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ABSTRACT 
Many existing studies analyzing log data from online learning 
platforms model events such as accessing a webpage or problem 
solving as simple binary states. In this study, we combine quality 
information inferred from the duration of each event with the 
conventional binary states, distinguishing abnormally brief events 
from normal or extra-long events. The new event records, obtained 
from students’ interaction with 10 online learning modules, can be 
seen as a special form of language, with each “word” describing a 
student’s state of interaction with one learning module, and each 
“sentence” capturing the interaction with the entire sequence. We 
used second order Markov chains to learn the patterns of this new 
“language,” with each chain using the interaction states on two 
given modules to indicate the interaction states on the following 
two modules. By visualizing the Markov chains that lead to 
interaction states associated with either disengagement or high 
levels of engagement, we observed that: 1) disengagement occurs 
more frequently towards the end of the 10 module sequence; 2) 
interaction states associated with the highest level of learning effort 
rarely leads to disengaged states; and 3) states containing brief 
learning events frequently lead to disengaged states. One advantage 
of our approach is that it can be applied to log data with relatively 
small numbers of events, which is common for many online 
learning systems in college level STEM disciplines. Combining 
quality information with event logs is a simple attempt at 
incorporating students’ internal condition into learning analytics.  
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1. INTRODUCTION 
Understanding and predicting students’ learning behavior by 
mining the log files of online and computerized learning systems 
has been the focus of a significant body of research in educational 
data mining. For example, many studies have modeled student 
learning as a chain of ordered events such as opening a page, 
viewing a video, or solving a problem [8, 9]. Events are often 
represented by a binary variable, e.g. whether the student accessed 
a webpage or answered a problem correctly [8, 14]. While 
describing events using binary variables can significantly reduce 
the complexity of the data, doing so can remove important 

information from event logs. One indicator of the quality of an 
event is its duration. For example, abnormally short problem-
solving attempts have been associated with either random guessing 
due to low test-taking effort [4] or answer copying [1]. In two 
earlier studies [6, 7], we demonstrated that learning events can be 
separated into “Brief” (B) and “Normal” (N) categories by applying 
a mixture model clustering algorithm using the time-on-task data 
alone, since other measurements such as the number of practice 
problems answered are highly correlated with time-on-task.  

We combine duration-based categorical quality labels such as 
“Brief” or “Normal” with conventional binary event states, such as 
“Pass” or “Fail,” to analyze the log data obtained from students’ 
interaction with 10 Online Learning Modules (OLMs). OLMs are 
a form of online instructional design in which students progress 
through learning modules in a pre-determined order [5–7]. Students 
are required to attempt the assessment problems at least once before 
accessing the accompanying learning resources in each OLM. The 
restrictive structure of OLMs has major advantages for data 
analysis, providing more accurate estimations of duration 
information. Assessments and learning events are closely coupled 
on each module; the OLM structure itself improves the 
interpretability of log data events.  
We combine the event logs with categorical quality labels to form 
a simple artificial language. Each event, such as “Brief Pass” or 
“Normal Fail,” becomes part of a “word” that captures students’ 
interaction with either the assessments or the learning components 
of a module. Four such “words” form a “phrase” that describes a 
student’s state of interaction with one section of the OLM, and each 
10 word “sentence” corresponds to a student’s interaction with the 
entire OLM sequence. Can we gain insight into the patterns in 
students’ learning behavior by understanding the underlying 
“grammar” of this artificial language? Are there certain 
combinations of words in these phrases that are frequently followed 
by other words which indicate that the student is either disengaged 
or highly engaged with the learning from the OLM sequence? We 
answer these questions by utilizing a second order Markov chain, a 
common technique used in natural language processing.  

The Markov model can be trained using a relatively small number 
of events from a student population of approximately 250, owing 
to the increased information by introducing the quality labels. This 
advantage is critical for modeling student learning behavior for 
many STEM disciplines, where solving one problem can take 5 to 
10 minutes. A typical weekly online homework assignment of 10 
problems may only generate 30 to 50 major events. We demonstrate 
that it is possible to construct a Markov model using log data from 
10 OLMs for a college physics class of approximately 250 students. 
The resulting Markov chains are visualized to reveal combinations 
of states that lead to states associated with either disengagement or 
high levels of engagement in following modules. Engagement is a 
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complex concept that has different definitions depending on 
context and measurement [2]. We adopt a pragmatic definition of 
engagement to indicate that students spent a normal or extended 
amount of time (and likely cognitive resources) on consecutive 
modules, emphasizing the cognitive and behavioral aspect of 
engagement, bearing similarity to the definitions proposed by 
Miller [11] and described by Motz, et al. [12].   

2. METHODS 
2.1 Structure of OLM and OLM Data 
Data analyzed in this study were collected from student interaction 
with 10 OLMs assigned as homework to be completed over a period 
of two weeks in a calculus-based college physics class. Students 
were not required to finish the entire sequence in one session, but 
the modules must be completed in the order given. As described in 
detail in several earlier papers [5–7], each OLM consists of an 
assessment component (AC) and an instructional component (IC). 
Students are required to attempt the AC at least once before being 
able to learn from the IC and can make additional attempts after 
interacting with the IC. Most interactions with each OLM can be 
divided into three stages: Pre-Learning: attempting the AC once or 
twice before accessing the IC, Learning: interacting with the IC 
after one or two initial failed AC attempts, and Post-Learning: 
making additional attempts on the AC after learning from the IC. If 
a student passes the AC during the Pre-Learning stage, they will not 
have the following two stages as the student will immediately 
proceed to the next OLM. 

2.2 Combining Quality Labels with Events 
For each Pre-Learning and Post-Learning stage, students’ 
interaction with the AC is captured by the attempt outcomes: 
“Passing” (P) or “Failing” (F). The quality of each attempt is 
estimated from the duration of the attempt, 𝑡, which is classified 
into three categories: “Brief” (B:  𝑡 < 40 s), “Normal” (N:  40 s ≤
𝑡 < 180 s), and “Extensive” (E:  𝑡 ≥ 180 s). These cutoffs were 
determined based on a mixture-model clustering method applied to 
log-transformed attempt duration data [7]. Combining the quality 
categories with the attempt outcomes results in six different states: 
BF, BP, NF, NP, EF, and EP. The EF and EP states are only 
assigned to the Post-Learning stages, since there were significantly 
fewer attempts with 𝑡 ≥ 180 s in the Pre-Learning stages, and it 
was less clear whether those longer attempts resulted from longer 
problem-solving time or students leaving the system. Previous 
work explains these categories and cutoffs in detail [7]. 

For the Learning stage, students’ interaction with the IC was 
modeled as a single learning event described by a binary variable.  
The duration of the learning event is classified as “Brief” or 
“Normal” according to cutoffs determined for each module by a 
mixture-model clustering analysis of learning time distribution [7]. 
An isolated “Brief” category does not necessarily imply that the 
event is of lower quality. Brief learning can result from a student 
having a high level of incoming knowledge and only needed to 
quickly view the learning resources to answer the problem. In a 
small number of cases, students made 3 or more failed attempts on 
the AC before accessing the IC or kept attempting the AC until all 
attempts were used up without accessing the IC. Those cases are 
classified as “Other.” In even fewer cases, due to a corrupted log 
file or other system glitch, some students were able to proceed to 
the next module without finishing the current module. Those cases 
were classified as “NAOther,” making a total of 28 possible states, 
listed in Table 1.  

Table 1: All possible interaction states. D: Disengaged. E: 
Highly Engaged. See section 2.2 for other acronym definitions. 

State Rank Indication State Rank Indication 
NAOther 0 D BF-N-EP 14 E 

Other 1 D NP- - 15 E 
BP- -  2 D NF-B-BF 16  

BF-B-BF 3 D NF-B-BP 17  
BF-B-BP 4 D NF-B-NF 18  
BF-B-NF 5  NF-B-NP 19  
BF-B-NP 6  NF-B-EF 20  
BF-B-EF 7  NF-B-EP 21  
BF-B-EP 8  NF-N-BF 22  
BF-N-BF 9  NF-N-BP 23  
BF-N-BP 10  NF-N-NF 24 E 
BF-N-NF 11  NF-N-NP 25 E 
BF-N-NP 12  NF-N-EF 26 E 
BF-N-EF 13 E NF-N-EP 27 E 

2.3 Defining States Associated with Either 
Disengagement or High Engagement 
It is difficult to estimate the level of engagement associated with a 
state, and the same state can be observed from students with 
different levels of engagement, though there are several states that 
are more likely to be associated with either a very low or a very 
high level of engagement with the learning process. For example, 
“Brief” learning events are more likely than “Normal” learning 
events to come from students who skimmed through the content 
[7]. Students displaying consecutive “Brief” events on the same 
module, such as in state BF-B-BF, are more likely to be disengaged 
with the learning process.  

Consecutive “Normal” or “Extensive” events are more likely to 
come from students who are highly engaged with learning. While 
individual “Extensive” events may be caused by a student leaving 
the computer without exiting from the module, it is much less likely 
that three such events occur on the same module. We assumed that 
states with three consecutive “B” labels or BP- - are more likely 
associated with disengagement. BP - - is included because “Brief” 
problem solving occurs in under 40 s, which likely resulting from 
a guessing attempt, or answer copying event [7].  States with three 
consecutive “N” or “E” labels or NP- - are likely associated with 
higher engagement. We did not distinguish between productive and 
unproductive engagement; failed attempts are also included in high 
engagement states. There are two exceptions to these rules: First, 
the “Other” state is classified as “Disengaged,” since most engaged 
students should at least look at the instructional resources after two 
failed attempts. Second, the BF-N-EF and BF-N-EP states are 
classified as highly engaged, since it is possible that the student 
quickly decided that the assessment problem was too difficult and 
immediately engaged in the learning process.  

2.4 Training of the Markov Model 
We define four sequential states to be a “phrase,” a balance between 
model accuracy and available computational power. Phrases are 
analyzed in the context of the modules in which they occurred. Ten 
states are defined as a “sentence” and each student contributed a 
ten-state sentence to the text corpus. The Markovify Python library 
[10] was used to parse the text corpus. We utilized second order 
Markov chains because student interaction on a single module is 
unlikely to adequately indicate the complexity of their subsequent 
behavior. The Markov model was used to build second order 
Markov chains for every combination of initial states in  modules 1 
and 2, modules 6 and 7, and modules 7 and 8. The Markov chains 
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were used to investigate student behavior as they progressed 
through the modules and to infer how changes in behavior can be 
related to student engagement levels. 

3. RESULTS 
3.1 Outcomes of Second Order Markov Chain 
For a given pair of states on the two input modules, we use the 
Markov model to return the probability of observing states in the 
two following modules. We consider a chain as “probable” if the 
probability of the last two states adds up to more than 100%. On 
average, 0.2% of all chains generated are considered probable. The 
three cases for which we ran the Markov model are listed in Table 
2, along with the number of probable chains in each case. Those 
three cases are of particular interest because a previous analysis of 
the data [7] revealed that more students have lower levels of 
engagement in modules 3, 8, 9, and 10.  

Table 2: Combinations of input states for modules (M1-M10) 
which were analyzed in this study. 

Case Input Predict 
All 

chains 
Probable 

chains 
Disengaged 

chains 

Highly 
Engaged 
chains 

I M1+M2 M3+M4 55664 169 3 66 
II M6+M7 M8+M9 45472 65 18 15 
III M7+M8 M9+M10 72912 108 31 16 

3.2 Markov Chains Leading to Consecutive 
Disengaged or Highly Engaged States 
We are interested in chains that could indicate engagement or 
disengagement with the learning process. We consider a student 
disengaged from the learning process if their interaction states are 
indicative of disengagement on the last two modules in a chain. If 
a student’s interaction states are associated with high engagement 
on the last two modules, the student is considered as highly 
engaged. The number of chains that lead to consecutive disengaged 
or highly engaged states on the last two modules are listed in Table 
2. Other chains are not included in this analysis because the relation 
between engagement and the states on the last two modules were 
not as clear as the chains included. We plot all the chains indicating 
disengagement or high engagement for each of the three cases in 
Figure 1. In each case, the 28 interaction states are arranged 
according to the order listed in Table 1. 

This ordering groups states according to similarities in Pre-
learning, Learning, and Post-Learning stages, listed from low to 
high in the order of “B,” “N,” and “E” in quality labels. States with 
passing events are assumed to be of higher engagement than those 
with failing events. States associated with disengagement are 
placed at the bottom and states associated with high engagement 
are placed at the top, except for states 13-15 in Table 1. For states 
near the middle of the pack, the ranking does not reflect the learning 
effort required for each state, as it is difficult to estimate the level 
of effort required by 11: BF-N-NP compared to 19: NF-B-NP.  

 
Figure 1: Probable chains that lead to consecutive disengaged states (red) or highly engaged states (blue). Darker lines indicate 

where multiple chains overlap; blue and red zones highlight states associated with disengagement or high engagement, respectively. 

Figure 1A (M1-M4) shows significantly more chains leading to 
highly engaged states on M3-M4 over disengaged states.  On M1, 
those chains started from either a variety of states above NP- -, or 
from Other and NAOther. On M2, most of the chains concentrated 
on three states: 25: NF-N-NP, 15: NP- -, and 1: Other. While 25 
and 15 were highly populated states in the original text corpus, state 
1 was scarcely populated for M2; very few students were 
consistently disengaged on both M3 and M4, which appear early in 
the learning sequence and cover less difficult concepts. Figure 1B 
(M6-M9) shows there were almost an equal number of chains 
leading to either engagement or disengagement on M7 and M8. 
Most of the chains leading to disengagement passed through one of 
the states between 15 and 24 on M7. More than half of those chains 
started in states 2 and 3 on M6. Several chains leading to high 
engagement started with high effort states on M6 and passed 
through Other or NAOther on M7. Every chain (except one) 
starting from or passing through one of the top three states (25-27) 
led to high engagement, and every chain starting with disengaged 
states led to disengagement on M8 and M9. Figure 1C (M7-M10) 
shows there were more chains leading to disengagement over 

engagement on M9 and M10. The chains leading to disengagement 
started at a variety of states on M7, and forms two groups on M8. 
The first group passes through disengagement between states 0 and 
4, and the second group passes through states between 15-21. Most 
of the high engagement chains either started from state 26 on M7 
or passed through state 27 on M8. 

4. DISCUSSION 
By comparing Figure 1A-C we identify four common patterns. 1. 
Disengagement happens late: chains leading to disengagement 
occur much more frequently on later modules in the sequence. This 
type of behavior is expected since the difficulty of the modules 
increase towards the end, yet each module is worth the same 
amount of course credit. Therefore, students had less incentive to 
devote effort on the harder modules. 2. Disengagement-free 
states: states 25-28 are seemingly “immune” to chains leading to 
disengagement. In all three cases, only two of those chains pass 
through these states, while most of the chains leading to high 
engagement involve those states on at least one input module. 
Students who spend an extensive amount of effort on one module 
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are more likely to be more persistent, especially on difficult 
modules towards the end. 3. Disengagement “hot zone”: states 15-
24 (the white area between two blue bands in Figure 1) seem to be 
a “hot zone” for chains leading to disengagement in all three cases, 
especially when the state appeared on the second module in the 
sequence. Those states have a “Brief” label on either the learning 
stage or the post-learning stage. A brief event in the learning and 
post learning stages could indicate subsequent disengagement 
behavior more effectively than a brief event in the pre-learning 
stage. 4. V-shaped high engagement chains: several chains 
leading to high engagement started with states beyond 15 and 
passed through either Other or NAOther on the second module, 
forming a V-shape on Figure 1C. Even highly engaged students 
may occasionally display disengaged states on certain modules. It 
also may suggest that the two “other” states are not always 
associated with disengagement as previously thought. These 
patterns can be valuable for development of an intelligent and 
personalized learning system that recommends different learning 
resources to appropriate student populations [13]. The patterns can 
also help instructors prioritize efforts in improving the OLMs. 
There are several caveats to be investigated and addressed in future 
studies. Only three pairs of modules were analyzed. Whether the 
patterns observed are general to all modules or specific to the 
selected cases can be answered by analyzing every pair of input 
modules. We adopted a narrow definition of engagement; students 
spent an expected or extended amount of time completing each 
component in a single module. This definition is appropriate for the 
purposes of the current study, but the relation between time-on-task 
and engagement should be investigated. The current Markov model 
“predicts” student behavior based on their interaction states in 
preceding modules, but students’ decisions to engage or disengage 
from learning involves complex metacognitive processes 
influenced by multiple external factors (knowledge, instructional 
condition, metacognitive skills, and emotional states) [3]. We can 
achieve more accurate outcomes by including more factors that 
influence students’ metacognitive processes. This study utilizes 
simple labels obtained from clustering algorithms on time-on-task 
data. Future studies should investigate the validity of those labels, 
and to find new and better-quality indicators for the existing events 
and new events in other learning systems. 

We relied on the restrictive structure of OLMs, providing a regular 
and simple data structure and allowing for straightforward 
interpretation of interaction states. Events and quality labels used 
to generate the artificial language can be obtained from essentially 
any online learning platform, and more sophisticated Markov 
models are capable of learning languages with many more 
irregularities. An extension of this work will be to investigate how 
the current method can be modified and applied to more common 
learning systems that are more accessible to the average instructor. 
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