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Abstract Adaptive learning gives learners control of context, pace, and scope of their
learning experience. This strategy can be implemented in online learning by using the
‘‘Adaptive Release’’ feature in learning management systems. The purpose of this study
was to use learning analytics research methods to explore the extent to which the adaptive
release feature affected student behavior in the online environment and course performance. Existing data from two sections of an online pre-service teacher education courses
from a Southeastern university were analyzed for this study. Both courses were taught by
the same instructor in a 15 weeks time period. One section was designed with the adaptive
release feature for content release and the other did not have the adaptive release feature.
All other elements of the course were the same. Data from five interaction measures was
analyzed (logins, total time spent, average time per session, content modules accessed,
time between module open and access) to explore the effect of the adaptive release feature.
The findings indicated that there was a significant difference between the use of adaptive
release and average login session. Considered as the average time of module access across
the entire course, adaptive release did not systematically change when students accessed
course materials. The findings also indicated significant differences between the experimental and control courses, especially for the first course module. This study has implications for instructors and instructional designers who design blended and online courses.
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1 Introduction
Student learning behavior is highly variable, especially in online courses. Some students
prefer to have the option to move ahead, while other students work according to the course
schedule. Others struggle to get their work done by the due dates. Varying the delivery of
the content to adapt to each learner’s needs is called adaptive learning. Learning management systems (LMS) are one of the most highly adopted academic technologies in
higher education; 2014 survey results indicate that 85 % of faculty and 83 % of higher
education students used the LMS in one or more courses (Dahlstrom et al. 2014). The
increased use of the LMS makes it easy to integrate adaptive learning into a course. Prior
research has demonstrated that frequency of use of the LMS is directly related to
achievement (Peled and Rashty 1999; Morris et al. 2005; Campbell 2007; Dawson et al.
2008; Fritz 2011; Whitmer et al. 2012); however, use of learning analytics on LMS data to
understand how course design effects student achievement is still in its infancy. Can log
files from student use of the LMS help us to understand the effectiveness or implications of
changes in online course design?
An early definition of Learning analytics was written by George Siemens in a blog post
as: ‘‘Learning analytics is the use of intelligent data, learner-produced data, and analysis
models to discover information and social connections, and to predict and advise on
learning’’ (2010). The introduction of learning analytics techniques into education research
now enables the examination of student success in online learning based on their actual use
of technology-enabled resources. The purpose of this research is to study the effects of
Blackboard’s timed adaptive release feature and different measures of student interaction
with the online course (logins, total time spent, average time per session, content modules
accessed, time between module open and access). In the following sections, we review the
literature on learning analytics followed by the literature on adaptive learning.

2 Learning Analytics
Fournier et al. (2011) define learning analytics as ‘‘the measurement, collection, analysis,
and reporting of data about learners and their contexts, for purposes of understanding and
optimizing learning and the environments in which it occurs’’ (p. 3). Learning analytics is a
relatively new field that has emerged in higher education and refers to data-driven decision
making practices at the university administrative level, and also applies to student teaching
and learning concerns (Baepler and Murdoch 2010). The goal of learning analytics is to
assist teachers and schools to adapt educational opportunities based on students need and
ability (van Harmelen and Workman 2012). In their Analytics Series, the authors (van
Harmelen and Workman 2012) propose that analytics can be used in learning and teaching
to identify students at risk in order to provide positive interventions, provide recommendations to students in relation to course materials and learning activities, detect the need for
and measuring the results of pedagogic improvements, tailor course offerings, identify high
performing teachers and teachers who need assistance with teaching methods and assist in
the student recruitment process. They also believe there are inherent risks in using learning
analytics such as students and academic staff not being able to interpret analytics, students
and academic staff being unable to effectively respond to danger signs revealed by analytics, response interventions are ineffectual because of misinterpreted data, and that the
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continual monitoring of analytics could lead students to fail at developing a self-directed
approach to education and learning, including failing to develop life-long learning skills.
Learning analytics focuses on methods and models to answer significant questions that
affect student learning and enables human tailoring of responses, including such actions as
revising instructional content, intervening with at-risk students, and providing feedback. In
a recent report Bienkowski et al. (2012) suggest that a key application of learning analytics
is in the monitoring and predicting of student learning performance. They propose that
learning analytics systems apply models to answer queries such as: When are students
ready to move on to the next topic and when they are falling behind in a course? They also
propose to apply models to identify when students are at risk for not completing a course
and what grade a student is likely to get without intervention.
Research on exploring the use of adaptive release and learning analytics is still in
infancy. Armani (2004) recommended using time, user traits, user navigation behaviors
and users knowledge/performance as the attributes to be used to provide adaptive release.
This study used only one of these criteria (namely, time) in order to provide release for
those materials, which was conducted for feasibility and clarity in research design.
LMS’s such as Blackboard Learn and Moodle capture and store large amounts of user
activity and interaction data. User tracking variables include measures like number and
duration of visits to course site, LMS tools accessed, messages read or posted, and content
pages visited. Data, such as these can be representative of learner behavior, however as
stated by Ferguson (2012) ‘‘the depth of extraction and aggregation, reporting and visualization functionality of these built in analytics’’ (p. 4) are rudimentary at best. Ferguson
also highlights the fact that while learner activity and performance is tracked by the LMS,
other significant data records are stored in a multitude of different places, thus straining
collection efforts and fully informed analyses. Additionally, there is no available guidance
for instructors to indicate which of the tracked variables are pedagogically relevant.
However, in the field’s current state, a learning analytics approach ‘‘merges data collation
with statistical techniques and predictive modeling that can be subsequently used to inform
both pedagogical practice and policy’’ (Macfadyen and Dawson 2010, p. 591).
Macfadyen and Dawson (2010) collected data from the Blackboard Vista LMS to
determine if time spent interacting with an LMS affected student grades. As a result of the
study, researchers identified fifteen variables, to include frequency of usage of course
materials and tools supporting content delivery, as well as overall engagement and discussion actions that were directly correlated to student final grades. Additionally, they
tracked data indicating total time spent on certain tool-based activities. Their findings
revealed a regression model of student success that resulted in a more than 30 % variation
in student final grades. Furthermore, the tracking variables analyzed identified students at
risk of failure with 70 % accuracy, as well as correctly identified 80 % of the students as at
risk who actually did fail the course. They summarized that these predictors of success are
dependent on many variables, the most poignant being overall course design and student
comprehension of course goals. Their study demonstrates that pedagogically relevant
information can be discerned from LMS generated tracking data.
Whitmer et al. (2012) collected detailed log files, which recorded every student interaction with the LMS and the time spent on each activity and paired them with student
characteristics and course performance data tables from the student information system.
This study showed improved learning outcomes in the form of higher average grades on
the final course project, but it also revealed a higher rate of drops, withdrawal, and final
grades. They discovered a direct correlation between LMS usage and the student’s final
grade. The more time students spent on the LMS, the higher their final grade.
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Ryabov (2012) recognized that a majority of learning analytics related studies focused primarily on student participation in online discussion forums and student self-reported data. He
utilized Park and Kerr’s method to test if student letter grades are affected by the time they spend
logged in on Blackboard. The study consisted of 286 students with various majors and found
significant relationship between time students spent logged to Blackboard and the grade achieved
in the course. The study concluded that the average student had a GPA of 2.78, had taken 22.5
credit hours before the sociology course, and spent 4.7 h a week interacting with the online course.
Furthermore, the study validated the hypothesis that time spent online directly affects final grade,
revealing that students who received a final grade of A (31 %) spent 5.4 h online and those
receiving a B (38 %) spent 4.9 h. Only 4.5 % of the students in the study received an F, however
their grade was reflective of the 2.1 h they spent on online course work. This led to a conclusion
that more time online is needed to not only improve failing grades, but to also move from average
and below grades (C and D) to better grades (A and B) (Ryabov 2012).
Research by Beer et al. (2012) revealed a much more complex reality that could limit the
value of some analytics based strategies. They accumulated data from three LMS and over
80,000 individual students across over 11,000 course offerings. The results indicated a direct
relationship between student forum contributions and final grades within the Moodle LMS. The
6453 students who received a failing grade averaged 0.4 forum posts and 0.7 forum replies.
Their study determined that several factors, including differing educational philosophies, staff
and student familiarity with the technologies, staff and student educational backgrounds, course
design, the teacher’s conception of learning and teaching, the level and discipline of the course,
and institutional policies and processes contributed to the variation in final grades.
Dawson et al. (2008) at Queensland University of Technology in Australia examined the
online behavior trends of a large Science class who used the Blackboard Learn LMS. Their
analysis wished to identify differences between high performing students and those requiring
early learning support interventions. The researchers found that students who actively participated in the online discussion forum activities scored 8 % mean higher grade than the
students who did not participate. Their results also indicated a significant difference between
low and high performing students in terms of the quantity of online session times attended,
where low performing students attended far fewer online sessions. Upon conclusion of the
study, Dawson et al. (2008) concluded that successful students spent a greater amount of time
online in both discussion and content areas of the online site.
Ifenthaler and Widanapathirana (2014) reported two case studies on developing and
validating the learning analytics framework on student profiles, learning profiles and
curriculum profiles. The first case study focused on studying student profiles to provide
early personalized interventions to facilitate learning. The second case study focused on
studying learning profiles and described how learners continually evolve and change due to
various learning experiences.
The use of learning analytics is still in its infancy, yet the process can be powerful in
giving meaning to interactions within a learning environment. It can provide scope for
personalized learning and for the creation of more effective learning environments and
experiences (Fournier et al. 2011).

3 Adaptive Learning
Adaptive learning refers to applying what is known about learners and their content
interactions to change learning resources and activity in order to improve individual student success and satisfaction (Howard et al. 2006). Adaptive learning places the learner in
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the center of the learning experience, making content dynamic and interactive. As suggested by Shute and Towle (2003) ‘‘the goal of adaptive (e)learning is aligned with
exemplary instruction: delivering the right content, to the right person, at the proper time,
in the most appropriate way’’ (p. 113). Adaptive learning technologies offer an advanced
learning environment that can meet the needs of different students. These types of systems
model a student’s knowledge, objectives, and preferences to adapt the learning environment for each student to best support their individual learning (Kelly and Tangney 2006).
However, the challenge in improving student learning and performance is dependent on
correctly identifying individual learner characteristics.
Adaptive learning employs an active strategy that gives learners control of context,
pace, and scope of the learning experience. Lin et al. (2005) define a teacher-oriented
adaptive system has five specific functionalities related to curriculum setting (see Table 1).
They suggest that such an environment with adjustable functions not only supports varying
teaching styles, but also allows for calculation and prediction of student performance.
Learning management systems are powerful integrated systems that support a myriad of
activities performed by instructors and students during the learning process. Common
features of a learning management system are communication tools, navigational tools,
course management tools, assessment tools and authoring tools (Robson 1999). Typically,
the LMS assists the instructors to post announcements to students enrolled in a course,
provide instructional materials, facilitate discussions, lead chat sessions, communicate with
students, conduct assessments and monitor and grade student progress. Students use the
LMS to access learning resources, communicate with the instructor and their peers and
collaborate on projects and discussions. However, the majority of LMS applications are
used in a ‘‘one size fits all students’’ approach that lacks personalized support (Brusilovsky
2004).

Table 1 Teacher-oriented adaptive system functionalities (Lin et al. 2005)
Functionality

Description

Adaptive curriculum setting

Integration and selection of course properties, arrangement of course
materials and resources, and privilege settings for each participant

Adaptive co-teaching and
privileges setting

Assign different privileges to members of teaching team, with regard to
syllabus setting, bulletin board, discussion forum, evaluation and
material management

Adaptive reward setting

The system can generate records of what a student did when signed on
including the number and type of responses to help to evaluate each
student’s performance. Provides an immediate record of the learning
status and progress of the students, and accumulates points automatically
to enable the teacher to reward participation

Adaptive assessment setting

Several tools exist online with which a teacher can track students’
performance. They include online quizzes, online tests, learning
portfolios and homework. A teacher may set the proportion of the
contribution of each item to the student’s final score

Adaptive information sharing
setting

Information sharing involves a forum for developing, sharing and floating
new ideas, developing arguments and building a learning community.
Instructors can open discussion forum to friend’s courses or same
domain courses, and may set different privileges for different students
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Adaptive learning provides a customized context for students to interact with LMS
resources and activities. Magoulas et al. (2003) contend that the ‘‘adaptive functionality is
reflected in the personalization of the navigation and content areas and is implemented
through the following technologies: Curriculum Sequencing allows the gradual presentation of the outcome concepts for a learning goal based on student’s progress; Adaptive
Navigation Support helps students navigate in the lesson contents according to their progress; and Adaptive Presentation offers individualized content depending on the learning
style of the student’’ (p. 516).
The Blackboard Learn LMS has an adaptive feature called ‘‘Adaptive Release’’. This
tool allows instructors and course designers to release course related content based on
default rules or ones they create. Simply, this allows instructors to control what content is
made available to which students and under what conditions they are allowed to access it.
Rules can be created for individuals or groups, based on set criteria related to date, time,
activity scores or attempts, and the review status of other items in the course. The tool
allows instructors to release content gradually and avoid overwhelming students, some of
which who may need more time to process information. While there are several ways to
adapt students learning, in this study, we focused on adapting content based on ‘‘time’’ of
release in this study which falls under the ‘‘Adaptive Curriculum Setting’’ feature as
described by Lin et al. (2005) which includes selection of course properties and
arrangement of course materials.

4 Purpose of the Study
The purpose of this research is to study the effects of Blackboard’s timed adaptive release
feature on student interaction and performance within the online course. Specifically the
following questions are answered in this study:
1.

2.
3.

Is there consistency between different measures of student interaction (i.e., logins,
total time spent, average time per session, content modules accessed, time between
module open and access) with the online course?
Do students from the timed adaptive and timed non-adaptive release course sections
interact differently with the online course?
Do students from the timed adaptive and timed non-adaptive release course sections
perform differently with the online course?

4.1 Hypothesis
Null Hypothesis H01 There is no significant difference between groups (with timed
adaptive release and without timed adaptive release) on student interaction as measured by
logins, total time spent, average time per session, content modules accessed, time between
module open and access in an asynchronously online course.
Null Hypothesis H02 There is no significant difference between groups on timed
adaptive release (with timed adaptive release and without timed adaptive release) on
student performance as measured by final grade in an asynchronously online course.
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5 Method
5.1 Context
Data from two sections of an online pre-service teacher education course (EDN 303—
Instructional Technology) from a Southeastern university in the United States were analyzed for this study. Both the sections of the course were taught by the same instructor.

5.1.1 Section 1: Group with Timed Adaptive Release
The course section was taught in a 15 weeks time period and had seven modules and each
module included a variety of instructional components including an e-learning module, a
quiz, and hands-on projects. This course section used the timed adaptive learning feature,
releasing instructional materials only after certain date. This course section had 25 students
enrolled of which 23 (92 %) were Caucasian and 1 (4 %) was African American and
1(4 %) was Hispanic/Latino, 20 (80 %) were Female and 5 (20 %) were Male. The
average GPA prior to this course for the students in this section was 3.18 (Fig. 1).

5.1.2 Section 2: Group Without Timed Adaptive Release
The courses were identical with each other except for the timed adaptive release feature.
This course section did not use the timed adaptive learning feature and all the materials
were available to the students from the start of the semester. There were 18 students
enrolled in this section of the course of which 16 (89 %) were Caucasian and 2 (11 %)
were African American, 17 (80 %) were Female and 1 (20 %) was Male. The average GPA
prior to this course for the students in this section was 3.30.

Fig. 1 Online course with timed adaptive release on modules
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Major

Frequency

Percent

Business administration

1

Communication studies

1

2.33
2.33

Elementary education

4

9.3

Political science

1

2.33

Pre-certification

3

6.98

Pre-elementary

22

51.16

Pre-middle grades

1

2.33

Pre-special education

2

4.65

Recreation/Sport leadership/Tourism Mgt

1

2.33

Special education

7

16.28

5.2 Participants
Student demographics are summarized in Table 2. Between the timed adaptive release and
not timed adaptive release course sections there were 43 students, Male = 6 (14 %) and
Female = 37 (86 %). There were 39 (91 %) Caucasian, 3 (7 %) African American and 1
(2 %) Hispanic student in the course sections. About half (51 %) of the students were from
pre-elementary education.

5.3 Data Sources
There were three sets of data analyzed in this study: (1) Blackboard course use data; (2)
gradebook data; (3) student demographic data. Blackboard course reports were run from
the Blackboard v9 instructor reports feature to extract the detailed access data. Individual
reports were run for each student and the results exported into a single Excel file. Likewise,
the gradebook was exported into an Excel file at the end of the course. The student
demographic data (race/ethnicity, major, etc.) were retrieved by the registrar’s office from
the database of record, the Student Information System. These data sources were merged
into a single file using unique student identifiers and analyzed using Stata.
The measures in Table 3 were used to measure the frequency and time of student access
to course materials and activities in this study. These measures are justified as the main
indicators used in previously cited research.

5.4 Data Transformations and Analysis
Once the data was imported in the source format, it was transformed to provide variables
that were better suited to the analysis planned. The course access data was reduced from
156 total items (which included overview pages and other items) to 35 core content
materials. Four students who withdrew from the course were removed from the data set due
to incomplete data about these students. One extreme outlier in student time was identified
and also removed from the sample, resulting in the total population of 39 students.
Initial descriptive analysis was conducted to characterize the study results and to ensure
that the data met the assumptions required for correlations; namely, that there were sufficient observations for the number of variables included in the analysis, that the data was
not missing entire observations or individual values, and that the values were normally
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Table 3 Interaction measures
Interaction measures

Description

Logins

This refers to the number of times the student has logged into the course during the
semester

Total time spent

This refers to the total time that the student has spent in the course during the
semester

Average time per
session

This refers to the average time the student has spent per login in the course during
the semester

Content modules
accessed

This refers to the number of content items accessed by the student in the course
during the semester. There were totally 52 content modules in the online course in
this study

Module access
difference

This refers to the difference in time between when the module was proposed to be
available in the course syllabus and when the student accessed it. Negative values
indicate that a student accessed a module before it was scheduled in the course
syllabus

distributed in the population. This analysis was conducted on all data sources and individual variables considered for inclusion in the analysis.
A variable called ‘‘Module Access Difference’’ was created and calculated as the difference between the scheduled date of that item in the syllabus and the date the student first
accessed the item. In the case of the control group, students could have accessed materials
before the intended start time, resulting in a negative value (e.g. ‘‘early’’). In the case of the
experimental group, the students could only access the materials at or after that date,
resulting in only positive values. This variable was calculated for each of the content items
accessed. As discussed in more detail in the results section, we found that there was low
variation in student grade in either the control or the experimental group, which prevented
using this measure as an outcome variable. As a replacement, ‘‘module access difference’’
was used as the outcome variable. Although this variable does not describe changes in
learning outcomes, it does indicate differences in the behavior of students in when they
accessed course materials and activities. This difference would indicate a meaningful,
substantive effect as a result of using timed adaptive release. Further empirical research or
literature review could establish the relationship between these changes and student
learning outcomes. In addition to final grade, student demographic characteristics were of
interest but were found to have insufficient variation among students in the course to be
included in the analysis.
A one-way analysis of variance was conducted between the experimental condition and
overall course module access difference to test for significant differences between the
standard course and the course with timed adaptive release applied. Histograms of access
differences for each course were created to illustrate the differences between courses in a
more approachable manner.
To deepen this course-wide analysis and examine the impact at different points of the
course, a multivariate analysis of variance test was conducted between the experimental
condition and the access differences for each module. As in the course-wide access data,
histograms for differences for modules with significant effects were created to display the
results in a more approachable manner.
After completing tests for experimental condition, a pairwise correlation matrix was
created with a larger set of variables describing LMS activity (time spent in course, number
of course logins, number of items accessed, module access difference,
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Table 4 Interactions with course materials
Variable

Observations

Mean

SD

Min

Max

Total logins

39

203.85

77.66

75.00

Total items

39

44.92

4.09

28.00

52.00

Total student time (h)

39

97.23

34.49

36.16

171.86

Total access difference

39

38.59

30.14

-53.54

94.59

460.00

experimental/control condition). This analysis identified additional relationships between
measures of student activity in the course.

6 Results
Descriptive data showing the interactions of students with course resources and activities is
displayed in Table 4. Table four shows combined data from the 39 students enrolled in
both course sections until the end of the term. Course logins has a very large range and
standard deviation, showing that some students logged in frequently and others logged in
less frequently, with a distribution that does not follow a normal bell curve. Interestingly,
the values for total items accessed and time spent had a much lower variation, indicating
that although students may have had high variability in the frequency of login, they spent
more similar amounts of effort with course materials. This is especially the case with the
number of ‘‘total items’’ accessed, which indicates how many of the course content
modules were accessed by students. This variable has a relatively low range and small
standard deviation, indicating that most of the students accessed the course materials
(44.92 out of 52 total items). The total access difference has a high range, which is
expected given the experimental condition which effects when students can access course
materials.
End of semester course grades were used as the data set to measure student performance. There was very little dispersion in grades in either course, which is common in
courses for Education majors (e.g., two-thirds of the students earned a ‘B?’ or better). As a
result, we were unable to run analysis to determine if there were differences between the
timed adaptive and no timed adaptive release treatments based on course grades.
In addition, there was not much variability in the demographics of the course participants. Hence we were unable to run analysis to correlate demographics with the different
course access and interaction variables. The course was skewed female (87 %), predominantly white (92 %), and largely of immediate post-high school age groups
(71 % \ 24 years old) which is typical for pre-service teacher education courses.

6.1 Consistency Between Measures of Student Interaction
In Table 5, the pairwise correlation between the key measures of student interaction with
course materials is displayed. Overall, there is consistency between the measures but not
equanimity between them, which demonstrates some interesting student behaviors. The
number of logins and content items accessed had the strongest effect size, indicating that
students who logged in more frequently were more likely to access each of the content

123

Applying Learning Analytics to Investigate Timed Release in…

69

Table 5 Pairwise correlations of course interactions
Logins

Logins

Content items
accessed

Total
time

Average session
time

Access
difference

1

Content items accessed

0.5460*

1

Total time

0.3692*

0.3334*

Average session time

-0.4117*

-0.2657

Access difference

-0.4863*

-0.2333

1
0.5603*
-0.073

1
0.3341*

1

* p \ .05

items in the course. Students who logged in more frequently were also more likely to
access materials early in the timed adaptive release course.
Less strong effects were found between the number of logins and total time spent, suggesting that students logging in more frequently spent more time, but not a large amount of
additional time. This observation is corroborated by the negative result for average session
length; students logging in more frequently usually had shorter lengths of time spent in each
session. Taken as a whole, these results show that there is consistency between these
behaviors, while some different expressions of student activity within the LMS.

6.2 Course Section Comparison
ANOVA results indicated that there was a significant difference between the use of timed
adaptive release and average login session length at the p \ .05 level [F(1,37) = 6.10,
p = 0.0183], with an adjusted R2 of 0.12. This result indicates that students in the timed
adaptive release course spent more time per session than students in the control course.
Although the low effect size suggests that limited conclusions should be drawn, this result
illustrates that students with earlier potential access did spend more time in the course
materials, a positive effect of time on task.
Considered as the average across the entire course, timed adaptive release did not
systematically change when students accessed course materials. However, the results of the
MANOVA test (Roy’s largest root = 1.2629, F(1,37) = 5.41, p \ 0.001) indicated significant differences between the experimental and control courses if individual modules
were considered as separate dependent variables. In Table 6 the results by module show
that this result was caused by different access of the first course module only. Later

Table 6 MANOVA of module
time access by experimental
condition by module

R2

F

3.71

0.362

20.43

5.25

0.09

3.66

0.06

2

6.76

0.06

2.37

0.13

2

3.86

0.005

0.18

0.67

38

2

9.09

0.09

3.5

0.07

Module 6 access

38

2

7.15

0.06

2.31

0.14

Module 7 access

38

2

0.01

0.43

0.52

Equation

Obs

Parms

Module 1 access

38

2

Module 2 access

38

2

Module 3 access

38

Module 4 access

38

Module 5 access

RMSE

10.8

p
0.0001
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Fig. 2 No timed adaptive
release

modules were accessed with a much smaller difference, suggesting that when students are
in stream with multiple commitments, they are less likely to access materials early.
Almost 50 % of the students in the non-timed adaptive release course accessed the
course prior to the start date, with less than 25 % accessing the course more than 5 days
after the start of the course. In the timed adaptive release course, approximately 50 % of
the students accessed the course immediately after the course start, with the remainder
accessing the course more than 5 days after the start of the course. This access may have
resulted in different preparation and approach to the course resources. This behavior was
not evident in future modules. The difference in access times for Module 1 between the
non-timed adaptive and timed adaptive release course sections are illustrated in Figs. 2 and
3.

7 Discussion
The first hypothesis in this study was to investigate if there were significant difference
between groups (with timed adaptive release and without timed adaptive release) on student interaction as measured by logins, total time spent, average time per session, content
modules accessed, time between module open and access in an asynchronously online
course. Learning Analytics data from two groups of students in similar courses, one with
the time-based adaptive release feature enabled and one in which it was not enabled, were
analyzed in this study.
The overall findings indicate that students only access materials early for the first course
module. This difference may indicate a likelihood of students to ‘‘browse’’ course materials
in advance of the course start dates, as they are preparing for the term, determining
expectations for different courses, and trying to anticipate the experience and requirements
for courses that term. It is notable that this browsing behavior only extended to the first
course module, as the students in the control group had access to all course modules. This
behavior may indicate that this browsing activity is shallow and suggests that course design
should include key materials at an easily accessible point in the course design.
The use of timed adaptive release did not create a ‘‘gate’’ that led students to access
materials when they were released, as might be hoped as one impact of timed adaptive
release. However, the slight increase in session length for timed adaptive release is a sign
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Fig. 3 Timed adaptive release

of a positive educational impact of this intervention: with more average time per session, it
is likely that students had increased exposure to learning materials and activities. By
limiting access to future course modules, students had a lower amount of total potential
resources, and appear to have spent more time when they were logged in.
In this study, time spent on accessing the materials, total items accessed and login
attempts were the three data points that were analyzed while answering the research
question on differences in student engagement between the timed adaptive release and no
time-based adaptive release treatments. The significant correlations between the variables
selected in this study indicate that they are indeed useful measures through which student
behavior can be observed. The differences and low to moderate effect sizes indicate that
they measure different underlying activities, which is useful for attempting to understand
more deeply how student engage with LMS provided materials.
The second hypothesis in this study was to investigate if there was no significant
difference between groups on timed adaptive release (with timed adaptive release and
without timed adaptive release) on student performance as measured by final grade in an
asynchronously online course. Due to very little dispersion in final grades in either course,
we were unable to run analysis to determine if there were differences between the timed
adaptive and no timed adaptive release treatments based on course grades.
Lin et al. (2005) recommended five different adaptive features beneficial for online
courses—Adaptive curriculum setting, Adaptive co-teaching and privileges setting,
Adaptive reward setting, Adaptive assessment setting and Adaptive information sharing
setting. The timed-release adaptive release feature used in this study was one aspect of
adaptive curriculum setting. The timed-release functionality can also be used for adaptive
assessment setting and has been recommended by Kleinman (2005) as a strategy to
encourage academic honesty especially when students are given online open book and/or
essay exams. Adaptive timed setting can also support coteaching and privilege setting if
multiple instructors are teaching the same online course at varied times. Timed adaptive
features can also be used with adaptive reward setting. With the emergence of earning
badges in online courses, timing the completion of online course activities which can be
used to generate badges for students to increase student motivation while participating in
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the online courses. Timed adaptive release can also be set with adaptive information
sharing where instructors can open discussion forums at various times, and may set different privileges for different students.
Another area that is related to adaptive learning is cognitive modeling (Anderson 1983;
Elkind et al. 1990; Wenger 1987). Cognitive modeling can be used to simulate or predict
human behavior or performance on tasks similar to the ones modeled. This uses artificial
intelligence applications such as expert systems, natural language programming and neural
networks. While the current LMSes in the market do not include cognitive modeling and
intelligent tutoring features (Sonwalkar 2007), it may be something we see in the near
future.

7.1 Limitations
This study had a small number of students with relatively low demographic diversity. It
was also limited to a single course subject. The same findings may not take place in another
version of the course, with different student demographics or other academic subjects. A
small distribution in grades (or other outcomes measures) prevented analysis of the impact
of any changes in behavior on grades, although given the small changes in behavior it is
unlikely that changes in outcomes would have resulted. From a course design perspective,
time-based adaptive release is only one of many ways that this feature can be implemented
and different results may occur if other release conditions (e.g. content mastery) are used to
trigger the release. There was no other data collected directly from the students using other
data collection methods such as surveys or interviews. This study directly focused on the
learning analytics approach to investigate adaptive learning and this is a limitation as the
exact reasons for early access are unknown.

7.2 Implications for Future Research and Improvement of Practice
The limited findings in this study from timed release suggest that other performance-based
adaptive release, along with time-based adaptive release, should be investigated as possible
course design functionality that could help students better plan their use of time with online
course materials. The lack of a difference in timed release suggests that relying on timing
as a method to effect student behaviors has limited impact. Learning Analytics research
that investigates changes in course behaviors as well as outcomes based on alternate
adaptive release techniques could provide greater insights into the possibilities of adaptive
release to impact student interaction and learning.
For Learning Analytics, this study suggests a methodology and approach that can be
used to investigate other types of course design changes. Through descriptive data about
student behaviors interacting with course materials, we can determine how students
interact with materials at a detailed level not available through other outcome-only oriented research. The measures of time of access, time on task, login frequency, and other
measures can be used as proxies for outcome measures that indicate increased learning
outcomes that are more significant than grades and reflect a wider spectrum of behaviors.
For example, if a change in course design (such as increased multimedia) is related to
students logging in more frequently, it can be inferred that students are more engaged in
the course, independent of the outcomes reflected in grades.
This study has implications for instructors, instructional designers, and any other
stakeholders interested in better understanding the impact of online learning design on
student behaviors and outcomes. Although the study found relatively small differences in
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behavior between the two groups, the study still informs the designers and instructors on
whether it is important to use provide adaptive release of content with respect to time.
Future studies have to be conducted replicating this with a larger audience, and also
adaptive release has to be experimented with other features such as performance based
release and student characteristics based release. Studies have to be conducted with data
sets that include a wide grade dispersion to be able to measure the effect on student
performance, and also on data sets that include varied student demographic.
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