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Abstract: When students use an online eTextbook with content and interactive graded exer-
cises, they often display aspects of two types of behavior: credit-seeking and knowledge-
seeking. A student might behave to some degree in either or both ways with given
content. In this work, we attempt to detect the degree to which either behavior takes place
and investigate relationships with student performance. Our testbed is an eTextbook for
teaching Formal Languages, an advanced Computer Science course. This eTextbook uses
Programmed Instruction framesets (slideshows with frequent questions interspersed to
keep students engaged) to deliver a significant portion of the material. We analyze session
interactions to detect credit-seeking incidents in two ways. We start with an unsupervised
machine learning model that clusters behavior in work sessions based on sequences of
user interactions. Then, we perform a fine-grained analysis where we consider the type
of each question presented within the frameset (these can be multi-choice, single-choice,
or T/F questions). Our study involves 219 students, 224 framesets, and 15,521 work ses-
sions across three semesters. We find that credit-seeking behavior is correlated with lower
learning outcomes for students. We also find that the type of question is a key factor in
whether students use credit-seeking behavior. The implications of our research suggest
that educational software should be designed to minimize opportunities for credit-seeking
behavior and promote genuine engagement with the material.

Keywords: programmed instruction; student engagement; automated assessment; eText-
book; credit-seeking behavior; formal languages

1. Introduction

ETextbooks are becoming increasingly popular. Good ones incentivize students
to interact with them by including visualizations and exercises Fouh et al. (2012).
OpenDSA Fouh et al. (2014) is a widely used example of such a system. It provides
content for multiple Computer Science courses, such as Data Structures and Algorithms,
Programming Languages, and Formal Languages and Automata (FLA). OpenDSA includes
support for the Programmed Instruction (PI) approach. PI is based on learning by repeat-
edly reading an amount of material then answering a question related to that material
before moving on to the next step Lockee et al. (2004). The intent is to engage students con-
tinuously with the material. Over the years, much evidence that PI offers a better learning
experience for students than traditional approaches has been presented Mohammed (2021);
Molenda (2008); Sambasivarao (2020); Wangila et al. (2015).

It is well known that many students will attempt to misuse eTextbooks and similar
educational software; this behavior is referred to as “gaming the system” R. Baker et al.
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(2004); R. S. Baker et al. (2004); Haig et al. (2009); Koh et al. (2018). Such gaming behavior
often hurts students’ learning, but sometimes, the system can be redesigned to discourage
damaging behavior. We find that some students attempt to “game” PI in different ways.
For example, a student might quickly click on all possible solutions in a multiple-choice
question of a PI to guess the answer so as to obtain credit without a sufficient understanding
of the associated information. We call this “credit-seeking” behavior, as students are
obviously “gaming” the system to obtain the corresponding credit and are not actively
engaging with the material.

This paper explores the amount of credit-seeking behavior that occurred when an
eTextbook with PI was used in a Formal Languages course. The underlying OpenDSA
framework recorded all the interactions students made into logs. Leveraging the collected
logs, we developed a robust model to discern credit-seeking behavior within student inter-
actions and distinguish it from behavior indicative of genuine, active learning. Our analysis
revealed a notable contrast in the overall course performance, specifically in terms of scores,
between students exhibiting a “credit-seeking” approach and those utilizing the material
for genuine educational engagement. Our research hypothesis is that credit-seeking be-
havior detrimentally affects students’ learning performance, constraining their capacity to
achieve high scores in examinations and contributing to lower overall class scores.

Our study makes the following contributions:

*  Unlike previous studies that broadly categorize credit-seeking behavior, our research
provides a fine-grained analysis of how different types of questions (multi-choice,
single-choice, and true/false) influence credit-seeking behavior. We find that multi-
choice questions are particularly prone to triggering credit-seeking behavior, which is
a significant insight for the design of educational software.

*  Our study provides empirical evidence of the negative correlation between credit-
seeking behavior and learning outcomes. We showed that students who engage in
credit-seeking behavior achieve lower exam scores and overall academic performance
compared to their peers. This finding underscores the importance of addressing
credit-seeking behavior to improve educational outcomes.

*  We used an unsupervised learning technique to cluster work sessions based on student
interactions. This approach allowed us to identify patterns of credit-seeking behavior
without relying on pre-labeled data, making our model more adaptable to different
educational contexts.

2. Background

Formal Languages and Automata (FLA) is an advanced theory course, typically
taken at the junior/senior level, and is a standard part of the Computer Science
curriculum Computing Curricula and Society (2013). FLA requires students to under-
stand theoretical concepts and proof techniques and apply algorithms to build different
finite state machines and formal models capable of representing specific languages.

PI is a systematic approach to presenting material through a graduated series of
controlled steps with corresponding activities Skinner (1986). Our implementation is a
slideshow that consists of a set of frames, where each frame contains some small amount of
information (a sentence or short paragraph) and is often accompanied by a simple question
that the student must answer correctly to be able to move to the next frame. These questions
assess the student’s comprehension in each step. A typical PI frame is shown in Figure 1.
Here, a sentence is given, linked to a simple question with an inactive next (>) button
because the question is not yet solved.
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Figure 1. A PI frame consisting of a short sentence associated with a question.

PI typically allows students an unlimited number of attempts to repeat the question
until they find the correct answer. Answering the question is not meant to be difficult;
it is most critically meant to keep the student engaged and confirm their understanding
as they progress through the material. Questions supported by OpenDSA in PI frames
consist of single-choice (students can select only one choice from a list of choices, a classic
multiple-choice question); multi-choice (students can select one or more choices from a list
of choices), or true/false. Some frames do not contain a question but just information.

In multiple-choice questions, solutions grow exponentially. For instance, in Figure 2,
with eight choices, potential solutions reach 28 _ 1 =255.
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Since languages are sets, all set operations can be applied to them. Let ®={abc}, Li={abbec,aba}, and L,={cbec

bec}. Which strings are included in Ly U L, ?
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O bca
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aba
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bc
c

Correct: U is the symbol for set union.

Figure 2. A PI frame with a multi-choice question.

3. Literature Review

The phenomenon of off-task behavior when using educational software was first
identified in intelligent tutoring systems, referred to there as “hint abuse” Tait et al. (1973).
The term “gaming the system” in this context was first introduced in Cheng and Vassileva
(2006), defined as behavior aimed at obtaining correct answers by misusing the software’s
help system. Usually, the primary incentive for gaming the system is to complete the work
and obtain the credit as easily as possible. Often, this is performed to save time, but there
are many instances of gaming behavior that saves time but lowers cognitive load.

Prior studies show that credit-seeking behavior in educational software often hurts
students’ learning R. Baker et al. (2004); R. S. Baker et al. (2004); Haig et al. (2009); Koh et al.
(2018). Students might engage in this behavior by misusing the system’s feedback and
hints to obtain the correct answer Aleven et al. (2006); Peters et al. (2018), systematically
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using the tutor’s feedback to obtain the answer R. S. Baker et al. (2004), or blindly guessing
all possible solutions until hitting the correct answer R. S. Baker et al. (2004). Students who
game the system often demonstrate low pre-test understanding and low overall academic
achievement and perform significantly lower on post-tests than students who never game
the system.

In a follow-up study R. Baker et al. (2004), Baker et al. divided students’ behavior
in intelligent teaching systems into students who never gamed the system, students who
gamed the system but still scored high, and students who gamed the system and scored
low. Their model could detect system-gaming behavior that led to impaired learning. The
model was generalized to other students it had not seen before who were using the same
online teaching system. They then implemented a feature that provided interventions
when system gaming was detected. This increased students’ learning performance. Other
researchers have augmented educational software to detect gaming behavior R. Baker et al.
(2010); Beck (2005); Johns and Woolf (2006); Walonoski and Heffernan (2006). Others have
developed approaches to prevent and discourage students from this behavior Murray and
Vanlehn (2005); Walonoski and Heffernan (2006).

In their 2014 study, Fouh et al. scrutinized student interactions with an eTextbook
system Fouh et al. (2014). The authors introduced the term “credit-seeking” to characterize
negative behavior, distinct from the behavior associated with “learning”. They found that
students can perform “credit-seeking” in four different ways: (1) Not reading text associated
with exercises and instead jumping directly to the exercises. Only if necessary do they read
as much as is required to solve the exercises. (2) “Rushing” behavior where they navigate
through slides in visualizations as quickly as they can to obtain the associated credit,
without the intention of understanding or reading the material in the slides. (3) Skipping
directly to the end of slideshows by clicking on the “fast-forward” button. (4) Using
algorithm visualizations that are part of the eTextbook to obtain the output needed to solve
proficiency exercises, rather than solving the exercise themselves.

Recent studies continue to explore the impact of different student study behaviors
in educational software and its implications on their learning outcomes. Ma et al. (2024)
applied clustering analysis to identify reader profiles that differed in performance and
progression in an educational literacy app. Another study by Munshi et al. (2023) exam-
ined the impact of adaptive scaffolding on support for student self-regulated learning
behaviors for middle-school science. The study highlighted the importance of combining
context-sensitive inflection points with tailored feedback to support self-regulated learning
behaviors and narrow the gap in learning outcomes between high- and low-performing
students. A study by Rocha et al. (2024) addressed the challenge of detecting gaming
attitudes in novice programming learners, which previous detectors had not fully captured.
The study combined knowledge engineering and machine learning algorithms to develop
a model for detecting gaming behavior.

4. Materials and Methods

In this section, we discuss how we collected and processed log data relating to students’
interactions with the FLA eTextbook, with most content presented using PI Mohammed
et al. (2021). We collected data from a senior-level FLA course at our university with
sections taught in Fall 2020, Spring 2021, and Spring 2022. All three offerings used the same
eTextbook with minor modifications being made on an ongoing basis to improve the PI
framesets. In Fall 2020, PI framesets were not part of a student’s grade, but in Spring 2021,
students who completed all PI framesets earned an additional 5% bonus for the semester.
In Spring 2022, students were required to complete the framesets for a total of 20% of the
semester grade.
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4.1. Interaction Logs Dataset

Fouh et al. (2014) logs correct and incorrect attempts to solve a question within a PI
frameset. Each row of the log represents a single interaction, and each column represents
a feature of that interaction: student_id (a system-generated ID to maintain privacy and
anonymity), frame_ name, question_number, is_correct, and a timestamp. We processed the
logs to assign events to work sessions. A work session was defined as the period during
which a student was working on a specific frameset. If the student finished the frameset,
jumped to another, or had more than two minutes without interaction, then we considered
the work session over. Students took a mean of 15.3 seconds to make their first attempt to
answer a given frameset question. Students tended to finish a frameset in one session.

To determine the appropriate duration for when a lack of interactions indicated the
end of a session, we analyzed all time gaps in the dataset that happened between any two
consecutive interactions that belonged to the same student and the same frameset. A total
of 4.77% of the time gaps in the dataset were one minute or longer, while 2.65% were two
minutes or longer. Beyond that, the percentage of time gaps longer than a given amount
declined slowly. We explored the effect of different thresholds on the results of our analysis
and found that any gap beyond two minutes yielded the same results, that is, the results
were not sensitive to the exact value of the constant. We chose two minutes as the most
reasonable limit to how long a person would take to attempt to answer a question since all
frames consisted of one or two sentences with a simple question attached to them. A longer
gap, therefore, was considered another session (such as if the user came back from a work
break). But, picking any time gap greater than two minutes would not affect the analysis.

In Fall 2020, we had 75 students and 91 framesets with a total of 70,767 interactions
among 3895 work sessions. In Spring 2021, we had 70 students and 87 framesets with a
total of 126,216 interactions among 5841 work sessions. In Spring 2022, We had 74 students
and 46 framesets attempted with a total of 174,721 interactions among 9785 work sessions.

4.2. Dataset Preprocessing

We preprocessed the raw interaction logs into work sessions following these steps:

1.  Weremoved any non-student interactions from the dataset, such as interactions by
teaching staff and those automatically generated by the system.

2. We standardized frameset names over the course of the three semesters, as some
names were changed as the content was steadily improved.

3. We excluded interactions that occurred after the end of the semester, because they had
no association with the concept of credit-seeking as there was no longer any reward.

4.  We transformed the initial interactions into work sessions, which consisted of a series
of chronologically sequential activities. We identified five types of activities that
could appear in a session. Sessions started with SESSION_START and ended with
SESSION_END. A correct answer was labeled CRRCT, and an incorrect answer was
labeled X. The activity BACK occurred when the student moved backward in the
same frameset and attempted a question they had previously solved. If there was a
gap of more than two minutes between any two consecutive interactions, we ended
the current session and started a new one that started with the next interaction.

5. We removed sessions with fewer than three interactions, since sessions with only one
or two interactions were not useful for studying the differences between credit-seeking
and active learning patterns.

6. We aggregated the session activities into a single data point that represented the
session, by creating attributes for each session. These attributes represented the final
features that we relied on to conduct the clustering process for the coarse-grained
analysis. These are explained next.
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4.3. Work Session Attributes

Our goal in this stage was to create a model that determined whether a given work
session included credit-seeking behavior or not. Since we did not have ground truth,
we used unsupervised learning techniques to cluster the work sessions. We chose not to
perform the clustering at the student level because a student could have some credit-seeking
sessions and some active learning sessions. In a later analysis, we looked at the percentage
of credit-seeking or active learning sessions to decide how to classify the student.

We performed session-level clustering to classify the sessions as credit-seeking or
active learning based on five attributes. First was the percentage of incorrect attempts
that were preceded by an incorrect attempt (that is, the number of interactions that had
consecutive wrong attempts) divided by the number of interactions in that session. The
idea was that if a student consistently gave incorrect answers, they were more likely to
be guessing the answer without paying attention to the material in the PI frame. The
2nd attribute was the percentage of consecutive correct attempts. If the session contained
several consecutive correct attempts, it could be an indication of the student’s interest in
reading the PI frame and then answering the question, which allowed them to be able to
answer most questions correctly.

The 3rd and 4th attributes were the percentage of incorrect and correct attempts. Some
sessions may have had neither consecutive incorrect attempts nor consecutive correct
attempts, leading to no indication of the behavior of these sessions. For example, if
a session’s interactions were SESSION_START -> Crrct -> X -> Crrct -> X -> Crrct ->
SESSION_END, then the attributes of the percentage of consecutive incorrect attempts
and the percentage of consecutive correct attempts were not useful. So, we included the
percentage of incorrect and correct attempts as well. The 5th attribute was the median
time taken between interactions for the session. The rationale was that if a student was
randomly guessing the answer and trying to finish the PI frameset as fast as possible, then
the time between any two consecutive interactions should have been smaller than when
the student was trying to answer questions correctly.

Table 1 shows an example of four sessions with their generated five attributes along
with the student ID, session ID, and frameset name columns. For example, Student 5112 in
Session 2185 attempted the PDAFS frameset and had 66.7% of their interactions classified
as consecutive incorrect interactions and 20% of their interactions as consecutive correct
interactions. Student 5112 also had eleven incorrect attempts in total and four correct
attempts, and the median time between events was 3.5 s.

Table 1. An example of work session attributes.

StudentID SessionID F ¢N Percentage of Consecutive Percentage of Consecutive Percentage of Percentage of Median Time
uden ession rameset Name Incorrect Attempts Correct Attempts Incorrect Attempts Correct Attempts  Between (s)
812 4 GrammarIntroFS 0.053 0.579 0.211 0.790 19.5
5112 2185 PDAFS 0.667 0.200 0.733 0.267 3.5
6557 3323 ClosureConceptFS 0.000 0.538 0.231 0.770 7.0
6660 4603 RemoveUselessFS 0.541 0.054 0.757 0.243 2.0

5. Results
5.1. Coarse-Grained Analysis

Clustering algorithms struggle with high-dimensional data, even when there are
only five features, because many pairs of points have similar distances, resulting in non-
meaningful clusters. We standardized (Z-score normalization) the five attributes to have
all input features use the same scale. We used Principle Component Analysis to reduce
the dimensionality to two features using a randomized single-value decomposition solver
with a tolerance for zero values. Since there was a lot of redundancy in the five features
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(for example, the percentage of correct and percentage of incorrect scores were actually
the same information), PCA increased the various measures for the value of the resulting
clusters. The first two components retained 92.6% of the information contained in the
original work session attributes. The first (PC1) explained 73.7% of the variance, and the
second (PC2) explained 19.0%. The resulting noise variance is 12.3%. Table 2 shows the
factor loadings of each of the five work session attributes to the two principal components.

Table 2. Factor loadings of each work session attribute for the two principal components (factors).

PC1 PC2
% of Incorrect Attempts —0.993 0.0477
% of Correct Attempts 0.995 —0.0603
% of Consecutive Incorrect Attempts 0.905 0.0846
% of Consecutive Correct Attempts 0.904 —0.0799
Median of Time in Between 0.266 0.964

The output of the PCA was fed to an unsupervised learning algorithm, Fuzzy C-Means
clustering, which categorized the work sessions into two clusters that represented credit-
seeking and active learning behaviors. Our model was randomly initialized using an initial
fuzzy c-partitioned matrix and used a weighting exponent (the fuzzier) of 2. Centroids
converged after 28 iterations. We trained our model on the Fall 2020 and Spring 2021
datasets with 8679 data points (work sessions) and tested it on the Spring 2022 dataset
(4010 data points) to measure the generalizability of our model to work sessions that had
never been seen before in the training step.

We assessed the goodness of our clustering technique with two metrics. The Fuzzy Par-
tition Coefficient (FPC) indicates how cleanly a dataset is described by a certain model Ross
(2012). The FPC has a range of 0 to 1, with 1 indicating that the dataset is best described.
The Silhouette coefficient measures how similar an object is to its cluster (cohesion) when
compared to other clusters (separation) Rousseeuw (1987). The Silhouette score runs from
—1to +1. A score of +1 suggests that the object is well matched to its cluster and poorly
matched to other clusters. Values of 0 indicate overlapping clusters. If many data points
have a low or negative score, then the clustering is poor, and there may be too many or too
few clusters. We took the average Silhouette coefficient over all data points to measure the
goodness of our model.

In the training dataset, we achieved an FPC score of 0.824 and an average Silhouette
score of 0.549. Both clusters had a close Silhouette score, and no cluster completely fell
far from the mean value of 0.549. Cluster 1 had an average Silhouette score of 0.508, and
cluster 2 had a Silhouette score of 0.568. By studying the data points that fell into each
cluster, we found that points in cluster 1 reflected active learning behavior, while cluster
2 represented credit-seeking behavior. We also noted that the thickness of cluster 2 was
greater than that of cluster 1, but this was due to the fact that the percentage of active
learning sessions was greater than the percentage of credit-seeking sessions. We found that
using subsets of work session attributes may have resulted in a higher Silhouette score, but
with most data points in one group and few data points in the other. Thus, the model would
perform poorly in distinguishing between credit-seeking and active learning behaviors.

To test the validity of our model, we used the two centroids from Fall 2020 and Spring
2021 to cluster the work sessions of Spring 2022. On the test dataset, we achieved an
FPC score of 0.828 and a Silhouette score of 0.557, suggesting that our model generalized
well to work sessions that it had not been trained on. Our training dataset (Fall 2020
and Spring 2021) had 64.5% of the work sessions clustered as active learning sessions,
and the remaining 35.5% were credit-seeking sessions. Our test dataset (Spring 2022) had
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68.3% of the work sessions clustered as active learning and the remaining 31.7% were
credit-seeking sessions.

As an additional check, we manually examined and labeled certain work sessions as
credit-seeking or active learning sessions and then compared the labeled work sessions
to their predicted classifications. We randomly chose 300 different data points from Fall
2020 and Spring 2021, resulting in 196 (65.3%) active learning sessions and 104 (34.7%)
credit-seeking sessions. Similarly, for Spring 2022, we chose 300 different data points
resulting in 189 (63%) active learning sessions and 111 (37%) credit-seeking sessions. We
found that our clustering model reached a perfect accuracy of 100 percent when comparing
the 600 randomly selected data points to their equivalent predicted label.

To understand the consequences of credit-seeking behavior on PI framesets, we com-
pared, in each semester, the two groups (credit-seeking and active learning) with respect to
the total exam score and the overall score. Our dataset included all PI frameset attempts
from Fall 2020, Spring 2021, and Spring 2022. In each semester, the final grade was out of
1000 points, with two midterms worth 100 points each and a final exam worth 150 points.
The remaining 650 points were given for various autograded exercises in the eTextbook
and written homework, though the details varied across the semesters. In Fall 2020, there
was no credit incentive for students to finish the PI framesets. In Spring 2021, students
were offered a 5% bonus on the semester points possible for completing all PI framesets
of the eTextbook. In Spring 2022, PI frames were a standard part of the homework, with
framesets collectively worth 20%.

For each semester, we found a negative correlation between credit-seeking behavior
with the PI frames and the total exam score (two midterms and a final). For Fall 2020,
r = —0.416; for Spring 2021, r = —0.418; and for Spring 2022, r = —0.639. All p-values
were significantly below 0.001. The overall semester score had a non-significant negative
correlation with credit-seeking behavior in Fall 2020 (r = —0.283; p-value = 0.126 > 0.01)
but a significant negative correlation in Spring 2021 (r = —0.400; p-value = 0.0013 < 0.01)
and a higher significant negative correlation in Spring 2022 (r = —0.527; p-value < 0.00001).
Recall that the PI framesets were worth an increasing amount of credit across semesters.

We also took the approach of classifying students as credit-seeking or actively learning
based on the number of sessions that were similarly classified. We specified a threshold
of t = 0.5 such that if a student’s percentage of credit-seeking sessions exceeded ¢, they
were categorized as credit-seekers; otherwise, they were active learners. The analysis
results might have varied depending on different thresholds, but we found similar results
for a range of thresholds. With t = 0.5, in Fall 2020, we had 11 credit-seeking students
and 56 actively learning students. In Spring 2021, we had 23 credit-seeking students
and 41 actively learning students. In Spring 2022, we have 10 credit-seeking students and
58 actively learning students.

We used Welch’s Two-Sample Unpooled T-Test to test the hypothesis that the average
score in credit-seeking students was lower than the average score in actively learning
students. Table 3 shows that in Spring 2021 and Spring 2022, the mean scores of credit-
seeking students were significantly lower than the mean scores of actively learning students
(p < 0.01). In Fall 2020, when no credit was involved, there was significant difference in
the total exam scores.

While statistical significance demonstrated the existence of an impact, the effect size
was used as an indicator of whether the effect was large enough to be important. Table 3
shows that for the total exam score, in Fall 2020, we had a large effect size of 0.79 (a
difference of 24.3 actual points out of 350), and in Spring 2021, we also had a large effect
size of 0.78 (a difference of 28.95 actual points out of 350). In Spring 2022, we had an effect
size of 0.68 (a difference of 34.17 actual points out of 350). The difference in the total exam
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scores in Spring 2022 was much larger than it was in Fall 2020 and Spring 2021. In part,
this could be because the increasing use of PI framesets allowed us to better distinguish
between credit-seeking and active learning behaviors.

For the overall score, in Spring 2021, we had a large effect size of 0.77 (a difference of
7.3 actual points out of 100), and in Spring 2022, we had an effect size of 0.45 (a difference
of 3.26 out of 100). The difference in Spring 2022 overall score was not so high as the total
exam score since it included homework and exercises along with exams, which were less
impacted by the PI frameset knowledge.

Collectively, these results indicate that there was a practical difference in scores be-
tween students who were seeking credit and students who were not.

Table 3. Comparison between average score of credit-seeking students and actively learning students.
Exam scores are out of 350; overall scores are out of 100.

Credit-Seeking Actively Learning p- Effect

Semester Mean std Count Mean Std Count Value Size

Total Exam Score ~ Fall2020  265.55 26.71 11 289.85 31.58 56 0.0083  0.79
Total Exam Score ~ Spring 2021 268.77 45.04 23 297.72  32.30 41 0.0051 0.78
Total Exam Score  Spring 2022 2349  51.50 10 269.07 49.79 58 0.037  0.68
Overall Score Fall 2020 82.81 724 11 85.59  8.12 56 0.14 0.35
Overall Score ~ Spring 2021  78.14 10.26 23 8544 894 41 0.0034 0.77
Overall Score Spring 2022 79.96  6.77 10 8322 736 58 0.094 045

5.2. Fine-Grained Analysis

Our PI frameset library currently supports three categories of questions: true/false
and similar (such as yes/no) where the student selects one of two choices; single-choice
questions, where the student selects exactly one from a set of choices (see Figure 1); and
multi-choice questions, where the correct answer will be some subset of a collection of
choices (see Figure 2). We analyzed patterns of credit-seeking behavior on each of these
question types.

Recall that the philosophy of PI does not require or expect that questions be difficult
to answer but rather that they maintain engagement. But, from a perspective of blind
guessing, multi-choice questions clearly are the most difficult since the number of possible
responses is 2" — 1 when there are n choices.

We found that 82.2% of work sessions contained at least one multi-choice question
attempt: 61.4% of them were clustered as active learning sessions, and 38.6% were clus-
tered as credit-seeking. Credit-seekers took more time to solve multi-choice questions
than actively learning students. On average, in credit-seeking sessions, students spent
5.04 minutes solving multi-choice questions, while actively learning students spent only
3.36 minutes solving the same number of multi-choice questions, a statistically signifi-
cant difference (p < 0.000001). Credit-seeking students attempted to answer multi-choice
questions quickly with an average time gap of 5.4 seconds between two consecutive at-
tempts, compared to 16.8 seconds for active learners, a statistically significant difference
(p < 0.000001).

We also found that the median number of choices for multi-choice questions correlated
with the student’s behavior in a session. As shown in Figure 3, having a median of two
or three choices per multi-choice question resulted in fewer credit-seeking sessions than
active learning sessions, while it was the opposite when there were four choices or more.
Figure 4 shows that for credit-seeking students, as the number of choices increased, the time
it took the students to reach the correct solution also increased. Naturally, we also found
that for credit-seekers, the higher the number of choices was, the higher the percentage of
consecutive incorrect attempts was. For actively learning students, more choices did not
necessarily increase the solving time or the number of attempts.
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Figure 3. The number of active learning or credit-seeking sessions based on the median number of
choices for all multi-choice questions in a given session.
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Figure 4. The relationship between the number of choices in a multi-choice question and the time
spent on incorrect attempts on that question.

In total, 39.6% of work sessions contained at least one single-choice question attempt.
Of these, 66.0% were clustered as active learning sessions, and 34.0% were clustered as
credit-seeking sessions. In contrast to multi-choice questions, increasing the number of
choices in single-choice questions did not change the students’ behavior. This means that if
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a student was actively learning in most of their PI frameset sessions, then it was less likely
they would convert to credit-seeking behavior due to a single-choice question, while they
were more likely to perform so for multi-choice questions. Credit-seeking students did
not take longer than actively learning students to correctly answer single-choice questions.
However, in credit-seeking sessions, students attempted to answer single-choice questions
quickly with an average of 14.70 seconds between any two consecutive attempts, while it
took 21.04 seconds for active learners, a statistically significant difference (p < 0.000001).

In total, 37.85% of work sessions contained at least one T/F question attempt. Of these,
69.0% were active learning sessions, and 31.0% were credit-seeking sessions. Recognizing
credit-seeking behavior in a T/F question can be challenging because students guess
the right answer on the first try half the time. We analyzed the percentage of incorrect
attempts on T/F questions in credit-seeking vs. active learning sessions. We found that
the percentage of incorrect attempts on T/F questions in credit-seeking sessions, 34.47%,
was significantly higher than the percentage of incorrect attempts on T/F questions in
active learning sessions, 15.86% (p < 0.000001). When comparing only sessions with
more T/F questions than single-choice and multi-choice questions, we found that in credit-
seeking sessions, the percentage of incorrect attempts on T/F questions, 48.00%, was again
significantly higher than the percentage of incorrect attempts in active learning sessions,
23.00% (p < 0.000001). We found that the average percentage of incorrect T/F attempts a
student had for all of their sessions had a correlation of » = 0.6119 with their percentage of
credit-seeking sessions, a significant correlation (p < 0.000001).

6. Discussion

Our results align with research indicating that credit-seeking behavior in educational
software negatively impacts student learning outcomes R. Baker et al. (2004); R. S. Baker
et al. (2004); Haig et al. (2009); Koh et al. (2018). Specifically, we observed that students who
engaged in credit-seeking behavior demonstrated lower overall academic achievement
and performed significantly worse on exams compared to their peers who did not exhibit
such behavior. This finding is consistent with the work of R. S. Baker et al. (2004), who
reported that students who game the system often have lower pre-test understanding and
post-test performance.

Moreover, our research extends the findings of Aleven et al. (2006) and Peters et al.
(2018) by providing a detailed analysis of how different types of questions influence credit-
seeking behavior. We found that multi-choice questions are particularly prone to triggering
credit-seeking behavior. This observation supports the notion that students misuse feedback
and hints to obtain correct answers without genuine engagement with the material. By
identifying the types of questions that are most susceptible to credit-seeking behavior, our
study offers valuable insights for the design of educational software aimed at minimizing
such behavior and promoting authentic learning.

Our results highlights the importance of designing educational tools that discourage
gaming the system and foster meaningful student engagement. For instance, reducing
the number of choices in multi-choice questions or incorporating adaptive feedback mech-
anisms could help mitigate credit-seeking behavior. Additionally, providing real-time
interventions when credit-seeking behavior is detected could encourage students to engage
more deeply with the material. Our findings contribute to a deeper understanding of
student interactions with Programmed Instruction (PI) framesets in digital textbooks. By
highlighting the negative correlation between credit-seeking behavior and learning out-
comes, our study underscores the importance of designing educational tools that discourage
gaming the system and foster meaningful student engagement.
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7. Threats to Validity

The most critical limitation of this study is that we analyzed only the interactions that
happened within the Programmed Instruction framework. It is possible that credit-seeking
behavior with PI framesets is different than that in other activities. Future studies should
consider other external resources, such as the amount of time spent on other auto-graded
exercises, the frequency of webpage reloads, the tracking of the mouse, etc., to add more
diversity to the input features of the clustering model and provide more information about
students’ behavior across all parts of the course.

This study clusters students into two behaviors only, either credit-seeking or active
learning. Better analysis might distinguish between credit-seeking behavior versus when a
student is struggling and honestly does not know the correct answer.

8. Conclusions and Future Work

This study explored the credit-seeking behavior of students using Programmed In-
struction in a Formal Languages course. We found that the percentage of credit-seeking
sessions for a student was negatively correlated with their scores, such as the total exam
scores and the overall final score. Comparing populations, we found that the average
score in credit-seeking students was significantly lower than the average score in actively
learning students.

Looking at individual question types, we found that it took more time for credit-
seeking students to solve multi-choice questions than it did for actively learning students
and that the number of choices in multi-choice questions correlated with the students’
chances of exhibiting credit-seeking behavior in this session. The results of this study
contribute to a deeper understanding of student interactions with PI-based digital textbooks
and guide the effective use of such eTextbooks.

Our clustering model could be used in real time to provide a personalized and sup-
portive message to offer additional resources and assistance to students exhibiting patterns
associated with credit-seeking behavior. This approach aims to foster a more inclusive and
supportive learning environment, acknowledging the diverse challenges students may face
while still providing the necessary guidance for improved academic outcomes.
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