28.49%). For stu-
dents with an immigrant background (the at-home spoken language differs from 
the test language), there is no significant difference in the Czech Republic (profile 1: 
M = 548 points, 64.19%; profile 2: M = 529 points, 35.81%). Likewise, in Denmark, 
there are no significant differences regarding the students with an immigrant back-
ground (profile 1: 502 points, 84.49%; profile 2: M = 495 points, 15.51%) and without 

Table 3 Processing profiles and computer and information literacy (CIL)

a Did not meet sample requirements
b  “Met guidelines for sampling participation rates only after replacement schools were included” (Fraillon et al. 2014, S. 112)

Country Profile N Percentage SE M SE

CIL

 Czech Republic fast 2232 71.32% 1.19 558 2.26

slow 834 28.68% 1.19 541 3.20

 Denmarka fast 1555 88.10% 1.01 542 3.55

slow 212 11.90% 1.01 536 6.44

 Germanyb fast 1823 82.51% 0.98 526 3.04

slow 402 17.49% 0.98 510 4.53

Table 4 Processing profiles, computer and information literacy (CIL) and gender

a Did not meet sample requirements
b  “Met guidelines for sampling participation rates only after replacement schools were included” (Fraillon et al. 2014, S. 112)

Country Profile N Percentage SE M SE

Girls

Czech Republic Fast 1091 67.94% 1.60 565 2.40

Slow 465 32.06% 1.60 547 3.36

Denmarka Fast 750 87.23% 1.50 550 4.51

Slow 112 12.77% 1.50 541 10.64

Germanyb Fast 886 80.91% 1.31 536 3.19

Slow 212 19.09% 1.31 517 5.97

Boys

Czech Republic Fast 1141 74.76% 1.51 552 2.94

Slow 369 25.24% 1.51 533 4.99

Denmarka Fast 805 88.94% 1.13 535 4.53

Slow 100 11.06% 1.13 531 7.51

Germanyb Fast 937 84.00% 1.26 518 4.17

Slow 190 16.00% 1.26 503 7.31
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an immigrant background (profile 1: M = 546 points, 88.7%; profile 2: M = 544 points, 
11.3%). In Germany, as in the Czech Republic, only those students whose families use 
the test language in the home environment show a significant negative time-on-task 

Table 5 Processing profiles, computer and information literacy (CIL) and cultural capital

a Did not meet sample requirements
b  “Met guidelines for sampling participation rates only after replacement schools were included” (Fraillon et al. 2014, S. 112)

Country Profile N Percentage SE M SE

More than 100 books

 Czech Republic Fast 973 73.27 1.55 576 2.66

Slow 323 26.73 1.55 560 3.96

 Denmarka Fast 617 88.71 1.50 564 3.66

Slow 77 11.29 1.50 561 8.36

 Germanyb Fast 857 82.43 1.21 552 3.00

Slow 187 17.57 1.21 538 5.36

100 books or less

 Czech Republic Fast 1251 70.04 1.24 548 2.64

Slow 509 29.96 1.24 530 4.14

 Denmarka Fast 916 88.16 1.31 531 3.31

Slow 130 11.84 1.31 526 6.37

 Germanyb Fast 874 83.13 1.42 507 3.04

Slow 187 16.87 1.42 491 8.63

Table 6 Processing profiles, computer and information literacy (CIL) and HISEI

a Did not meet sample requirements
b  “Met guidelines for sampling participation rates only after replacement schools were included” (Fraillon et al. 2014, S. 112)

Country Profile N Percentage SE M SE

Less than 40 points

 Czech Republic Fast 644 68.08% 1.68 540 3.55

Slow 282 31.92% 1.68 519 5.00

 Denmarka Fast 380 86.76% 2.08 524 5.00

Slow 58 13.24% 2.08 518 10.11

 Germanyb Fast 544 79.54% 1.53 506 4.39

Slow 137 20.46% 1.53 483 7.15

40 to 59 points

 Czech Republic Fast 1047 72.43% 1.44 564 2.33

Slow 382 27.57% 1.44 550 4.07

 Denmarka Fast 575 88.62% 1.42 548 3.15

Slow 76 11.38% 1.42 538 6.90

 Germanyb Fast 733 85.64% 1.31 538 3.45

Slow 132 14.36% 1.31 530 10.09

60 points or more

 Czech Republic Fast 482 73.54% 2.01 584 3.10

Slow 158 26.46% 2.01 574 4.91

 Denmarka Fast 532 88.91% 1.49 562 3.87

Slow 70 11.09% 1.49 565 9.15

 Germanyb Fast 393 81.25% 1.87 555 3.61

Slow 96 18.75% 1.87 545 8.96
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effect (profile 1: M = 534 points, 83.16%; profile 2: M = 520 points, 16.84%). There was 
no significant difference for young people without an immigrant background (profile 
1: M = 491 points, 80.01%; profile 2: M = 473 points, 19.99%).

In addition to the language spoken at home, the parents’ country of birth is included 
in the analysis regarding the immigrant background (cf. Table 8). The Czech Republic 
displays, as with the language spoken at home, a significant negative time-on-task effect 
for students without an immigrant background: 71.57% of the students whose parents 
were not born abroad belong to the fast profile (M = 559) while the other 28.43% belong 
to the slow profile with lower CIL (M = 542). For Denmark, there are no significant dif-
ferences between the profiles, but a second not significant positive time-on-task effect 
can be identified: 13.32% of the students whose parents were both born abroad fall into 
to the slow profile. They achieve on average 507 points in CIL while the other 86.68% in 
the fast profile achieve 500 points. Here, however, the small number of students in the 
slow profile should be noted. For Germany, a significant negative time-on-task effect can 
be identified for students whose parents were both born abroad: In this group, 80.45% of 
the students can be allocated to the fast profile with an average computer and informa-
tion literacy of 504 points; the remaining 19.55% are assigned to the slow profile and 
display fewer scale points (M = 478) and therefore, a lower CIL.

Taking into account the student background characteristics of gender, socioeconomic 
background (determined here via cultural capital/number of books at home and HISEI) 
and the immigrant background (determined here via language use at home and parents’ 
country of birth), the summarized results regarding the second research question for the 
three countries are presented in Table 9.

In the Czech Republic, there are significant differences in CIL for all groups except 
for students with an immigrant background (language used at home is different from 
the test language and students with one parent or both parents who were born abroad) 

Table 7 Processing profiles, computer and information literacy (CIL) and language spoken 
in the home environment

a Did not meet sample requirements
b  “Met guidelines for sampling participation rates only after replacement schools were included” (Fraillon et al. 2014, S. 112)

Country Profile N Percentage SE M SE

Test language

 Czech Republic Fast 2168 71.51 1.17 559 2.26

Slow 805 28.49 1.17 542 3.21

 Denmarka Fast 1453 88.67 1.06 546 3.12

Slow 192 11.33 1.06 544 5.60

 Germanyb Fast 1504 83.16 0.96 534 3.41

Slow 317 16.84 0.96 520 4.20

Other language

 Czech Republic Fast 60 64.19 4.89 548 8.83

Slow 28 35.81 4.89 529 13.84

 Denmarka Fast 85 84.49 5.13 502 9.40

Slow 15 15.51 5.13 495 15.14

 Germanyb Fast 232 80.01 2.62 491 7.11

Slow 59 19.99 2.62 473 16.15
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and students with a high parental occupational status. Thus, there is a significant nega-
tive time-on-task effect for these groups. However, as shown in Table 9 there are no sig-
nificant differences in the processing profiles and CIL for Denmark, even when students’ 
background characteristics are considered. For Germany, a significant negative time-on-
task effect can be found for the girls. The other examined indicators for Germany are 
ambiguous: the students with a higher cultural capital show a significant negative time-
on-task effect as do students with parents with a low occupational status. Additionally, 
significant negative time-on-task can be highlighted for the students who use the test 
language at home and those students whose parents were both born abroad. No signifi-
cant differences in CIL can be found for the other groups.

Discussion and conclusions
The ICILS 2013 study identified differences in the CIL of students, particularly with 
regard to gender, socioeconomic background and immigrant background (Fraillon 
et  al. 2014). The present analysis utilises the potential of process data to explain indi-
vidual differences in competence tests and examines the relationship between CIL and 
response times on the basis of response times in IEA-ICILS 2013. For this purpose, two 
processing profiles (the fast processing profile and the slow processing profile) can be 
determined using a latent profile analysis. The students who belong to the fast profile 
finish the tasks on average at a fast pace and those who belong to the slow profile finish 

Table 8 Processing profiles, computer and information literacy (CIL) and parents’ country 
of birth

a Did not meet sample requirements
b  “Met guidelines for sampling participation rates only after replacement schools were included” (Fraillon et al. 2014, S. 112)

Country Profile N Percentage SE M SE

No parent born abroad

 Czech Republic Fast 1992 71.57 1.2 559 2.28

Slow 745 28.43 1.2 542 3.03

 Denmarka Fast 1244 88.52 1.2 550 2.86

Slow 170 11.48 1.2 544 5.58

 Germanyb Fast 1200 83.17 1.1 539 3.83

Slow 255 16.83 1.1 530 6.14

One parent born abroad

 Czech Republic Fast 163 70 3.09 554 6.84

Slow 58 30 3.09 534 11.82

 Denmarka Fast 148 88.8 2.97 545 6.74

Slow 17 11.2 2.97 539 17.57

 Germanyb Fast 199 85.02 2.25 518 6.6

Slow 39 14.98 2.25 498 15.17

Both parents born abroad

 Czech Republic Fast 60 63.41 5.36 563 8.72

Slow 29 36.59 5.36 531 16.93

 Denmarka Fast 132 86.68 3.13 500 7.78

Slow 19 13.32 3.13 507 16.39

 Germanyb Fast 325 80.45 1.96 504 4.76

Slow 77 19.55 1.96 478 10.77
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the tasks on average at a slow pace. The only exceptions are the so-called large tasks, in 
which the students who belong to the fast profile finish these tasks on average slower. 
A more intensive preoccupation with a task could be associated with greater care and 
thus, increase the probability of a correct answer. The students in the slow profile, on 
the other hand, finish these tasks faster on average, maybe because those students, who 
already know the answers, also give there a correct answer faster. This is a more com-
plex task type in which information products (i.e. a presentation) have to be created by 
the test participants (Fraillon et al. 2014, 2019). Thus, differences in response times with 
regard to task types in ICILS 2013 become apparent, which should be further analysed 
in the future.

On the basis of the profiles, it was found that the students from the Czech Republic 
and Germany who belong to the fast profile have significantly higher CIL than the stu-
dents belonging to the slow profile and thus a so-called significant negative time-on-task 
effect (Goldhammer et al. 2014, 2017; Naumann and Goldhammer 2017). Only in Den-
mark, there is no significant difference. In terms of student background characteristics, 
significant negative time-on-task effects can be observed in the Czech Republic for the 
majority of the groups (girls, boys, students with higher and lower cultural capital, stu-
dents with low and medium occupational status and students without an immigrant sta-
tus), except for students with an immigrant background and a high parental occupational 
status. While in Denmark no significant effects are noted, there are significant negative 
time-on-task effects in Germany for girls. The results regarding the socioeconomic and 

Table 9 Time-on-task effects regarding students’ background characteristics in the Czech 
Republic, Denmark and Germany

*Significant (p < 0.05)
a Did not meet sample requirements
b  “Met guidelines for sampling participation rates only after replacement schools were included” (Fraillon et al. 2014, S. 112)

Student background characteristics Time-on-task effects in the countries

Czech Republic Denmarka Germanyb

Gender

 Girls Negative* Negative Negative*

 Boys Negative* Negative Negative

Socioeconomic background (books at home)

 Lower cultural capital Negative* Negative Negative

 Higher cultural capital Negative* Negative Negative*

Parental occupation (hisei)

 Low occupational status
(less than 40 points)

Negative* Negative Negative*

 Medium occupational status (40 to 59 points) Negative* Negative Negative

 High occupational status (60 points or more) Negative Positive Negative

Language spoken at home

 Test language Negative* Negative Negative*

 Other language Negative Negative Negative

Immigrant background

 No parent born abroad Negative* Negative Negative

 One parent born abroad Negative Negative Negative

 Both parents born abroad Negative Positive Negative*
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immigrant background in Germany meanwhile, are not as clear as there are significant 
negative time-on-task effects for students with high cultural capital, such results also 
applied to students with a low parental occupational status. Furthermore, significant 
negative time-on-task effects can be found for students who speak the same language as 
the test-language at home and students whose parents were both born abroad. Especially 
against the background of these results, it seems necessary to go into greater depth in 
further analyses and to look at the tasks and results along with the various indicators in 
smaller steps in order to thoroughly interpret the results described.

Against the background of these results, it can be discussed to what extent the 
response times can actually explain the differences in the students’ CIL along the stu-
dent background characteristics gender, socioeconomic background and immigrant 
background. Although in the Czech Republic and Germany, there are clear correlations 
between CIL and the processing profiles, the extent to which this result can be used as 
the sole explanatory approach for the disparities described in the CIL can be questioned 
in association with student background characteristics. Future studies may also explore 
the degree to which CIL country-specific curricular requirements play a role.

Furthermore, the methodological approach should be discussed: importantly, the 
results for the large tasks make it clear that the latent profile analysis is only a first meth-
odological approach in order to make the response times tangible. In further analyses, it 
therefore, seems logical to focus on the different types of tasks. Further methodological 
approaches are conceivable for subsequent analyses in this context, which have also been 
successfully used in previous investigations of response times regarding time-on-task 
effects (e.g. the Generalized Linear Mixed Model (GLMM) framework; Goldhammer 
et al. 2014). With regard to the selection of the profiles, further analyses must also check 
whether further profiles can be determined based on the quality criteria in a more fine-
grained step-by-step evaluation by modules or task types. In addition, due to the qual-
ity criteria listed, which could also be applied to other profile solutions, it makes sense 
to carry out a different methodological approach, such as a cluster analysis, in order to 
empirically support the choice of the two-profile solution. Additionally, it would be via-
ble to include the data from the second ICILS cycle, although it should be noted that 
only Denmark and Germany participated in the study again. Regarding the results of 
Denmark in comparison to the Czech Republic and Germany, it must be discussed why 
there are no significant differences between the two processing profiles, not even with 
regard to student background characteristics. One reason might be the small sample size 
resulting from the split of profiles and single background characteristics. However, when 
interpreting the results for the three countries, it should be noted that Denmark does 
not meet the sampling requirements, which may have affected the results. In the context 
of the present analyses, low-performing countries are not taken into account as indica-
tions should be generated as to how variations in good performance can be explained. 
Thus, for further analysis, in terms of country selection, it may be useful to select addi-
tional participating countries with a very low level of performance or other countries 
with a similar level of performance in order to improve comparability and determine 
how this relates to response times.

It seems sensible to include additional predictors in further analyses in order to 
explain the differences found between and across the countries. Particularly against 
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the background of the abovementioned research, findings on the relationship between 
response times, reading tasks (Goldhammer et al. 2014; Su 2017) and other predictors 
can be used to explain differences in students’ CIL (Hatlevik et al. 2018; Livingstone and 
Helsper 2010; Rohatgi et al. 2016).

The results of these initial analysis based on the response times of the computer-based 
test modules clearly reveal that in order to explain and interpret differences in CIL, it 
makes sense to consider extra- and in-school-based conditions as well as use process 
data, which explains the behaviour during the test. In addition to a better understand-
ing of how response times are related to CIL, particularly regarding differences between 
varying groups of students, the research presented in this article also offers potential 
insight for school practice. In the context of individual support and individualized learn-
ing processes, process data will increasingly play a role in the future (e.g. Wang et  al. 
2018), especially in the context of diagnostic measures. Thus, the further analysis of pro-
cess data, such as response times, for future research in the context of school develop-
ment processes is of particular relevance. The analysis of process data is also becoming 
increasingly important for the (further) development of competence testing within the 
framework of school performance studies. The time frame for the processing of tasks 
must be put into question as well as the task design.
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