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To learn successfully with the use of various internet resources, students must ac-
quire critical thinking skills that will enable them to critically search, evaluate, se-
lect and verify information online. Defined as Critical Online Reasoning, this com-
plex latent construct manifests itself in an unconstrained online environment and 
is measured on two levels: students’ work product (an essay) and the process of 
task completion (online behaviour patterns). This research employs process mi-
ning techniques to investigate the possibility of distinguishing between students’ 
successful and unsuccessful attempts to take the test. The findings of the work 
were gained on generalised behaviour patterns from the process mining algo-
rithm deployed on two groups of students (63 low performing and 45 high per-
forming students). Divided by the work product score, the two groups exposed 
some differences in their online behaviour, with the high performers showing 
more strategic behaviour and effective search and use of information online. 
However, the research has also shown the downside of process mining as a tool 
for generalisation of process patterns. 
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Critical thinking (CT) and its manifestation in education has been in 
the scope of scientific research since the beginning of the previous 
century [Dewey, 1910]. With the advent of the new era of informa-
tion and computer technology, enabling people to access any type 
of data online, there was a surge of works on critical online reaso-
ning (as it was introduced by Zlatkin-Troitschanskaia et al. [2020]) 
or civic online reasoning (as it was coined by McGrew and Wine-
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burg) or as the acronym COR, which is a branch of critical thinking 
related to working with data online, be that searching, browsing, 
checking the reliability of the source, or a similar activity [McGrew 
et al., 2018]. In the current study, critical thinking in an online envi-
ronment is the ability of university students to analyse statements, 
assumptions and arguments, build causal relationships, select lo-
gically correct and convincing arguments, find explanations, draw 
conclusions, and form their own position in solving problems in an 
online environment.

It is considered that there is a particular need to develop this 
skill among university students, as those of them who have not ac-
quired the strategies for successful search may struggle with va-
rious tasks they are required to fulfil, hence their low performance 
at university [Liu et al., 2016]. 

To form this skill, it is necessary to explain the nature of the 
successful strategies to students, and then check whether they use 
those strategies effectively. Hardly is it possible to develop a firm 
habit of searching without providing relevant feedback. Prompt fee-
dback could be of particular value as being provided shortly after 
testing, it can engage and motivate underperforming students to 
catch up on the subject and with the rest of the group [Lightbown,  
Spada, 2021].

To this end, testing is to be implemented and students’ attempts 
are to be analysed. To do so, their digital footprints (log-files) are 
to be recorded into a log journal for further in-depth analysis. To 
draw valid conclusions about students’ COR, test designers try to 
save rich log files [Padilla, Benítez, 2014]. Yet, with a growing num-
ber of logs to be analysed it is becoming a daunting task for the as-
sessors, especially if testing is carried out on a large scale. 

However, generalising a plethora of answers into less intricate 
yet common patterns may substantially facilitate the interpretation 
of results. Instead of giving final marks, assessors could analyse the 
patterns to differentiate examinees who genuinely tried to solve the 
task but lacked the necessary skills from those who were unmoti-
vated and did not put in their best effort [Ulitzsch et al., 2022]. Rea-
sonably, those who lacked the skill but not the motivation could be 
advised on a better approach. 

Looking at the issue from a different perspective, universal com-
petencies, like critical thinking, are composite latent constructs 
[Mislevy, 2018)]. To evaluate such constructs, when developing an 
assessment model, it is necessary to describe the situation in which 
we are going to place the test taker in order for him or her to de-
monstrate the skills reflected in the definition of the respective 
construct. It describes the very environment in which we will eva-
luate (e.g., an essay, simulation, or a game ) and the actions that will 
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be performed in this environment — the activity space. As a rule, 
this model includes the following [Mislevy, 2013]: 

1. detailed “targets” for assessment, the observed variables de-
tailed to the required extent (what we want to observe);

2. the type of stimulus or materials that will be used to observe 
them;

3. a description of what exactly the person being evaluated will 
be asked to do during the evaluation;

4. a description of the elements that must be present in the task 
so that the evaluator can demonstrate the actions that we want 
to observe;

5. the elements that will affect the complexity of tasks.

Thus, assessment of complex latent constructs is based on col-
lected behavioural characteristics gained in the process of perfor-
ming actions (process data) in the assessment environment. Fine 
tuning of a test is by far more profound if done by looking into 
the rich information that is embedded in the actions of the test ta-
kers. What is more, the analysis of patterns can also lend weight to 
theories about construct manifestation.

Automated pattern extraction is widely used in the sphere of 
closed-environment tasks. In particular, much research on be-
havioural patterns is conducted using datasets from OECD pro-
blem-solving tasks in various domains of knowledge [Ulitzsch et al., 
2022]. There are successful attempts to generalise patterns and to 
examine incorrect behaviour as a specific area of interest. For exa-
mple, a study concluded that incorrect answers can be caused by a 
lack of strategy or failure to implement it successfully [Stadler et al., 
2019]; according to Ulitzsch et al. [2022] literature review, most scho-
lars agree that wrong responses involve behaviour that is more im-
balanced and tangled, with more deviations and fewer similarities 
than that of the correct ones. Also, longer time spent on a task po-
sitively correlates with the grade obtained [Eichmann et al., 2020; 
Stadler et al., 2019; Tang et al., 2020; Ulitzsch et al., 2022] since spen-
ding time implies making effort. However, according to Eichmann 
et al. (2020) the majority of complex problem-solving tasks analysis 
only scratch the surface of sequence analysis per se, as research of 
full patterns is outnumbered by studies considering either frequen-
cy of the actions or time spent on task completion. To the best of 
our knowledge, little research is conducted on students acting in an 
open unconstrained online environment and even fewer attempts are 
made to analyse the patterns through process mining.

Literature  
review
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Although COR has been studied to the best of 25 years, thus 
far it is still onerous to automatically determine and process the 
patterns of students’ behaviour in the process of information search 
[Schmidt et al., 2020]. Extensive research has been carried out on 
whether or not COR can be tested using multiple-choice or other 
classical testing techniques. The majority of authors admit that COR 
cannot be constricted to the classical multiple-choice test means 
[Griffin et al., 2012; Weber et al., 2019; Zlatkin-Troitschanskaia et al., 
2020; Molerov et al., 2020; Zlatkin-Troitschanskaia et al., 2021]. 
However, in some cases, classical testing and open search assess-
ment can be combined to cover the skill as thoroughly as possible 
[Tarasova, Orel, 2022].

To illustrate the existing research on evaluating COR through 
automation, I conducted a comprehensive literature review. To this 
end, an approach proposed by Kitchenham and Charters [Kitchen-
ham, Charters, 2007] was adopted, which included a systematic 
search for primary papers with the help of key searching. The key 
words were either Critical Online Reasoning or Civic Online Rea-
soning. I used three scientific article aggregators, namely Google 
Scholar, ResearchGate and Connected Papers. The multiple search 
engines were employed in order to comply with the triangulation 
method of checking information. 

The results of the search included fewer than 100 works for Cri-
tical and Civic Online Reasoning. The next stage was to exclude all 
the papers that were not concerning the practical assessment of the 
process of doing the test (searching the web and writing the final 
work product) (e.g. works devoted to theoretical description of the 
construct). The goal was to identify works describing indicators, lo-
gging of the process and aggregation of the data obtained during 
a COR test as well as its evaluation and insights gained from such 
aggregation. As most of the papers dealt with teaching the strate-
gies of critical web-search, developing and validation of theoreti-
cal frameworks for COR assessment, solely product assessment or 
theoretical reasoning of successful and unsuccessful COR manifes-
tation, the number of articles relevant to the current study shrank 
to five. The scope of this article does not include expert assessment 
or merely descriptive analysis of the data; thus, such papers were 
also screened out during the search stage.

The selected research papers were then scrutinised in order 
to register the differences between analysis approaches and the re-
sults obtained, all of which are shown in Table 1. However, from the 
table it is apparent that these studies (except the one by Schmidt et 
al. 2020) did not attempt to explore the patterns of behaviour, but 
rather described and summarised some of its prominent features 
(like one common action in a group leading to success or failure).  
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The aggregation of behaviour and analysis of the whole pattern 
of COR task completion is limited to only [Schmidt et al., 2020]. In 
their research, students’ actions as well as eye-fixations were simul-
taneously recorded to analyse the difference between low-achievers 
and high-achievers. The study was carried out on 32 participants, 
all of whom were undergraduate students. The authors initially 
gathered much process information; however, some of it (mouse 
clicks, keyboard strokes) were discarded during the analysis stage 
due to its complexity. Data visualisation was executed with special 
software called PAFnow. In the end, the researchers were not ful-
ly satisfied with pattern graphs derived from the data, as students’ 
behaviour, being quite varied, was hardly susceptible to generali-
sation. Crude division of students, namely either low or high per-
formers, may underlie the ambiguity of resulting patterns and ac-
count for poor model fit.

However, at this stage of research it is crucial to take one step 
further. Apparently, the majority of research on COR behaviour ana-
lysis comes down to separate action descriptions. Not much is done 
in order to dig deeper and see the bigger picture, in other words, 
to try to derive patterns inherent to the whole cluster of test-takers. 

Process analysis as a tool of generalising the behaviour (i.e. 
drawing on common sequences of steps particular to a group and 
identifying the staple of this particular group opposed to others) 
has been successfully implemented in various adjacent fields, ran-
ging from students behaviour analysis in online courses in order 
to predict whether or not a students is likely to pass the exam [Ar-
pasat et al., 2021] to business workflow analysis in order to iden-
tify bottlenecks of business processes with a view of speeding up 
trade [Benevento et al., 2022]. As opposed to description, genera-
lising requires systematic evaluation and aggregation of all beha-
viour encountered in the order it happens, which is barely possible 
to pinpoint manually. Thus, the core division between description 
and generalisation is that the latter is a powerful method of data 
analysis rather than a superficial manual registration.

As it is clear from the literature review, not much knowledge has 
been gained so far about the patterns of behaviour at different le-
vels of critical online reasoning. The sparse research conducted has 
yet been unable to satisfactorily visualise and describe commona-
lities in students’ behavioural patterns. Yet there are multiple exa-
mples of research that successfully implement process mining ana-
lysis and lend valuable insights into the underlying behaviour of the 
subjects. Thus, this research is aiming at answering the following 
research question (RQ):

1. What distinguishable features of low and high performing stu-
dents can be identified with regard to duration, number, type, and 
order of steps in the test-taking process? 
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Table 1. Analysis of COR manifestation in literature

Authors Method Analysis Results

Wineburg 
& McGrew 
[2017]

Participants (10 PhD historians, 
10 fact-checkers, and 25 bache-
lor students) were asked to verba-
lise their thoughts while progres-
sing through the task of website 
evaluation

Assessment rubrics were deve-
loped and two raters were em-
ployed and tested on interrater 
reliability (Cohen’s Kappa); COR 
scores of groups were analysed 
with Mann-Whitney criterion

The authors concluded that the ma-
jor attribute to higher COR score 
is in “taking bearings” and “late-
ral reading”, meaning the ability 
to plan further analysis and omit-
ting all irrelevant information, res-
pectively

McGrew et al. 
[2018]

Three groups of participants (405 
mid-school, 308 high-school, and 
141 college students) were hand-
ed out paper-pencil tests or sent to 
Google Forms to write a short an-
swer as to why the website is reli-
able/unreliable etc. They were in-
structed to browse the web to draw 
their conclusions

Rubrics for assessment were de-
signed, revised and checked on 
interrater reliability afterwards 
(Cohen’s Kappa).The scores of the 
groups were compared

Common fallible behaviour was 
observed and described in the 
discussion section. For example, 
when instructed to check the re-
liability of a site, students did 
not implement a “fact checking” 
strategy, but rather stayed on the 
initial website, never leaving it in 
search of extra information

Weber et al. 
[2018]

Two waves of surveys were 
conducted with 3816 and 769 un-
dergraduates from different do-
mains. The authors wanted to es-
tablish a relationship between the 
information seeking strategies 
used (advanced/ traditional/ ba-
sic) and the academic outcome of 
the subjects

OLS regression was implemented 
with a dependent variable of aca-
demic outcomes and the pre-
dictor — reported informa-
tion-seeking strategies

One insight was about a signifi-
cant difference of dominant strate-
gies across domains of studies (e.g., 
medicine students deploy advanced 
strategies less often); another fact 
was that while students’ strategies 
were becoming more elaborate over 
time, the basic strategies did not 
change

Nagel et al. 
[2020]

Students were given three 10-min-
ute tasks, in which they were ex-
pected to use a browser in order 
to answer the task question in the 
form of a short essay. A subsam-
ple of 45 students’ works was taken 
to analyse the process and product. 
The used sources were evaluated by 
independent raters

Interrater reliability (Cohen’s Kap-
pa) was checked for coding re-
sources used by the students (the 
log-data). A t-test was conducted 
to see if there was a significant 
difference between the students 
who visited extra websites and 
those who did not

The students who had visited ad-
ditional websites (not specified 
in the task itself) gained a signifi-
cantly higher COR score

Schmidt et al. 
[2020]

32 purposely selected participants 
underwent a COR test that implied 
assessing two websites on their 
credibility. 10 minutes were reser-
ved for this. Their actions were re-
corded as well as their eye-move-
ments tracked for further analysis

Process mining was implemented 
with special software. Only part of 
the log-files were used in the pro-
cess mining analysis. Eye-fixations 
were also analysed with process 
mining analysis. Latent class ana-
lysis (LCA) was carried out on the 
low and high performing groups 
of students

The various patterns students left 
during task completion are diffi-
cult to present in a visually clear 
way. The plots are too intricate 
with details for both logs and 
eye-fixation patterns. LCA proved 
that through process behaviour 
analysis one can classify students 
as low or high performers

The testing was a part of the course “Economic thinking”. The data 
was collected in December 2021. The sample consisted of 330 stu-
dents, who took the test under the following conditions: the stu-
dents were given a link leading to a software that could trace their 

2. Research 
method 

2.1. Sample  
and Procedure
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online behaviour and register steps in a log journal. Figure 1 provi-
des an overview of this part of the test (the test was conducted in 
Russian; the figure is a translated version of the main task screen 
of the test). There is a task and several fields for answers, which in-
clude the essay (the lowest field), the argument and the links (in 
the middle ), the query and the browser (at the top). The duration 
of task completion was recorded as well as students’ work in the 
aforementioned fields. The test was available for completion for 
one week; however, the students were instructed that it was prefe-
rable to complete the test within 1 hour and 30 minutes. Neverthe-
less, the system did not terminate their internet session if the time 
limit was exceeded (see Limitations). Another requirement of the 
task was to fill in arguments for and against before writing an es-
say. However, as it will be seen later, not all students came up with 
the requested number of arguments before commencing with the 
essay.

Figure 1. Task virtual environment

 

In total, students generated over 23.000 events while solving the 
unconstrained task. These numerous logs contained timestamps 
of each action. The software could register the following actions: 
typing in the essay field, the argument field, and the query one; 
leaving references in the essay and argument fields; choosing a 
web browser; adding or deleting an argument; adding or deleting 
a browser name; stating the type of argument (for/against). In to-
tal, the dataset encompassed 80 unique actions that the students 
made. 
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Each action was saved by a respective name. For example, if a 
student was typing a name of the source for their first argument, it 
appeared like “ZoneArgSource1” in the dataset, where “Zone” was a 
unique prefix for all actions, “Arg” stood for argument and “Source1” 
denoted the first source mentioned in this field. Table 2 provides 
an overview of a part of the dataset related to one test taker, na-
mely the number of times a certain action was taken by him/her 
(Action_num column), the exact action performed (Action_zone co-
lumn), the type of the action (pause, resume or click) (Action_type 
column), the time when the action started (in Python timestamp 
format) (Action_time column) and the duration of the action (in se-
conds) (Duration column), respectively. The ID of the student was re-
moved from this table.

Table 2. Example dataset

Action_num Action_zone Action_type Action_time Duration

1 ZoneApp Pause 1639843747 178

2 ZoneApp Resume 1639843925 153

3 ZoneReqEngine1 Click 1639844078 204

4 ZoneReqEngine1 Click 1639844282 2

5 ZoneReqText1 Click 1639844284 2

6 ZoneApp Pause 1639844286 30

7 ZoneApp Resume 1639844316 13

8 ZoneArgSource1 Click 1639844329 4

9 ZoneArgRadio1 Click 1639844333 1

10 ZoneArgRadio1 Click 1639844334 8

11 ZoneArgSource1 Click 1639844342 1

12 ZoneArgText1 Click 1639844343 6

13 ZoneApp Pause 1639844349 65

14 ZoneApp Resume 1639844414 4

15 ZoneEssayText Click 1639844418 21

To evaluate critical thinking, a two-part test using Evidence-Centred 
Design (ECD) [Zieky, 2014] was developed. Both parts are based on 
the same theoretical framework and designed to cover all parts 
of critical thinking: analysing arguments, developing sound argu-
ments and understanding causation and explanation (see for de-
tails [Tarasova, Orel, 2022]. Statistical analysis for the first part of the 
test was carried out in order to ensure that the test is valid. Cron-
back’s alpha (0.59), fit statistics (RMSEA < 0.05; 0.85 < OutFit & InFit 

2.2. Instrument



Anastasia Beliaeva 
How Students Behave While Solving Critical Thinking Tasks in an Unconstrained Online Environment

12 Voprosy obrazovaniya / Educational Studies Moscow. 2024. No 3Voprosy obrazovaniya / Educational Studies Moscow. 2024. No 3

< 1.15) and dimensionality analysis (eigenvalue of the first contrast 
= 1.97) demonstrated adequacy of the test.

In the second part, students are presented with a dilemma with 
no unambiguously correct answer (e.g. whether or not the govern-
ment should have access to personal data in order to lower crime 
rates) and are instructed to state their opinion using an uncons-
trained online environment, where they can find relevant informa-
tion for their argumentations and essays. The software the students 
are using can register their footprints, and they are also expected 
to fill in a form with required information about their work e.g. the 
resources used, the queries made, and the browsers surfed.

As opposed to the previous studies (e.g. [Schmidt et al., 2020]), 
I chose to split the data set not into three rather than two classes 
(high and low performers), but into three(high, average, and low). 
When only splitting into two groups, the contrast is vague; howe-
ver, it is desirable to amplify it. It is rather burdensome to genera-
lise students’ behaviour as it is highly heterogeneous. On the other 
hand, splintering the database into three classes and afterwards 
keeping only high and low performers and dropping the average 
ones might substantially facilitate the generalisation process, thus 
providing more insights into class-specific strategies. 

Thus, the score from the first part of the CT test was used to 
divide the students into three groups. To this end, I calculated the 
mean and standard deviations of the scores. The first standard de-
viation to the left and right from the mean score contained the ave-
rage group. Starting from the second standard deviations and eve-
rything to the left of it was the low performing group, and to the 
right was the high performing one. For the low performing group, 
the score was from 0 to 12 points for the CT test, for the average 
one from 13 to 25, and for the high performing one from 26 to 38 
(the maximum was 40 points, which no-one scored). As a result, 
there were 45 students with high scores, 63 with low scores, and 
145 with average ones. The average score students (145 students) 
were excluded from the analysis altogether as their behaviour was 
out of the scope of the article research questions. In the next sec-
tions, only the low (63 students) and high (45 students) performing 
groups’ patterns will be scrutinised. 

Since the task was not formally controlled in terms of duration, 
some outliers were contaminating the dataset. For instance, there 
was a pattern that lasted for 7 days. Apparently, it is not possible 
to work for this length of time without interruption. Consequently, 
such works that exceed a reasonable threshold of time needed to 
take the test were deleted from the dataset. 

2.3. Data Analysis 
Approach
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To analyse each of the two groups separately and extract 
patterns, I used ProM1 — an open source software for process dis-
covery, and to look into the common patterns of each cluster in par-
ticular, I employed a Heuristics miner and a C-net model. Schmidt 
et al. [2020] performed their pattern visualisation in a similar sof-
tware. Hence it is feasible to implement such programmes for this 
type of analysis.

The Heuristics miner and C-nets are expected to be suitable pro-
cess discovery as they can deal with less structured behaviour [Ro-
zinat, Aalst, 2009]. In essence, they work on the premise that the 
most frequent behaviours should be given precedence over least 
frequent ones to form a connection with the previous step. Given 
that the first step is unified within all the data set, next steps are cal-
culated based on the so-called dependency graph, which indicates 
how certain the module is about the next step. An 80% threshold 
is used to suppress noisy behaviour. More on Heuristics miner and 
C-nets can be read in Weijters and Aalst [2006]. 

In the first phase, I carried out a general analysis of the data to 
determine the average amount of time spent on the task, the num-
ber of steps students took in general, the number of sources used, 
and other variables. 

For further analysis of the data with ProM, I had to remove 
the noise, which implies deleting not popular behaviour, as such a 
large number of log files in a poorly structured behaviour will lead 
to poor performance of the miner [Aalst, 2016; Eichmann, 2020]. 
Due to the fact that the students were not limited by formal requi-
rements for the task, the patterns are diverse. By reducing noisy 
unpopular behaviour, it is possible to increase the amount of infor-
mation that can be potentially extracted from the given data [Aalst, 
2016]. ProM offers a threshold to suppress slight deviations within 
the groups; the recommended level of filtering is 80% [Ibid.], which 
this work will adhere to. 

The data was also processed and cleaned of the outliers. For 
instance, for seven students, the test procedure lasted more than 
three hours, and, though no formal restrictions of time were placed 
on the subjects of the test, these examples were regarded as noisy 
and thus removed from the dataset. 

Regarding the RQ, the data was scrutinised using ProM in an at-
tempt to establish common patterns for different levels of COR. 
The dataset was split into three clusters in accordance with the 
framework and the students’ COR score. Then only those catego-

 1  ProM can be freely downloaded from https://promtools.org/

3. Research 
results



Anastasia Beliaeva 
How Students Behave While Solving Critical Thinking Tasks in an Unconstrained Online Environment

14 Voprosy obrazovaniya / Educational Studies Moscow. 2024. No 3Voprosy obrazovaniya / Educational Studies Moscow. 2024. No 3

rised as high (45 instances) and low (63 instances) performers were 
kept to process mining. 

To conduct an in-depth analysis of the general statistics and 
scrutinise the datasets before drawing graphs, a library for Python 
(version 3.9) for panel data analysis called pandas (version 2.0.32) 
was used. To visualise the process of solving the task, ProM (ver-
sion Lite 1.3) Heuristics miner was employed. The two clusters were 
analysed separately.

To start with, the raw data was analysed using pandas to aggregate 
the dataset for descriptive statistics. On average, low performers 
only used 13 unique actions in the app, which resulted in most of 
them submitting only 1–2 arguments and rarely editing anything, be 
that a source, request, or text. Having analysed the dataset, it has 
also become apparent that the students spent on average 12 mi-
nutes working on their task. The mean time the students required 
to search online and read the websites’ information amounted only 
to four minutes. Considering the overall time on submission, the 
students spent one third of their time surfing the web and most of 
the remaining time on actually submitting the answer in the answer 
form. In particular, it took students 12 switches between the appli-
cation and the internet to reinforce their answer. What is also pe-
culiar is the fact that only 14% of students started from leaving the 
app in search of an answer, with the vast majority of them commen-
cing straight with filling in the form of the app. However, the most 
popular first step was to write a request — 44%.

To provide more insights into the behaviour in the graphical 
form, Heuristics miner was employed and graphs were extracted 
from the patterns. After fine tuning, 73 directly-follow steps (a pair 
of steps following one another directly) out of 259 instances fit the 
diagram process. The more instances fit, the more precise the mo-
del is; however, to enable the miner to draw sound and not spaghet-
ti-like models, the subset of 63 students had to be degraded into 
a less diverse one. Thus, prior to the analysis, a Simple Heuristics 
filter preserved only 80% of all activities (in terms of how frequent 
each activity was); if some students’ activities in the patterns were 
rare, they were removed from the dataset. As a result of the pre-
paration, the dataset shrank to 43 subjects. Figure 2 shows a gene-
ral pattern the miner generated. For this general pattern, only ac-
tivities that happened at least seven times were included, while all 
the others were ignored. 

In the graph, there are 10 boxes, each referring to a certain ac-
tion in the pattern. For example, at the top there is “ZoneApp” which 

 2  Can be downloaded freely from https://pandas.pydata.org/

3.1. Low 
performers
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denotes the fact that the students left the app 908 times to search 
online. All the other boxes can be deciphered in the same fashion: 
“ZoneEssayText” means typing the essay, “ZoneEssaySourceButton” 
is adding a new source to the essay by clicking on a “+” button from 
Figure 1, etc. Noticeably, the number in the names of the boxes (e.g. 
“ZoneArgSource1”) indicates that all students made this action, i.e. 
wrote their first argument source. It is possible, though, that there 
were instances of students submitting their second argument as 
well; however, since there is no “ZoneArgSource2” in the diagram, 
it implies that this behaviour was not popular in this cluster.

The intensity of the blue colour denotes the popularity of the 
actions; the figures accompanying each action box mean how many 
times this particular action was performed by all the participants. As 
it can be seen from the infographics, the majority began their work 
in the app not by checking the information necessary to accomplish 
the task online, but by filling in the form straight away. The partici-
pants did leave the app to check the information, though they did 
not do that prior to writing their answer in the form. Another help-
ful technique of studying such diagrams would be in observing the 
loops (when one activity directly follows itself) in order to see the 
intensity of students’ work and compare it within different activi-
ties performed. For instance, students oscillated between the app 
and the internet 908 times, which can be seen as “ZoneApp” action 
(the semi-circular arrow means that the activity was terminated and 
then started again); at the same time, they started writing the es-
say and then stopped again 393 times in “ZoneEssayText” (with the 
same semi-circular arrow in the diagram). The rectangles with no 
captions denote the beginning and end of the whole process (with 
the latter following “ZoneEndPopupYes”). 

It may also be useful to consider the popularity of certain steps 
happening in combination. For example, there were 39 instances 
of students writing the essay (“ZoneEssayText”) after coming back 
from the internet search (see the light blue arrows pointing from 
“ZoneApp” to “ZoneEssayText”). At the same time, they wrote their 
argument only 30 times after checking the information online (the 
arrow from “ZoneApp” to “ZoneArgText1”). This can provide a use-
ful insight into the strategies the students used in order to solve 
the task (see the Discussion).

Yet, such a diagram might seem overwhelming because of the 
number of various steps and deviation between them. Another no-
tation available in ProM is a Causal net (C-net) graph. Figure 3 of-
fers an example. Here, the bindings (the light blue line connec-
tions) refer to a chain of activities that are paired or tripled together, 
meaning they happen concurrently. It provides a more intimate 
knowledge about the popularity of certain combinations of steps 
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throughout the process of task completion, which deepens unders-
tanding of the pattern. 

One thing to be cautious about is not to interpret the graph as 
showing the steps from the beginning to the end. Indeed, there is 
an empty rectangle at the top and two empty rectangles at the bot-
tom, which indicate the beginning of the work and the end of it. 
However, the blue dots on every binding indicate that the process 
could either flow “down” or “up” the diagram. The bindings, on the 
other hand, show that the next step in the process could be either 
of the actions connected by the line. For example, after filling in the 
query (“ZoneReqEngine1”), students would commonly go to write 
the argument (“ZoneArgText1”), essay (“ZoneEssayText1”), argument 
source (“ZoneArgSource1”), or marked the argument as for/against 
(“ZoneArgRadio1”) in no exact order. 

A C-net graph does not provide any frequencies of steps (apart 
from the colour coded squares, where the darker blue indicates 
the more popular actions). Yet it is much more concise than the 
previous graph in Figure 2 and can provide some understanding 
of common steps completed in combination. Figure 1, in contrast, 
provides a “bird-eye view” of the whole process flow. However, it 
is apparent that the graph is too intricate, with many loops and 
spontaneous steps students take. Thus, Figure 3 can be conside-
red more informative in terms of the process commonalities for all 
students in the group (namely, the cluster activities they chose to 
do together).

Figure 2. Low performers’ general pattern
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As it was done for the previous group, the high performers data 
was analysed using pandas to aggregate the dataset for the des-
criptive statistics. They generated 20 unique actions on average; this 
resulted in their submitting the requested number of arguments, 
which was at least two (see Sample and Procedure). The high-flyers 
switched between the app and internet 35 times on average. They 
submitted their tasks after 20 minutes of continuous work on ave-
rage. The high achievers also spent more time in the app, either 
working on the essay, arguments or links, which was 13 minutes, 
roughly 0.65% of the whole work process. Interestingly enough, 
only 13% of students started from going out of the app in search 
of an answer, with the majority filling in the request form — 47%.

To analyse the graphical representation of patterns of the high 
performing cluster, Heuristics miner was used. Similarly to the pre-
vious analysis, this one was carried out on a filtered dataset with only 
38 instances included (an 80% threshold served only the most com-
mon behaviour observed). Figure 4 illustrates the derived pattern. 
After fine tuning, 74 directly-follow steps (a pair of steps following 
one another directly) out of 372 instances fit the diagram process. 

This graph shows the frequency of certain activities, colour-co-
ded in shades of blue. As was the case with the low performing 
cluster, here the deeper the shade, the more occurrences were re-
gistered in the dataframe. Apparently, here the most popular activi-
ties were “ZoneApp” (leaving the app to search online) and “ZoneEs-
sayText” (writing the essay). As with the low performers’ analysis, 
it does not provide any linear representation of steps taken by the 
students, making the sequencing opaque. In other words, one can 

3.2. High 
performers

Figure 3. C-net for low performers
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clearly see only the beginning and the end of the test (the two small 
rectangles with no captions), and all the other actions were happe-
ning rather haphazardly. The only insight one could get from scru-
tinising the graph could be into the amount of repetitions of the 
same activity. For example, the students left the app, came back, 
and left the app again 1636 times in total (“ZoneApp”). The round 
arrow pointing from and to the same box means that the activity 
paused and then proceeded. It may provide information about 
the density of using the internet (how frequently it was done in 
comparison to the other actions) if the number of students (38) is 
considered (see the Discussion). The same technique could be de-
ployed for probing into other activities: the second most popular 
step is writing the essay (“ZoneEssayText”) numbering 725 occur-
rences following one another (the semi-circular arrow shows that 
the same activity started when the previous step was finished). Yet, 
this graph is not easily digested when it comes to sequences of 
different events following one another. Hence, the next step to be 
taken is to study the C-net graph (Figure 5). 

The boxes here indicate the same actions as in the previous 
graph, with the empty rectangles being the beginning (at the top) 
and end of the pattern (at the bottom). The light blue dots indicate 
that the activity could either go down the arrow to the next box, or 
up to the previous one. In other words, this infographic does not 
provide a clear linear representation of the steps. One thing that it 
does provide is understanding of combinations of activities, which 
are represented by the light blue lines (bindings) connecting the 

Figure 4. High performers’ general pattern
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arrows. These bindings mean that the majority of students com-
pleted all activities united by the binding in no particular order. 
To give an example, after writing the source of the first argument 
(“ZoneArgSource1”), the majority of the subjects either marked the 
argument as for/against (“ZoneArgRadio1”) or added the next refe-
rence (“ZoneArgSource2”), and vice versa. 

As with the low performers, the principal difference between the 
two graphs (Figures 4 and 5) lies in the focus of attention in the pro-
cess. Figure 4 denotes the whole process flow (though it is impos-
sible to see it clearly since students tend to repeat the same activi-
ties or come back to previous steps spontaneously), while Figure 5 
was depicting the major staples of the process, the clusters of ac-
tivities that the algorithm could extract from the most popular be-
haviour of the group. Figure 5 appears to be more informative than 
Figure 4 as it contains concrete steps that were commonly followed 
by other actions, while in Figure 4 no accurate information about 
sequences can be gained. 

Figure 5. C-net for high performers

Critical online reasoning is a complex latent construct that is diffi-
cult to measure. Doing multiple choice tests does not suit its nature: 
by its definition, it demands an open unconstrained online environ-
ment for subjects to show it. Thus, it is challenging to assess COR 
skills as it requires assessment of both the product and the process. 
Speaking of the former, there are successful attempts to design ru-
brics and implement evaluation. On the other hand, there is a pau-
city of research on the latter [McGrew et al., 2018].

However, investigating process patterns can provide an insight 
into the behaviour inherent in different levels of COR skills. Impor-
tantly, it may also be used as a source of evidence for further deve-
lopment and refinement of theoretical frameworks of the construct 
measured [Mislevy et al., 2003]. 

4. Discussion 
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It has been shown in the previous section that being varied and 
tangled, general behaviour in different subject groups is barely pos-
sible to depict (Figures 2 and 4). There is no linear pattern, where 
one step always follows the other. The graph is rather complex and 
contains many concurrent actions. On the other hand, process mi-
ning software can effectively process fairly constrained behaviour, 
e.g. workflow or document flow. As was the case in Schmidt et al. 
(2020) research, graphic representations do not provide a clear un-
derstanding of a sequence of actions. 

As for the RQ, it is clear that the graphs of both low and high per-
forming groups are similar in terms of their varied behaviour and 
non-linearity; it might be useful to glance at the most frequent com-
binations of activities for the utilitarian purpose of behaviour com-
parison (Figures 3 and 5). The low performers were creating a loop 
at the stage of googling and filling in the essay, query, and source 
form. The same was characteristic of the high-flyers. Another loop 
was occurring in the process of working with the argument and 
essay. However, only the high performers displayed a pattern of 
working on two arguments, which is remarkable as the task clearly 
stated to present at least one argument for and one against. Apart 
from these, the actions students tend to undertake are more or less 
of the same nature. This pattern discovery does not conflict with the 
previous research, indicating that there are no drastic differences 
between the set of most popular actions per se [Lai, 2011; McGrew 
et al., 2018; Weber et al., 2018]. Weber et al. [2018] provide a pos-
sible explanation, claiming that basic strategies are inherent to both 
groups whereas high achievers tend to implement basic tactics and 
refine them with more elaborate approaches to search.

As the literature review suggests, leaving the application in or-
der to find an answer is deemed to be a successful strategy, while 
staying in the app and trying to come up with a solution by your-
self is dismissed as a dead-end tactic [McGrew et al., 2019; Zlatkin-
Troitschanskaia et al., 2020]. Surprisingly, in this research googling 
the subject matter online was not the case for the majority of high 
performers. While only 14% of low performers left the app as soon 
as they got the task, 13% of high performers did the same thing. The 
tendency displayed by the low performers coincides with other re-
search results, whereas the high performers’ general pattern does 
not [Shavelson et al., 2019; Zlatkin-Troitschanskaia et al., 2020] and 
should undergo further investigation. Modern theory also sug-
gests that the behaviour of a “fact checker” (i.e. a high performing 
student) is right the opposite: leaving the page to search for the 
answer on the web [McGrew, 2018]. 

4.1. Similarities
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However, a possible explanation of such extraordinary beha-
viour might have been confusion amongst students, who expec-
ted the app to enable them to make a query. This could account for 
the majority of the whole pool (43% of low and 46% of high perfor-
mers) starting off with filling in the request form. Yet, cognitive la-
boratories held prior to the main wave of testing did not indicate 
such confusion.

What does make the high performers stand out is the amount of 
time. On average, it took them 61% longer than the low performers 
to complete the task, which also implied that the former took more 
steps to submit the work. It is quite reasonable to say that if stu-
dents spend more time on work, they are more likely to get better 
results, merely by filling in the form more carefully and attentively 
and not leaving any missing values, which was confirmed by the 
previous studies [Eichmann et al., 2020; Stadler et al., 2019; Tang 
et al., 2020; Ulitzsch et al., 2022]. 

Even more peculiar was the fact that the high performers swit-
ched to the internet on average three times as often as the low 
performing group did. The gulf between the amount of time the 
two groups invested in their work is very much in line with pre-
vious research, where the scholars showed that a longer internet 
search positively affects the outcomes [McGrew et al., 2019; Zlatkin- 
Troitschanskaia et al., 2020].

Another difference was in the number of arguments the two 
clusters submitted. As for the high performers, there were at least 
two, while for the low scoring students the number was one. In-
terestingly, there were low scoring students submitting two argu-
ments (the required number); however, this behaviour was uncom-
mon and thus filtered out during data preparation. This difference 
is also noticeable in other research [Zlatkin-Troitschanskaia et al., 
2020], which revealed that students with prior beliefs about the is-
sue tended to submit fewer arguments (importantly, the scholars 
also showed that prior beliefs were predictive of a lower COR level). 
Apparently, high performers do invest more time to look at the is-
sue from multiple angles and later submit the fruits of their search. 

A more structured way of comparing the two populations of low 
and high performers is presented in Table 3. There are six criteria 
by which the two groups were juxtaposed.

Table 3. Comparison between low and high performers

Unit Low performers (63 students) High performers (45 students)

Time in the app (min) 8 13

Time out of the app (min) 4 7

4.2. Differences
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Unit Low performers (63 students) High performers (45 students)

A mean number of actions 43 82

A unique number of actions 13 20

Switches between the app 
and the Internet

12 35

The first action (% of stu-
dents)

Fill in query form 0.43 Fill in query form 0.46

Choose searching engine 0.30 Choose searching engine 0.24

Leave app 0.14 Leave app  0.13

Write essay 0.06 Write essay 0.07

State the argument 
source 

0.03 State the argument 
source 

0.04

Add a new query 0.01 Write an argument 0.02

Add a new query 0.02

An obvious limitation of the study lies in the fact that the analysis 
did not take into consideration steps happening outside the appli-
cation, i.e. the students filled in the form only with the resources, 
links, and queries they deemed necessary, forgetting or deliberately 
omitting some steps of the process that happened on the Internet. 
The next step is to include into the analysis not only the log files in 
the application, but also those in the online environment (such as 
the amount of time spent on searching a particular web-site or the 
number of attempts taken to find the web-sites students refer to). 
The lack of evidence on how students spend their time online may 
have led to a less obvious division between patterns of the clus-
ters. Advancing the instrument might enable one to see the diffe-
rence between the two groups and register if there was any stark 
contrast between the behavioural patterns of high and low perfor-
mers online.

On top of it, enhancing the techniques for and approaches to 
pattern extraction will provide an opportunity to use process data 
as a rich source of arguments in favour of test validity. There are 
more techniques for process analysis, which will be highlighted in 
the Conclusion and Future Research section. 

Another limitation to be tackled by further research is the 
control of students’ behaviour. In this study, the subjects were gi-
ven the test and then instructed to complete it within a week. They 
were also said to take only 1 hour and 30 minutes for the testing. 
With the majority obeying the rules, some were taking much more 
time than it was allowed. What is more, their general attitude to 
the test was rather reluctant. It is advisable to carry out such re-
search in class, observing students and limiting them in their time 
to submit works.

5. Limitations
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Also, one of the most important limitations is the fact that 
process-mining ignores individual differences between action se-
quences and is only focused on the cluster-based analyses, which 
was derived from the first part of the CT test (with standardised 
items) to form the clusters. The other ways of considering indivi-
dual differences in the process-analysis results (e.g. by splintering 
the classes by the product score of the second part of the CT test) 
appears to be a very promising direction.

Analysing graphs and diagrams provides researchers with some 
useful insights into common ways of fulfilling tasks. Digging dee-
per into the process of task completion is of paramount importance 
according to many pioneers in this area of scientific research as 
the process of solving the task can encompass either successful or 
unsuccessful strategies. [Wineburg, McGrew, 2017; McGrew et al., 
2018; Weber et al., 2018; McGrew et al., 2019; Zlatkin-Troitschanskaia 
et al., 2021]. 

This study dealt with students’ pattern analysis, where two clus-
ters (low and high performers) were taken to draw the conclusions 
on the difference of the two. We could witness that the most pro-
minent gulf is the one of time, namely, how much the high per-
formers were ready to spare on the task in contrast with the low 
achievers. The former worked on average 61% longer. Another dis-
tinction was within the amount of actions generated by students 
while working with the app. As with the previous point, the high per-
formers got almost twice as many actions as the low performers 
did on average. However, a stark difference was in the amount of 
time the students referred to googling. While solving the task, the 
high achievers googled extensively more than the low performers 
did. It resulted in generating three times more switches between 
the app and the internet. These differences are in line with previous 
research on COR, which extensively describes similar behaviour 
[Wineburg, McGrew, 2017; McGrew et al., 2018; Weber et al., 2018; 
McGrew et al., 2019; Zlatkin-Troitschanskaia et al., 2021]. 

However, the upshot of this work lies in the fact that there were 
no particular distinctions registered between general patterns stu-
dents demonstrated on different COR levels. The graphs were ba-
rely readable, with numerous loops and steps that did not show the 
“bigger picture” of COR manifestation. What is more, it is yet unclear 
how to implement the mining techniques to assess the process. Ne-
vertheless, it is desirable to be able to assess the process of task 
solution since it is embedded in the very definition of the construct 
of Critical Online Reasoning, where both the product and the pro-
cess are essential. More advanced tools should be utilised in order 
to analyse the patterns. Potential for further research lies in the de-

6. Conclusion  
and Future 

Research
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ployment of Multidimensional Scaling, seq2seq autoencoders, Hid-
den Markov Models, and similar instruments. 

The article was prepared in the framework of a research grant fun-
ded by the Ministry of Science and Higher Education of the Russian 
Federation (grant ID: 075-15-2022-325).
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