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Abstract

Background: Over the last 20 years, educational large-scale assessments have under-
gone dramatic changes moving away from simple paper-pencil assessments to inno-
vative, technology-based assessments. This comprehensive switch has led to some
rather technical improvements such as identifying early guessing or improving
standardization.

Objectives: At the same time, process data on student interaction with items has
been shown to carry value for obtaining, reporting, and interpreting additional results
on student skills in international comparisons. In fact, on the basis of innovative simu-
lated assessment environments, news about student rankings, under- and overper-
forming countries, and novel ideas on how to improve educational systems are
prominently featured in the media. At the same time, few of these efforts have been
used in a sustainable way to create new knowledge (i.e., on a scientific level), to
improve learning and instruction (i.e., on a practical level), and to provide actionable
advice to political stakeholders (i.e., on a policy level).

Methods: This paper will adopt a meta-perspective and discuss recent and current
developments with a focus on these three perspectives. There will be a particular
emphasis on new assessment environments that have been recently employed in
large-scale assessments.

Results and Conclusions: Most findings remain very task specific. We propose a nec-
essary steps that need to be taken in order to yield sustainable change from analysing
process data on all three levels.

Implications: New technologies might be capable of contributing to the research-
policy-practitioner gap when it comes to utilizing the results from large-scale assess-
ments to increase the quality of education around the globe but this will require a

more systematic approach towards researching them.
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1 | INTRODUCTION

Over the last 20 years, educational large-scale assessments have
undergone dramatic changes moving away from simple paper-pencil
assessments to innovative, technology-based assessments (von Davier
et al., 2019). One example of the emergence of technology-based
large-scale assessments is the Programme for International Student
Assessment (PISA). This program, arguably the most extensive inter-
national educational assessment program, started to partially collect
their data through technology-based assessment of science literacy
back in 2006 (OECD, 2010). In 2009 PISA already administered
another core competence using technology (digital reading assess-
ment; OECD, 2012). This was extended in 2012 for the third core
competence (mathematical literacy) plus adding a technology-
based problem-solving assessment (OECD, 2013). In 2015,
technology-based assessment was the primary mode of assess-
ment in PISA (OECD, 2017). One reason was the inability to design
authentic, interactive, and dynamic tasks for 21st-century skills
with traditional paper-pencil formats (OECD, 2010). Technology-
based assessments make the use of multimedia, simulations, inter-
active tasks, and virtual reality possible (Goldhammer et al., 2020).
In addition to allowing for the operationalization of previously
unobtainable competencies, using technology-based assessments
allows for continuous measurement of the response process
(i.e., process data), instead of only discrete states of responses
depicted through the answers given to a task (i.e., product data;
Thille et al., 2014).

This comprehensive switch from paper-pencil assessments to
technology-based assessments has led to some rather technical
improvements such as identifying early guessing (e.g., Kong
et al., 2007) or improving standardization of assessment and scoring
(e.g., Goldhammer et al., 2020). At the same time, process data on stu-
dent interaction with items have been shown to carry value for
obtaining, reporting, and interpreting additional results on student
skills in international comparisons (e.g., Reis Costa et al., 2021; Xiao
et al., 2021). Process data was used to relate behaviour to cognitive
processes (Greiff et al., 2016), to validate score interpretations
(Kane & Mislevy, 2017), and led to a better theoretical understanding
of the construct under investigation (Goldhammer et al., 2017;
Goldhammer & Zehner, 2017).

However, few of these efforts have been used sustainably to
decrease global inequalities, and realize universal quality education
(United Nations Educational, Scientific and Cultural Organization
[UNESCO], 2015) by creating new knowledge, improving learning and
instruction, and providing actionable advice to political stakeholders
(Dawson et al., 2019). This paper will adopt a meta-perspective and
discuss recent and current developments focusing on these three per-
spectives. There will be a particular emphasis on new assessment
environments that have been recently employed in large-scale assess-
ments and how they might contribute to the research-
policy-practitioner gap when it comes to utilizing the results from
large-scale assessments to increase the quality of education around

the globe.
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2 | INTERACTIVE TASKS IN LARGE-SCALE
ASSESSMENT
21 | New types of assessment

One of the driving forces behind the fast and comprehensive switch
from paper-pencil assessments to technology-based assessments in
international large-scale assessments has been the need to assess so-
called 21st-century skills (Care et al., 2012). These 21st-century skills
encompass a set of skills deemed critically important to student suc-
cess in today's world, particularly as students move on to college, the
workforce, and adult life, such as solving complex problems individu-
ally and collaboratively or possessing the media literacy to utilize and
critically evaluate digital sources of information. Assessing these com-
petencies requires assessment tools that respond to the test-taskers'
inputs to allow for adequately complex and realistic tasks. Unlike con-
ventional tasks (such as multiple-choice questions), these interactive
tasks change, while the test-taker is trying to solve them, providing
feedback to interventions or new information (Stadler et al., 2015).
For instance, collaborative problem-solving tasks would hardly be
valid if there was no interaction between the test-takers and the col-
laboration partners (Stadler, Herborn, et al., 2020). Likewise, assess-
ments of hyper-text reading (reading and understanding digital text
organized in a non-linear hypertext format) need to allow the test-
takers to choose what information they want to read actively and in
what order (Hahnel et al., 2023).

All of these new forms of assessment share that the interaction
between test-takers and the assessment are expressed in observable
actions (e.g, mouse clicks, eye-movements, keyboard inserts).
Researchers are, thus, no longer limited to measuring the final outcome
of an assessment (i.e., product data) but can also investigate the steps
and actions resulting in the specific outcome through analyzes of test-
taking behaviours (i.e., process data; Greiff et al., 2016; He et al., 2021).

2.2 | Process data and sequence data

In contrast to product data, process data and sequence data is seen as
empirical information depicting behaviour that leads to the measured
outcome (Goldhammer & Zehner, 2017). Typical process data are
response times or the number of actions taken, whereas sequence
data, as a special form of process data, describes the qualitative action
sequences that lead to a specific result (Pohl et al., 2021; von Davier
et al, 2019). Sequence data hence includes timing data, adding a
quantitative dimension. Analysing process data and sequence data
instead of only product data allows insights into the process leading
to the eventual outcome. Researchers have already used process data
to answer research questions as diverse as the detection of early
guessing behaviour (e.g., Kong et al., 2007), validation of product data
(e.g., Kane & Mislevy, 2017), early identification of students at risk to
show inadequate performance (e.g., Wolff et al., 2013), analyses of
incorrect responses and reasons (e.g., Ulitzsch et al., 2021) and a bet-

ter theoretical understanding of the construct under investigation
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(Goldhammer et al., 2017; Goldhammer & Zehner, 2017). Accordingly
Pohl et al. (2021) argue that test-taking behaviour is not a nuisance
factor that may confound measurement, but an aspect that provides
important information on how examinees approach tasks, which is rel-
evant for real-life outcomes.

Regarding the use of sequence data, Greiff et al. (2018) reported
that students might show similar overall performance and yet can be
distinguished according to their strategic behaviours in the tasks.
These results indicate that process indicators depict individual differ-
ences in the ability that are not necessarily depicted in product data.
This interpretation was further corroborated on laboratory data by
Stadler, Hofer, and Greiff (2020), who found that participants solving
a set of complex problem-solving tasks systematically differed in both
time-on-task and number of clicks despite having reached the same
outcome. This difference in behaviour was systematic and repre-
sented differences in ability as indicated by significant relations to an
external criterion (participants' GPA). Moreover, the differences in
behaviour could be explained by adjusting their effects on partici-
pants' GPA for individual differences in general problem-solving abil-
ity, which reduced them to negligible levels. He and von Davier (2016)
used sequence data from the Programme for the International
Assessment of Adult Competencies (PIAAC) studying how action
sequences from problem-solving tasks are related to task performance
finding several distinct action sequences that were related to correct
responses (such as actions related to using software-tools).

While there is a surge of interest among researchers in harnessing
process data, this rich resource's full utilization through dedicated
analyses remains in its embryonic stages (Stadler et al., 2019). Signifi-
cant improvements have been made in employing process data to
enhance scoring accuracy and reporting in educational large-scale
assessments (Pohl et al., 2021). However, the real value of integrating
interactive tasks into these programs lies in their unique ability to cap-
ture action sequences that facilitate an exploration of the underlying
reasons for students' success and failure (von Davier et al., 2019).

These interactive tasks provide a distinctive opportunity to contrib-
ute to the development of more sophisticated models of student cogni-
tion. By vyielding detailed sequence data, we gain a more granular
understanding of how students approach and navigate through different
tasks. This allows us to observe the evolution of their problem-solving
strategies over time, providing empirical evidence that can validate or
challenge existing cognitive theories. Such insights can then directly
inform the design of more nuanced, targeted instructional methods and
learning materials, thus enriching the teaching-learning process.

Despite the evident value, comprehensive analyses employing
this resource are scarce, often restricted to single or a few selected
items with little common theoretical underpinning and minimal
attempts at replicating findings. In the second part of this paper, we
will discuss how these missed opportunities have resulted in a lack of
sustainable change in education at the scientific, practical, and political
levels. As we move forward, it is essential to shift our focus from
merely improving scoring and extending reporting, towards fully
exploiting the potential of interactive tasks in generating refined cog-

nitive models that can transform educational practices and theories.
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3 | ISSUESLIMITING SUSTAINABLE
CHANGE

3.1 | Scientific level

A substantial obstacle preventing sustainable change, brought about
by the use of interactive tasks in large-scale assessments at the scien-
tific level, is the strong task-specificity of findings. Replications,
already a rarity in educational research (Makel & Plucker, 2014), are
virtually non-existent when it comes to sequence data from interac-
tive tasks (c.f., Brooks et al., 2015 for a positive example). Several rea-
sons may account for this, such as the relative infancy of the field.
However, we contend that the lack of generalizability of findings and
a missing relation between data and theory strongly limit the replica-
bility of research on sequence data from interactive tasks in educa-
tional large-scale assessments, and thus, its scientific value.

Interactive tasks are often highly complex, involving multiple
interrelated variables, usually embedded in a certain semantic context.
These contexts only permit specific interactions between them and
the test-takers. Thus, directly relating specific interactions with one
item to interactions with other items becomes a challenging task,
especially if these items do not even allow for these particular interac-
tions. Many studies interested in comparing processes across items
are therefore forced to rely on relatively low-level metric analyses
(Ihantola et al., 2015), such as relating time-on-task or the number of
interactions to the latent construct being assessed (e.g., Greiff
etal., 2016).

Drawing on Mislevy's (2019) view, we suggest an explicit
differentiation between low-level features and higher-level features.
Low-level features, such as time-on-task or the number of
interactions, can be more idiosyncratic and may not convey the same
meaning across different tasks (Stadler, Radkowitsch, et al., 2020).
On the other hand, higher-level features, derived from low-level
ones, can present robust evidence that is pertinent across different
tasks, thereby providing the possibility of conceptual replication
even when items differ between studies.

An inventive solution to this predicament was offered by He et al.
(2021), who related the performance on several PIAAC tasks to the
distance of the observed behaviour sequence from an ex-ante defined
ideal sequence. This approach allows for generalizing findings across
various tasks that do not need to be similar as long as it is possible to
determine an ideal sequence of actions. However, these findings
would still exist within a theoretical vacuum as long as the ideal
sequence is not linked to a theory-based definition of the construct.

As an application of the approach of distinguishing low-level and
higher-level features, (Brandl et al., 2021) coded the interactions
between learners and a training simulation for medical diagnoses
based on theoretically defined diagnostic activities (Fischer
et al., 2014). This focus on higher-level features allowed the study to
move beyond task-specificity, thereby enabling the generalization of
findings across various diagnostic tasks. Aggregating the process data
in this way allows to train machine-learning algorithms to predict suc-

cessful diagnoses in various diagnostic tasks. This study makes it
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apparent how relating process data to established theoretical con-
cepts can make the findings generalizable. The diagnostic activities
used to code the interactions are not specific to any individual task,
and the same method could be applied to any diagnostic training sim-
ulation regardless of context. Lotz et al. (2017) demonstrated how
intelligence relates to individual differences in interaction frequency
and quality changes in a computer-based problem-solving task. The
authors find that, while all test-takers improve their test-taking behav-
iour across tasks on average, individual differences in intelligence pre-
dict the speed and range of this improvement. This example illustrates
how rather basic process information can still be related to theoreti-
cally defined latent constructs.

In conclusion, to truly advance scientific knowledge through pro-
cess data analyses, it's essential to generalize findings from specific
items and link them to established constructs (see also Kroehne &
Goldhammer, 2018). This requires the capacity for replication, system-
atic testing of theories, and the understanding of the difference
between low-level and higher-level features. Recognizing this differ-
entiation sets a crucial theoretical consideration for the level of
abstraction in analysing process data, paving the way for more sub-
stantial scientific progress. Additionally, as underscored by
(Goldhammer et al., 2021), there is a pressing need to validate the
interpretation of measures based on process data. Even when a theo-
retical link between data and theory is postulated, this link necessi-
tates substantiation with theoretical and empirical arguments to
ensure its validity. Therefore, the integration of theoretical consider-
ations, the differentiation of low-level and higher-level features, and
the validation of interpretations collectively form the pillars of more

rigorous and impactful research in this domain.

3.2 | Practical level
Despite the scientific challenges described above, there are many
high-quality studies on the use of process data in educational large-
scale assessments, demonstrating the benefit of modelling new data
sources and incorporating process data in the statistical modelling of
multiple possible assessment data (He & von Davier, 2016; Jiang
et al., 2021; Pohl et al., 2021; von Davier et al., 2019). Process data
can help validate and facilitate measuring response accuracy and pro-
vide supplementary information in understanding test-takers' behav-
iours, the reasons for missing data, and links with motivation studies.
However, with the evolution of educational large-scale assess-
ment from a paper-based technology to an electronic one, the focus
of these assessments has evolved, too (Bennett, 2015). Over the past
several decades, the most common use of educational assessment has
been for institutional purposes such as state school accountability.
Accordingly, lots of research on the use of process data has concen-
trated on this use of assessment. However, in recent years, the
value of assessment as a feedback tool informing individual learning
(formative assessment) has been realized (e.g., Chudowsky &
Pellegrino, 2003; van der Kleij et al., 2015). Whereas testing to serve
institutional purposes may not diminish in absolute terms, there is
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reason to believe it will diminish in relative terms as assessment to
serve individual learning purposes becomes more frequent. The
increasing prominence of formative assessment is being driven by
many factors, including advances in measurement and data science
and the emergence of electronic learning environments.

Obviously, international large-scale assessments are primarily
designed to facilitate group-based assessments and comparisons
across large populations, not individuals (von Davier et al., 2019).
Nonetheless, they can and should support learning (Chudowsky &
Pellegrino, 2003). Especially interactive tasks inherently offer a type
of feedback to the test-takers through the evolution of the task in
response to their interactions (Greiff et al., 2016). This feedback, as
we conceive it here, does not correspond to traditional, evaluative
feedback, but instead refers to the changing state of the task accord-
ing to the decisions made by the test-takers. Essentially, the task envi-
ronment responds and adapts based on the actions of the test-takers,
thus providing them with an implicit form of feedback about the con-
sequences of their actions within the task scenario. This results in
learning opportunities that can be used more or less efficiently, which
needs to be considered when using these tasks as a means of stan-
dardized testing. Rather than trying to reduce these learning opportu-
nities by limiting the tasks responsiveness, it may be beneficial to
assess individual learning rather than the mere ability to solve the
task. To benefit individually from an assessment situation, especially
from a complex interactive task, learners require individualized scaf-
folding (e.g., Azevedo et al., 2004). For example, educators could use
process-data from computer-based assessments to differentiate spe-
cific behaviours in students and use this information to provide indi-
vidualized support (e.g., Li et al., 2020). Accordingly, process data
analyses have long been considered a promising tool to detect a need
for scaffolding and provide individualized support, yet most of this
potential remains essentially untapped in day-to-day teaching practice
(Bakharia et al., 2016). Most previous studies have drawn on historical
data to identify patterns in students' process data and related these
patterns to academic performance, retention, or other institutional
outcomes. Utilizing process data for individual learning purposes
requires understanding the pedagogical context that influences stu-
dent activities and how identifying patterns in students' learning
behaviours can help influence and contribute to more positive learn-
ing experiences (Gasevi¢ et al., 2016; Lockyer et al., 2013). An essen-
tial next step in advancing the practical relevance of new assessment
technologies in educational large-scale assessments will, therefore, be
to align the design of assessment with learning design to use assess-
ments not only for institutional information but also as a source of

individual learning.

3.3 | Policy level

Finally, modern educational large-scale assessments are an increas-
ingly important part of the educational research and policy landscape
internationally (Rutkowski et al., 2013). For instance, PISA claims to

have become “the world's premier yardstick for evaluating the quality,
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Scientific level

Aims:

- Relate processes to educational theory
- Increase generalizability of processes

Methods:
- Theoretical considerations on the processes causing test-taking behavior
- Replications of findings across specific tasks

NS

Practical level

Aims:

- Assessment as a feedback tool informing individual learning
- Identify disadvantageous behavior and provide individual support

Methods:
- Align the design of assessment with learning design

- Determine ,,points of scaffolding” in process data

NS

Policy level

Aims:
- Relate differences in achievement to differences in behavior
- Identify educational policy influencing behavior

Methods:
- Cross country comparisons of process data

- Analyses of the impact of educational policies on student behavior

FIGURE 1

equity and efficiency of school systems” (OECD, 2016, p. 2). In fact,
despite many criticisms and potential issues with comparability
across countries (see e.g., Winthrop & Simons, 2013) as well as
methodological constraints (e.g., Rutkowski & Rutkowski, 2016),
there are several examples of how results from educational large-
scale assessments have been converted into educational policy
such as the formation, expansion and improvements to national
assessment and evaluation systems, the revision of curriculum
standards, often to include and emphasize PISA-like competencies,
or promoting equity through school financing (Breakspear, 2012;
Wagemaker, 2014).

However, in international large-scale assessments, the focus lies
mainly on achievement test scores as a measure of competence,
which makes sense when discussing performance on an aggregated
level for quality monitoring (Skedsmo & Huber, 2017). Unfortunately,
the idea that the criterion of competence is what someone can do
often downplays the importance of how the person arrives at this
competence (Havnes & Prgitz, 2016; Oliveri & Davier, 2014). In other
words, merely relating aggregated sum scores to differences in educa-
tional systems such as the number of all-day schools or integrative
schools without a very good understanding of the behaviour on which
the test values are based seems problematic (e.g., Gir et al., 2012;
Kuhlmann & Tillmann, 2009) and is unlikely to yield sustainable
changes (Pohl et al., 2021).

The use of process data in educational large-scale assessment for sustainable change.

Analyses of process data can help provide this understanding. For
instance, Greiff et al. (2016), analysed log-file data of a complex
problem-solving tasks for students from 44 countries and economies.
The authors find that there were different levels of non-mastery that
ranged from applying no systematic strategic behaviour to actually
applying the appropriate strategy but still failing to solve the task. On
the backdrop of these results, they discuss implications and future
potentials of log-file analyses in educational large-scale assessments
for researchers, teachers, and policy makers. This study demonstrates
how for policy makers, interesting comparisons between educational
systems might emerge from the relation between actual behaviour
and overall proficiency. In the PISA 2012 cycle, for instance, Polish
students performed reasonably well in mathematics (518 points in the
international comparison of the PISA scale), science (526 points), and
reading (518 points) but performed considerably worse in complex
problem-solving compared with other countries or economies
(481 points). Log-file analyses revealed how this performance drop
could be explained by (a lack of) specific actions, for instance, because
Polish students never learned the principle of isolated variation or
because they were too reluctant to explore a problem situation com-
prehensively. This provides interesting starting points for policy deci-
sions and educational priorities (see Greiff et al., 2015).

Questions such as what exactly it is that students do better in one

country compared with another may provide insights into how teaching
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practices foster or neglect certain behaviours but need to consider cul-

tural differences in learning and teaching (Huang et al., 2016).

4 | CONCLUSION

In summary, we posit that educational large-scale assessments, particu-
larly through their evolution from simple paper-pencil tests to innova-
tive technology-based and simulated environments, hold tremendous
potential to advance research, educational practice, and policy-making.
Despite this potential, the sustainable utilization of the rich information
these assessments provide has been hindered, impacting their potential
to enhance global education quality. As illustrated in Figure 1, there are
necessary changes to be undertaken at the scientific level in how we
analyse process data to foster sustainable changes at the practical and
policy levels. Primarily, linking process data to educational theory is cru-
cial for enhancing the generalizability of our findings. This link not only
enables the utilization of assessment results as individual learning feed-
back tools but also allows the identification of disadvantageous behav-
iours, paving the way for targeted individual support.

To achieve this, the alignment of assessment design with learn-
ing theories is paramount. The process data emanating from such
theoretically grounded and practically meaningful assessments can
then elucidate achievement disparities across countries or educa-
tional systems. Policy predicated on such robust data can have a last-
ing, sustainable impact on students' education. This exploration
underscores a fundamental need for further research dedicated to
the sustainable, theory-driven utilization of process data from inter-
active tasks in large-scale assessments. Our aspiration is that this
research will lead to systemic changes that bridge the gap between
research, practice, and policy in education, ultimately contributing to

the quality of education worldwide.
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