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Need for Cognition (NFC) reflects individuals' tendencies to engage in and enjoy effortful cognitive activities and
has been linked to positive academic outcomes (e.g., higher academic achievement). However, the extent to
which NFC is expressed in actual learning behaviors remains unclear. Therefore, we investigated how NFC
manifests in digital learning behaviors by analyzing behavioral trace data from undergraduate students in an
online chemistry course across 4 periods (before Midterms 1 and 2, respectively, and before and after the final
exam). Building on a comprehensive set of >600 behavioral indicators, ML models strongly predicted academic
achievement (explained variance: 50.34%). Generally, self-testing behavior, lecture engagement, and greater
overall activity were predictive of better performance. Based on these performance-relevant indicators, we
applied hierarchical clustering to identify distinct patterns of learning behavior. Two learner profiles emerged:
one characterized by timely, structured engagement with lectures and quizzes, and another characterized by high
overall activity but more irregular behavior and limited use of core instructional materials. Contrary to theo-
retical assumptions and prior research relying on self-reported learning behaviors, students’ NFC was not
associated with membership in either behavioral digital trace profile. Taken together, these findings raise the
possibility that, although NFC has been linked to academic success, this association may not be driven by dif-
ferences in observable digital learning behaviors. Our study offers novel insights into NFC in digital learning and
highlights the importance and challenges of adopting behavioral data to study individual differences.

1. Introduction behaviors through which NFC may be expressed in educational settings,

and existing studies have mostly relied on self-report measures of

Need for Cognition (NFC) is a personality trait that reflects a person's
tendency to seek out and engage in effortful cognitive activities
(Cacioppo & Petty, 1982). NFC has received considerable attention in
educational research, revealing robust links to student outcomes, such as
academic performance (Liu & Nesbit, 2024) in both online (Chen & Wu,
2012; Jeske et al., 2014) and face-to-face educational settings (Elias &
Loomis, 2002; Grass et al., 2017). The relationship between NFC and
academic achievement is well established. A recent meta-analysis
revealed a moderate effect size (r = 0.20) linking NFC to academic
achievement (Liu & Nesbit, 2024). Other studies have demonstrated the
effects of NFC on academic outcomes even beyond the influence of
cognitive abilities (Lavrijsen et al., 2022; Preckel, 2014).

However, relatively little is known about the specific learning

learning behaviors rather than direct behavioral indicators (Cazan &
Indreica, 2014; Evans et al., 2003; Swafford et al., 2021; Xiao et al.,
2024). As learning behaviors may explain why students high in NFC tend
to perform better, identifying these behaviors could clarify how NFC
manifests in behavior and thus refine our theoretical understanding of
the construct. To date, the rise of digital learning platforms allows for
the assessment of students' learning behaviors through log-based trace
data (Arizmendi et al., 2023; Baker et al., 2020). Analyzing these digital
traces therefore offers a promising approach for understanding how NFC
is related to real learning behaviors that underpin students’ academic
success.

With the present study, we aim to examine how individual differ-
ences in NFC are reflected in students' learning behaviors in a real-world
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educational context. Using trace data from undergraduate students' ac-
tivity on a learning management system over the course of a semester,
we investigated whether students with different levels of NFC engage in
systematically different patterns of learning behavior that are relevant
for academic performance. By moving beyond self-reported learning
strategies and focusing on observed behavior in digital learning envi-
ronments, this study adds to our understanding of NFC and how it may
be related to learning behaviors that contribute to students’ academic
success.

1.1. Need for cognition, learning behaviors, and academic achievement

NFC is part of a broader group of so-called investment traits, which
reflect how much time and cognitive effort individuals are willing to
invest in their intellect (Ackerman & Heggestad, 1997; von Stumm &
Ackerman, 2013). Thus, NFC is conceptually close to cognitive abilities
(Cacioppo et al., 1996; Fleischhauer et al., 2010). However, whereas
cognitive abilities represent an individual's potential for performing well
on cognitive tasks, NFC indicates their motivation to utilize that po-
tential (Goff & Ackerman, 1992; von Stumm et al., 2011). Accordingly,
individuals higher in NFC would be expected to engage more consis-
tently in cognitively demanding activities within learning contexts.

Proposals for concrete behaviors associated with NFC can be drawn
from studies on NFC in cognitive tasks and the literature on related traits
(e.g., openness to experience or other intellectual investment traits such
as intellectual curiosity). At the core of NFC is a willingness to exert
effort (Kramer et al., 2021), along with engagement and persistence
shown in cognitively demanding tasks (Cacioppo & Petty, 1982;
Fleischhauer et al., 2015; Lavrijsen et al., 2023; Rigolizzo, 2019). People
high in NFC consider cognitively demanding tasks to be enjoyable, and
they favor complex tasks or activities over simple ones (See et al., 2009;
Therriault et al., 2015; Zerna et al., 2024). Not only are people who are
high in NFC drawn to intellectually challenging tasks, they also tend to
process information more deeply and efficiently (Cacioppo et al., 1996;
Enge et al., 2008; Mussel et al, 2016) and exhibit enhanced
problem-solving skills (Coutinho, 2006; Nair & Ramnarayan, 2000;
Rudolph et al., 2018).

Given that formal education involves cognitively demanding work,
NFC may promote greater overall learning activity and engagement (von
Stumm & Ackerman, 2013). Additionally, NFC has been found to be
related to higher levels of self-control (Bertrams & Dickhauser, 2012;
Grass et al., 2019) and improved task focus (Levin et al., 2000; D. Li &
Browne, 2006; Srivastava et al., 2010). These findings suggest that not
only are individuals high in NFC more likely to engage in more effective
learning behaviors, but they may also be more resistant to distractions.
As a result, their learning may be more consistent and sustained over
time, and they may be less prone to procrastination, which should also
be positively reflected in their study results (Ferrari et al., 2018; Sar-
many-Schuller, 1999; Wang & Mousavi, 2023).

This tendency toward effortful engagement and cognitively
demanding strategies related to NFC should be particularly beneficial in
learning contexts that require students to self-regulate their studying.
Such demands increase with age and are especially pronounced in
higher education, where a great deal of studying occurs outside the
classroom. In higher education, students are expected to seek out
additional resources independently when they struggle to understand
course material. It has been theorized that individuals with higher levels
of NFC are more inclined to actively seek out information themselves
instead of relying on others (Cacioppo et al., 1996), an idea that has been
supported by empirical findings that NFC is related to
information-seeking behaviors (Coutinho et al., 2005; Curseu, 2011;
Fortier & Burkell, 2014; Mokhtari et al., 2013). For instance, in a study
by Maur et al. (2024), when asked to conduct an unrestricted web search
on a controversial topic, participants high in NFC showed more
comprehensive and systematic search strategies and were more critical
when they evaluated sources. Relatedly, other intellectual investment
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traits have been linked to revisiting and re-engaging with information
(e.g., intellectual curiosity in Schumacher et al., 2025). Thus, in line
with the idea that NFC fosters critical reflection, individuals high in NFC
may also be more likely to revisit learning materials to consolidate their
knowledge.

On a motivational-affective level, research has shown that NFC is
associated with a positive attitude toward desirable difficulties—that is,
study strategies that are mentally demanding and may feel counter-
productive at first but may ultimately enhance long-term learning (De
Bruin et al., 2023; Weissgerber et al., 2018). Among the desirable dif-
ficulties strategies, NFC was particularly strongly related to the
self-reported use of generating learning materials, and, to a lesser extent,
to self-testing and interleaved learning (Weissgerber et al., 2018). NFC
has also been associated with higher levels of self-efficacy (Ajadi, 2022;
Elias & Loomis, 2002; Fleischhauer et al., 2024) and mastery goal ori-
entations (Day et al., 2007; Meier et al., 2014; Preckel, 2014), both of
which make the use of desirable difficulties more likely (De Bruin et al.,
2023; Weissgerber et al., 2016; Yan, 2018). In turn, these strategies are
linked to improved learning outcomes (Hartwig & Dunlosky, 2012;
Ifenthaler et al., 2023; Rodriguez et al., 2021).

To summarize, the comprehensive body of research on NFC suggests
that NFC likely manifests in learning behaviors that support academic
success. However, a major limitation that remains is the heavy reliance
on self-reported measures of learning behaviors, which may be affected
by social desirability or memory biases and the inability to verify
whether students actually use the strategies they report (Q. Li et al.,
2020; Parry et al., 2021; Roth et al., 2016). Additionally, most of the
reported studies were cross-sectional and did not capture learning be-
haviors over extended periods, such as an entire semester or school year.
Both limitations may be addressed by incorporating behavioral data to
assess learning behaviors. The growing use of digital learning platforms
enables the digital assessment of students’ learning behaviors in the
form of log-based trace data (Arizmendi et al., 2023; Baker et al., 2020).
Analyzing these behavioral traces provides a promising avenue for un-
derstanding how NFC translates into actual learning behaviors, thus
offering new ways to observe NFC in action.

1.2. Using trace data to capture learning behaviors

When students learn on a digital learning management platform,
each interaction with the system (e.g., clicking on a lecture video, sub-
mitting a practice quiz, posting a comment in the discussion forum) is
automatically recorded as a time-stamped log event. These log files offer
rich, fine-grained, and time-sensitive documentation of students' be-
haviors on the platform. In this way, they can mitigate some limitations
of self-reported learning behaviors, such as inaccuracies in students’
recall or the lack of situational specificity in questionnaire measures
(Roth et al., 2016).

However, to meaningfully interpret these raw trace data as in-
dicators of learning behavior, the data must be contextualized by using
information about the structure of the course (Arizmendi et al., 2023).
For instance, the total number of clicks on lecture videos may serve as a
basic measure of engagement; however, this measure can become even
more informative when considered in relation to the total number of
available videos because it indicates whether a student engaged with
only a small portion of the content or watched all the lectures. Similarly,
the timing of interactions can be critical for interpretation (von Key-
serlingk et al., 2025). For example, submitting the first practice quiz in
the second week of the semester likely reflects a different approach to
learning than submitting it the night before the final exam.

Because behavioral trace data sets are often large and unstructured
and involve large numbers of potentially meaningful predictors, one
challenge is to identify the features most relevant to the prediction, and
another is to ensure interpretability. ML approaches are commonly used
to analyze this type of data because they can accommodate complex,
nonlinear relationships and prioritize predictors according to their
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relevance for a given outcome (Hilbert et al., 2021), especially when
combined with explainable AI methods (Chitti et al., 2020; Deininger
et al., 2025). These aspects help reduce model complexity while pre-
serving predictive accuracy (Yarkoni & Westfall, 2017).

Another approach to increase interpretability and summarize com-
plex behavioral trace data at a higher level is to apply person-centered
clustering methods to identify recurring patterns or profiles of
learning behavior (Jang et al., 2017). Rather than focusing on isolated
indicators, clustering allows for the integration of multiple learning
behaviors into broader configurations that tend to co-occur within stu-
dents. These configurations can be used to group students who exhibit
similar patterns of learning behavior, making it possible to examine how
these behavior patterns are associated with learning success and indi-
vidual student characteristics (Jovanovic et al., 2024; Tempelaar et al.,
2018; Xie et al., 2025).

1.3. Using trace data to examine students’ NFC

Many researchers have used students’ trace data to capture their
learning behaviors, link these behaviors to learner characteristics, or
predict learning outcomes across various online learning environments
and age groups (Baker et al., 2020; Du et al., 2023; Ifenthaler & Yau,
2020). However, only a few studies have focused on personality traits
and their relationship with learning behaviors in online courses (Matcha
et al., 2020; Riidian et al., 2019, pp. 8-15; Tlili et al., 2017, 2019; Wu &
Lai, 2019). For example, Matcha et al. (2020) analyzed behavioral trace
data from a MOOC and found that conscientiousness (i.e., being orga-
nized, responsible, and hardworking; Roberts et al., 2014) predicted the
use of deep learning approaches, whereas more neurotic or emotionally
unstable learners were more likely to use surface approaches to learning.
Data-driven exploratory studies have demonstrated that algorithms can
both predict behavior from self-report personality measures (Riidian
et al., 2019, pp. 8-15), as well as personality profiles from online
learning behavior (Tlili et al., 2017, 2019).

However, most of the work on personality and trace data has pri-
marily focused on the Big Five personality traits: openness to experience,
conscientiousness, extraversion, agreeableness, and neuroticism
(Digman, 1990). To our knowledge, NFC has not yet been assessed using
behavioral trace data on learning behaviors in online learning courses.
Nonetheless, as outlined in the previous section, there are several
learning behaviors that could be theoretically linked to NFC and that can
be modeled using trace data: overall engagement and consistency of
engagement (Cicchinelli et al., 2018, pp. 191-200; Jovanovic et al.,
2021), procrastination behavior (Asarta & Schmidt, 2013; Paule Ruiz
et al., 2015), information seeking (S. Li et al., 2022), and self-testing
(Cicchinelli et al., 2018, pp. 191-200; T. C. Yang et al., 2018).
Whereas these behaviors have previously been studied using trace data,
they have not yet been connected to NFC. Importantly, such behaviors
have also been used to predict learning outcomes such as final course
grades (Chakrapani & Chitradevi, 2022). Examining these behaviors in
relation to NFC may thus help shed light on the processes through which
NFC can be beneficial for academic performance.

1.4. Study aims

The present study was designed to enrich previous research on the
personality trait of NFC and its role in learning contexts by studying the
real-world learning behavior of university students. Specifically, we
addressed the question of whether individual differences in NFC are
reflected in patterns of learning behavior by analyzing trace data from
undergraduate students' activity on the Canvas learning platform over
the course of a semester. From these traces, we first extracted behavioral
indicators of learning and determined those that are most predictive of
students' performance in the course. Next, we identified learning
behavior profiles that students can be grouped into based on these
performance-relevant behaviors. Finally, we tested whether these
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learning behavior profiles differ in students’ levels of NFC.

Given our use of ML and clustering methods, the analyses were pri-
marily exploratory, and we did not conduct traditional hypothesis
testing. However, we have elaborated on plausible conceptual links
between NFC and learning behaviors in the theoretical background
sections. We formulated the following research questions (RQs).

RQ1 Which learning behaviors are most strongly associated with ac-
ademic performance?

RQ2 What distinct learning behavior profiles can be identified among
students based on these performance-relevant behaviors?

RQ3 How do students' levels of NFC differ across the identified
learning behavior profiles?

2. Method
2.1. Participants

Participants were recruited from a sample of undergraduate students
who were attending a public university in the western United States in
the fall term of 2020 and were part of an ongoing longitudinal multi-
cohort study [details blinded for review]. Data collection for the over-
arching research project began in fall 2019, following ethics approval
from the university's institutional review board (#HS: 2018-4646). The
project received IRB approval to access administrative and digital trace
data from these students for research purposes.

We used trace and administrative data from three parallel sections of
students in a large introductory chemistry lecture (N = 1185). Final
course grades were reported in the administrative data for 1168 stu-
dents, forming the sample for RQ1 and RQ2. Additional survey data
were collected from a subsample of students at the beginning of the
semester. To test how students’ NFC-levels were associated with their
learning behaviors (RQ3), we relied on N = 137 students who had a
valid NFC score from the core survey administered at the beginning of
the school year. Table 1 provides information on descriptive statistics
and demograhics.

2.2. The course

The chemistry course used for this study was a highly structured
gateway course. As this term took place during the COVID-19 pandemic,
teaching was exclusively conducted online using the university's online
learning management system Canvas. Each week, multiple pre-recorded
lecture videos were uploaded, accompanied by lecture notes and
assigned readings. For every lecture, a self-assessment practice quiz was

Table 1
Descriptive statistics and demographics.
n %
Gender (female) 1165 64.46
Black 1145 3.06
Asian 1145 65.24
Hispanic 1145 20.87
White 1145 10.57
Other Ethnicity 1145 0.26
First Generation 1158 55.87
n M (SD)
Age 1168 18.18 (0.52)
High school GPA® 1167 4.02 (0.21)
Final grade” 1168 7.91 (2.68)
NFC® 137 3.62 (0.72)

Note. Percentages and missing values are reported for categorical variables.
Means (M) and standard deviations (SD) are reported for continuous variables.
@ Possible range: 0-5.
b possible range: 0-12.
¢ Possible range: 1-5.
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made available. In addition to these asynchronous materials, teaching
assistants held problem-solving sessions via Zoom in which they dis-
cussed weekly problem sheets. These discussion sessions were highly
recommended to the students, but attendance was not mandatory.
Finally, students completed graded homework assignments on an
external platform and thus, homework activities were not captured in
the digital trace data used for this study.

2.3. Measures

2.3.1. Demographics

Data on gender, ethnicity, and first-generation college student status
were collected via self-reports. High school GPA was retrieved from
college record data and was recorded on a weighted 5.0 scale.

2.3.2. Need for cognition

NFC was assessed in the core survey at the beginning of the term with
the Need for Cognition Scale-6 (NCS-6), which included six items (Lins
De Holanda Coelho et al., 2020; sample item: “I really enjoy a task that
involves coming up with new solutions to problems”). The internal
consistency, computed as Cronbach's alpha, was good (x = .80). The
students responded to the items on a scale ranging from 1 (extremely
uncharacteristic) to 5 (extremely characteristic).

2.3.3. Academic achievement

Academic achievement was assessed with the final course grade
extracted from administrative data and could range from 0 to 12 points.
Students failed the course if they had less than 5 points.

2.3.4. Behavioral indicators of learning

Behavioral indicators were computed on the basis of interaction
events stored in the logfiles. These actions could be broadly grouped into
eight categories: quiz-related (e.g., “Click on a quiz”; “Take a quiz”),
lecture-related (e.g., “Visit page lecture video 17), discussion forum-related
(e.g., “Read a post in a discussion topic”; “Show the list of discussion
topics™), assignment-related (e.g., “Click on an assignment”; “Visit as-
signments page”), organizational (e.g., “Visit the FAQs page”; “Show
announcements™), exam-related (“View Midterm 1 quiz attempt”; “Visit
grades page”), overall activity (“Visit the homepage of a course”; “Visit
Modules page”), and others (e.g., “Click on a specific file”; “Click on a
student”; see the Appendix for a list of all identified log events). To
account for fluctuations in general activity across different periods of the
semester (e.g., activities generally increased before exams), all behav-
ioral indicators were calculated for four periods of the semester: Before
Midterm 1, Before Midterm 2, Before final exam, and After final exam
(see Fig. 1). For each identified interaction event, eight behavioral
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indicators were computed: the mean occurrence per day and the stan-
dard deviation (SD), both within each of the four periods of the semester
(e.g., mean of “Take a quiz” before Midterm 1 and SD of “Take a quiz”
before Midterm 1).

For each lecture video, a self-assessment quiz was provided. Using
the syllabus, we identified the order of lecture videos and self-
assessment quizzes during the semester. Using this information, we
computed additional behavioral indicators that marked whether a stu-
dent interacted with the lectures and quizzes “on time” (i.e., before the
next lecture and quiz were uploaded). Similarly, we computed behav-
ioral indicators that were based on how often students revisited lectures
and quizzes, as well as during which period in the semester they did so
(e.g., whether a student took a quiz from the period “Before Midterm 1”
again in the period “Before final exam”). These indicators enriched the
behavioral feature set by capturing aspects that indicated the pacing of
activity (keeping up with the intended course schedule), and the
completeness with which course materials were accessed (Asarta &
Schmidt, 2013).

As many machine-learning algorithms and clustering approaches
cannot handle missing data, we adopted the following strategy to
address missingness (see Online Supplement G for the percentage of
missing values prior to missing-data handling). For behavioral in-
dicators, missing values reflect that a student did not show a certain
behavior during a semester phase and therefore are not missing at
random. Importantly, this missingness is informative, as it indicates low
engagement. Accordingly, missing values for these indicators were set to
0. An exception was made for time-based variables (i.e., the mean and
standard deviation of the time between when a lecture was scheduled
and when it was first accessed). For these variables, substituting missing
values with 0 would imply immediate access and thus be conceptually
inappropriate. Instead, we applied k-nearest neighbors (k-nn) imputa-
tion, using all remaining behavioral indicators as predictors to impute
missing values (Murti et al., 2019).

The final set consisted of N = 649 behavioral indicators. Although
overall click patterns were very similar across course sections (see On-
line Supplement A), all behavioral indicators were centered within
students in one section. See Online Supplement G for the full list of
computed behavioral indicators.

2.4. Analyses

2.4.1. ML analysis pipeline for performance prediction

The feature set to address RQ1 included all behavioral features
derived from the trace data, as well as the course code (which section the
student was in) and high school GPA as a proxy for prior academic
performance. Given the high dimensionality of this set, we applied

Final Exam
After
Final Exam

Event Type

< Visit Homepage

+ Click on a Quiz
Read a Post in a Discussion Topic
Visit Grades Page

Dec 09
Dec 12
Dec 15
Dec 18

Fig. 1. Activity Patterns for All Students for Four Example Events Throughout the Semester
Note. Overview of the course structure across the semester, highlighting exam dates and the periods of the semester used to calculate behavioral indicators. The
figure illustrates example interaction data for selected types of events: clicks on the homepage, clicks on a quiz, reads a post on a discussion topic, and clicks on the
grades page. Shaded areas indicate the timing of Midterm 1, Midterm 2, and the final exam.
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feature selection using LASSO regression (Least Absolute Shrinkage and
Selection Operator) prior to model training. LASSO performs both reg-
ularization and variable selection by shrinking less informative co-
efficients to zero, thereby retaining only the most predictive features
(Tibshirani, 1996).

We compared the performances of seven ML models that varied in
complexity and were suitable for tabular data (Borisov et al., 2022):
Linear Regression Model, Elastic Net Regression, Decision Tree, Support
Vector Regression, Random Forest, Extreme Gradient Boosting
(XGBoost), and Multilayer Perceptron. All models were built from
scratch and did not rely on pre-trained parameters. Furthermore, all
variables were scaled before training. Multicategorical features were
one-hot encoded (i.e., converted into binary format). We trained all
models using an 80:20 train-test split with 10-fold cross validation and
grid search for hyperparameter tuning (see Online Supplement B for
hyperparameter grids). We compared all models with a mean baseline.
Given that our prediction tasks were regression problems due to the
continuous outcome variable, we relied on explained variance and the
root means square error (RMSE) as our primary evaluation criteria to
compare the predictive power of all models and evaluate model per-
formance. We selected the best-performing model on the basis of the
highest explained variance, which evaluates the proportion of variance
in the outcome captured by the model's predictions.

To identify the features that were most predictive of academic per-
formance, we computed SHapley Additive exPlanations (SHAP) values
to evaluate the contribution of each predictor to the model's prediction
(i.e., feature importance; Lundberg & Lee, 2017). For each student,
SHAP values quantify the contribution of each learning behavior indi-
cator to the predicted outcome. The size of a SHAP value reflects the
magnitude of a feature's impact on the prediction, while its sign in-
dicates the direction of the effect: Positive values increase the prediction
relative to the base value, negative values decrease it, and values near
zero indicate a negligible influence. SHAP was selected as the explana-
tion method due to its model-agnostic nature, enabling consistent
interpretability across different ML algorithms. This ability was an
essential requirement for our comparison of multiple predictive models.
Moreover, SHAP provides explanations at the sample or group level,
enabling an understanding of learning behaviors across student groups.
Finally, SHAP accounts for multicollinearity by distributing the shared
contribution of highly correlated features among them (Lundberg & Lee,
2017), a crucial advantage given the strong correlations between the
features in our data set. The ML and SHAP analyses were conducted with
Python version 3.11.11 using scikit-learn 1.3.2, xgboost 2.1.1, and shap
0.47.2.

2.4.2. Clustering

To improve the interpretability of the resulting clusters, we reduced
the feature set prior to clustering. Specifically, we retained only the most
predictive features identified in the performance prediction model based
on their mean absolute SHAP values. Mean absolute SHAP values
quantify the average contribution of each feature to the model's pre-
dictive performance across observations. Features were ranked accord-
ing to their SHAP importance, and the smallest subset accounting for
80% of the cumulative importance was selected for the clustering
analysis. All features were standardized prior to clustering.

We used hierarchical agglomerative clustering with Ward linkage
and Euclidean distance as our clustering approach (Nielsen, 2016). So-
lutions ranging from k = 2 to k = 6 clusters were considered. Cluster
solutions were evaluated based on inspection of the dendrogram,
average silhouette scores (Rousseeuw, 1987), and interpretability of the
behavioral pattern. To characterize and compare the identified clusters,
we computed cluster means of each behavioral indicator and identified
those that showed the largest difference between clusters and were thus
the most discriminatory. These differences were visualized using heat-
maps to guide the labeling and interpretation of the clusters.

As a robustness check, k-means clustering solutions with k = 2-6
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were additionally computed and compared to the hierarchical clustering
results. Results of these analyses are reported in Online Supplement C.

2.4.3. Relationship between NFC and behavioral clusters

To examine whether students’ NFC levels differed across the learning
behavior clusters, we estimated linear models with NFC as the depen-
dent variable and cluster membership as the main predictor, controlling
for course section.

3. Results
3.1. Descriptives

General click activity decreased slightly over the course of the se-
mester with clear peaks of activity on the days before the exams and the
days of the exams (see Fig. 1). One hundred three students (9.49%) did
not pass the course (i.e., achieved less than 5 points). Only three students
(0.25%) achieved the best grade of 12 points.

Analysis of variance (ANOVA) indicated that the sections differed
significantly in final course grade, F (2, 296) = 21.40, p < .001. Tukey's
Honestly Significant Difference (HSD) post hoc comparisons revealed
that students in course 40,020 had significantly better grades (M = 8.58,
SD = 2.38) than students in courses 40,060 (M = 7.40, SD = 2.74; p <
.001) and 40,080 (M = 7.73, SD = 2.77; p < .001). Hence, in the ML
model, final grade was centered within each section to account for this
issue.

For students with both measures available, we calculated correla-
tions between NFC and academic achievement. NFC was not correlated
with final course grade, r (134) = 0.03, p = .765. Highschool GPA was
correlated with final course grade, r (1165) = 0.27, p < .001, but not
with NFC, r (136) = —0.07, p = .433.

3.2. RQI: learning behaviors predictive of final course grade

We used the full set of behavioral indicators (N = 649 behavioral
indicators), along with course section and high school GPA to predict
final course grade (centered within each section). In a first step, feature
selection via LASSO regression reduced the predictor set to N = 134
features. The proportion of explained variance across the ML models
ranged from 23.48% (RMSE = 2.28) for the Decision Tree model to
50.34% (RMSE = 0.50) for the XGBoost model (see Online Supplement
D for full model results). These results indicate that behavioral in-
dicators of learning were strong predictors of academic achievement.

Based on SHAP values, a total of 55 features accounted for over 80%
of the model's predictive performance (see Online Supplement E for all
mean absolute SHAP values). Fig. 2 shows a SHAP summary plot of the
15 most predictive features, ranked by their overall contribution to the
model's predictive power. High school GPA emerged as a strong pre-
dictor of course grade. However, four behavioral indicators contributed
even more to the model's predictions: Number of lectures watched
before the final exam, average number of quiz retakes over the semester,
variability in clicking on Lecture Video 25 before the final exam, and the
number of quizzes taken before Midterm 1. In general, number of lec-
tures watched before the final exam and number of quizzes taken before
Midterm 1 were associated with better predicted grades. By contrast, a
higher average number of quiz retakes was associated with lower pre-
dicted grades. The interpretation of variability in activity on lecture
video 25 is less clear, though lower values appeared to correspond with
lower predicted performance. As missing values on this variable indi-
cated that a student did not engage in this behavior and were thus
replaced with 0, this likely indicates that not interacting with lecture
video 25 was associated with lower predicted grades.

In terms of behavioral categories, the majority of predictive features
were quiz-related activities (30.91%), followed by lecture-related ac-
tivities (29.09%) and indicators of overall activity (16.36%). The dis-
tribution of predictive features across the semester periods was
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Fig. 2. SHAP Summary Plots for Predicting Final Course Grade
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Note. SHAP summary plot of the 15 features most predictive of final course grade in the XGBoost model. Features are ranked by mean absolute SHAP value. Each
point represents one student; the color shows the original feature value (from low in yellow to high in purple). The pattern of color gradients across the plot helps to
visually infer whether a feature's effect is linear or more complex: a smooth left-to-right gradient suggests a monotonic effect, whereas more scattered patterns may
reflect nonlinear or interaction effects. hs_gpa = high school grade point average. sd = standard deviation. sp = semester phase.

relatively balanced with 30.90% relating to the semester period before
the final exam, 27.27% to the first semester period before Midterm 1,
and 21.82% to the period preceding Midterm 2. Several of the most
predictive indicators summarized behavior over the entire semester
(12.73%), such as the total number of quizzes that were taken and the
total number of quizzes that were retaken.

3.3. RQ2: clustering performance-related learning behaviors

We considered cluster solutions ranging from two to six clusters. For
solutions with three or more clusters, a singleton cluster consistently
emerged, indicating that one student represented a pronounced outlier
in terms of their learning behavior and was repeatedly isolated into a
separate cluster. This student was therefore excluded, and the clustering
analysis was rerun on the reduced sample (N = 1167). After removal of
the outlier, cluster solutions were more stable and interpretable across
higher numbers of clusters, thus, all subsequent analyses were con-
ducted on the reduced sample.

Inspection of the dendrogram suggested either a two- or three-cluster
solution. The silhouette score was highest for the two-cluster solution
(silhouette score = 0.602), although the three-cluster (silhouette score
= 0.531) and four-cluster (silhouette score = 0.532) solutions also
showed acceptable values. We therefore examined the two-, three-, and
four-cluster solutions in greater detail. We found that in the three- and

four-cluster solutions, some clusters were very small (i.e., comprising
less than 10% of the total sample). Consequently, we retained the two-
cluster solution for further analyses.

To characterize the identified clusters, we computed cluster means
for all features and identified those that most strongly discriminated
between the two clusters based on the magnitude of mean differences.
For interpretation and labeling, we focused on the 15 most discrimina-
tory features (see Fig. 3). These features primarily comprised count-
based indicators of lecture and quiz engagement (e.g., total number of
quizzes completed, number of lectures accessed on time) as well as in-
dicators of behavioral consistency (e.g., the standard deviation of lecture
visits across semester phases or the standard deviation of overall activity
in the final semester phase).

Behavioral patterns of the two clusters were visualized using a
heatmap (Fig. 3). The first cluster was characterized by overall high
levels of lecture viewing and quiz completion. Students in this cluster
seemed to consistently use the practice quizzes from beginning of the
semester, as reflected by a high number of quizzes completed in the first
semester phase. They also showed timely engagement following the
course syllabus, with many quizzes and lectures completed or accessed
before the next was uploaded. This cluster was labeled Timely and Task-
Focused Learners.

The second cluster showed high levels of overall activity and
elevated values on SD-based features, indicating frequent but irregular
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Fig. 3. Heatmap of the Two Behavioral Profiles Identified via Hierarchical Clustering
Note. The 15 features showing the largest mean differences between clusters are displayed. Values are standardized (z-scores) and represent relative differences

between the two clusters. sd = standard deviation. sp = semester phase.

interaction with the learning management platform. Despite their high
overall activity, students in this cluster showed comparatively low
engagement with the practice quizzes and the lectures. This cluster was
labeled Inefficient and Irregular Learners.

To assess the robustness of the clustering solution, we additionally
conducted k-means clustering with k = 2 to k = 6 clusters. These ana-
lyses yielded highly comparable results and likewise favored a two-
cluster solution based on silhouette width (silhouette score = 0.602).
Further inspection confirmed that the two clusters were identical to
those obtained using Ward's hierarchical clustering (see Online Sup-
plement C), supporting the robustness of the identified behavioral pro-
files across clustering approaches.

3.4. RQ3: testing NFC levels across clusters

As sensitivity tests, we first checked whether the clusters systemat-
ically differ in their course section and their final grade. Chi? test showed
that course sections differed significantly regarding their distribution
across the two clusters, X? (2, N =1167) = 6.34, p = .042. Descriptively,
students from course 40,060 were less likely inefficient and irregular
learners compared to the others. However, when conducting post-hoc
pair-wise comparisons, these differences were not significant anymore
when we applied alpha-corrections. We still included course section as a
control variable in the following models.

A linear model with cluster membership and course section as pre-
dictors revealed that the two clusters differed significantly regarding
their academic performance (b = —0.88), t (1163) = —4.60, p < .001).
The timely and task-focused learners had significantly higher grades (M =
8.08, SD = 2.64) than the inefficient and irregular learners (M = 7.26, SD
=2.72).

Lastly, for the subsample that we had NFC measures for, we again
computed linear models to predict NFC from cluster membership while
controlling for course section. Results indicated no significant differ-
ences in NFC levels between the two clusters (b = —0.04), t (132) =
—0.26, p = .793. Thus, cluster membership was not associated with
systematic differences in students’ NFC, suggesting that the behavioral
digital trace profiles identified in the present study were largely inde-
pendent of this dispositional characteristic.

4. Discussion

Previous research has shown that students' tendency to engage in and
enjoy effortful cognitive activity, their NFC, is associated with more
adaptive self-reported learning behaviors and academic performance.
However, to date, studies have not used actual behavioral data to cap-
ture learning behaviors that could be associated with NFC. With the
present study, we aimed to investigate whether students' NFC is asso-
ciated with performance-related learning patterns by drawing on
behavioral trace data from the digital learning platform Canvas. We
tracked undergraduate students' learning activities across 1 semester
and identified learning behaviors that are most predictive of their aca-
demic performance. Using these performance-related behavioral in-
dicators, we clustered students who show similar distinct learning
patterns. In contrast to theoretical conceptualizations and previous
empirical findings, we did not find a relationship between students’ NFC
and their performance-related learning patterns. In the following, we
discuss the major findings of our study in more detail.

4.1. Identifying performance-related learning behaviors from digital trace
data

Learning management platforms like Canvas offer various features
and tools that afford a wide range of possible student behaviors. How-
ever, not all of these behaviors are equally relevant for supporting
learning progress and academic success. Therefore, as a first step, we
identified those learning behaviors that are most informative for aca-
demic performance, as reflected in their predictive value for students’
final course grades. To this end, we applied an ML approach to predict
academic performance from a comprehensive set of behavioral learning
indicators. An extensive body of research has shown that behavioral
indicators of learning, derived from digital trace data, can meaningfully
predict academic performance (Arizmendi et al., 2023). Consistent with
this literature, our findings demonstrated that behavioral trace data
explained a substantial portion of the variance in final course grades
(50.34%). The most predictive indicators fell largely into three broad
categories of learning activity: lecture viewing, quiz engagement, and
overall platform activity.

The uploaded lectures constituted the core instructional component
of this chemistry course and emerged as highly relevant for academic
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performance. Specifically, both a higher overall number of lectures
visited and a higher number of lectures viewed on time (i.e., before the
subsequent lecture was uploaded), particularly in the period leading up
to the final exam, were predictive of better performance. These findings
are in line with prior research showing that consistent engagement with
core instructional materials supports academic success (Ye & Pennisi,
2022; Yoo et al., 2022). For each lecture, students were provided with
optional self-assessment quizzes. Taking advantage of these quizzes was
predictive of final course grade, further supporting the existing litera-
ture (van Halem et al., 2020; Ye & Pennisi, 2022). Both the number of
quizzes completed early in the semester and consistently (i.e., before the
next quiz was made available), as well as the total number completed
across the semester, were positively associated with academic perfor-
mance. This result is consistent with the literature showing that retrieval
practice and self-assessment are powerful cognitive tools and effective
active learning strategies (Adesope et al., 2017; Chi & Wylie, 2014). At
the same time, a higher number of repeated quiz attempts was associ-
ated with lower performance. This pattern likely reflects difficulties in
understanding the material, suggesting that frequent quiz retakes may
serve as an early warning signal for students who could benefit from
additional instructional support (e.g., Bernacki et al., 2020). Finally,
overall activity indicators also contributed to performance prediction. In
particular, fewer homepage visits before the second midterm and the
final exam were predictive of lower final course grades. This aligns with
previous studies suggesting that general activity on digital learning
platforms tends to positively correlate with academic success, as it re-
flects greater engagement with the course (Cicchinelli et al., 2018, pp.
191-200; You, 2016; Yu et al., 2020).

Among the most predictive features, most were based on counts or
mean values, which capture the completeness and frequency of students’
engagement (e.g., Asarta & Schmidt, 2013). However, several
variability-based indicators also emerged as relevant predictors. For
these indicators, the relationships with course grade were not linear,
however, particularly low values were usually predictive of lower course
grades. Particularly low values on variability-based indicators suggest
that students were not engaging in certain behaviors at all and, conse-
quently, did not exhibit variability in these behaviors, which was
detrimental to their learning progress.

In sum, our findings affirm the predictive validity of digital behav-
ioral trace data for academic performance. We found that engagement
with core instruction (i.e., lectures), and self-testing activities (i.e., quiz-
taking), especially when carried out in a timely manner aligned with the
course structure (i.e., working with materials from the current unit and
not falling behind), were particularly beneficial for academic success.
The alignment of our most predictive features with previous research
and theoretical considerations (e.g., active engagement and retrieval
practice) also lends support to the validity of the behavioral indicators
we computed.

4.2. Performance-related learning patterns

In a next step, we examined how performance-relevant learning
behaviors co-occur within individual students. Because we were subse-
quently interested in whether individual differences in terms of NFC
were related to learning behavior, we adopted a person-centered
approach to identify learning behavior patterns based on the behav-
ioral activities most predictive of academic performance. By only
focusing on behaviors that were relevant for academic performance, we
reduced the potential feature space and ensured that the clustering was
not driven by random or less-informative behaviors.

We found two groups of students in our sample: the timely and task-
focused learners and the inefficient and irregular learners. Timely and task-
focused learners made extensive use of lecture videos and practice
quizzes, as reflected in high numbers of accessed lectures and completed
quizzes. Moreover, their engagement closely followed the course
structure, with many lectures and quizzes accessed within the intended
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unit and before the subsequent unit began. This type of timely in-
teractions with lectures was likely particularly important but chal-
lenging in the context of this largely asynchronous chemistry course
(Zeng & Xin, 2025). Because lecture videos were uploaded and remained
available thereafter, students may have been tempted to postpone
watching them. However, as course units build on one another, delaying
engagement with earlier material can easily lead to accumulating
learning gaps and making it more difficult to follow subsequent content.
Furthermore, engaging with the practice quizzes early in the semester
provides opportunities for spaced (or distributed) learning (i.e., studying
over dispersed intervals of time), which is known to be a highly effective
learning strategy (S. K. Carpenter et al., 2022; Latimier et al., 2021).
Students who self-tested shortly after the lecture likely revisited the
quizzes later during exam preparation, thereby benefiting from spaced
practice rather than relying on massed practice (“cramming”) immedi-
ately before the exam. All in all, this timely and structured interaction
with core instructional activities from the beginning of the semester by
the timely and task-focused learners aligns with prior research high-
lighting consistent engagement and self-testing as beneficial learning
strategies (Adesope et al., 2017; Chi & Wylie, 2014; van Halem et al.,
2020; Ye & Pennisi, 2022; Yoo et al., 2022). Consistent with this inter-
pretation, timely and task-focused learners achieved higher course
grades than inefficient and irregular learners.

Inefficient and irregular learners exhibited high levels of overall
platform activity but comparatively lower engagement with lectures and
quizzes. They also showed higher values on variability-based behavioral
indicators, reflecting more irregular and inconsistent learning behavior.
Higher but inconsistent engagement could signal difficulties with self-
regulation or sustained commitment to learning (Alhazbi et al., 2024)
which is typically detrimental to academic performance (Bourguet,
2024; Kim et al., 2018; H. Li et al., 2018). Despite their high overall
activity, these students completed fewer quizzes and watched fewer
lectures, suggesting that they did not use their time on the platform
primarily to interact with core instructional content or engage in
self-testing. This pattern underscores that overall activity alone is not a
sufficiently fine-grained indicator of good learning behavior. Simply
spending more time on the learning platform is unlikely to be beneficial
if that time is not used strategically (e.g., Deininger et al., 2024). One
possible explanation is that these students lacked effective learning
strategies or the knowledge of how to prepare optimally for the course.
Given that the sample consisted of undergraduate students at the
beginning of their university studies, some may still be developing an
understanding of which learning activities are most effective and how to
implement them successfully, highlighting a potential need for addi-
tional instructional or strategic support at this time of one's academic
career (Ainscough et al., 2018; McCabe, 2011).

4.3. The relationship between NFC and learning patterns

After identifying meaningful learner profiles, we examined whether
students’ levels of NFC were associated with the type of learning
behavior pattern they exhibited. Contrary to our expectations, we found
no relationship between NFC and learning pattern membership.

Based on theoretical assumptions and prior empirical research, we
would have expected higher NFC to be associated with membership in
the timely and task-focused learner group. NFC has consistently been
linked to self-reported deep learning strategies (Cazan & Indreica, 2014;
Evans et al., 2003; Swafford et al., 2021; Xiao et al., 2024), task focus
(Levin et al., 2000; D. Li & Browne, 2006; Srivastava et al., 2010), and
self-control (Bertrams & Dickhauser, 2012; Grass et al., 2019). More-
over, NFC has been associated with meta-learning competencies,
including intrinsic motivation and the self-regulatory ability to plan,
monitor, and evaluate one's own learning (Uszynska-Jarmoc et al.,
2018), as well as with cognitive reflection and deliberation (Pennycook
et al., 2016). Taken together, these characteristics would be expected to
align with efficient and structured learning behavior rather than with
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irregular or inefficient patterns. In the following, we outline several
theoretical and methodological factors that may help explain the
absence of a relationship between NFC and learning behavior patterns in
the present study.

The original theoretical conceptualizations of NFC encompass two
components: individuals high in NFC tend to both engage in and enjoy
effortful cognitive activity (Cacioppo et al., 1996; Cacioppo & Petty,
1982). Besides behavioral intentions, the self-report measures of
learning behaviors that have been typically used in empirical studies
often encompass a motivational component of learning approaches,
such as the motive or learning orientation that fuels the use of certain
learning behaviors (Cazan & Indreica, 2014; Evans et al., 2003). In
contrast, learning behaviors captured through behavioral trace data may
reflect qualitatively different aspects of learning, such as enacted ac-
tions, timing and sequencing of activities, and compliance with curric-
ular structures (Arizmendi et al., 2023).

From this perspective, the absence of a relationship between NFC
and observable learning behavior patterns in the present study raises the
possibility that NFC may be more strongly related to how students
experience learning (or report how they experience it) than to how they
behave in formal learning environments. Specifically, NFC may be more
closely tied to students’ internal cognitive framing of learning experi-
ences, that is, how they perceive, and mentally engage with learning,
rather than their observable behaviors (Mussel, 2022; Silvia, 2005). This
discrepancy may reflect a broader issue of construct misalignment, as
self-report measures and behavioral trace data capture different layers
of the learning process, including affective, regulatory, and cognitive
components (Molenaar et al., 2023). At the same time, when both NFC
and learning strategies are captured with self-reports, correlations may
be inflated due to common method bias arising from shared method
variance (Podsakoff et al., 2024). In addition, the two measurement
approaches operate at different levels of granularity: while the
self-report instrument assesses NFC at a global level, behavioral trace
data captures highly specific learning activities (Rovers et al., 2019).

Taken together, although replications of the present findings are
clearly needed before drawing more definitive conclusions, these con-
siderations suggest that existing theories linking NFC to learning
behavior may require refinement when applied to learning behaviors
captured with behavioral data. In particular, theories developed and
validated within self-report frameworks may not readily generalize to
learning behaviors captured with behavioral trace data, highlighting the
need to more carefully distinguish between subjective learning experi-
ences and enacted learning behavior in future research.

Beyond these theoretical and measurement-related considerations,
characteristics of the learning context and sample may also help explain
the absence of a relationship between NFC and learning behavior pat-
terns in the present study. Although Liu and Nesbit’s (2024)
meta-analysis demonstrated a positive relationship between NFC and
academic achievement, we found no significant correlation between
NFC and final course grade in our sample. This finding was particularly
unexpected given that the relationship between NFC and achievement
has been shown to grow stronger with age (Liu & Nesbit, 2024), and our
sample consisted of undergraduate students. At the same time, the null
findings of several studies included in the meta-analysis suggest that the
effects of NFC on performance may be contingent on situational and
sample characteristics (Diseth & Martinsen, 2003; Fellman et al., 2020;
Furlan et al., 2016). The chemistry course analyzed here was a highly
structured introductory course. As NFC encompasses a preference for
cognitively engaging and meaningful tasks, such rigid structures may
have limited opportunities for exploration or deeper thinking that stu-
dents high in NFC typically value. In addition, the fully online learning
environment during the COVID-19 pandemic may have been perceived
as intellectually unstimulating by students high in NFC. Passive learning
formats, such as prerecorded lectures and limited interaction, may have
dampened their motivation and engagement. Alternatively, students
may have experienced substantial external pressure, as the course was a
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gateway course and highly relevant for their subsequent academic
progress. In such high-stakes situations, effects of NFC may be less
pronounced, because cognitive engagement is driven primarily by
situational demands rather than individual differences (Cacioppo et al.,
1996). This idea aligns with research showing that individuals' percep-
tions of a situation can shape whether and how their personality traits
are expressed (e.g., Jach et al., 2022; Rauthmann et al., 2014). However,
it should be acknowledged that these potential mechanisms are post hoc
explanations that cannot be directly tested within the present study and
therefore require further empirical examination.

4.4. Limitations and future directions

As a first attempt to explore how NFC may manifest in learning be-
haviors using behavioral trace data, this study provides an important
step toward understanding the role of NFC in online educational con-
texts. Whereas the findings offer valuable insights, several limitations
must be acknowledged.

Behavioral traces of learning are inherently context-specific
(Arizmendi et al., 2023). The indicators identified in this study may
reflect learning behaviors that are unique to the chemistry course
examined, as the design and structure of a specific online course
determine which kind of log events can be identified and what kinds of
behavioral indicators can be computed (Nkomo et al., 2021). Whereas
many of the behaviors considered here are quite common in online
courses (e.g., self-assessment quiz taking, lecture engagement), others
might not generalize as easily to different subjects or classes. For
instance, in language classes, assignments like (collaborative) writing
tasks can be a central part of instruction (Peeters et al., 2020; Rakovic
et al., 2022), while they are less common in STEM classes. Even within
the same discipline, instructors may structure their courses differently
and make use of different combinations of learning resources within the
learning management system. Consequently, the behavioral traces
captured vary depending on whether features such as feedback tools,
chat functions, or external textbooks are incorporated (Gasevic et al.,
2016). Accordingly, the structure of a course may also shape the
learning behaviors and strategies that students adopt. Thus, although we
identified distinct groups of students based on their learning behavior
patterns, this does not imply that students will consistently adopt the
same strategies across different courses or even across topics within the
same course. Rather, prior research suggests that effective learning in-
volves flexibly adapting one's strategies to the specific demands of a
given learning context (Brunner et al., 2025; Donche et al., 2013).

Moreover, learning also takes place outside of the learning man-
agement system, introducing the challenge that the behavioral trace
data cannot capture all relevant learning behaviors. For instance, in this
chemistry course, homework assignments were hosted on an external
platform, limiting the behavioral data we could access. That said,
because the semester occurred during the COVID-19 pandemic with
fully remote instruction, the trace data from Canvas likely captured
more of the students’ total learning activity than it might have in a
traditional, in-person semester. Still, future research is needed to
examine whether the observed behavioral patterns generalize across
disciplines, instructional contexts, and learning environments, as this
generalizability would also be essential for informing educational
practice (Mathrani et al., 2021).

Furthermore, whereas log-file data provide rich, time-sensitive re-
cords of overt learning behaviors, their construct validity must be crit-
ically examined (Bernacki et al., 2025; Goldhammer et al., 2021).
Inferences about cognitive and motivational processes are based on
activity patterns and are therefore indirect. For instance, students may
engage with practice quizzes for a variety of reasons: to identify
knowledge gaps and guide subsequent study, to gauge their current level
of performance, or to reduce uncertainty about the format of the final
exam (T. S. Carpenter & Hodges, 2024; C. Yang et al., 2023). A prom-
ising direction for strengthening construct validity is to use multimodal
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learning analytics, which integrates additional data sources, such as
videos, think-aloud protocols, and physiological measures to more
comprehensively capture cognitive, metacognitive, affective, and
motivational processes of learning (Bernacki et al., 2025; Molenaar
et al., 2023).

Another potentially fruitful direction for future research is the in-
clusion of more fine-grained behavioral indicators and temporal pat-
terns. Students with high NFC may participate in similar activities as
their peers overall but may approach them with greater focus or delib-
eration, as suggested by research linking NFC to increased task focus and
cognitive engagement (Levin et al., 2000; D. Li & Browne, 2006). As
discussed earlier, the lower variability observed in some behaviors could
also indicate more deliberate planning, possibly pointing to more
structured and well-managed study sessions among students with high
NFC. Additionally, including information on the temporal sequence of
learning activities can add a more detailed understanding of students’
learning behaviors (Colling et al., 2025; Jovanovic et al., 2024; Xie et al.,
2025). For instance, sequential analyses would allow us to capture
whether students who exhibit beneficial learning behaviors, such as
taking practice quizzes early in the semester, continue to do so
throughout the course (Sher et al., 2020). Unfortunately, our data did
not include login and logout events, and we were thus unable to examine
learning behaviors on a learning session level. Future research could
build on these findings by breaking behavioral traces into smaller units,
such as session-based indicators, to better capture patterns of cognitive
engagement (Biihler et al., 2024; Kuhlmann et al., 2024).

4.5. Conclusion

Whereas NFC has consistently been linked to academic success, this
study is the first to examine how it manifests in undergraduate students’
actual learning behaviors using trace data on a learning management
platform. While we identified learning behavior patterns that were
meaningfully related to academic performance, NFC itself was not
related to these behavioral patterns. Our findings suggest that the links
between NFC and learning behavior, which have been previously
established through self-report measures, may not readily translate to
observable learning behavior, highlighting the need for further research
on NFC from a behavioral perspective.
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Appendix

Identified log actions

Category

Click a page in a course
Click an external tool
Click on a quiz

Click on a specific file
Click on a student
Click on an assignment
Click on Assignment Info
Click on final exam
Click on Midterm 1
Click on Midterm 2
Click on Zoom page

ONO U WN -

)
W oo

Collapse or Expand a Module
Post a reply to a discussion topic

—
S

Collapse all modules on the Module page

Overall activity

Other

Quiz-related activity

Other

Other

Assignment-related activity
Assignment-related activity
Exam-related activity
Exam-related activity
Exam-related activity
Other

Other

Other

Discussion-related activity

(continued on next page)
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(continued)
Identified log actions Category

15 Read a post in a discussion topic Discussion-related activity
16 Reply to a specific discussion reply Discussion-related activity
17 Search for announcements Organizational
18 Show Announcements Organizational
19 Show the list of discussion topics Discussion-related activity
20 Submit a quiz Quiz-related activity
21 Submit edits on a specific discussion reply Discussion-related activity
22 Subscribe to a discussion topic Discussion-related activity
23 Take a quiz Quiz-related activity
24 Take final exam Exam-related activity
25 Take Midterm 1 Exam-related activity
26 Take Midterm 2 Exam-related activity
27 Unsubscribe from a discussion topic Discussion-related activity
28 View a file (inline view) Other
29 View a specific quiz attempt Quiz-related activity
30 View final exam quiz attempt Exam-related activity
31 View Midterm 1 quiz attempt Exam-related activity
32 View Midterm 2 quiz attempt Exam-related activity
33 View Previous Attempts on a quiz Quiz-related activity
34 Visit a discussion topic Discussion-related activity
35 Visit a quiz (Canvas mobile app) Quiz-related activity
36 Visit a quiz by submission details Quiz-related activity
37 Visit a quiz submission Quiz-related activity
38 Visit an assignment (Canvas mobile app) Assignment-related activity
39 Visit an assignment quiz from Grades Assignment-related activity
40 Visit an assignment submission Assignment-related activity
41 Visit Assignments page Assignment-related activity
42 Visit final exam quiz (Canvas mobile app) Exam-related activity
43 Visit final exam quiz by submission details Exam-related activity
44 Visit final exam quiz submission Exam-related activity
45 Visit Grades page Exam-related activity
46 Visit Midterm 1 quiz (Canvas mobile app) Exam-related activity
47 Visit Midterm 1 quiz by submission details Exam-related activity
48 Visit Midterm 1 quiz submission Exam-related activity
49 Visit Midterm 2 quiz (Canvas mobile app) Exam-related activity
50 Visit Midterm 2 quiz by submission details Exam-related activity
51 Visit Midterm 2 quiz submission Exam-related activity
52 Visit Modules page Overall activity
53 Visit page ‘Course Assignments' Assignment-related activity
54 Visit page ‘Course Requirements' Organizational
55 Visit page ‘Exam Information and Respondus' Organizational
56 Visit page ‘FAQ Wileyplus Homework' Organizational
57 Visit page 'FAQs' Organizational
58 Visit page ‘Lecture Video 1' Lecture-related activity
59 Visit page ‘Lecture Video 2' Lecture-related activity
60 Visit page ‘Lecture Video 3' Lecture-related activity
61 Visit page ‘Lecture Video 4' Lecture-related activity
62 Visit page ‘Lecture Video 5' Lecture-related activity
63 Visit page ‘Lecture Video 6' Lecture-related activity
64 Visit page ‘Lecture Video 7' Lecture-related activity
65 Visit page ‘Lecture Video 8' Lecture-related activity
66 Visit page ‘Lecture Video 9' Lecture-related activity
67 Visit page ‘Lecture Video 10" Lecture-related activity
68 Visit page ‘Lecture Video 11' Lecture-related activity
69 Visit page ‘Lecture Video 12 Lecture-related activity
70 Visit page ‘Lecture Video 13' Lecture-related activity
71 Visit page ‘Lecture Video 14" Lecture-related activity
72 Visit page ‘Lecture Video 15' Lecture-related activity
73 Visit page ‘Lecture Video 16' Lecture-related activity
74 Visit page ‘Lecture Video 17" Lecture-related activity
75 Visit page ‘Lecture Video 18" Lecture-related activity
76 Visit page ‘Lecture Video 19' Lecture-related activity
77 Visit page ‘Lecture Video 20' Lecture-related activity
78 Visit page ‘Lecture Video 21" Lecture-related activity
79 Visit page ‘Lecture Video 22" Lecture-related activity
80 Visit page ‘Lecture Video 23" Lecture-related activity
81 Visit page ‘Lecture Video 24' Lecture-related activity
82 Visit page ‘Lecture Video 25' Lecture-related activity
83 Visit page ‘Lecture Video 26 Lecture-related activity
84 Visit page ‘Lecture Video 27" Lecture-related activity
85 Visit page ‘Syllabus and Weekly Reading Assignments' Organizational
86 Visit page ‘Wileyplus Online Homework' Other
87 Visit Quizzes page Quiz-related activity
88 Visit the homepage of a course Overall activity
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