
R E S E A R CH AR T I C L E

Identifying patterns of students' performance
on simulated inquiry tasks using PISA 2015
log-file data

Nani Teig1 | Ronny Scherer2 | Marit Kjærnsli1

1Department of Teacher Education and
School Research, Faculty of Educational
Sciences, University of Oslo, Oslo,
Norway
2Centre for Educational Measurement
(CEMO), Faculty of Educational Sciences,
University of Oslo, Oslo, Norway

Correspondence
Nani Teig, Department of Teacher
Education and School Research, Faculty
of Educational Sciences, University of
Oslo, Postbox 1099 Blindern, Oslo 0317,
Norway.
Email: nani.teig@ils.uio.no

Abstract

Previous research has demonstrated the potential of

examining log-file data from computer-based assess-

ments to understand student interactions with complex

inquiry tasks. Rather than solely providing information

about what has been achieved or the accuracy of stu-

dent responses (product data), students' log files offer

additional insights into how the responses were pro-

duced (process data). In this study, we examined stu-

dents' log files to detect patterns of students'

interactions with computer-based assessment and to

determine whether unique characteristics of these

interactions emerge as distinct profiles of inquiry per-

formance. Knowledge about the characteristics of these

profiles can shed light on why some students are more

successful at solving simulated inquiry tasks than

others and how to support student understanding of

scientific inquiry through computer-based environ-

ments. We analyzed the Norwegian PISA 2015 log-file

data, science performance as well as background ques-

tionnaire (N = 1,222 students) by focusing on two

inquiry tasks, which required scientific reasoning skills:

coordinating the effects of multiple variables and coor-

dinating theory and evidence. Using a mixture model-

ing approach, we identified three distinct profiles of

students' inquiry performance: strategic, emergent, and
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disengaged. These profiles revealed different character-

istics of students' exploration behavior, inquiry strat-

egy, time-on-task, and item accuracy. Further analyses

showed that students' assignment to these profiles var-

ied according to their demographic characteristics (gen-

der, socio-economic status, and language at home),

attitudes (enjoyment in science, self-efficacy, and test

anxiety), and science achievement. Although students'

profiles on the two inquiry tasks were significantly

related, we also found some variations in the propor-

tion of students' transitions between profiles. Our study

contributes to understanding how students interact

with complex simulated inquiry tasks and showcases

how log-file data from PISA 2015 can aid this

understanding.
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In recent years, there has been a rapid expansion of interest in integrating scientific inquiry
into computer-based assessments (Smetana & Bell, 2012). Compared to paper-and-pencil
tests, computer-based assessments can measure complex inquiry skills more effectively in a
wider range of science contexts (Pellegrino & Quellmalz, 2010). Another advantage of the
shift toward dynamic, interactive, and even adaptive computer-based assessments of inquiry
is the availability of “log files”—files that contain the records of all the actions students per-
formed during an assessment, along with their corresponding timestamps. Log-file data hold
a great potential to generate a deeper understanding of students' inquiry performance as they
provide information beyond the correctness of responses (Gobert, Kim, Sao Pedro, Ken-
nedy, & Betts, 2015; Scalise & Clarke-Midura, 2018). Instead of merely knowing what has
been achieved, log files contain additional information about behaviors that occur during the
inquiry process, thereby providing possible insights into how the responses were produced
(Gobert, Sao Pedro, Raziuddin, & Baker, 2013; Greiff, Molnár, Martin, Zimmermann, &
Csapó, 2018). By analyzing log-file data, researchers can identify student inquiry performance
not only from the correctness of responses but also their underlying behaviors during the
assessment (Baker, Clarke-Midura, & Ocumpaugh, 2016; Gobert et al., 2013; Scalise &
Clarke-Midura, 2018).

A growing body of research is exploring observable, behavioral indicators that have been
derived from log files to gain a better understanding of student performance (e.g., Gobert
et al., 2015; Greiff, Niepel, Scherer, & Martin, 2016; Scalise & Clarke-Midura, 2018). For
instance, focusing on the investigative phase of inquiry (e.g., identifying questions, designing,
and conducting experiments), researchers have analyzed the frequency and patterns of stu-
dents' exploration behaviors to solve inquiry tasks (Greiff et al., 2018; Peffer &
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Ramezani, 2019). Greiff et al. (2018) focused on the skills to design and conduct controlled
experiments and classified the levels of students' exploration strategies from students who
conducted little exploration in computer-based environment to those who applied sophisti-
cated exploration strategies. Peffer and Ramezani (2019) found that experts performed inves-
tigative actions, whereas novices focused more on information seeking. Next to the
investigative phase, studies have also used student-generated log files to assess the skills
related to the inferential phase of inquiry, in which evidence is evaluated in order to make
inferences, draw conclusions, and construct scientific explanations related to the phenome-
non under investigation (Li, Gobert, & Dickler, 2017; Scalise & Clarke-Midura, 2018). Li
et al. (2017) showed that success in one phase of inquiry does not automatically transfer to
the other phase; for instance, a student could generate appropriate data, but may not be able
to explain why these data count as evidence. Following this line of reasoning, Scalise and
Clarke-Midura (2018) further examined the inquiry process during the two phases in order
to generate maps of student performance. These studies highlighted the importance of exam-
ining the investigative and inferential phases of inquiry jointly to gain insights into the dif-
ferences in students' inquiry performance.

In addition to the frequency and patterns of actions, log-file data also record students'
response times. Some evidence suggests that the time students spend on a task is positively cor-
related with task success (e.g., Y. Lee, 2018; Scherer, Greiff, & Hautamäki, 2015) and the effort
taken to solve the task (e.g., Kristen, 2014; Ventura & Shute, 2013). The time spent on a task
consequently represents the person-task interactions and can provide information about the
response process, behaviors, and motivation during the assessment beyond the correctness of
responses (Goldhammer et al., 2014; Y. H. Lee, Hao, Man, & Ou, 2019).

While previous studies have examined the frequency and pattern of actions that underlie
the responses to inquiry tasks for explaining student performance (e.g., Greiff et al., 2018; Li
et al., 2017; Scalise & Clarke-Midura, 2018), few studies have combined these behavioral indica-
tors with response times to identify distinct profiles of inquiry performance, especially during
the investigative and inferential phases. Students who received similar scores on an inquiry task
might not have necessarily interacted with the computer-based environment in the same way
even though they may have reached the same level of performance. In fact, some students
might have been able to apply an optimal strategy directly, while others may have explored var-
ious strategies before completing the task. Even among those who demonstrated an identical
strategy, there might be differences in the amount of time they spent exploring the task and the
extent to which they performed a systematic and efficient exploration. Although students' final
response provides useful information about what has been accomplished (product data), it says
very little about how they engaged with the inquiry tasks in order to produce such a result (pro-
cess data). Identifying groups of students with distinct profiles is crucial for mapping their per-
formance levels and describing unique characteristics of their interactions with the computer-
based environment. To this end, the present study showcases how log files can reveal otherwise
unobserved student profiles that may explain differences in overall performance on scientific
inquiry tasks. Understanding the characteristics of these profiles could help teachers,
researchers, and policy makers to gain insights into why some students are more successful at
solving simulated inquiry tasks than others and how to support their understanding of scientific
inquiry.

To identify and describe the profiles of students' behaviors on simulated inquiry tasks, this
study focuses on two important inquiry skills that have been conceptualized under the umbrella
of scientific reasoning, namely coordinating the effects of multiple variables and coordinating
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theory and evidence (e.g., Kuhn & Pease, 2008). The former is relevant for the investigative
phase of inquiry, while the latter is relevant for the inferential phase. Although these skills are
critical to science investigations and the development of scientific understanding (Kuhn,
Arvidsson, Lesperance, & Corprew, 2017; Kuhn & Pease, 2008), few empirical studies have
mapped profiles of students' inquiry performance and considered both of these reasoning skills
in tandem by utilizing log-file data. Knowledge about possible student profiles is essential to
developing computer-based learning environments that efficiently support the integration of
these skills in inquiry practice (Greiff et al., 2018; Scalise & Clarke-Midura, 2018).

The present study provides a glimpse into potential future research using a wealth of infor-
mation in students' process data. To showcase how students' log files can illuminate their
inquiry performance, we utilized science data from the Programme for International Student
Assessment (PISA), a computer-based assessment of scientific literacy. Some information from
the log-file data—for instance, response times and behavioral frequencies—are already avail-
able for public use, and the full data sets obtained from 57 countries and economies might be
released in due course. PISA 2015 offers large-scale log-file data, providing the potential of gen-
eralizability. These data could further explain science achievement within a country while at
the same time provide an opportunity for cross-country validation studies.

In the present study, we took the following steps: First, we identified the profiles of students'
performance on simulated inquiry tasks by focusing on the skills to coordinate the effects of
multiple variables and coordinate theory and evidence. Second, as previous research has dem-
onstrated that a variety of student characteristics are associated with inquiry performance
(e.g., Nehring, Nowak, zu Belzen, & Tiemann, 2015), we integrated the data from the PISA sci-
ence assessment and students' log files with the data from background questionnaires to pro-
vide a more refined picture of the extent to which demographic and attitudinal variables may
explain the assignment of students to certain profiles. Third, we examined the association
between students' profile memberships across two inquiry tasks that differ in cognitive demand
and in the scientific reasoning skills, they required. Taken together, this study attempts to con-
tribute to the existing literature by utilizing the potentials of assessment data from the products
and processes of inquiry to increase knowledge about the characteristics of students' inquiry
performance.

1 | BACKGROUND

1.1 | Scientific inquiry

Science education communities have long advocated the importance of scientific inquiry for
student learning (e.g., American Association for the Advancement of Science, 1994). Despite its
prominent role in science education reforms, there is hardly a uniform interpretation of inquiry
in the literature (Rönnebeck, Bernholt, & Ropohl, 2016). The present study defines scientific
inquiry broadly as “the diverse ways in which scientists study the natural world and propose
explanations based on the evidence derived from their work” (National Research Council
[NRC], 1996, p. 23). To better conceptualize what it means to engage students in activities simi-
lar to those of scientists, the latest policy documents of A Framework for K–12 Science Educa-
tion (NRC, 2012) and the Next Generation Science Standards (NRC, 2013) reframed inquiry
using the term “science practices.” In this context, the term inquiry is not replaced but rather
expanded and viewed as an important form of science practices that is integrated with science
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disciplinary core ideas and crosscutting concepts (Bybee, 2011; NRC, 2013). This current reform
also underlines a stronger focus on critiquing and evaluating claims based on evidence resulting
from an inquiry investigation (Osborne, 2014).

Previous studies, in general, have demonstrated the importance of engaging students in
activities related to scientific inquiry that reflect major practices scientists use to investigate the
world (e.g., Estrella, Au, Jaeggi, & Collins, 2018; Furtak, Seidel, Iverson, & Briggs, 2012). These
activities require students to apply a range of scientific reasoning skills, such as those that are
relevant for the investigative and inferential phases of inquiry (Kuhn, 2007; Zimmerman, 2007).
The investigative phase requires scientific reasoning skills that entail a path from theory to evi-
dence. This involves identifying research questions, formulating hypotheses, designing experi-
ments, and collecting evidence from the experiments, whereas the inferential phase involves
the skills that entail a path from evidence to theory by analyzing, interpreting, and evaluating
evidence as well drawing conclusions and developing explanations (Kuhn, 2007; Kuhn &
Pearsall, 2000). The present study focuses on the corresponding scientific reasoning skills
pertinent to each phase respectively—that is, coordinating the effects of multiple variables and
coordinating theory and evidence. These skills play a significant role in the successful
implementation of inquiry practice and contribute to the development of student science
understanding (Kuhn et al., 2017; Kuhn & Pease, 2008).

1.2 | Coordinating the effects of multiple variables

The skill to identify relationships between variables is essential for conducting experiments that
yield interpretable evidence as well as for facilitating inferential skills (Zimmerman, 2007).
When it comes to investigating the causal relations between variables, students might demon-
strate various exploration strategies with different levels of efficacy. The vary-one-thing-at-a-
time strategy (VOTAT, Tschirgi, 1980) is a specific strategy that has been shown to be most
effective for identifying causal relations between variables. This strategy uses the principle of
isolated variation—that is, varying one variable of interest while holding all other variables
constant—to disentangle the influence of the independent variable on the dependent variable.
Besides effectively determining the causality of variables, participants who applied VOTAT
strategy also developed more structured knowledge compared to those who used other explora-
tion strategies (Vollmeyer, Burns, & Holyoak, 1996).

Despite the significance of identifying the effect of a single variable on an outcome, it is
not a sufficient strategy for successfully implementing scientific inquiry as this practice
reflects real world phenomena that usually involve interrelationships among multiple vari-
ables (Kuhn et al., 2017). Focusing on a single cause alone could lead to misleading conclu-
sions when investigating phenomena that are best described by multiple interacting variables
that jointly affect the outcomes. To solve a multivariable task, students may need to:
(a) identify the individual effect of every variable, such as by applying VOTAT strategy and
(b) conceptualize how these multiple effects together influence an outcome in either an addi-
tive or interactive way (Kuhn et al., 2017; Kuhn, Ramsey, & Arvidsson, 2015). Given that
existing research has given very little attention to students' multivariable reasoning
(e.g., Kuhn et al., 2017), the present study aims to examine this issue, with a particular focus
on the skill to coordinate the effects of multiple interacting variables on several outcomes.
Specifically, we compare student profiles of inquiry performance in a univariable and multi-
variable situation.
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1.3 | Coordinating theory and evidence

Kuhn and Pearsall (2000) suggested four different types of theoretical claims depending on the
evidence associated with them: category, event, causal or explanatory, and explanatory system
claim. While the first two types are often referred to as simple knowledge claims or beliefs
(e.g., plants are living things or this plant died), causal and explanatory system claim invoke a
more complex explanation of why the claim is correct, such as the plant died because of inade-
quate light (Kuhn & Pearsall, 2000, p. 116). Since different types of theoretical claims require
varying supporting evidence, an appropriate causal inference between claim and evidence can
only be drawn by distinguishing them as separate entities (Kuhn, 2007). When individuals rec-
ognize a claim as possibly false, it drives the necessity to conduct an investigation to verify it
with the empirical evidence (Kuhn & Pearsall, 2000). Thus, coordination of theory and evidence
could be considered the essence of advanced scientific thinking, as it requires an openness to
revising or completely reformulating one's initial theory or belief in response to a pattern of
evidence (Kuhn, 2007).

The skill to coordinate theory and evidence is a fundamental aspect of scientific inquiry and
is crucial for students' construction of scientific arguments (Delen & Krajcik, 2015; Osborne
et al., 2016). The application of this skill in inquiry practice also involves multiple stages: (a) zero
degrees of coordination, such as by identifying a claim or evidence without providing a logical
connection between them, (b) one degree of coordination that requires a warrant to make an
explicit connection between claim and evidence, and (c) two or more degrees of coordination that
involves constructing a complex argument with two or more warrants (Osborne et al., 2016).
Students' progression through these stages may depend on their level of scientific knowledge,
especially in coordinating the relations among multiple elements of arguments (Osborne
et al., 2016; von Aufschnaiter, Erduran, Osborne, & Simon, 2008). Studies have also demon-
strated that interpreting empirical evidence from first-hand data is crucial in theory and evi-
dence coordination (e.g., Delen & Krajcik, 2015; McNeill, 2011). However, there is no
significant difference in reasoning quality when participants interpreted data from a first-hand
investigation in a simulated system versus a physical system (see review in Smetana &
Bell, 2012). Due to the possibility to incorporate simulated hands-on environments into
computer-based science tests, such as the one administered in PISA 2015, novel opportunities
exist to conduct a large-scale investigation that effectively assesses the skill to coordinate theory
and evidence that is built upon their first-hand data (Teig & Scherer, 2016).

1.4 | Challenges in coordinating the effects of multiple variables and
coordinating theory and evidence

Students encounter considerable challenges in integrating appropriate scientific reasoning skills
for conducting inquiry (for a review of studies see de Jong & van Joolingen, 1998;
Zimmerman, 2007). With respect to applying VOTAT strategy, students may struggle with
understanding the concept of a variable, particularly in deciding which variables to manipulate
and to control (Klahr & Dunbar, 1988). They may also vary too many variables at once
(de Jong & van Joolingen, 1998), execute the same trials without changing any variable (Greiff
et al., 2016), or run experiments to produce a desirable outcome rather than to test a hypothesis
(White & Frederiksen, 1998). Even students who have mastered univariable reasoning may
have difficulties transferring VOTAT strategy to situations with more variables (Vollmeyer
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et al., 1996) or conceptualizing the additive or interaction effects among the variables that
simultaneously contribute to an outcome (Kuhn et al., 2015; Kuhn, Pease, & Wirkala, 2009).
When students engage in coordinating theory and evidence, they may struggle to distinguish
between these two concepts (Kuhn, 2007), link data to the hypotheses or claims being tested
(Chinn & Brewer, 1993; Klahr & Dunbar, 1988), provide adequate evidence supporting their
claims (McNeill & Krajcik, 2007), defend their claims, and justify why their data count as
evidence to support their claims (Osborne et al., 2016; Sandoval & Millwood, 2005).

As part of the challenges associated with the integration of both scientific reasoning skills in
an assessment setting, students need to manage their cognitive resources and allocate adequate
time to ensure task success (Naumann, 2019). This challenge involves metacognitive knowledge
about strategies—a key component of declarative knowledge that comprises the awareness,
understanding, monitoring, and management of one's cognitive processes during problem solv-
ing (Kipnis & Hofstein, 2008; Kuhn & Pearsall, 1998). It entails knowledge about task objectives
and knowledge about strategies in individual's repertory including knowing when, where, and
why to use each strategy (Kuhn & Pearsall, 1998). Strategy knowledge facilitates student reason-
ing and is involved in various phases of scientific inquiry (Kipnis & Hofstein, 2008; White &
Frederiksen, 1998). It is also potentially helpful in reducing the amount of cognitive resources
that need to be processed simultaneously in working memory (Sweller, Ayres, &
Kalyuga, 2011), thereby minimizing challenges during the inquiry process. These resources are
unique for each individual and are developed through their prior experience (Mislevy, 2016).
They may explain the differences between students in the ways they address the challenges in
integrating relevant scientific reasoning skills in inquiry practice.

Performance tests like PISA hold great promise for capturing these challenges in a
computer-based assessment setting. Log-file data drawn from the assessment provide indicators
of how students interact with inquiry tasks (e.g., whether they perform certain strategies or
whether they generate evidence to test certain hypotheses), which could ultimately allow for
drawing inferences about the ways they deal with the challenges in integrating both scientific
reasoning skills. The potential of these data lies in making visible otherwise unobserved
behavior to supplement such inferences.

1.5 | PISA 2015 inquiry assessment tasks

PISA is a triennial international survey that assesses how well 15-year-old students can apply
what they learn in schools to real-life situations (OECD, 2016a). In PISA 2015, the assessment
focused on science, while reading, mathematics, and collaborative problem solving served as
minor subjects of assessment. PISA has gradually changed its mode of assessment from paper-
based to computer-based delivery and in 2015 delivered all subjects of assessment via computer
for the first time. The present study utilizes the PISA 2015 Norwegian science data and focuses
the analyses on two inquiry tasks from similar assessment units. We opted to use these tasks in
this study as they align with the theoretical perspectives of scientific inquiry and represent an
important part of the cognitive assessment in PISA 2015 scientific literacy framework
(OECD, 2016a). These tasks also constitute an appropriate choice for investigating the application
of scientific reasoning skills that are required to solve simple and complex inquiry processes. Due
to the OECD's confidentiality regulations, the actual tasks cannot be displayed here; we therefore
modified the released PISA field trial items from the “Running in Hot Weather” unit to illustrate
the complexities of reasoning skills needed to solve the items as shown in Figure 1.
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For solving Item 1 (Figure 1a), students need to identify the effect of one predictor on an
outcome to determine the minimum amount of water a runner would need to avoid getting
dehydrated. VOTAT is the most effective strategy for this task, which can be solved by varying
the amount of water (e.g., move the slider to 450 ml) while keeping other variables constant
(i.e., put the slider on air temperature of 30�C, air humidity of 40%, and the running duration
for 45 min). This task has a low cognitive demand. Students only need to demonstrate a funda-
mental step in coordination of multiple variables by identifying the effect of a single variable on
an outcome in order to select a relevant claim (a multiple-choice question). Item 1 does not
explicitly asked students to provide evidence for the claim they selected even though in practice
they need to collect evidence and identify the logical connection between evidence and claims
to answer the item correctly. Hence, Item 1 can be considered to involve zero degrees of coordi-
nation that is situated in a univariable context.

Item 2 (Figure 1b) has a higher cognitive demand than Item 1, as both the skills to coordi-
nate the effects of multiple variables and coordinate theory and evidence are fully needed. In a
multivariable situation, students should first establish the individual effects of potential vari-
ables on the outcomes, such as by applying VOTAT strategy, and conceptualize how these mul-
tiple variables together influence the outcomes. To determine whether it is safe or unsafe to run
in a given situation, students need to examine how the interactions between the variables of
running duration and amount of water affect multiple outcomes (i.e., water loss and body tem-
perature). In doing so, they can vary the values of the focus variables in equal increments
between trials (e.g., put the slider on 45 for running duration and 150 ml for amount of water)
and hold other variables constant (i.e., air temperature at 30�C and air humidity at 40%). These
steps are henceforth referred to as “Interactive strategy.” This strategy allows students to find a
pattern of how the interacting variables influence the outcomes in order to predict values that
are not visible in the simulation. Item 2 involves one degree of coordination because students
need to explicitly state their claims (multiple-choice response) and provide reasoning that
justifies the relations between the claim and evidence they generated in the simulations
(constructed text response).

FIGURE 1 Screenshots of modified PISA field trial items that represent the actual items used in the present

study. The “Running in Hot Weather” unit can be accessed in http://www.oecd.org/pisa/pisa-2015-sciencetest-

questions.htm Note. The values of the input and output variables are displayed on the table for every trial.

Students can compare the values on the table with the cut-off values shown on the figures as a reference to solve

the problems [Color figure can be viewed at wileyonlinelibrary.com]
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2 | THE PRESENT STUDY

The present study aims to provide a unique perspective on how researchers can explore log-file
data to understand students' inquiry performance by utilizing the two above-described inquiry
tasks from the PISA 2015 study. To this end, we examine log-file data from 15-year-old Norwe-
gian students who participated in the PISA 2015 study. In Norway, both stages of compulsory
education—primary school (Grades 1–7; Ages 6–13) and lower secondary school (Grades 8–10;
Ages 13–16) —offer science as an integrated subject that comprises areas within the disciplines
of biology, physics, chemistry, earth science, and technology. Since 2006, Norway has
implemented a centralized curriculum referred to as the National Curriculum for Knowledge
Promotion (Ministry of Education and Research, 2006). The Norwegian science curriculum con-
sists of a number of goals that are clustered into five main subject areas: the budding researcher,
diversity in nature, body and health, phenomena and substances, and technology and design
(Ministry of Education and Research, 2006). The budding researcher area highlights the goals
related to scientific inquiry involving increasingly complex inquiry activities that are enacted in
science classrooms in relation to other main subject areas. Taken together, the implementation
of this reform illustrates the similarity between science education in Norway and in interna-
tional contexts that emphasize the prominent place of scientific inquiry in student learning
(Crawford, 2014; Lederman, 2019; NRC, 1996).

In the following, we first derive and then state three research questions (RQs) that guided
this study: Considerable research has demonstrated that the skills to coordinate the effects of
multiple variables and coordinate theory and evidence play major roles in the implementation
of scientific inquiry (e.g., Kuhn, 2007; Sandoval & Millwood, 2005; Zimmerman, 2007). Despite
current developments in log-file analyses that open new possibilities for tracking student
inquiry behaviors, research that focuses on both scientific reasoning skills in tandem is scarce,
as previous studies have primarily focused on just one of these reasoning skills (Li et al., 2017).
For instance, studies in complex problem solving examined whether students coordinated the
effects of multiple variables with the use of VOTAT strategy but did not address their multivari-
able reasoning in an interactive framework (e.g., Greiff et al., 2018; Greiff, Wüstenberg, &
Avvisati, 2015). Meanwhile, other researchers have focused on evaluating students' abilities to
coordinate theory and evidence by investigating the quality of their scientific explanations,
which range from intermediate to a more established understanding (e.g., Baker et al., 2016).
Although a few studies assessing both the experimentation and explanation skills exist
(Li et al., 2017; Scalise & Clarke-Midura, 2018), these skills were applied to solve a univariable
rather than multivariable situation. These studies were also conducted in a classroom rather
than assessment setting that offer limited time for task exploration. Consequently, the present
study took a broader perspective, using the skills to coordinate the effects of multiple variables
and coordinate theory and evidence to map the profiles of students' performance on a simulated
inquiry environment using PISA 2015 data on Items 1 and 2.

To identify profiles of inquiry performance, we combined item accuracy with students'
behavioral actions during the inquiry process and the time they spent to solve the tasks. While
the item accuracy can explain what students have achieved, the behavioral actions and time-
on-task may contribute to a deeper understanding of the process that underlies the overall
achievement (Y. H. Lee et al., 2019; Peffer & Ramezani, 2019). Studies have demonstrated that
the frequency of specific behaviors, such as the number of actions and trials students con-
ducted, plays an important role in understanding task success (e.g., Greiff et al., 2015; Greiff
et al., 2018). A very high frequency of actions and trials may suggest random behavior and lack

TEIG ET AL. 9|



of goal-oriented exploration strategy, whereas the opposite may reflect poor task engagement
(Greiff et al., 2016). Similarly, very high and low time spent on task is associated with poor per-
formance (Scherer et al., 2015). However, the relationships between time-on-task and student
performance might also differ depending on the task difficulty and individual ability
(Goldhammer et al., 2014; Scherer et al., 2015). Rather than solely relying on students' final
responses to test items, as commonly done in regular assessments, the present study also takes
into account inquiry exploration behavior (i.e., number of actions and number of trials), inquiry
strategy (i.e., VOTAT and Interactive strategy), and time-on-task to derive the profiles of inquiry
performance. The overlapping aspect of these variables as well as their unique contribution to
inquiry performance offer the potential to further explain the characteristics of student profiles
across performance levels.

Given that students' inquiry processes vary, and those processes might or might not be suc-
cessful, distinct profiles of students' inquiry performance might exist between Items 1 and 2. As
these profiles reflect qualitative differences on inquiry performance, it is reasonable to expect
that at least three profiles of students (high, intermediate, and low performer) would emerge
from both items. Furthermore, we expected the characteristics of students' profiles on Item 1 to
be different from those on Item 2 due to the more complex scientific reasoning skills needed to
solve the latter task. Our first research question reads:

RQ1 Which profiles of students' inquiry performance can be identified from the two PISA 2015
items using the following indicators: inquiry exploration behavior, inquiry strategy, time-on-
task, and item accuracy?

Several studies revealed that students' demographic and attitudinal variables may play
essential roles in understanding the contexts and determinants of students' inquiry performance
(e.g., Nehring et al., 2015; Pine et al., 2006; Turkan & Liu, 2012; Wolf & Fraser, 2008). However,
the findings provided from these studies, especially concerning students' demographic variables
and their relationships with inquiry performance are mixed. For example, with regard to gender
differences, some studies found that boys benefit more from exploring inquiry problems than
girls (Wolf & Fraser, 2008) while girls performed better in communicating inquiry products
(Wang, Guo, & Jou, 2015), whereas other studies found no gender differences (Pine
et al., 2006). Compared to traditional teaching, exploring inquiry tasks could enhance science
performance of nonmainstream students, especially those with low socio-economic status (SES)
and second language learners (Blanchard et al., 2010; Estrella et al., 2018). Nevertheless,
research has also suggested that these students continued to encounter substantial challenges
in fully engaging in all aspects of inquiry practice, particularly when it comes to articulating
their scientific understanding (O. Lee & Buxton, 2013; Turkan & Liu, 2012).

Besides students' demographic variables, their attitudinal characteristics—influenced by
emotions and the situations they engage in—determine the variability in inquiry performance.
Students who enjoy learning science and have high self-efficacy toward science are more enthu-
siastic about exploring scientific investigations (Ketelhut, 2007; Palmer, 2009). Other psycholog-
ical conditions, such as feelings of anxiety, could also account for differences in students'
performance (Kuo, Tuan, & Chin, 2018). For instance, those who experience high test anxiety
might feel less keen in trying new strategies to solve unfamiliar tasks (Derakshan &
Eysenck, 2009). Given that fostering students' inquiry practice serves as an important means for
advancing their scientific literacy (Lederman, Lederman, & Antink, 2013), the profiles of stu-
dents' inquiry performance might relate differently across a range of achievement in scientific
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literacy. Taken together, in the next step, we identified and compared a range of factors that dif-
ferentiate students' assignments to their profiles on Items 1 and 2:

RQ2 To what extent do students' (a) demographic characteristics, (b) attitudes, and (c) scientific lit-
eracy achievement differentiate their profile memberships on Items 1 and 2?

Taking into account the differences in cognitive demand and the complexities of scientific
reasoning skills between Items 1 and 2 (see Figure 1), we expected to find possible variations in
students' profile memberships across tasks. Students who are assigned to a particular profile on
Item 1 might retain a similar profile on Item 2, while others might shift toward different pro-
files. This particular point called for an investigation into the distributions and relationships of
students' profiles on Items 1 and 2:

RQ3 How are the profile memberships based on Items 1 and 2 related? In other words, how many
students are classified into the same or different profiles across Items 1 and 2?

3 | METHOD

3.1 | Sample and procedure

The current study uses the Norwegian PISA 2015 science data. Of the total 5,456 students who
participated in the test, 1,245 were assigned to an assessment unit, which consists of Items
1 and 2. Twenty-three students had to be excluded from the data set due to missing values on
all variables. Hence, the final sample was comprised of N = 1,222 students (51.3% girls) in
221 schools at Grades 9 (0.8%) and 10 (99.2%). The average age was 15.8 years with SD = 0.28.
Overall, 91.8% were native Norwegian, and 92% used Norwegian as a home language.

3.2 | Measures

3.2.1 | The inquiry tasks

The PISA 2015 science assessment contained 26 test units with a total of 184 items. The present
study focuses on analyzing inquiry tasks from Items 1 and 2 from the same assessment unit. This
unit comprises five items. It starts by providing students with the background of the items and
how to use the simulation. Students had unlimited opportunities to try the simulation before
beginning to work on the first item. Log-file data on PISA 2015 recorded information about the
type of actions students executed during the assessment (e.g., click, double clicks, slider move-
ment, drag and drop, and changes in text area) along with the timestamp of each action. In addi-
tion, several types of action and timing are merged to identify new behavioral indicators, such as
number of actions, number of trials, time before the first action, response time for each item, and
total response time for each unit. We extracted students' data from log files on Items 1 and 2 to
identify the following variables: inquiry exploration behavior (number of actions and number of
trials), inquiry strategy (VOTAT strategy for Item 1 and Interactive strategy for Item 2), time-on-
task, and item accuracy (i.e., the correctness of responses on the multiple-choice question for
Item 1 and the multiple-choice and constructed question for Item 2; coded as 1 = correct and
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0 = incorrect). With the exception of the dichotomous variables (i.e., inquiry strategy and item
accuracy), all indicators were transformed to scales with a mean of 0 and a standard deviation of
1. On the basis of these indicators per student—five variables for Item 1 and six variables for Item
2—we conducted latent class analyses (LCA) to derive student latent profiles (RQ1).

3.2.2 | Demographic and attitudinal variables

In addition to the scientific literacy assessment, students spent 30–45 min responding to the
PISA background questionnaire. The questionnaire gathered contextual information about stu-
dents and their family backgrounds, schools and instructional contexts, and student learning
and motivation-related constructs (OECD, 2016a). To further examine factors that may differen-
tiate students' assignments to their profiles on Items 1 and 2 (RQ2), we incorporated the data
from the questionnaire to measure students' demographic characteristics (i.e., gender, SES, and
language at home) and attitudes (i.e., enjoyment in science, self-efficacy, and test anxiety). To
capture students' SES, we used the index of economic, social and cultural status, a composite
score based on the highest parental education level, parental occupation, and literacy resources
in the family (e.g., number of books at home). The measure of enjoyment in science includes
five items (e.g., I generally have fun when I am learning <broad science> topics; ranging from
0 = strongly disagree and 3 = strongly agree), self-efficacy in science consists of 8 items
(e.g., Interpret the scientific information provided on the labeling of food items; ranging from
0 = I could not do this and 3 = I could do this easily), and test anxiety comprises five items
(e.g., Even if I am well prepared for a test I feel very anxious; ranging from 0 = strongly disagree
and 3 = strongly agree). The measures of students' SES, enjoyment in science, self-efficacy, and
test anxiety were estimated from an item response theory procedure using Warms' weighted
likelihood estimates (WLE; Warm, 1989). The WLEs were transformed to scales with a mean of
0 and a standard deviation of 1. Positive values of WLE imply that students responded positively
about the underlying construct compared to the average student across OECD countries, and
the opposite was true for the negative WLEs. We refer to the PISA 2015 technical report for
further details on the scaling procedures and the reliabilities of these measures (OECD, 2017b).

3.2.3 | Scientific literacy achievement

In PISA 2015, scientific literacy comprises competencies in explaining phenomena scientifically,
evaluating and designing scientific enquiry, and interpreting data and evidence scientifically
(OECD, 2016a). Item response theory scaling was employed to provide item parameter esti-
mates from students' responses, and population modeling was used to generate 10 plausible
values of scientific literacy achievement for each student (OECD, 2017b).

3.3 | Data analysis

3.3.1 | Data cleaning and preparation

We started by examining students' log-file data (see example of a sorted log file in Figure S1),
which were stored individually in XML files for each PISA assessment unit. First, we extracted
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all data from the XML files and transferred them to a CSV file to make the data structure more
explicit. From the CSV file, we could directly identify the following indicators of student pro-
files: the number of actions, number of trials, time-on-task, and item accuracy. However, the
process to determine whether students conducted the relevant inquiry strategy (i.e., VOTAT
and Interactive strategy) was more complex. Thus, on the second step, we identified all types of
actions students executed for each item. We then matched the sequence of these actions with
the relevant inquiry strategy we have previously defined (i.e., VOTAT and Interactive strategy)
using theory-driven performance indicators of inquiry skills (LaMar, Baker, & Greiff, 2017).
Finally, we combined all variables of interest extracted from log files with the data from the
PISA background questionnaires and scientific literacy achievement for further analyses using
students' PISA ID variables. This final dataset comprises of the following variables:

a. ID: student, school, and item;
b. inquiry strategy: VOTAT or Interactive (coded and transferred from the CSV file);
c. inquiry exploration behavior: number of actions and number of trials;
d. time or duration: the time students spent before conducting the first action in each item and

the total time students spent in each item or time-on-task;
e. item accuracy: scores on multiple choices and constructed response;
f. covariates: gender, SES, spoken language at home, enjoyment in science, self-efficacy toward

science, and test anxiety; and
g. 10 plausible values of scientific literacy achievement.

3.3.2 | Statistical analyses

All analyses were conducted in Mplus 8.2 (Muthén & Muthén, 1998-2018). Figure 2 shows a
summary of the corresponding mixture model that guided the analyses. Robust maximum
likelihood estimation was used to address the non-normality and nonindependence of the data.
Missing values that have occurred on the item level (between 0.4% and 4.9% in the current data
set) were handled with the full-information-maximum-likelihood procedure under the
assumption the data were missing at random (Enders, 2010).

To address RQ1, we conducted an explanatory LCA on Items 1 and 2 on the basis of
students' inquiry exploration behavior, inquiry strategy, time-on-task, and item accuracy. LCA
represents a latent variable modeling approach that assigns students to their most likely profiles
based on observed indicators (Nylund, Asparouhov, & Muthén, 2007). Since LCA is explanatory
in nature, we had no priori about the number of latent classes or profiles. Thus, on the first step,
we performed a series of LCA analysis with increasing numbers of latent classes and compared
the resultant models in order to derive well-defined classes with substantive interpretation. In
determining the optimal number of classes, we then compared multiple fit statistics and other
measures across the resultant models from the previous step (Masyn, 2013). For the absolute fit
statistics, we referred to Vuong–Lo–Mendell–Rubin (VLMR) and Lo–Mendell–Rubin (LMR)
likelihood ratio tests (LRT) where a failure to reject the null hypothesis indicates there is no dif-
ference in model fit between two models (Lo, Mendell, & Rubin, 2001;Masyn, 2013; Nylund
et al., 2007). For the relative fit statistics, we used the following criteria: the Akaike's Informa-
tion Criterion (AIC), the Bayesian Information Criterion (BIC), the sample-size adjusted BIC
(saBIC), the Consistent AIC (CAIC), and the Approximate Weight of Evidence (AWE). A model
that had the lowest values in these criteria was favored over other models (Marsh, Lüdtke,
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Trautwein, & Morin, 2009; Masyn, 2013). Furthermore, we used entropy measure to evaluate
whether individuals have been correctly assigned to their latent classes (i.e., classification cer-
tainty). Entropy values that are closer to one indicates high classification accuracy and values
closer to zero indicates lack of accuracy (Masyn, 2013). Class interpretability and class size
(number of students) were also taken into consideration in deciding the number of classes for
each item (Masyn, 2013; Nylund et al., 2007). Finally, we compared model relative improve-
ment (RI) for adding one class, conducted a separate class enumeration process for each specifi-
cation, compared the model fits, and calculated the approximate correct model probabilities
(cmP) to decide the final models (for details, please refer to Supporting Information).

To address RQ2, we conducted LCA with regression and a distal outcome using the three-
step approaches for evaluating the relationship between latent classes and predictor or distal
auxiliary variables (Asparouhov & Muthén, 2014; Vermunt, 2010). The LCA with regression
compared the likelihood of students being a member of one profile versus another based on the
relevant covariates (i.e., demographic and attitudinal characteristics). For the LCA model that
predicted scientific literacy achievement as a distal outcome, the analyses were conducted
10 times (i.e., once for each of the plausible-values datasets), and the resultant model parame-
ters were pooled following Rubin's combination rules (Rubin, 1987).

Finally, to address RQ3, we compared the proportion of students who were classified into
the same or different profiles between Items 1 and 2. In addition, we employed Pearson's chi-
square test to estimate the relationships between students' profile membership on both items.

4 | FINDINGS

4.1 | Descriptive statistics and correlations

To provide initial insights into the data, we examined the distributions and correlations of
all variables under investigation. Table 1 details the resultant descriptive statistics. Table S1

FIGURE 2 Full model of latent class regression for (a) Item 1 and (b) Item 2 with students' demographic

and attitudinal characteristics as the covariates and scientific literacy achievement as the distal outcome. Note.

Action, number of actions; Anxiety, test anxiety; c, categorical latent classes; Duration, item duration (time-on-

task); Efficacy, self-efficacy toward science; Enjoy, enjoyment in science; Interactive, interactive strategy to

identify the effects of interactions between variables; Language, spoken language at home; MC, score on

multiple-choice question; SES, socio-economic status; Text, score on constructed question; Trial, number of

trials; VOTAT, varyone-thing-at-a-time strategy
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provides further information on the correlations of the indicators for the latent profiles,
students' demographic and attitudinal characteristics (covariates) and science achievement
(distal outcome). Specifically, the highest correlations were found between the number of
actions and trials on Item 1 (r = .72) as well as number of actions between Items
1 and 2 (r = .69).

TABLE 1 Descriptive statistics for all variables under investigation

Variable Scale M SD Min Max Skewness Kurtosis

Item 1

Inquiry exploration behavior

Number of actions Frequency 12.03 7.26 2 71 2.41 9.28

Number of trials Frequency 2.81 1.89 0 16 1.68 5.22

Inquiry strategy

VOTAT 0–1 0.45 0.50 0 1 0.19 −1.97

Response time In seconds 74.88 37.70 3.28 388.87 1.96 8.55

Time-on-task

MC response 0–1 0.80 0.40 0 1 −1.53 0.34

Item 2

Inquiry exploration behavior

Number of actions Frequency 11.54 7.04 2 77 2.45 13.25

Number of trials Frequency 3.10 1.85 0 12 −0.11 −0.72

Inquiry strategy

Interactive 0–1 0.55 0.50 0 1 −0.18 −1.97

Time-on-task In seconds 119.47 83.89 3.39 607.66 1.32 2.92

Item accuracy

MC response 0–1 0.77 0.42 0 1 −1.29 −0.34

Text response 0–1 0.27 0.44 0 1 1.05 −0.90

Demographic characteristics

Gender 0–1 0.51 0.50 0 1 −0.05 −2.00

Language 0–1 0.08 0.27 0 1 3.11 7.66

SES Continuous 0.48 0.73 −2.50 2.16 −0.02 −0.51

Attitudinal characteristics

Enjoyment of science Continuous 0.10 1.22 −2.12 2.16 −0.02 −0.51

Self-efficacy Continuous 0.20 1.25 −3.76 3.28 −0.27 2.37

Test anxiety Continuous 0.09 1.10 −2.51 2.55 0.10 0.41

Science achievement Continuous 498.14 98.17 160.11 822.36 0.02 −0.33

Abbreviations: Gender, students' gender (0 = male, 1 = female); Interactive, interactive strategy to coordinate
the interactive effects of multiple variables on outcomes (multivariable reasoning); Language, spoken language
at home (0 = Norwegian, 1 = other languages); MC response, score on multiple-choice question; SES, Socio-
economic status; VOTAT, vary-one-thing-at-a-time strategy (univariable reasoning).
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4.2 | Latent profile analysis (RQ1)

4.2.1 | The number of profiles

Under the assumption that correlations among the variables may vary between the profiles
(Figures S2 and S3), we compared the model fit indices for the solutions with one to five latent
classes. The results are shown in Table 2 and indicated that the three-class solution was the
best-fitting model for both items with distinguished patterns and ample profile size. Although
the estimates of the log-likelihood and information criteria were lowest for the four-class solu-
tions, the results from the likelihood-ratio tests were insignificant. Thus, adding an additional
class did not improve the model fit substantially—we consequently accepted the three-profile
model as the one representing our data best with substantively interpretable and meaningful
latent classes. The corresponding entropy measures for both tasks were sufficient, EItem1 = .791
and EItem2 = .876. Table S2 provides further evidence of the high level of class separation and
homogeneity that support the three-profile model.

4.2.2 | Descriptions of the profiles

Figure 3 presents the plot of conditional item probabilities and means for the three-profile
model of students' inquiry performance. We labeled the three profiles as strategic, emergent,
and disengaged to represent their varying characteristics. To solve Item 1 effectively, students
need to execute five actions and two trials by applying VOTAT strategy. Note that the items
shown in Figure 1 are only example items, not the actual tasks students received during the
assessment. Students in the strategic profile had the highest probability of applying VOTAT
strategy and selecting the relevant claim, thus answering the item correctly. They conducted an
average amount of exploration behaviors (Maction = 11.73; Mtrial = 2.88) and took an average
amount of time to answer the item compared to other profiles. The average number of actions
and trials they executed, however, were slightly higher than necessary. Emergent students con-
ducted the most exploration behaviors (Maction = 13.04; Mtrial = 4.83) and had the longest
response time, but they had a lower probability of applying VOTAT and solving the item cor-
rectly compared to the strategic students. Disengaged students performed the fewest exploration
behaviors (Maction = 11.15; Mtrial = 1.04) and had the shortest duration. They did not apply
VOTAT and might have answered the item correctly by chance (as it is a multiple-choice ques-
tion). Compared to other indicators, there was very little variation in the average number of
actions performed across all profiles.

For Item 2, the characteristics of students' profiles change. To solve this item efficiently, stu-
dents need to conduct nine actions and three trials by implementing the Interactive strategy.
Strategic students had the highest probability of applying this strategy and solving the item cor-
rectly as well as longest time-on-task. These students conducted the most exploration behaviors
(Maction = 14.99; Mtrial = 4.58). Similar to Item 1, these exploration behaviors were a little higher
than needed. Emergent students conducted an average amount of exploration behaviors
(Maction = 10.77; Mtrial = 2.13). These exploration behaviors were higher compared to the
disengaged students (Maction = 6.88; Mtrial = 1.45). Likewise, emergent students had longer
time-on-task and were more likely to apply the Interactive strategy as well as select relevant
claim. Nevertheless, their probabilities of providing a reasoning that justified the relations
between the claim and evidence were almost as low as those of disengaged students.
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In addition to the characteristics that emerged from the indicators of student profiles, we
also examined the amount of time that elapsed before students executed the first action. On
Item 1, students in the three profiles spent in average of 0.72 s. On Item 2, students in strategic
profile spent in average of 31.69 s, followed by students in emergent and disengaged profile with
the average of 29.03 and 29.97 s, respectively. There were no significant mean differences on
the time before the first action was conducted across all profiles on Item 1 [F(2,1,218) = 0.01,
p = .98] and Item 2 [F(2,1,218) = 0.93, p = .39].

4.3 | Latent profile regression and outcome analysis (RQ2)

We first examined the distributions of students' demographic and attitudinal variables across
profiles on Items 1 and 2 (Figure 4, Table S3). Next, we analyzed the effects of these variables as
covariates and found several significant descriptors of profile membership in the LCA model
(Table 3). With respect to students' demographic characteristics, we found that boys were more
likely to be in the disengaged profile than the strategic profile on both items (ORItem1 = 1.66
and ORItem2 = 1.56). Although students who used languages other than Norwegian at home
had 3.49 higher odds of being in the emergent compared to the strategic profile on Item 1, we

FIGURE 3 Profile plot for three-class model with estimated mean from the continuous indicators and

conditional probability from the categorical indicators for Item 1 (a) and Item 2 (b). Note. Action = number of

actions; Duration, item duration (time-on-task); Interactive, interactive strategy to identify the effects of

interactions between variables; MC, score on multiple-choice question; Text, score on constructed question;

Trial, number of trials; VOTAT, vary-one-thing-at-a-time strategy
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found no evidence that home language is related to students' profile membership on Item 2.
Furthermore, students with higher SES were less likely to be in the emergent than the strategic
profile (ORItem1 = 0.57 and ORItem2 = 0.53) and in the disengaged rather than the strategic
profile (ORItem1 = 0.68 and ORItem2 = 0.46). With respect to students' attitudinal characteristics,
we found that students who reported higher enjoyment of science were less likely to be in the
emergent compared to the strategic profile (ORitem1 = 0.76 and ORItem2 = 0.73) and in the disen-
gaged rather than the strategic profile (ORItem1 = 0.60 and ORItem2 = 0.65). Similarly, those who
reported higher science enjoyment had 1.26 higher odds of being in the emergent than the dis-
engaged profile on Item 1, whereas no significant difference was found on Item 2. Students'
with higher self-efficacy toward science were less likely to be in the emergent compared to the
strategic profile on both items (ORItem1 = 0.78 and ORItem2 = 0.77) and in the disengaged than
in the emergent profile on Item 2 (ORItem2 = 0.72). Unlike other attitudinal characteristics in
this model, test anxiety only related to students' profiles on Item 1; those who reported higher
test anxiety were more likely to be in the emergent rather than in the strategic (ORItem1 = 1.29)
and disengaged profile (ORItem1 = 1.27). Overall, students' demographic and attitudinal charac-
teristics in this model explained 18.2 and 11.9% of variances in their profiles on Items 1 and
2, respectively.

We further investigated whether the three student profiles differed in relation to scientific
literacy achievement. For Item 1, students in the strategic profile had the highest average
achievement (M = 547.6), followed by the emergent (M = 446.1) and disengaged profiles
(M = 430.8). We found significant mean differences between the strategic and emergent profiles
(ΔM = 101.5, SE = 11, p < .01, d = 0.50) as well as between the strategic and disengaged pro-
files (ΔM = 116.8, SE = 9, p < .01, d = 0.58), but no mean differences were found between
emergent and disengaged profiles (ΔM = 15.3, SE = 12, p = .18). For Item 2, students in the
strategic profile had the highest mean achievement (M = 575.4) followed by the emergent
(M = 485.7) and disengaged profiles (M = 421.1). Significant mean differences existed between
the strategic and emergent profiles (ΔM = 89.7, SE = 7, p < .01, d = 0.59), between the strategic
and disengaged profiles (ΔM = 154.3, SE = 7, p < .01, d = 1.04), and between the emergent and
disengaged profiles (ΔM = 64.6, SE = 7, p < .01, d = 0.44). Scientific literacy achievement
explained 14.9 and 35.7% of the variances in students' profiles for Items 1 and 2, respectively.

FIGURE 4 The proportions of students' gender and language at home and the standardized mean of

students' SES and attitudinal variables for each profile in Item 1 (a) and Item 2 (b). Note. The attitudinal

variables are standardized with mean of 0 and standard deviation of 1. Anxiety, test anxiety; Efficacy, self-

efficacy toward science; Enjoy, enjoyment in learning science; Norwegian, students' who speak Norwegian at

home; Non-Norwegian, students' who speak other than Norwegian at home; SES, socio-economic status [Color

figure can be viewed at wileyonlinelibrary.com]
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4.4 | The association between profile memberships (RQ3)

We compared the proportion of students who retained the same profiles to those who shifted
toward a different profile across the two items (see Figure 5). We also conducted a Pearson's

TABLE 3 Logistic regression coefficients and odds ratios across profiles

Covariates

Strategica vs. emergent Strategica vs. disengaged Disengageda vs. emergent

B SE OR B SE OR B SE OR

Item 1

Gender 0.34 0.23 1.40 0.51* 0.21 1.66 −0.17 0.27 0.85

Language 1.25** 0.41 3.49 0.78 0.45 2.17 0.47 0.42 1.60

SES −0.56** 0.16 0.57 −0.38* 0.19 0.68 −0.18 0.18 0.84

Enjoy −0.28* 0.12 0.76 −0.51** 0.11 0.60 0.23* 0.12 1.26

Efficacy −0.24** 0.09 0.78 −0.17 0.11 0.84 −0.07 0.12 0.93

Anxiety 0.26* 0.10 1.29 0.02 0.11 1.02 0.24* 0.12 1.27

Item 2

Gender 0.14 0.18 1.15 0.44* 0.19 1.56 0.30 0.19 1.35

Language 0.35 0.36 1.42 0.25 0.42 1.29 −0.10 0.37 0.90

SES −0.63** 0.14 0.53 −0.78** 0.15 0.46 −0.15 0.12 0.86

Enjoy −0.32** 0.08 0.73 −0.44** 0.09 0.65 −0.12 0.09 0.89

Efficacy −0.26** 0.08 0.77 −0.33** 0.09 0.72 −0.07 0.08 0.94

Anxiety 0.02 0.09 1.02 0.10 0.10 1.11 0.08 0.09 1.08

Note: N = 1,069. Due to missing values in all covariates, 153 students were excluded from these analyses.
Abbreviations: Anxiety, test anxiety; B, unstandardized logistic regression coefficients; Efficacy, self-efficacy
toward science; Enjoy, enjoyment in science; Gender, students' gender (0 = female, 1 = male); OR, odds ratio,
exp(B); Language, Spoken language at home (0 = Norwegian, 1 = other languages); SE, standard error; SES,
Socio-economic status.
aReference profile.
*p < .05. **p < .01.

FIGURE 5 The proportion of

students' transitions from profiles on

Item 1 to Item 2
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chi-square test, which showed a significant relationship between the profile memberships on
Items 1 and 2, χ2 (4, N = 1,222) =129.9, p < .01, with a medium effect size (Cramer's V = .23).
This suggests that students who were assigned to a particular profile on Item 1 were more likely
to retain the same profile on Item 2.

Overall, the findings indicated that students' inquiry performance could be divided into
three distinct profiles: strategic, emergent, and disengaged (RQ1), these profiles to some extent
differed with regard to students' demographic and attitudinal variables as well as science
achievement (RQ2), and the distributions of the profiles on Items 1 and 2 were significantly
related (RQ3).

5 | DISCUSSION

This study is one of the first to draw on log-file data from PISA 2015 to gain insights into the
profiles of students' inquiry performance in a computer-based environment by combining item
accuracy (product data) with students' exploration behavior, inquiry strategy, and time-on-task
(process data). Our investigation extended previous research in several ways. First, the profiles
accounted for the skills to coordinate the effects of multiple variables and coordinate theory
and evidence in tandem. These skills are crucial for the implementation of the investigative and
inferential phases of inquiry (Kuhn et al., 2009; Kuhn & Pease, 2008). Second, we incorporated
students' demographic and attitudinal variables as well as their science achievement in order to
further distinguish the profiles. Third, we investigated students' transitions between profiles
from a task that has a low and high cognitive demand.

5.1 | The profiles of students' inquiry performance (RQ1)

Overall, we found evidence supporting the existence of three latent profiles that describe stu-
dents' inquiry performance on Items 1 and 2. Different patterns of item accuracy, along with
exploration behavior, inquiry strategy, and response time lead to the profiles of strategic, emer-
gent, and disengaged students. The inclusion of students' process data in the analysis provides a
more in-depth understanding of the characteristics of their performance that moves beyond
their correct or incorrect responses. These profiles highlight unique patterns of students'
interactions with simulated inquiry tasks, which resulted in varying levels of performance.

Students in the strategic profile had the highest probability of solving the items and applying
both VOTAT and Interactive strategy. They seem to acquire a well-structured schema about the
principle of isolated variation that was activated during problem solving (Greiff et al., 2018).
However, the ways this principle was applied differed between items. On Item 1, students
invested an average amount of exploration behaviors (i.e., number of trials and actions) and
time-on-task. However, this approach was no longer effective in handling Item 2, which has a
higher cognitive demand, as it requires more complex multivariable reasoning and theory-
evidence coordination. Strategic students adapted their behaviors on Item 2 by investing signifi-
cantly more time to explore the simulation. They may need to manage greater cognitive
resources to address the challenges in applying more complex scientific reasoning skills on Item
2. Metacognitive strategy knowledge—that is, the understanding about the nature and demand
of the task as well the strategy that can be applied to solve the task—plays a significant role in
minimizing these challenges during the inquiry process (Kipnis & Hofstein, 2008; Kuhn &
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Pearsall, 1998; White & Frederiksen, 1998). Understanding the VOTAT strategy would enable
students to solve Item 1 effectively. However, this strategy needs to be adapted to solve multi-
variable phenomena, which are rarely addressed in school science (e.g., Kuhn, 2016; Kuhn
et al., 2015). Students' limited prior experience with unfamiliar tasks might contribute to the
challenges in transferring VOTAT strategy to situations with more variables and conceptualiz-
ing the interaction effects among the variables (Kuhn et al., 2009; Kuhn et al., 2015). The sub-
stantial cognitive resources that are allocated to explore the task—as depicted by the high
exploration behaviors and response time on Item 2—may in part represent students' attempts
to transfer their knowledge of VOTAT strategy to an unfamiliar situation.

The emergent students had a fairly high probability of solving Item 1 even though most of
them did not implement VOTAT strategy. When knowledge about potential solutions is not
available or only partly available in long-term memory, a series of random strategies will be
generated as a substitute until an optimal solution is found (e.g., Sweller, 1988; Sweller
et al., 2011). Thus, it is not surprising that the emergent students on Item 1 were characterized
as having the largest number of trials and actions as well as the highest time-on-task. Students
who did not immediately apply VOTAT strategy would allocate extraneous cognitive resources
during the task exploration, thereby increasing their cognitive load and, in turn, the task's diffi-
culty (Sweller et al., 2011). Metastrategic knowledge regarding VOTAT strategy is crucial for
dealing with the difficulty in identifying which variables to manipulate and control (Ben-
David & Zohar, 2009; Kuhn & Pearsall, 1998). Correctly applied, this strategy requires students
to make the least amount of changes in task environment (Greiff et al., 2015; Greiff et al., 2018).
Any deviations from such optimal strategy would increase the amount of information that
needs to be processed in the working memory and make the task harder to solve (Plass &
Schwartz, 2014; Sweller et al., 2011). To deal with a high-demand task on Item 2, the emergent
students also modified their behaviors, yet they were less successful in completing the task com-
pared to the strategic students. The cognitive resources needed to deal with this task might have
already surpassed their working memory capacity. Although knowledge of VOTAT strategy is
certainly relevant, it is not adequate because students need to not only transfer this strategy to a
multivariable setting, but also make use of the data generated in the process to construct scien-
tific explanation. Having knowledge about problem-solving strategies does not necessarily lead
to knowing how to apply them to new and unfamiliar problem situations (e.g., Kuhn, 2000;
Kuhn & Pearsall, 1998).

The disengaged profile was the only profile that had similar characteristics on Items 1 and
2. Disengaged students had zero probability of using VOTAT and Interactive strategy and the low-
est probability of solving the tasks. These students also had the lowest level of exploration behav-
iors and time-on-task. There was no indication that they instantly skipped the tasks, as the amount
of time they spent before conducting their first actions on the task environment were fairly similar
to students in other profiles. Instead, disengaged students might have demonstrated off-task behav-
iors that were meaningless to accomplishing the goal of the tasks at hand, such as changing vari-
ables to a random value or repeating similar trials. These behaviors seem to be attributed to their
attitude and lack of motivation rather than cognitive overload in the working memory capacity
(Greiff et al., 2016; Greiff et al., 2018). Compared to other profiles, disengaged students had the
highest test anxiety on Item 1 as well as the lowest enjoyment in science and self-efficacy toward
science on Items 1 and 2 (Figure 4). Studies have shown that these constructs play crucial roles in
predicting students' science performance (e.g., Nehring et al., 2015; OECD, 2016b).

The current study also demonstrated that students in all profiles face a range of challenges
to coordinate the effects of multiple variables and coordinate theory with evidence during the
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inquiry process. Even though most students in the strategic and emergent profiles could deter-
mine the effect of one predictor on an outcome in a univariable context, not all of them
implemented VOTAT strategy to solve Item 1 effectively. Thus, it is hardly surprising that only
38.7% of students in the sample (i.e., those in the strategic profile) had a high probability of
adapting this principle and conceptualizing the effect of multiple variables in an interactive
framework to solve Item 2. Reasoning about multiple variables poses significant challenges for
students above and beyond the application of VOTAT strategy (Kuhn et al., 2015; Kuhn &
Pease, 2008; Zimmerman, 2007). In a multivariable situation, students need to mentally manage
multiple resources in working memory to conceptualize the additive or interactive effects of
several variables of interest when predicting the value of an outcome (Kuhn, 2016; Kuhn
et al., 2015). As shown in our study, even when students seemed to have mastered the skills
needed to identify the effects of individual variables, they were not necessarily able to integrate
multiple effects that contribute to outcomes.

With respect to the skills to coordinate theory and evidence, students from the three profiles
had a rather high probability of selecting a relevant claim with or without applying VOTAT
strategy on Item 1. Nevertheless, the likelihood of them constructing a valid argument and com-
pleting Item 2 was nearly zero, except for students in the strategic profile. Aligning with previ-
ous studies (e.g., Li et al., 2017; McNeill, 2011; Osborne et al., 2016; Sandoval &
Millwood, 2005), students faced substantial challenges in providing reasoning that justified the
links between the claim and evidence, even for those who were able to generate sufficient data
to support their claims. Managing cognitive resources in the working memory is demanding
when the number of elements that must be coordinated in handling the tasks increases (Plass,
Kalyuga, & Leutner, 2010; Sweller, 1988). Constructing scientific explanations can be challeng-
ing for students as it requires a high degree of theory-evidence coordination by explicitly coordi-
nating claim and the pieces of evidence that support it and relies upon their level of scientific
knowledge (Osborne et al., 2016; von Aufschnaiter et al., 2008).

5.2 | Profile differences by students' demographic variables,
attitudinal constructs, and science achievement (RQ2)

The LCA regression revealed a range of variables that are related to the probability of students
being in a particular profile compared to the referenced profile (Table 3). With respect to stu-
dents' demographic characteristics, we found that boys had significantly higher odds of being in
the disengaged than strategic profile on Items 1 and 2. Although there were no significant gen-
der differences in overall science achievement for Norway, boys had a larger variation in
achievement and were over-represented among the low-performing students compared to girls
(Kjærnsli & Jensen, 2016). Across OECD countries, boys generally responded better on tasks
requiring content knowledge whereas girls were better at answering tasks related to procedural
and epistemic knowledge (OECD, 2016b). Since Items 1 and 2 require students to demonstrate
procedural knowledge, it might explain why boys were more likely to be in the disengaged than
strategic profile compared to girls. This could also suggest that, among low-performing students,
boys were relatively less interested in knowing about scientific practices and the process of
knowledge-building in science compared to girls (OECD, 2016b). In contrast with other demo-
graphic variables, language use at home only differentiated class membership on Item 1, which
may result from the very small number of non-native speakers across the profiles (Table S3).
For Item 1, the odds of being in the emergent compared to the strategic profile were more than
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three times higher for students who used languages other than Norwegian at home. Although
immigrant students generally had lower science achievement than native students
(OECD, 2016b), they seem to have the determination and persistence to work with complex
tasks (Rong & Preissle, 2009). Research has also shown that second language learners who
engaged in inquiry activities had better performance compared to those who received tradi-
tional, direct instruction (Estrella et al., 2018). Furthermore, SES was significantly related to
students' profile membership. Specifically, those who had low SES were more likely to be in the
emergent or disengaged profiles with lower inquiry performance than in the strategic profile on
both items. Despite Norway being known as a country with high levels of equity and small dif-
ferences between schools (Borgonovi, Ferrara, & Maghnouj, 2018; OECD, 2016b, 2018), SES
remains a strong predictor of student performance. In line with previous studies
(e.g., Blanchard et al., 2010; Nehring et al., 2015), students' gender, language at home, and SES
are relevant covariates in differentiating their inquiry performance levels.

In addition to the demographic variables, students' attitudinal characteristics were also signifi-
cant predictors of differences between profiles. With regard to the six comparisons of profiles on
Items 1 and 2 (Table 3), students' enjoyment in science and self-efficacy toward science could dif-
ferentiate five and three profile comparisons, respectively. Students who enjoyed science as well
as perceived strong self-efficacy toward science were more likely demonstrate a better in-depth
understanding of inquiry compared to others. These results support prior studies that highlight
the relevance of students' enjoyment and self-efficacy toward science for their enthusiasm and
commitment in exploring inquiry tasks (e.g., Ketelhut, 2007; Palmer, 2009). Regarding test anxi-
ety, although this covariate relates to a general rather than science-specific attitudinal construct,
it could differentiate two out of six profile comparisons. Feelings of anxiety may contribute to
task-irrelevant distractions and reduce the attention that is necessary for solving a complex and
demanding task (Derakshan & Eysenck, 2009). Taken together, these results underlie the impor-
tance of attitudinal variables for successful implementation of scientific inquiry and creating
learning environments that are conducive to students' well-being and the development of their
interest and self-efficacy toward science (Nehring et al., 2015; OECD, 2017a; Wolf & Fraser, 2008).

Students' profile membership predicted a distal outcome of overall scientific literacy achieve-
ment. We also found significant mean differences in the achievement across profiles that range
from a medium to high effect size, except between the emergent and disengaged students on Item
1. These results provide further support for promoting student engagement in inquiry practice,
which serves as an important means to advance scientific literacy (Lederman et al., 2013; Teig,
Scherer, & Nilsen, 2018). Being a scientifically literate citizen requires not only knowledge about
concepts and theories of science but also knowledge about common procedures and practices
associated with scientific inquiry and how these processes enable science to advance (Norris &
Phillips, 2003; OECD, 2016a). Even though not all students will ultimately pursue a career in sci-
ence, the thinking skills they use when engaged in inquiry activities are relevant for making
informed decisions in their personal lives and as a member of the society (Kuhn, 2007).

5.3 | Distributions and relationships between students' profiles on
Items 1 and 2 (RQ3)

The findings showed that students' profile membership on Items 1 and 2 are significantly
related. Furthermore, some variations existed in the proportion of students' changes across pro-
files (Figure 5). About half of the strategic students from Item 1 held the same profile on Item
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2, as they adapted their behavioral actions successfully by devoting significantly more time to
exploring and responding to this task. Although this approach seems to be more effective for a
high-demand task on Item 2, only a few numbers of the emergent students on Item 1 were able
to adopt it and thus, shifted to the strategic profile. The remaining students stayed in the same
profile or changed to the disengaged profile on Item 2. Interestingly, although the majority of
the disengaged students on Item 1 were assigned to the same profile on Item 2, a handful of stu-
dents changed their exploration strategies and shifted to other profiles. Although further work
is needed to establish this, the data presented here seem to indicate that task complexity and
cognitive demand level were among the potential factors contributing to students' change across
profiles.

In addition, although the findings demonstrated a significant relationship between profile
membership on Items 1 and 2, it is important to emphasize that this relationship is not
deterministic—the tendency that being classified into one profile on Item 1 results in being
classified in a certain profile on Item 2 is far from perfect. In this sense, predicting students' pro-
file membership for one item based on that of the other is not possible. Next to this issue, mis-
classification error might occur when determining the profile membership for both items. This
error is due to the probabilistic nature of the latent class and profile models and may bias the
reported correlation between the profile memberships (Vermunt, 2010). To determine the
amount of this bias and its effects, validation studies, and repeated measurements are needed to
examine the misclassification parameters (Kuha, Skinner, & Palmgren, 2014).

5.4 | Limitations and future directions

Several limitations of this study are worth mentioning, as they point to opportunities for further
research: First, we investigated students' inquiry performance on Items 1 and 2, which require
scientific reasoning skills to coordinate the effects of multiple variables and coordinate theory
and evidence. Although this study only focused on these two items, the profiles of students'
inquiry performance were related to not only the specific item at hand but also to the distal
outcome—overall scientific literacy achievement that is based on science competencies in
explaining phenomena scientifically, evaluating and designing scientific enquiry, and inter-
preting data and evidence scientifically (OECD, 2016a). Including additional inquiry tasks with
varying demands on scientific reasoning skills could substantiate our findings further. Second,
we only examined log files from the Norwegian students (N = 1,222) who were assigned to
answer Items 1 and 2 in order to derive student profiles. Future studies could utilize the soon-
to-be-released log-file data from PISA 2015 to cross-validate the existing profiles across coun-
tries and cultures as well as to examine other factors that could explain these differences. Third,
we extracted theory-driven performance indicators to assess inquiry strategy (i.e., VOTAT and
Interactive strategy), drawing from the framework of scientific reasoning and inquiry in order
to establish clear and interpretable indicators of the strategy. Although this approach provided
a direct connection between students' behavioral patterns and theoretically grounded indica-
tors, it was limited to the behaviors that could be directly mapped into the defined indicators
(LaMar et al., 2017). It may therefore be worthwhile to supplement the theoretical approach
with more data-driven and exploratory methods—such as machine-learned inquiry detection—
that are more flexible in capturing a broad range of inquiry strategies. Fourth, given the cross-
sectional nature of the PISA data, inferences about causality based on the relationships between
students' variables and their assigned profiles cannot be drawn. However, the results obtained
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from this study should stimulate longitudinal investigations to further understand the develop-
ment of students' inquiry performance, the mechanism that underlies students' transitions
across profiles, and the extent to which relevant contextual variables (e.g., parental background
characteristics, teaching and learning constructs, school variables) as well as their interactions
predict such transitions.

6 | CONCLUSION

The present study highlights the potential of using log-file data to gain a deeper understanding
of students' inquiry performance. Rather than solely relying on what has been achieved or the
accuracy of student responses (product data), log files offer additional insights to understand
how the responses were produced (process data). To this end, we combined student responses
with several observable behavioral indicators drawn from log files (i.e., number of trials, num-
ber of actions, inquiry strategy, and time-on-task) in order to derive the profiles of inquiry per-
formance. This study identifies three distinct profiles—strategic, emergent, and disengaged
students—for a low- and high-demand task. The results also demonstrated significant differ-
ences in students' demographic variables, attitudinal constructs, and science achievement
across the profiles.

The existence of and the differences between these profiles suggests that students' final
responses on the simulated inquiry tasks do not necessarily provide a clear picture about what
they can accomplish and the challenges they encounter in solving the tasks effectively. Given
the richness of reasoning skills involved in scientific inquiry, the assessment of both the prod-
ucts and processes of inquiry is essential to elicit what students know and how they apply their
knowledge in the context of real-life situations. The assessment of scientific inquiry should also
be aligned with how students learn these practices in the classroom. Since students typically
engage in scientific inquiry through a discussion in a small group work, inquiry tasks could
incorporate the social feature of inquiry by adding simulated computer agents or avatars to
facilitate the discussion. This seems possible as similar features were already implemented to
assess collaborative problem-solving competency in PISA 2015.

As students continue to encounter significant challenges to apply scientific reasoning skills
in complex inquiry tasks, teachers may need to allocate substantial opportunities to engage stu-
dents with inquiry practice, especially in investigating multivariable phenomena and using evi-
dence to make sense of these phenomena. Understanding the characteristics of students'
profiles could also be beneficial for teachers in adapting their instructions to accommodate dif-
ferent group of students (e.g., assistance in applying VOTAT strategy may be more suitable for
the emergent students whereas motivational support can be especially crucial for the disen-
gaged students). In addition, it could offer insights into the development of interactive simula-
tions that provide adaptive and real-time feedback based on students' profile membership in
order to support their understanding of scientific inquiry.
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