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Are You Still There? An Exploratory Case Study
on Estimating Students’ LMS Online Time by
Combining Log Files and Screen Recordings

Philipp Krieter

Abstract—The time students spend in a learning management
system (LMS) is an important measurement in learning analytics
(LA). One of the most common data sources is log files from
LMS, which do not directly reveal the online time, the duration
of which needs to be estimated. As this measurement has a great
impact on the results of statistical models in LA, its estimation is
crucial. In the literature, there are many strategies for estimating
the duration, which do not represent the actual online time of the
students. In this article, we combine LMS log files of our students
with parallel screen recordings and automatically analyze for
how long the LMS is present in the video. We visualize the results
and show that common online time estimation strategies do not
represent the online time for our students accurately. By using
modified online time estimation methods, we find estimations that
fit the data of our students better on an individual basis.

Index Terms—Learning analytics (LA), learning management
systems (LMSs), log files, Moodle, online time estimation, screen
recordings, sessions, time on task.

I. INTRODUCTION

OG FILES from learning management system (LMS) are
a frequently used data source in the field of learning ana-
lytics (LA) [1]. Several measurements of student activities are
derived from these data, such as the number of clicks, logins,
and time spent using the LMS (e.g., [2]-[4]). These data points
form the features for further statistical analysis or predictions
about the success of a student when attending a course and the
potential need for support for passing the course, for example.
This makes the process of how we derive and define these
measurements from the raw log data highly important, as fur-
ther decision models are based on these data points. One of
the most important and frequently used dimensions is the
duration that students spend online in the LMS [3]-[6]. LMS
log files usually do not directly define or track the duration of
the time students spend in the system [4]. For this reason, it is
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common to use heuristics to summarize a series of clicks in a
session and calculate the usage time, for example, based on
the login and logout clicks [7].

Usually, web log files are based on clicks (HTTP requests),
and therefore, stateless. It is not possible to clearly say if a user
is really still using the LMS, or maybe left the browser or tab to
do something else and continue using the LMS later on. This
means that if we calculate the usage duration of a session based
on the log files, we cannot say for sure if the LMS has been
used for the entire time that we calculated based on a series of
user clicks. It is difficult to define this construct because the
data do not say directly what we want to know. We cannot keep
track of off-task behavior from the LMS logs. This results in
calculating a session duration that does not reflect the actual
online time [7]. In data preprocessing for LA, there are several
definitions to calculate the session duration in the literature [3],
[41, [7]-[9]. However, it is essential to define and calculate this
measure as accurately as possible, since session duration is a
frequently used feature in learning outcome prediction models.
Kovanovic et al. [4] showed that different strategies of estimat-
ing the time spent with the LMS can have a great effect on the
produced statistical model and predictions.

We address this challenge by combining two data sources to
conduct an empirical investigation of the duration of LMS ses-
sions. We collect log files from the Moodle LMS and record the
screen of the students’ tablets in parallel in the background
[10]. We then use existing session duration definitions from the
literature to calculate the session duration of our students’ Moo-
dle logs and compare the results with the actual duration that the
LMS was present in the students’ screen recordings. We col-
lected data for four months, resulting in a dataset of more than
19 000 Moodle log entries and over 10 000 min of screen record-
ings. Our approach is based on computer vision and machine
learning of Krieter and Breiter [11], [12] to automatically gener-
ate log files from our screen recordings and extract the Moodle
usage time from the large amount of video data. In addition, we
show that depending on the calculation of our LMS session
duration, the number of sessions also changes considerably.

Our main contribution aims to investigate and enhance the
preprocessing of LMS log data for LA. In this article, we pres-
ent a methodological approach to estimate the online time
duration based on two different data sources and discuss the
implications and limitations of our methodology. Using coun-
terexamples, we show that common definitions of online time
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TABLE I
DEFINITIONS FOR LMS SESSIONS AND ONLINE TIME ESTIMATION FROM THE LITERATURE

LMS Description/Definition Year Reference
Moodle ’[...] sequence of behavior from the first click after the login to Moodle until the last click before 2017 Conijn et al. [3]

logging out, or the last click before staying inactive for at least 40 minutes. Each session consisted

of at least two clicks. The time between the first and the last click of a session was used to compute

the total time online.”
Moodle ”For the purposes of this study, an online session was defined as the sequence of a user’s interactions ~ 2015 Zacharis [8]

with course web page, from entering after login until logging out or staying 40 min inactive.”
discussion 60 minutes time-out and based on the duration of the last action 2013 Wise et al. [18]
forum
Moodle ”Session: All user interactions achieved between a user login and a logout.” 2013 Sael et al. [7]
Moodle "In this paper, we used reactive time-oriented heuristic method to define the users’ sessions. From 2011 Munk and Drlik [19]

our point of view sessions were identified as delimited series of clicks realized in the defined time

period. [...] we adopted a 15-minute timeout to start a new session [...]”
LTTS 30 minutes time-out, addition of mean duration for last activity 2009 del Valle and Duffy

[20]

custom ”Session Identification: This task consists of grouping a learner’s page accesses in a unit named 2007 Ba Omar et al. [9]
prototype session by dividing the click stream of each learner into sessions. We have adopted a 30-minute

timeout to start new session.”
custom ”[...] session concept is traditionally understood as the set of user’s accesses performed during a 2004 Marquardt” [21]
prototype site visit”, no time-out is specified

estimation do not lead to precise results. Our goal is not to
present a “perfect” estimation definition, but to make the com-
munity sensitive toward these assumptions.

1) By visualizing and comparing the results from the Moo-
dle log files and from the screen recordings, we can
show that the duration calculated, based on the Moodle
log file sessions, differs significantly from the time
users actually viewed the LMS on their screens.

2) Based on this, we try to find a session duration defini-
tion that provides more exact results for our dataset.
We use different variations of common session defini-
tions and test them against the video material to find
an individual online time estimation definition for
each of our students that best reflects their time spent
in the LMS. From this perspective, we also take a look
at how the number of sessions changes, taking the
screen recordings of a user into account when we cal-
culate the number of sessions based on our Moodle
log files.

II. BACKGROUND AND RELATED WORK

In the first part of this section, we give an overview of
research in LA that uses data sources that go beyond LMS log
files or combine multiple sources of student data.

Previous research in the LA community has picked up on
the struggle over how to define the online duration or time-on-
task estimation in a way that works reliably and reflects the
actual online time of students. Besides the work that specifi-
cally focuses on this important step in the data preparation

process, we give some examples of common definitions for
calculating the online time of students. Table I gives an over-
view of several session definitions from the literature that
focus on different LMS log files. Most definitions refer to
Moodle log files since we also use this LMS.

A. Data Sources in LA

Utilizing LMS log files makes it easy to follow the activities
of students in the LMS unobtrusively with low effort. How-
ever, relying on LMS data as the only data source also limits
the scope of analysis. Several research projects focus on utiliz-
ing additional data sources in digital learning environ-
ments [1], though the most important data source for LA
remains log files from LMSs [13], [14]. Which student interac-
tions in a digital learning environment are decisive for effec-
tive learning is not decided in general within the LA
community [15]. There are example research projects on uti-
lizing and testing different data sources outside the LMS to
gain additional insights on students’ activities, varying from
data from programming IDEs [16], screen recordings [12],
questionnaires, interviews, web tracking software, open data-
sets, and virtual machines [14].

There are several examples of using data sources outside an
LMS for LA in the context of learning programming. Blikstein
[16] used a dataset of a three-week student assignment on pro-
gramming using a programming environment that logs many
users’ interactions, such as keystrokes, clicks, variables
changes, and changes in the source code. He showed how
these data can be used to find certain events in the process and



KRIETER: ARE YOU STILL THERE? AN EXPLORATORY CASE STUDY ON ESTIMATING STUDENTS’ LMS ONLINE TIME... 57

automated
H collecting screen detection of log files
5 recordings —p LMS activity  ——pp ;
— O} = S
ull
online-time
estimations
Learning log files
Thoodle Management .
System ——r

Fig. 1.
to estimate students’ online time.

suggested identifying situations in which students might need
help.

Fernandes-Medina et al. [17] used compile messages as a
data source and analyzed the work of students to report on the
individual and comparative progress of learning. They used
the results to inform students about their learning process.
Another recent related approach to this was pursued by Oztiirk
et al. [18] by developing a web-based programming environ-
ment for novice students to collect data. By identifying met-
rics for student performance, they used these data to predict
students at risk to drop out at an early course stage. Using
screen recordings or screenshots as a data source for LA has
been a subject in a previous research [12]; the authors pre-
sented a tool for LA that can generate log files from mobile
screen recordings using computer vision and machine learning
methods for optical character recognition (OCR) to find events
based on the visual screen output.

B. Online Time Estimation in LA

Kovanovic et al. [4] presented a study focusing on the
“black box of time-on-task estimation.” They stressed the
problem that the time students spend on a task or in the LMS
is a commonly used measure, but at the same time is not
described in detail and often not accurate. To address this
problem, they studied the effects of different time-on-task def-
initions on the results of a common prediction model. They
showed that the results of the model change significantly,
depending on the different time estimation methods. They
encouraged further research and discussion on this problem. A
study by Munk and Drlik [20] pointed in the same direction.
They focused on the data preprocessing of log files in educa-
tion and the difficulties when specifying a time window to
define sessions in user logs and the calculation of the session
duration.

There are several examples of different definitions of ses-
sion duration estimation in the previous research. Zacharis [8]
investigated how students at risk in blended learning courses
can be predicted early by analyzing Moodle log data. For his
model, he explored the predictive significance of 29 LMS

Summary of research design, which involves the connection of two inherently very different data sources (screen recordings and LMS log files) in order

usage variables. He defined the duration variable as a session
of all clicks after the login of a student until logout. In the
case of the user not actively logging out to close the session,
he ended the session if 40 min of inactivity occurs.

A similar method was used by Conijn et al. [3] to define the
estimated time students spend online in the LMS Moodle.
They used the same 40-min threshold of inactivity to end a
session. A session had to consist of at least two clicks, the
duration of which was calculated based on the time between
the first and the last click. They stated that raw log data do not
provide concrete measurements and more insights are needed
to explore how LMS data can be represented, as well as add-
ing other data sources to add context to the log files.

Sael et al. [7] conducted a study on data preprocessing and
using web usage mining methods on a dataset of Moodle log
files. A session consisted of all clicks between a user’s login
and logout in their analysis. They indicated that domain-spe-
cific steps in the preprocessing of data for LA are still not
explored sufficiently. They reflected on their method of esti-
mating the duration students use the LMS and recognized that
there were inconsistencies between the time spent online and
the number of sessions done. From that, they derived that stu-
dents were not following the LMS contents continuously, but
switched to other activities while using the system.

We follow the suggestion of Kovanovic et al. to further
investigate the methods to estimate the online time of students,
which are used to process log data. To gain a deeper under-
standing of students’ LMS sessions, we add another data
source (similar to Conijn et al.’s suggestion) to augment our
LMS log files and put them into a different context. From the
several session and online time definitions, we see that the
decisive factor is the time-out variable that closes an opened
session. Following this, we evaluate different time-out values
of inactivity after the last click of a user (described in detail in
the next section).

III. METHODS

Fig. 1 gives an overview of our research design and data
sources: We gather data from an LMS and screen recordings.
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To make both data sources comparable in a quantitative way,
we generate log files from the screen recordings and use the
log records from both the sources to estimate the online time
for our users on an individual basis.

A. Data Collection

We collected our data in the context of two blended learn-
ing music classes in German Adult Learning Centers (ALC).
The duration of the data collection was four months. The topic
of these classes was learning to produce music on tablet devi-
ces. We used Moodle as a platform to support learning, as
well as several applications for music creation. The setup of
the classes was a mixture of formal and informal learning.
The teacher and students had a weekly meeting with a combi-
nation of teaching and presenting their work and asking ques-
tions. Besides that, the students used their devices outside of
the class to learn and solve tasks on their own.

1) Participants: Our course offer attracted nine partici-
pants at the ALCs, four females and five males. The ages
ranged between 17 and 74 years. The maximum number of par-
ticipants per course was eight. The recruitment was supported
by the learning centers and ads in local newspapers. All partici-
pants received a Tablet (Samsung Galaxy Tab S3), a case with
keyboard combination, mouse, and headphones for the duration
of the course. As our intention is to show counter examples for
online time estimation the sample number is sufficient.

2) Privacy and Legal Aspects: In order to apply our
research design and methods of data collection, we precisely
informed interested potential participants about the data col-
lection and analyzing process in our research project. This
was necessary to ensure that participants were able to under-
stand all aspects of our research design, enabling them to
make a reasonable, voluntary, and informed decision about
their consent to be part of our study. Besides the necessary
requirements by law (based on the GDPR), like informed con-
sent of all participants, for example, our focus was to present
our methods and research goals as accessible as possible. We
did not expect potential participants to be experts in log file
analysis or even familiar with technology at all. Additionally,
recording the screen of a user all the time is a very invasive
method of data collection that can make it hard to find partici-
pants for collecting field data in this way [23], [24]. Tang
et al. [23] stressed that, in this context, building trust with the
research team and informing participants in detail is important
to convince potential participants. So, we informed the poten-
tial participants comprehensively in a separate nonbinding
event before the start of the course. Besides a presentation, we
explained our process in a compact but detailed document,
additional to the usual required legal documents. None of the
potential participants refused to participate because of privacy
or legal considerations. Details of how participants perceived
the way data were collected can be found in this article [25].

B. Dataset
1) Screen Recordings: We developed and installed an
application that recorded the participants’ tablet screens

permanently in the background and transferred the subsequent
files to our server. From our screen recording application, we
received a total of 1351 video files in MP4 format resulting in
a total file size of 179 GB. The videos added up to 167 hours
of screen capture, averaging around 1 h and 8 min per day.
Our recording app tried to transfer the video material over the
internet to our server, whenever the tablet was connected via
the Wi-Fi and not in use, to prevent blocking the internet con-
nection during phases of user activity. Our video quality set-
ting used around 1 GB per hour. We reduced the video
resolution to half (1024 x 768) of the display resolution (2048
x 1536) and recorded with a dynamic frame rate.

2) LMS Data: The LMS provided detailed log files that
contained entries about the activities of the users within the
system. Moodle exports log files in CSV format, containing
nine data fields per entry. The most important fields are the
timestamp and the description of the log entry like “The user
with id ‘16” viewed the course with id “3,” for example. The
log files of our nine participants showed an average of 63 log
entries per day. We saw a repeated pattern of weekly peaks
right before and after the day of the course meetings. When
we combined these data with daily screen recordings, we were
able to follow a similar pattern of weekly activity peaks. In
total, we collected 19 081 log entries; filtering all admin and
teacher-related entries we end up with 11 503 log entries from
our participants during the data collection phase.

C. Experimental Setup and Preprocessing

We want to compare the duration of sessions from two dif-
ferent data sources, which means that we have to bring the
results from both sources into a comparable format.

1) Online Time Estimation Using Screen Recordings: The
amount of collected video material was too large to analyze
the recordings manually for the occurrence of the LMS and
compare it to the log files afterward. Some recent research
works focused on automated screen recording analysis [11],
[24], [26]. Krieter and Breiter [11] presented an approach for
automatically generating highly accurate log files from mobile
screen recordings by using computer vision and machine
learning techniques. They showed how their approach can be
used to generate data for LA independent of the active appli-
cations used in the digital learning environment [12]. We use
this [27] open-source implementation to detect all Moodle
activity in the screen recordings and create log files containing
log entries for each video frame. The computer vision and
machine learning methods we apply are Tesseract for optical
character recognition [28], OpenCV [29] for template match-
ing and perception hashes [30] to find image similarities.
Each time the LMS showed up on the user’s screen, we sum-
marized these consecutive video frames and saved the start
and end of the LMS activity. The aim was to have a format of
data that was easy to compare twith the results from the Moo-
dle log files.

2) Online Time Estimation Using Moodle Log Files: The
participants were able to deactivate the screen recordings in case
they felt uncomfortable being recorded in certain situations.
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Fig. 2. Timeline visualization of an example from the dataset. The first line (blue) indicates the recording of the screen. The second line (red) marks the time
slots in which we found Moodle activity in the screen recordings. (It can be seen that Moodle was active on the student’s screen before the LMS created the first
log entry, which is due to the user accessing the course site but not yet logging in.) The last line (orange) represents the corresponding session data from the

Moodle LMS log files.

This meant that some data were lost to our analysis, but partici-
pants had control over their data. For our study, we just took
those Moodle sessions that were also saved on video. For this
reason, we just showed results of four of our participants, those
that had a sufficient amount of data from both sources to give an
example of our approach and methodological contribution. This
results in comparing a total of 140 sessions which we investi-
gate. We processed the Moodle log files multiple times using
different thresholds to define our sessions and to estimate the
duration. We split the raw log files into per-user log files. The
actual content of the log messages is not important in this case.
Similarly to the definitions for estimation from the literature, we
use different thresholds for closing a session. This time-out
value for the inactivity of a user is the most common way to cre-
ate sessions and calculate the online time. We generate our ses-
sions with a threshold starting at O up to 40 min, resulting in 41
different versions of session duration. A session must contain at
least two entries. Similar to our video logs, a session consists of
a timestamp for the start and endpoints.

3) Comparing the Online Time Estimations: To explore
and directly compare the sessions from both data sources, we
created dynamic timeline visualizations (see Fig. 2) using the
Google Charts library [31]. By doing this, we can show how dif-
ferent the results in online time from both data sources are. We
tested the 41 variants of the LMS sessions against the sessions
from the video material. We estimated the online time for every
variant and compared the duration to the one we got from the
screen recordings. Based on this, we evaluated which session
variant works best on a per user basis. The idea was to find the
best threshold value (time-out) for the last action that is part of a
session. The best value, in this case, meant that using this thresh-
old resulted in a session duration that was the closest to the dura-
tion we got from the screen recordings of that participant.

IV. RESULTS
A. Investigating Sessions in Timeline Visualizations

Several previous research studies in LA which used a ses-
sion definition of online time estimation were aware of the
inaccuracy of the estimation [3], [4], [7]. From our permanent
screen recording, we can make direct comparisons between
our Moodle logs and what happened at the same time on the
screen of our participants. Fig. 2 shows a timeline visualiza-
tion of our data sources. In general, we can see that the ses-
sions we got from the LMS logs are clearly different from
what we get from the screen recordings. The first line indicates
the time spans of the recorded video material (see Fig. 2). The

tablet as a mobile device switches OFr the screen after a period
of inactivity or the user actively turns ofF the screen. In this
example, we take a closer look at a timespan of roughly 25
min in the evening, starting around 6:35 p.M. and the screen is
active most of the time. The second line shows when the LMS
was visible on the screen, and the last timeline shows the cor-
responding session from our Moodle log files. The Moodle log
file session, in this case, is specified by the individual thresh-
old value that reflects the online time most accurately for this
user (user 1, see the second part of the results section). In this
case, this means that the threshold for the last action before
we close a session is 30 min (see Fig. 3, user 1: a timeout of at
least 30 min leads to the most accurate online time estima-
tion). This results in an LMS Moodle session of 15 min. When
we compare the Moodle log file session to the results of Moo-
dle occurrences that we get in the screen recordings, we see
that there are many overlaps, but some larger pauses in which
Moodle was not on the screen. During the LMS Moodle ses-
sion, Moodle was on the screen for only 4 min and 18 s.

For this particular session, we manually explored the video
material in addition to the automated analysis to add some
context to the example. A special advantage of the combina-
tion of these two data sources is that we get exact information
about off-task behavior. We see that Moodle was active on the
participants’ screen before the LMS created the first log entry.
This results from the user accessing the course website but not
yet logging in. Instead, the user creates a bookmark for the
LMS and rearranges the preconfigured bookmarks of the tab-
let’s browser. The data of this session are from the beginning
of the course. As Moodle can only recognize the user and add
a log entry to his or her history when the user is logged in, we
have no record of this in the Moodle log files in this case. The
first log entries in Moodle are from several attempts of the
user to log in, which fails because of trying wrong passwords.
The next gap (in comparison to the LMS log session) in the
screen recordings is caused by the user changing system pref-
erences. The next few gaps result from switching to the appli-
cation store several times and searching for specific music
applications. The user seems to be unsure which one to install
and scrolls through the Google Playstore suggestions for a
while and then switches back to the LMS home page. This is
followed by rearranging the applications’ icons on the
Android start screen. The last action of the user is logging
actively out of the LMS, which closes the session we get from
the Moodle log files. The short occurrence of the LMS in the
screen recordings after this results from returning to the Moo-
dle website again, but without logging in again.
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Results from testing timeout thresholds from 0 to 40 min for the estimation of session duration based on the last action performed by a user. The blue

dots indicate the length of the total online time of all sessions summed up (y-axis) based on a certain threshold (x-axis), while the orange line represents how
long Moodle was actually visible on the screen of the user, based on the recordings. For example, for user 1, the LMS was present in the screen recordings for
168 min (orange line); if we use a threshold of 30 or higher, the results are closest to this value.

B. Testing Different Online Time Estimations

Only 10% of our sessions end with an active logout click
by the user. This means we need an accurate estimation
based on the last action in a user-session instead of using
login and logout actions. As described in our method section,
we use a simplified time-on-session estimation (compared to
Kovanovic et al., for example, [4]) to calculate the total time
spent using the LMS. We do not take into account specific
single time-on-task estimation. The heuristic definition we
use to measure the session duration of our Moodle log files is
based on estimating the last action of a session based on a
time threshold from zero up to 40 min. Depending on this
definition of sessions, we compare the results of up to 140
sessions.

Fig. 3 shows the results on the heuristic session duration
estimation in relation to the duration the LMS was visible on
the screen of the users. The orange line indicates the total
session duration (online time in the LMS) from our video
recordings. The blue dots specify the total duration spent in
the LMS (y-axis), estimated using a threshold t (x-axis). In
general, we see some similarities between user two, three,
and four.

For user 1, the total duration of LMS log sessions is closest
to the value we get from the screen recordings (168 min)
when the threshold for the last action is 30 or higher. We see
that a general trend for this user with an ascending threshold is
a longer total session duration, despite a drop around the ¢ val-
ues 21 until 24. An example session of this user in visualized
in Fig. 2. Although the threshold of 30 seems to result in an
imprecise representation for the single example session, over-
all sessions this threshold leads to the best results for this user.
Due to limited space, we cannot show visualizations for all
users and sessions.

If we take a look at user 2, we get a different picture. We
have a total occurrence of the LMS of 56 min in the video
data. In this case, a threshold of two results in our estimate of
online time (58 min) being closest to the value from the screen
captures. The duration based on other thresholds varies
between 52 min (¢ = 3) and 237 min (# = 35 or higher).

For the third user, we had to filter more data as we did not
have all LMS log sessions in the screen recordings. This
results in 24 min of Moodle usage in the screen captures. The
closest value to this from our threshold test is for a threshold
of 1 min, which results in an online time estimation of 38 min
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TABLE 11
NUMBER OF SESSIONS PER USER BASED ON DIFFERENT TIMEOUT THRESH-
OLDS FOR SESSION ESTIMATION USING THE MOODLE LOG FILES

timeout (min) | User 1 User 2 User 3  User 4
40 18 16 9 21
30 18 16 9 22
15 22 18 13 33
2 30 29 23 33
35 38 28 39

based on the Moodle log files. High values for ¢ result in a
maximum of 215 min of online time (¢ = 26 and 27).

The diagram for user 4 shows an analogous picture, but
even the closest total session duration estimation is quite far
from the value we get from the screen recordings. In this case,
we have 28 min of Moodle online time in the screen record-
ings. The best threshold value in our test is 1 min. Using this
threshold to calculate the online time results in 56 min. The
other values also differ strongly from the duration of Moodle
occurrence in the screen recordings.

C. Number of Sessions

The focus of this article is on the duration that students
spend online in an LMS. But of course, as we test different
session definitions, the number of sessions also changes, not
just the duration. Because this number is an important mea-
surement as well, we give a short summary of how the number
of sessions changes in connection with changing the time-out
threshold for inactivity.

Table II shows how many sessions there are per user,
depending on different values for the time-out of a session in
minutes. We chose the values based on common values used
for Moodle log files in the literature (40, 30, 15 min; see
Table I). We also added the timeouts which resulted in the
closest results compared to the screen recordings, which was 2
min for user 3 and user 4, and 2 min for user 2. The number of
sessions indicates that based on different timeout thresholds,
the number of sessions varies. We can see that in general, we
get fewer sessions if we increase the time-out, for all users.
This could possibly reduce the influence on statistical models,
as the values change in a similar ratio for all users.

V. DISCUSSION

By comparing the online sessions we get from our Moodle
log files to the Moodle activity we get from the screen record-
ings, we can tell that the actual use of the LMS is very differ-
ent from what one could expect from just analyzing the LMS
log files. To best of our knowledge, there are no previous
research data that can provide the same details on how long
and when students actually use the LMS and compare that
with parallel LMS log files. By visualizing the data from both
sources in parallel timeline graphs, we can see that a lot of
off-task activity is happening while the user is in an LMS
usage session. By adding screen recordings to the data collec-
tion and generating log files from the video material, we get a

new perspective on the log files. In a way, we can look over
the student’s shoulder and get an answer to the question, “are
you really still using the LMS?” However, just because some-
thing is on the user’s screen, we still cannot infer for sure, that
the user is actively following or reading the content on the
screen. Through the combination of “classic” log files and
screen recordings or log files from screen recordings, we can
put our LMS log files in a different context [32]. As we did
with the description of our example visualization, we can add
many insights that we cannot infer from Moodle log files. Fur-
ther research in this direction could automatically analyze
how long viewing the content, or an action in Moodle took.
Besides that, we could track off-task behavior or on-task
behavior that is happening outside of the LMS. In our case,
this could be a student reading a task to download a certain
music application and use it for an assignment. Using our
approach, we could connect these activities and get a different
perspective on learning in environments that contain multiple
applications.

In previous research in LA, a threshold of 30 or 40 min was
common for estimating the last action of a session and calcu-
lating the online time of a student (e.g., [3]). In our case, a
value of 30 leads to quite exact results for one of our partici-
pants (user 1), but not for our three other example cases. If we
compare the results of testing thresholds from zero to 40 min,
we see that the resulting estimated online time varies by more
than 2 h. As Kovanovic et al. [4] showed, the measurement of
how long students stay with a task or the LMS significantly
influences the results from statistical models. Therefore, the
choice of how to estimate online time is highly important. But
from just analyzing our Moodle log files, it is not possible to
find an exact session duration estimation. For our dataset,
there is no clear “winner” threshold that can represent the
actual LMS online time in an accurate way. The combination
with screen recordings as an additional data source provides
context to the traces from the LMS logs and makes it possible
to find more accurate thresholds.

The presented sample and analysis of 140 sessions from
four participants points in the direction that the “right” for-
mula for session time estimation is highly individual. In our
data, we see very different thresholds that suit the actual time
spent, when compared with the screen recordings. Our contri-
bution is to show that existing online time estimations are not
accurate, i.e., they over- or underestimate the time. Given the
existing definitions, we intend to falsify [33] common assump-
tions. For this approach, one negative example would be
enough, but four are better. Furthermore, we present a new
methodological approach (combining log and screen capture
data) on how we can to further investigate this. This ought to
help a differentiated discussion and deliver first ideas for a
novel approach. We are not trying to establish and prove a
new general “perfect” session definition that would undoubt-
edly require many more participants and data (if even possi-
ble). However, for our case, we think a small sample of four
participants or 140 sessions is sufficient to prove our point.
We show that using several different definitions from the liter-
ature, we get very different and inaccurate results and that it
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seems rather random if they match with the actual online time
estimations we get from the screen recordings. To make this
transparent, we make our data and the source code of our
approach available to the community.

We strongly encourage further research on how online time
estimation of students can be tracked more accurately. We
presented a methodological approach to determine online time
accurately and individually. But the effort to collect screen
recording data is significantly higher from a technical perspec-
tive, even if we automate the analysis and generate log files
from the recordings. From the participants’ perspective,
recording the screen permanently in the background is pri-
vacy-invasive and this can make it hard to find participants
willing to join a research study [23], [24], [34]. We see a
dilemma here from a research ethical point of view. On the
one hand, it deeply affects the privacy of the students to record
the screen in the background. On the other hand, it is problem-
atic if predictions are made about the success or failure of stu-
dents with inaccurately calculated estimations from LMS log
files (e.g., [4]).

A. Limitations

We use tablet computers for our data collection. Using other
devices like desktop computers, for example, might result in
different findings. From the presented study, we cannot infer
an “ideal” definition of how to estimate the online time of stu-
dents in an LMS. In addition, screen recordings provide a very
detailed view of what is happening on the screen, but we still
cannot be sure whether the user is really present and “online.”
Additionally, we focused on the threshold variable that
decides about the last action of a session. Although this is con-
sidered to be the most important factor in estimating online
time (see related work section), further research is needed to
explore other factors as well (the influence of the number of
sessions, for example). Another factor limiting the approach
presented in this case study is scalability: Screen recordings
are not easy to analyze and handle (compared to LMS log
files), and on the other hand, student privacy is severely com-
promised, making large-scale deployment problematic.

VI. CONCLUSION

In this article, we presented an approach to estimate the
time students spend in an LMS based on linking LMS logs
with parallel log files generated from screen recordings. By
this, we can make the actual on- and off-task behavior of stu-
dents visible. We explored example sessions and visualized
the data from both sources in timeline diagrams that indicate
great differences between estimation based on Moodle logs
and based on screen recordings. We used a common online
time estimation strategy from the literature and test different
variations in comparison with the results from the screen
recordings to find a definition that is most accurate for the
individual student. We showed that the threshold of minutes
of inactivity used to determine the end of a session is critical
for calculating the online time and that there are large devia-
tions. Our findings are in line with the results from previous

research on online and on-task time estimations [3], [4], [7].
We showed that the usage sessions we infer from the Moodle
log files do not reflect the actual usage time and characteristics
that we can observe in the screen recordings. We suggested
gathering data in different ways beyond the LMS to overcome
the state of having to accept blurry data on online time or
time-on-task estimation.

A. Future Work

For future work, it would be helpful to make the collection
of data on off- and on-task behavior more feasible from a tech-
nical perspective for the research team and from a privacy per-
spective of a participant’s point of view. Advanced web
tracking techniques added through a plugin for Moodle, for
example, could help improve online time estimation in prac-
tice. Furthermore, by augmenting the LMS log files with the
log files from the screen recordings, we can study student
behavior in a new and very detailed way and beyond the data
points which an LMS can provide. An analysis based on the
content on the screen is challenging but highly promising in
terms of getting a greater picture of what is happening in a dig-
ital learning environment.
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