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Abstract — Working memory capacity (WMC) is a cognitive 
trait that affects students’ learning behaviors while performing 
complex cognitive tasks. Knowing students’ WMC can 
positively enhance students’ learning in many ways, for 
example, by providing them with adaptive content and 
activities to suit their individual WMC. This paper presents an 
approach for identifying students’ WMC from their learning 
behaviors in learning systems. The approach as well as its 
implementation into an existing detection tool are introduced 
in this paper. The following six learning behaviors, extracted 
from the literature, are modeled to infer students’ WMC: 
linear navigation, constant reverse navigation, performing 
simultaneous tasks, recalling learned material, revisiting 
passed learning objects, and corresponding learning styles. * 

Keywords: Working Memory Capacity, Student Modeling, 
Learning System 

I.  INTRODUCTION 
Knowing students’ cognitive abilities can help in many 

ways to enhance learning and teaching in learning systems 
[1][2]. For example, teachers can use this information to 
provide meaningful recommendations to their students. 
Furthermore, information about students’ cognitive abilities 
can be used as input for adaptive systems to provide students 
with customized learning content and activities to suit their 
individual abilities. In this paper, we focus on the 
identification of one important cognitive trait for learning, 
namely working memory capacity. 

Working memory capacity (WMC) enables the human 
brain to keep active a limited amount of information for a 
very brief period of time [4]. Traditionally, WMC can be 
measured by a variety of memory span tasks including 
counting span, operation span, and reading span tasks which 
are related to the performance in complex cognitive tasks 
[5][6][7]. However, an obvious disadvantage of such tasks is 
that students have to do them in addition to their learning. 
Another disadvantage is that students’ WMC is detected at 
one point of time and any distractions or lack of motivation 
to conduct this task seriously affects the result.  

The aim of this study is to enable typical learning 
systems to automatically identify different levels (high/low) 
of students’ WMC from their learning behavior and actions 
in learning systems. This paper introduces an approach and 
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framework which profiles students’ behavior and actions 
from the activity log data available in a learning system’s 
database and identifies behaviors patterns that provide 
indications for a particular WMC level. These behavior 
patterns are derived from literature and the respective 
indications from these patterns are then used to calculate a 
students’ WMC. The proposed approach has been 
implemented in a detection tool, namely DeLeS [19], which 
aims at automatically identifying students’ learning styles 
from students’ behavior in online courses, resulting in an 
extended framework for identifying WMC and learning 
styles. All functionality in the extended framework is 
developed in a generic way and is applicable for typical 
learning systems.   

The next section presents related works on student 
modeling approaches and working memory capacity. In 
section 3, the framework for identifying WMC in learning 
systems is introduced, including explanations on the 
preprocessing steps, the relevant behavior patterns for WMC 
detection, and the calculation of individual WMC from these 
patterns. Section 4 concludes the paper by providing a 
summary of the findings and plans for future work. 

II. RELATED WORK 
A student model is an important part of adaptive learning 

systems, allowing them to model key aspects of students’ 
characteristics, preferences and needs for providing rich 
adaptivity [10][11]. Two different student modeling 
approaches exist for identifying students’ characteristics, 
preferences and needs in learning systems: collaborative and 
automatic [18]. In the collaborative approach, the student 
provides explicit data (e.g., learning goals, preferences, etc.) 
for the student modeling mechanism. The automatic 
approach refers to building and updating the student model 
automatically based on the behaviors and actions of students 
in learning systems. For example, Conati and Maclaren [3] 
used an automatic approach to analyze students’ browsing 
data recorded in the log file of a web-based learning system 
and concluded that students’ cognitive style (field 
dependence and independence) and learning behaviors are 
related. Another example for the use of an automatic 
approach is provided by Chen [2] who focused on modeling 
and scaffolding students’ cognitive skills related to learning 
from work-out examples as well as from their exploration 
activities. Furthermore, Biswas et al. [12] developed a 
learning system which provides self-regulated learning and 
metacognitive support from the computer agents and can 
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also automatically identify a range of students’ behaviors 
related to self-regulated learning/meta-cognition. Cognitive 
trait model (CTM) is another example for an automatic 
student modeling technique that profiles students according 
to their three cognitive traits: working memory capacity, 
inductive reasoning ability, and associative learning skills 
[8]. The CTM is very much related to our work. While the 
concept of CTM could be generalized, its implementation 
has not been that way. In our work, we particularly focus on 
using behavior patterns that can be identified in any learning 
system and course, and integrate this concept into a detection 
tool that can be applicable for learning systems in general.    

Several studies have highlighted the importance of WMC 
for learning and investigated the relations between WMC 
and different aspects, such as reading comprehension, 
academic achievement, and attention control [6][13][14]. For 
example, Carretti et al. [6] concluded that individuals with 
poor reading comprehension seem to have impaired ability in 
their WMC to actively maintain relevant information, 
inhibiting off-goal information and in updating their memory 
content. Alloway and Alloway’s findings [13] showed that a 
five-years-old child’s working memory is a better predicator 
of academic achievement than IQ. These studies suggest that 
working memory may be a core cognitive ability that 
underlies, and constrains, our ability to process information 
across cognitive domains. In addition, the study by Woehrle 
and Magliano showed that students with high WMC are 
better in maintaining attentional focus on a cognitive task 
when facing multiple distractions over time [14].  

III. FRAMEWORK 
The DeLeS tool [19] has been developed to analyze log 

data in different learning systems in order to identify 
students’ learning styles based on the Felder-Silverman 
learning styles model [20]. In this paper, the framework is 
extended for automatically detecting not only students’ 
learning styles but also their WMC based on the students’ 
continuous behavior in online courses. The framework 
consists of two components: the data extraction component 
and the calculation component, as shown in Figure 1. The 
data extraction component is responsible for extracting 
relevant data from the learning system’s database, 
preprocessing these data, and passing the preprocessed data 
to the calculation component. The calculation component 
then uses these data to detect patterns from students’ 
behavior (in the Pattern Detector) and calculates students’ 
WMC from the detected patterns (in the WMC Calculator). 
In the following subsections, a detailed explanation is 
provided about each step of this framework.  

 
A. Preprocessing of data  

In order to analyze students’ behavior and detect relevant 
behavior patterns, some preprocessing of behavior data and 
course data is required. More concretely, the preprocessing 
includes three steps: 

1) Identifying learning sessions: A learning session is a 
series of learning activities that a student does while 
focusing on learning. A learning session typically starts  

 
Figure 1.  Framework for Identifying WMC 

when a student logs in and ends when a student logs out. 
Furthermore, we additionally consider breaks in learning or 
simply closing the learning system without logging out. In 
order to do so, for each learning activity, an upper threshold 
is predefined by teachers based on the type of activity to 
indicate the maximum time a student would typically spend 
on a learning activity. This threshold is used to identify 
learning breaks based on log data which typically include 
timestamps of each activity that a student does. Such 
learning breaks then indicate the end of one learning session 
and the beginning of a new learning session. 

 

2) Filtering learning activities: When analyzing the 
behavior patterns of students to infer indications about their 
WMC, we only focus on learning activities. Therefore, 
general activities such as a student making modifications to 
his/her user profile or a user checking his/her marks are not 
seen as learning activities and are not considered in a 
learning session. Furthermore, we filter out activities where 
a learner spent very short time (e.g., because he/she clicked 
on the wrong link or is searching through pages until he/she 
finds the page that he/she actually wants to read).  

 

3) Building a learning sequence (LSEQ) table: In order 
to infer relevant information about students’ WMC from 
their behaviors, a very important aspect is the sequence in 
which students go through a course in relation to the 
sequence in which the course is laid out (e.g., do they follow 
the intended sequence, do they revisit learning objects, etc.). 
Since the course structure and sequence of learning 
activities are stored in different ways depending on the 
learning system and the different database schema that is 
used in a learning system’s database, we extract the 
information about the sequence in which the course is laid 
out and store this information in an internal database table 
called LSEQ table. When a course designer/teacher makes 
any changes to the course structure in the learning system, 
the modification time is stored in the internal database. 
Once the course designer/teacher uses the DeLeS tool to 
detect students’ WMC, this modification time is used to 
check whether the LSEQ table needs to be updated before 
using it to calculate students’ WMC.  
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B. Relevant behavior for WMC detection  
In learning situations, there are several behavior patterns 

known in literature that give indications for a student’s 
WMC. In this work, we focused only on behavior patterns 
that are domain-independent and learning system 
independent, in order to ensure that the proposed framework 
can be used for different learning systems. In this research, 
six patterns are considered, which are explained in the 
subsequent subsections. Since most of these patterns are 
based on students’ navigational behavior, types of 
navigational behavior are described by a relation function, 
R(preLO, currLO). This function relates two learning objects 
(LOs): the source (preLO) and the destination (currLO). 

1) Linear navigation pattern: Linear navigation means 
that students learn the materials linearly and follow the 
learning sequence of the course defined by teachers. Huai 
[15] performed an experiment to investigate the relationship 
between WMC, long-term memory and a serial/holistic 
learning style. To draw conclusions about the relationship 
between WMC and a serial/holistic learning style, linear and 
non-linear navigational behavior of students was 
investigated. As a result, Huai found that students with high 
WMC tend to focus on linear navigation and students with 
low WMC tend to use non-linear navigation. A sample of 
linear navigational behavior is shown in Figure 2. When LO 
B is learned, and the previous LO of LO B (defined in the 
LSEQ table), LO A, has been learned before, linear 
navigation is found, no matter whether other LOs are visited 
between LOs A and B. If this linear navigation is found, it 
gives an indication for high WMC. Otherwise, non-linear 
navigation is found, which gives an indication for low 
WMC. 

 
Figure 2.  A sample of linear navigational behavior 

2) Constant reverse navigation pattern: Reverse 
navigation means that a student revisits an already visited 
LO. Constant reverse navigation indicates that a student 
frequently goes back to an already visited LO. This behavior 
can be explained by the limited capacity of working 
memory for students with low WMC [9]. The process of 
constant reverse navigation is caused by an insufficient 
WMC to hold on the materials that have just been visited 
[8]. When the learning materials that a student just read on 
the previous page should still be fresh in his/her working 
memory, the constant need to navigate backwards is a sign of 
working memory deficiency. The definition of constant 
reverse navigational behavior is that there are more than two 
LOs revisited in the same learning session and the 
navigational relations of these LOs are not defined in the 
LSEQ table (and therefore not in line with the sequence of 
LOs in the course structure). Figure 3 shows a sample of 

constant reverse navigational behavior including the 
following relations of navigation: R(A, B), R(B, C), R(C, A), 
R(A, C). In these navigational relations, two relations, R(C, 
A) and R(A, C), are not defined in the LSEQ table and the 
two destination LOs, A and C, are revisited. Thus, the 
constant reverse navigational behavior is found, which gives 
an indication for low WMC. 

 
Figure 3.  A sample of constant reverse navigational behavior 

3) Performing simultaneous tasks pattern: The 
performing simultaneous tasks pattern is transferred from the 
ability of attentional control on performing two tasks 
simultaneously. Previous studies have shown that when 
performing two tasks simultaneously, low WMC participants 
were less accurate than participants with high WMC 
[14][16]. For identifying this pattern, the overlapping 
navigational behavior is investigated which indicates that a 
student tries to perform two tasks simultaneously. As shown 
in Figure 4, if a student visits at least one other LO in 
between LO A and its evaluation, EA, the overlapping 
navigational behavior is found. In such situation, the student 
learns LO A first and then learns other LOs before taking the 
evaluation of LO A. Therefore, she/he needs to remember 
the concept of LO A in her/his working memory while 
learning other LOs. If the student then passes the evaluation 
of LO A, the simultaneous tasks pattern is found, which 
gives an indication for high WMC. If she/he fails, the non-
simultaneous tasks pattern is identified, which gives an 
indication for low WMC. 

 
Figure 4.  A sample of overlapping navigational behavior 

4) Recalling learned material pattern: The recalling 
learned material pattern is transferred from the relationship 
between WMC and long-term memory. This pattern is 
similar to the performing simultaneous tasks pattern but it is 
identified within two different learning sessions. Prior works 
have argued that the individials’ ability to retrieve 
information from long-term memory is determined by their 
WMC [7][16]. As a result, they found that low WMC 
participants cannot recall as much information from long-
term memory as high WMC participants since low WMC 
individuals do not search the remembered information in 
their long-term memory as effectively as high WMC 
individuals. Figure 5 shows a sample of this pattern. This 
pattern is found if a student visits LO A in one session but 
does not perform an evaluation of her/his knowledge on LO 
A in that session. In a different learning session, the student 
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then does not visit LO A but goes directly to the evaluation 
of LO A (EA). If the student then passes the evaluation, it 
means that she/he could recall the previously visited 
information from LO A from her/his long-term memory and 
the recalling learned material pattern is found, which gives 
an indication for high WMC. If she/he fails the evaluation, 
the non-recalling learned material pattern is identified, which 
gives an indication for low WMC.  

 
Figure 5.  A sample of recalling navigational behavior 

5) Revisiting passed LO pattern: Similar to the previous 
pattern, the revisiting passed LO pattern is transferred from 
the ability of using WMC to retrieve information from long-
term memory. As mentioned in the previous sections, 
several studies have argued that individuals with low WMC 
cannot recall as much information from long-term memory 
as high WMC individuals [7][16]. This pattern considers a 
situation where a student visited LO A and successfully 
completed its evaluation (EA) in the same session but then 
revisits LO A aftewards in a different learning session. In 
such case, the student seems to have problems recalling 
information from his/her long-term memory and wants to 
reread some of the already learned information. The more 
time the student spends on LO A during revisit, the more 
problems the student seems to have in recalling the 
respective information from the long-term memory and 
therefore, the stronger the indication for low WMC is. In 
order to calculate this pattern, we consider the time the 
student i spent on LO A in order to pass the evaluation as 
base value bi, and the time that the student i spent when 
he/she revisits LO A as value vi. Furthermore, let ri be the 
ratio vi/bi, representing how much time a student spent on 
revisiting LO A in relation to how much time she/he spent 
to learn this LO. Let ravg be the average ratio of all students, 
calculated based on formula 1 and representing how much 
time on average each student spent on revisiting LO A in 
relation to how much time she/he spent to learn this LO. 

 ���� �
� ��	


���



 (1) 

where n is the overall number of students. This average ratio 
ravg is then used as threshold and compared to a student’s ri 
value. If ri is greater than ravg, the time the student took for 
reading and recalling already learned information is above 
average and therefore indicates low WMC. On the other 
hand, if ri is smaller than ravg the time the student took for 
reading and recalling already learned informaiton is below 

average and therefore indicates high WMC. If ri is equal to 
ravg, an indication for average WMC is given.  

 

 
Figure 6.  A sample of revisiting navigational behavior 

6) Learning style pattern: The learning style pattern is 
based on the relationship between learning styles and 
working memory capacity. While there are several studies 
that conclude findings that hint for an indirect relationship 
between learning styles and WMC (a summary is provided in 
[21]), Graf et al. [10] investigated the direct relationship 
between WMC and the four learning style dimensions of the 
Felder-Silverman learning style model (FSLSM) [20], 
namely the active/reflective, sensing/intuitive, visual/verbal, 
and sequential/global dimensions. The results of the study 
showed that students with a reflective or intuitive learning 
style tend to have high WMC and students with an active or 
sensing learning style tend to have low WMC. For the 
visual/verbal dimension, the study found only a one-
directional relationship, namely that learners with a verbal 
learning style tend to have high WMC, whereas visual 
learners have either high or low WMC. No relationship for 
the sequential/global dimension was found. The learning 
style pattern considers these relationships. Accordingly, if a 
student has an active or sensing learning style, this gives an 
indication for a low WMC. On the other hand, a reflective, 
intuitive, or verbal learning style gives an indication for a 
high WMC. An average value of all indications from a 
student’s learning styles is calculated and this value 
represents the overall indication of WMC for this learning 
style pattern. 

 
C. From patterns to WMC   

After extracting and preprocessing data in the data 
extraction component, these data are then passed on to the 
calculation component, which is responsible for calculating 
the students’ WMC based on the five navigational behavior 
patterns and the learning style pattern. If a navigational 
behavior pattern is detected in a relation between two LOs, 
this relation is considered as an activated relation for the 
particular behavior. In each learning session, a value is 
calculated for each of the five navigational behavior patterns 
based on the number of activated and non-activated relations 
in this session. This value shows how strongly the student’s 
behavior represents the respective pattern. Subsequently, 
each value is transferred to its indication for WMC (e.g., a 
high value for linear navigation provides an indication for 
high WMC). Then, the indications from the five navigational 
behavior patterns and the indication based on the learning 
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style pattern are summed up and divided by the number of 
activated patterns (where the learning style pattern is 
considered as activated as soon as the learning styles of the 
student are known). The result of this calculation represents 
the indication for WMC of the respective session. Although 
the learning style pattern is not dependent on learning 
sessions, we decided to add the indication from this pattern 
in each session in order to ensure that this pattern has the 
same impact in the detection process as all other navigational 
behavior patterns.  

Each learning session also contains a weight, which 
determines the influence of each session on the overall value 
of WMC and is calculated based on the number of activated 
relations in a session for all patterns. In order to calculate the 
student’s WMC, the WMC indication of each session is 
multiplied by the weight of the respective session. 
Subsequently, the results for all sessions are summed up and 
divided by the number of sessions. The resulting value is the 
identified WMC for the respective student. 

IV. CONCLUSIONS AND FUTURE WORK 
This paper proposed an approach for identifying 

students’ WMC from their activity log information in 
learning systems, as well as its implementation into the 
detection tool DeLeS [19]. Six behavior patterns have been 
identified to be, on one hand, relevant for the identification 
of WMC as concluded by the literature, and on the other 
hand, to be domain and learning system independent so that 
our proposed approach is generic and can be used in different 
learning systems.  

As identified in several studies, students’ different levels 
of WMC can affect students’ learning performances 
[11][13][14]. The information about students’ WMC can be 
helpful to support students in many ways. For example, by 
making students and teachers aware of the different WMC 
levels, teachers can individually support students and provide 
them with personalized recommendations, while students can 
better understand their weaknesses and strengths, and use 
this information to improve their learning. Furthermore, 
information about students’ WMC can be used as input for 
an adaptive learning system to automatically provide 
students with individualized materials and activities as well 
as personalized recommendations, considering their WMC.  

Our future research will deal with using the identified 
information about students’ WMC to provide teachers with 
recommendations for improving their course design and 
providing individualized support for learners.  
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