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Abstract. Intelligent tutoring systems (ITS) have the power to influ-
ence lecturers’ practices in the classroom and to improve students’ learn-
ing. Many ITS provide standardized analytical methods to evaluate class-
room performance or the results of the exercises. But they lack more
sophisticated, flexible and individual analyses. This paper presents an e-
learning Analytics Tool (EAT) for an ITS that provides a dashboard with
key figures and a flexible analytics board (FAB). This enables lecturers
to analyze students’ performance in detail and identify misconceptions.
For instance, the FAB allows us to classify student solutions, reveal con-
ceptual errors in exercises, and analyze each part of an exercise. By this,
common mistakes can be identified, and tailored feedback can be given
to the students. Following the design science approach, the platform is
designed in a general way so that it can be used for different types of
exercises (e.g., Math, Excel, SQL). To assess the artifact, we conducted
group interviews with German University lecturers from various courses.
The results show that lecturers require a good overview of the submitted
student solutions to provide timely feedback. They also appreciate the
flexible analytics tool for detailed analyses of student solutions to under-
stand student mistakes better. The employed architecture allows general
analyses of exercises and the content of students’ solutions. In addition,
the EAT is not bound to a specific kind of exercise, but can cope with
different kinds like SQL and Excel.

Keywords: Intelligent Tutoring System · ITS · Learning Analytics and
Evaluation · Dashboard · Flexible Analysis

1 Introduction

E-Learning platforms mainly support five different kinds of tasks: (1) course
administration, (2) provision of course material, (3) communication and cooper-
ation, (4) providing exercises for practicing, as well as (5) assessment and grading
[36]. Platforms for categories 1 and 2 like Blackboard, Canvas, Moodle, Ilias, or
WEB-CT exist for many years. By and by, they have been extended with ad-
ditional features of categories 3, 4 and 5. However, particularly category 4 still
remains underdeveloped. Mostly, simple types of exercises are implemented like
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multiple-choice or fill-in-the-blank. More sophisticated exercises are left to spe-
cialized platforms, known as Intelligent Tutoring Systems (ITS). ITS provide
challenging exercises that are mostly specialized to a certain field of application
like mathematical conversion (e.g. [29]), graphical modeling (e.g. [35,37]), or SQL
(e.g. [27]) etc. Nowadays, students’ submissions are no longer just classified as
correct or wrong. Students receive a detailed analysis of their submission stating
which parts are incorrect and why. Such a detailed analysis helps students to
better understand the learning subject so that they can improve their skills.

While students are the number one addressee of ITS, also the needs of lec-
turers are considered beyond the possibilities of easily providing exercises, which
are automatically reviewed and assessed. This certainly relieves lecturers from a
huge amount of recurring standard tasks. But apart from that, ITS can accom-
modate lecturers with information about students, courses, and exercises. No
matter what kinds of exercises are provided, there is a lot of data concerning the
usage of the system or the processing of the exercises by students. Provided that
this data is analyzed in the right way, valuable insights concerning the learning
behavior of students, their level of knowledge and individual performance in the
course, the general status of courses but also concerning single exercises and
subsequently the knowledge transfer of lectures can be generated. Already the
detailed analysis of individual student submissions helps lecturers with provid-
ing feedback on students’ performance. This in turn improves and accelerates
students’ learning processes and empowers them as self-regulated learners [31].

However, most ITS provide only general (meta-)information
concerning courses [4,16,32], students and exercises [10,23]. The students’ so-
lutions are usually not analyzed and interpreted. Although ITS try to “under-
stand” the content of a student solution so that they can give detailed feedback
to students, they hardly use the content of students’ solutions for advanced anal-
yses (see also next section). The most advanced analysis of data collected by ITS
consists in the forecast of possible grades based on the historic performance a
student has shown during a course [10,18]. This is quite surprising as Business
Intelligence methods are mature, widely known and applied in business applica-
tions ([5], p. 1-3). There exist standard procedures that can be adapted to the
context of e-learning [34]. Whatsoever, existing ITS do not compare student so-
lutions, do not provide any filter for a deeper analysis of solutions not to mention
an analysis of which solutions parts are often done wrong.

Interestingly, although general metrics like the number of attempts, or the
average processing time, cannot only be used for one course or exercise, but on
an aggregated level for a set of courses and among exercises used in different
courses, existing ITS even do not provide this feature. Yet, such information on
an aggregated level and/or as a time series can provide interesting insights to lec-
turers. Lecturers usually try to improve their teaching and change explanations
and teaching methods. In addition, courses may be divided into subgroups taught
by different lecturers. Hence, information aggregating different courses and/or
exercises over time can be helpful to lecturers to better adjust their teaching
methods. Thus, this paper aims to answer the following research questions:
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RQ1: Which kind of analyses of student solutions are useful for lecturers?
RQ2: How can such analyses be realized in a generalized analytics tool?
RQ3: How can different exercises be analyzed in a unified way?
To answer these research questions, we developed an e-learning Analytics

Tool (EAT) that acts as an add-on for ITS. Our implementation is open source
and can be found at github [14]. Particularly, EAT is built for SQL and Excel
exercises but can be adapted to analog kinds of exercises like programming or
mathematical transformations. EAT is an IT-artifact that provides general key
performance indicators (KPI) concerning courses, exercises, and students and
allows sophisticated analyses of the student solutions with regard to their con-
tent. It consists of two parts: a dashboard that displays pre-calculated KPIs and
a flexible analytics board with which it is possible to analyze student solutions
in detail concerning solution parts that were done right or wrong. The analyses
can be done for courses, exercises, students, and different time periods without
limitations in any of those dimensions. They are not bound to a specific kind of
exercise, but can easily be transferred to new types of exercises. However, we will
demonstrate EAT for SQL exercises. In addition, the analyses are flexible and
can be defined by any lecturer. The analyses are oriented to classic BI systems
and therefore allow the commonly known BI functions like drill-down etc. To the
best of our knowledge, EAT is the first analytics tool that provides BI analyses
to lecturers which focus on the content of student solutions and not only the
metadata of courses, exercises, and student performance.

For the development of the IT-artifact, we used the design science approach
(DSA) introduced by Hevner et al. [19]. For this, we orientated to the DSA
processes of Conboy, Gleasure, and Cullina [8] and Peffers et al. [30] as well
as to the recommendations given by Gregor and A. Hevner [17]. Hence, the
remainder of this paper is organized as follows: In the next section, we review the
related literature and which analytic tools have already been introduced in ITS.
In section 3, requirements for the IT-artifact are derived, and the architecture
of EAT is presented. Particularly, as the analyses of EAT are not restricted
to a special kind of exercises, a general representation of e-learning exercises
has to be developed. Additionally, some technical solutions are chosen. section 4
introduces the IT-artifact in detail which is evaluated in section 5 by interviewing
16 lecturers. The paper closes with a discussion of the results and an outlook on
future developments.

2 Related Work on Intelligent Tutoring Systems

2.1 Structured Literature Review

For the structured literature review [38,39], we developed the relevant key terms
for the search string and identified the database for our structured literature
review in the first step. In the second step, we run the literature review with the
following search string for published journal papers and conference proceedings
between 2010 and 2021: “(“Intelligent Tutoring System OR Learning Analyt-
ics (“Intelligent Tutoring System” AND “Learning Analytics”) OR (“Learning
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Analytics” AND “Dashboard”) OR (“Intelligent Tutoring System” AND “Dash-
board”) OR (“Intelligent Tutoring System” AND “Education”) OR (“Learning
Analytics” AND “Education”) OR (“Intelligent Tutoring System” AND “Feed-
back”) OR (“Learning Analytics” AND “Feedback”) OR (“Dashboard” AND
“Education”)”. In total, we identified 393 publications. After excluding dupli-
cates and non-peer-reviewed papers, the analysis of title and abstract reduced
the number of papers to 64 that were read entirely. Of these 64 papers, only 16
papers are relevant for our study. An additional backward and forward search
found four additional publications leading to a total of 20 relevant publications.

2.2 Literature Discussion

Former studies investigated the application of an analytics tool for e-learning
exercises in different courses like math courses [1,20,28,42], information system
courses [3,4,9,21], computer science and programming courses [2,10,16,18,23,32]
and general science courses [6,7,11,13,25,26]. However, all studies used generic
KPIs for the analysis like the number of participants, downloaded course ma-
terial, the number of text messages between students [4,16,32], usage of group
work or comment options [6,7,10,16,23,32,42], students course working activity
in hours, the processing time for an exercise, results (correctness) of students
submission, or the number of code posts or commits [10,23]. Although such
generic KPIs are applicable for different courses or exercises, none of the former
studies investigated this aspect of aggregation but solely on one single course.

Furthermore, former studies neither tried to analyze the content of student
solutions nor utilized flexible adjustable metrics (e.g., drill-downs). Subsequently,
analyses of multiple exercises types (e.g., Excel, SQL) also do not exist. In con-
trast, EAT focuses on the content of student solutions and analyzes for example
the different parts of a submitted SQL query. This helps lecturers identify typi-
cal mistakes like students’ misunderstanding of the GROUP BY clause. Instead,
platforms of former studies can only sort students’ results according to their exer-
cise performance (pass or fail) [1,2,4,7,10,11,13,18,20,21,28,32,42], filter exercises
which create the most problems generally [20,42], caclulate average performance
of students regarding the exercises [20,42], count the number of trials, or show
the course progress of students [2,4,13]. Only two studies [10,18] utilized a more
sophisticated approach to forecast the students’ final result based on their cur-
rent course performance.

3 Objectives, Requirements & Architecture

3.1 Objectives

The main goal of EAT is to support lecturers with useful information about their
courses and to provide them with a flexible analytics tool with which it is possible
to examine the content of student solutions in depth. An EAT shall help lecturers
to get a complete picture of students’ knowledge and summarize the evaluation
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and assessment of student solutions. The assessment of student solutions (e.g. by
running SQL queries on test databases, comparing the structure and formulas
of an excel sheet, or executing unit tests on student programs) is not done by
EAT but provided to EAT by the underlying ITS.

In more detail, the requirements can be distinguished into general require-
ments and specific analysis abilities. The general requirements comprise usability
and technical factors. An ITS should be user-friendly, ease of use and simple [24].
But, usability does not only mean that the tool is easy to use but content wise
that it delivers immediate benefits for the lecturer with standard analyses (e.g.,
overview of processing rates of exercises) which answer typical questions of the
lecturer (see section 4.1). Often, standard analyses can be tailored with the help
of further parameters. But too many such parameters make a frontend confus-
ing. Hence, parameters should initially be set to useful default values. Only in
a separate display, additional parameters should be adaptable. (For similar rea-
sons, almost all search sites have a standard search and an advanced search [40])
Then, individual, flexible in-depth analyses can start from this second display on
[32]. Like business information, e-learning data and the according in-depth anal-
yses can become very complex ([5], p. 113). Also, the data volume is quite big.
During one course, it is not uncommon that several ten thousand data sets are
generated. Hence, suitable methods are necessary to cope with this complexity.
Business Intelligence (BI) has brought up several techniques like Pivot Tables
and Pivot Charts with which it is possible to summarize, analyze, explore, and
present complex data accordingly. Therefore, an EAT for ITS should orientate
to these well-established methods (see section 3.2) in order to ensure acceptable
performance of analyses within a few seconds ([5], p. 112).

This also helps to deal with different exercise types. The EAT presented in
this paper is not bound to one but several types (e.g. SQL, Excel, mathematics).
Thus, the user interface, the underlying analysis architecture and data structure
have to be generic so that different data can be stored, processed and analyzed.

The specific analysis abilities concern the content of analyses, i.e. what kind
of information should be provided so that lecturers are supported in the teaching
task. Besides a quick overview of what happens in courses (e.g.[7]), answers to
the following questions are frequently demanded.

– Which mistakes occur most often? What is the share of students who un-
derstood the topic? [20,42]

– How many attempts and time do students need for solving an exercise? [7]
– How many students have solved which exercises? Which are difficult? [20]
– What are the expected (final) results of students based on their current

performance concerning the exercises? [10,18]

3.2 Evaluation Platform Architecture

A main requirement for the analytics tool is to deal with different kinds of exer-
cises. This can be compared with an integration of different information systems
into one analytics solution. In both cases, the data of the different sources may
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differ greatly. Therefore, a generic architecture is needed with which it is possible
to incorporate all the different data from different sources. A common approach
to solve this problem is to use a reference architecture. However, in the area of
learning analytics, we only found the concept of a value chain [34] which does
not suit the needs of EAT.

Therefore, we employ a so-called data warehouse used for BI systems to get
a single point of view (SPOT) combining all relevant data. A common reference
architecture for BI systems is described in [33]. It consists of so-called source
systems, a data warehouse system and a BI platform for data analyses. The
source systems are the systems that generate the data to be analyzed. The data
warehouse system is composed of four layers. First, incoming data is loaded
from a staging area and restructured/corrected in a cleansing area before being
stored in a core in a subject-oriented manner. In preparation for evaluation data
is aggregated and stored in data marts. In addition, the architecture consists of a
meta-data manager that stores information on all operations with a timestamp.

Comparing the BI reference architecture with our use case EAT, the source
systems are represented by the different exercise types which are realized by
so-called checkers in the underlying ITS. These contain the business logic for
assessing student exercise submissions and provide the results in a database.
APIs to the ITS are the staging area in EAT. The cleansing area has the goal to
prepare the data. In other words, the process consists of two core aspects. The
first is the detection and correction of defects within the data. Much more im-
portant is the second point, the transfer into a generic data schema. Technically,
the cleansing area of a BI system and EAT is very similar.

The part of EAT corresponding to the BI core is the database where all in-
formation is stored. The data scheme is depicted in Fig. 1. Exercises belong to
courses which lie in the responsibility of lecturers. Students can submit solutions
to an exercise. As exercises can be of different subjects (e.g. SQL, Excel) with
different structures, solutions (i.e. submissions) to an exercise are generically
deconstructed into their basic parts, called attributes. Attributes are subject
specific. In the case of SQL exercises (e.g. “SELECT * FROM employees”), a
possible attribute can represent the table names of an SQL query. Thus, the
characteristic “attribute” of the class “Attribute” gets the value “tables”. The
tables that are really used in a solution are then stored in the characteristic “val-
ues”, in our example, characteristic “value” has the value “employees”. Whether
the attribute can be used to get a valid solution is stored in the ”status” field.
This helps to analyze if parts of solutions are correct or wrong. With this de-
construction of exercise parts, it is possible to represent different exercise types
within the model and to analyze the exercises then in a unique way.

The counterpart of data marts in the BI world, is the analytics level of EAT.
First, analysis-related subsets are extracted from the core and made available.
Aggregated key figures are calculated in order to make them instantly available.
As is also common in BI systems, there is also a metadata management in place.
This is important, for example, in order to record the checker versions used to
evaluate the student solutions. In this way, the evaluation of student solutions
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Fig. 1. Generic Data Model

can be updated if a better checker is available. Furthermore, the evaluation data
is considered as a so-called slowly changing dimension of Type 2 where a BI
system stores history data on all information. In doing so, the progress in the
checkers can be analyzed, too.

3.3 Capabilities for an E-Learning Analytics Tool (EAT)

For the realization of the functional requirements, several technical solutions
already exist that differ in several aspects. Therefore, the following technical
requirements have been set up to choose an application that suits EAT:

Embedding. The application should be able to be integrated into an existing
web application in order to be able to use EAT within the ITS.

Customizing. In particular, it is important that the graphical components
can be adapted to the existing design in the ITS system. In addition to visual
integration,the product must be technically integrable into the existing frontend.

Data volume. Various interface options should allow for the connection
of any data source. Data size should not be a limiting factor in any way that
confines the usability of potential data sources.

License model. The application should be free of charge as this increases
the attractiveness and usability and because the existing ITS is also open source.

Functional requirements. The application should enable the graphical
display of data, the visualization in the form of tables as well as complex filtering
without having to resort to other applications.

Based on these requirements, KNIME (Individual)1, Grafana (Free)2, Plot-
lyJS3, ChartJS4, WebDataRocks5, and Plotly Dash6 were analyzed to evaluate
their usage for EAT. Any available paid functions were not taken into account.

In particular the license model is a limiting factor. KNIME and Grafana can-
not provide the desired functions in the free variants. Since PlotlyJS and ChartJS

1 https://www.knime.com/
2 https://grafana.com/
3 https://plotly.com/javascript/
4 https://www.chartjs.org/
5 https://www.webdatarocks.com/
6 https://plotly.com/dash/

https://www.knime.com/
https://grafana.com/
https://plotly.com/javascript/
https://plotly.com/javascript/
https://www.chartjs.org/
https://www.webdatarocks.com/
https://plotly.com/dash/
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are only charting libraries, these must be supplemented by a table function. Web
Data Rocks could serve as such a table tool, but due to the limited data size
it represents a bottleneck so that these combinations are excluded from fur-
ther considerations. PlotlyDash provides all requested features. It is a low-code
framework programmed with Python. Being not an application, additional pro-
gramming efforts result. Nonetheless, this has a positive effect on customization.
Despite being a free version, there are no limitations on the amount of data.
These large quantities can also be processed efficiently and in real time. The
Dash DataTable module enables pivot tables to be displayed, which offer a sec-
ond form of analysis in addition to the integrated graphics. The development of
the prototype is therefore carried out in Plotly Dash.

4 The E-Learning Analytics Tool (EAT)

4.1 Dashboard for General Information

The first part of EAT consists of a dashboard where standardized information
about courses is presented in a Pivot Table and via a Pivot Chart (see Fig. 2). In
the first step, the course(s) and the exercise(s) have to be selected for the analysis.
Then, a key figure is chosen and the details of which are displayed in the Pivot
Chart. For simplicity, data is not displayed in a time series. Instead, the analysis
can be restricted to different time periods (number of attempts, date, semester
week) with the help of a slider. This helps to check exercises done during a lesson
or to monitor the learning progress during a semester by changing the slider and
observing the changes in key figures. The key figures below are supported.

Processing rate, average attempts and facility index. These key fig-
ures are presented in a matrix showing students (possibly grouped by tutorial,
degree program, etc.) in the rows, exercises (possibly grouped by learning target,
issue time, etc.) in the columns and the key figures in the cells. At a glance, you
can see which exercises are solved by which students and how many attempts stu-
dents have needed. Student and exercise groups in the matrix allow us to focus on
different tutorial and learning goals, respectively. The difficulty index is defined
similarly to [15] as the ratio of correct to incorrect submissions. This provides
lecturers with an indication if exercises have an appropriate level of difficulty.

Earned points and grades. The gradings of the student solutions are also
shown in a matrix. Exercises can be subdivided into mandatory, voluntary, and
bonus exercises as well as grouped by learning goals, weekly, etc. Moreover, rules
can be set up to define when an exam admission or course is passed. For each stu-
dent, the grading overview shows the result from evaluating the rules and summa-
rizes the points in one exercise group, but one can also see the detailed points.

Typical errors. To identify typical weaknesses of students and to be able
to align a course more precisely to the individual students, lecturers can have a
look at the frequency of errors students made when solving exercises. The errors
investigated in the dashboard are specific to an exercise type like SQL or Excel.
They correspond to the attributes described in the previous section. For each
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Fig. 2. Dashboard

selected exercise, a bar chart is generated, displaying the percentage of errors
for each attribute. There are various additional parameters for better insights.

4.2 Flexible Analytics Board

The Flexible Analytics Board (FAB) allows lecturers to dive deeper into the
data than it is possible with the dashboard. Similarly to the dashboard, filters
can be defined for courses and exercises. Additionally, it is possible to use filters
on subject-specific characteristics. The example shown in Fig. 3 shows a flexible
analysis for SQL exercises where the possible SQL-specific attributes are dis-
played as filters. For Excel, attributes such as specific operators (e.g. sum) are
displayed. Regardless of the subject-specific exercises, the various attributes can
be moved to a so-called background filter or to the columns.

Background filter. By adding a background filter, it is possible to set con-
ditions for the displayed data. For example, all erroneous GROUP BY-clauses
can be filtered on the condition that the used STRING-comparisons are cor-
rect. Thus, attributes GROUP BY and STRING are placed in a background
filter. Another background filter is the possibility to filter by the attempts (e.g.,
consider only attempts 1-3) or by time aspects. This is done similarly to the
dashboard but displayed in Figure 3.

Columns. Attributes can be further analyzed with the help of a bar chart.
If one attribute is selected, one bar displays the number of correct and another
one the number of incorrect student solutions. If several attributes are included
as columns, there is a bar for each possible combination of the attributes.

To analyze the data in more detail, it is possible to drill down to the concrete
entries behind one of the bars. To do this, the bar must be clicked (first bar in
Fig. 3), whereupon a table opens with all concrete student submissions. Also,
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checker related information can be provided that is specific to a particular type
of exercise. Concerning SQL queries for example, the checker compares the result
set of a student’s SQL query with a correct query in a test database to check
the correctness of the student’s SQL query. These result sets can be displayed.
Such data is also generated during other subject-specific exercises. For example
in Excel exercises, consequential errors are analyzed to identify the source of
the problem. The goal is to provide the lecturer with further information at this
point, which has been generated by the subject review. Typical use cases are:

Classify typical solutions. Students often make the same mistakes. To
know these mistakes is a prerequisite to react and explain the according topic
during courses. With the help of the FAB, it is possible to isolate these typical
errors by filtering the solutions with a combination of different attributes. For ex-
ample, Figure 3 shows that students make frequent errors on the Joins attribute.
Digging deeper and looking additionally at the tables used in a query, the join
mistakes also appear when the correct tables are used. Hence, a misconception
of the join clause is quite likely

Focus on important errors and hide unimportant errors. Student
mistakes stem from different causes. While some mistakes reveal a lack of under-

Fig. 3. Flexible Analytics Board
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standing of the general concepts, some mistakes are read or transcription errors.
To distinguish between these categories, solutions can be filtered by fixing the
value of an attribute and moving this attribute to a background filter. Looking
again at the example in Figure 3, before focusing on the join operator, it should
be clear that the correct tables are used in the SQL query. Otherwise, the join
operator can hardly be correct without using the correct tables. Thus, it makes
sense to set tables to ”correct” in a background filter before analyzing the joins.
In the field of Excel, this function can help to detect the source of errors in case
of subsequent errors.

Show concrete solutions and/or explanations. Often, mistakes can eas-
ily be seen when looking directly at the student solution. Hence, for SQL, the
comparison between the result sets on the test database of a student solution
and a correct solution can be very helpful. For Excel, the incorrect fields should
be shown with additional information. This includes, for example, a comparison
of the dependency structure in the student solution and a correct solution.

5 Evaluation

Following the design science approach, we evaluate the validity and utility of
our proposed artifact [17]. The evaluation was conducted in two ways: First,
we collected lecturers’ comments regarding the artifact with a semi-structured
group interview [12]. The group interviews were conducted by two researchers
and lasted 10 between 20 minutes. In each interview, five lecturers participated.
Five interviews were conducted online via zoom and seven in presence. Second,
after the group interviews, each participating lecturer was invited to fill out the
standardized questionnaire regarding the perceived usefulness and value of the
artifact. In total, 16 lecturers from two different modules (business administra-
tion and information systems: 4; database systems: 12) participated in the group
interviews and the questionnaire.

In the group interview section, the lecturers were asked to evaluate their ex-
pectations and personal options regarding EAT. Generally, the lectures demand
the provision of a good overview of EAT (e.g., to see the submitted exercise or
processing time of each student for each exercise). They also expect a high level
of ease of use so that their interaction with the artifact is clear. Lecturers want
to make only a few settings (e.g., select filters) to analyze students’ exercise so-
lutions. Hence, aside from usability, EAT should help them to quickly analyze
students’ submissions. Moreover, lecturers want to analyze exercises according
to the level of difficulty with an accurate error display. In particular, they highly
expected a detailed analysis of students’ typical mistakes to promote students’
learning progress. Additionally, the lecturers also expected that the EAT should
be suitable for various courses at the university.

Most of the interviewed lecturers have a positive opinion about the EAT (av-
erage score for each statement of the questionnaire in parentheses). The lecturers
assessed EAT as useful in general. They agreed that the dashboard interface is
intuitive (3.6) and not overloaded with information (4.2). Moreover, they con-
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sider the interface as easy to understand (3.7). In their eyes, EAT provides a
good overview which helps to identify what needs to be improved in the learning
content and in optimizing existing exercises (average 4.2). They regard EAT as
being useful for tracking students’ learning progress so that they can determine
how they can help students to improve their learning outcomes (3.8) and indi-
vidually give students more efficient feedback related to their learning situation
(3.6). The lecturers valued the flexible filtering options like filtering for students’
attempts or the time period (e.g., the third week in a course) as being useful
to carry out flexible analyzes for individual students or tasks (3.6) and to bet-
ter understand and evaluate the solutions that have been submitted (4.2) (e.g.,
detailed filtering for part of an SQL query). Nevertheless, criticism was also ex-
pressed, namely the missing design aspects (e.g., front, labels unclear), or the
inappropriateness of the color scheme for people with red-green color blindness.

6 Conclusion

To answer our research questions, we developed an IT artifact (EAT) that aims
to analyze different kinds of exercises. Following the design science approach,
several iterations of design, development, and evaluation have been run through
leading to a gradually improved system according to the needs of lecturers.

Concerning RQ1: Which kinds of analyses of student solutions are useful for
lecturers?, the results of our two surveys show that standard analyses as well
as flexible analytics options are expected and valued by lecturers in equal mea-
sure. With regard to standard analyses, this aligns with former studies which
highlighted the necessity of a good overview with exercise-related information
like processing time, results (correctness) of students’ submission [10,23], sort-
ing students’ results according to their exercise performance (e.g., [1,2,4,7]) or
counting the number of trials [2,4,13]. In contrast, flexible analytics options have
been investigated for the first time and were considered as highly practical and
helpful. Lecturers valued the possibility to better assess their students’ domain
knowledge (e.g., what the students need to know) and in particular the flexi-
ble filtering option. This helps lecturers to understand students’ mistakes better
and subsequently to tailor their feedback on students’ performance and how to
proceed, which is extremely valuable for the student’s learning process [22].

The answer to RQ2: How can such analyses be realized in a generalized ana-
lytics tool? consists in the usage of a reference architecture that is derived from
BI applications. Already one kind of exercise like SQL is composed of a variety
of elements, not to speak of several kinds (see RQ3 below). In addition, different
courses contain a plethora of different exercises. To successfully cope with this
situation, the BI concept was employed to the e-learning analytics tool. For this,
a generic data schema was developed which disassembles exercises into their
basic parts. This not only allows general analyses of exercises on a dashboard
concerning average attempts, processing time, or facility index for example like
in many other e-learning tools [1,2,4,7,13,18,20,21,28,32,42], but also analyses of
the content of students’ solutions with the help of a flexible analytics board. For
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the first time, profound analyses of student mistakes are possible with the help
of drill-down functions.

With regard to RQ3: How can different exercises be analyzed in a unified
way?, a side effect of the generic data schema is that the analytics tool is not
bound to a specific kind of exercise but can cope with different kinds like SQL,
Excel, or mathematics. The reason is that the exercise structure is disassembled
into its basic parts and generalized. These basic parts are called attributes. For
example, in SQL exercises, the joins are an attribute while in Excel exercises an
attribute may be the color scheme of cells. This approach opens the analytics
board to a variety of exercises. Each exercise type just needs to be decomposed
into its parts. Integrating EAT into ITS creates a single touchpoint for lecturers.
Student submissions are collected and evaluated within a single tool. EAT re-
lieves lecturers from a huge amount of recurring standard tasks with the standard
and flexible analyses. It accelerates the evaluation process of student submissions
as submissions are automatically assessed by the ITS and lecturers can directly
make use of the analytics functions to intervene in a course’s learning process
and improve their teaching. The flexible analyses enable tailored feedback to
single students and the whole course. This in turn improves students’ learning
outcomes and empowers them as self-regulated learners.

Future developments concern lecturers as well as students. For students, noti-
fication functions are planned which remind students to keep up with their learn-
ing (e.g., continue with your course-related exercise) or which highlight knowl-
edge gaps (e.g., “you need to improve your understanding of the GROUP BY
clause”). Additionally, due to the positive effect of learning partners [41] a rec-
ommendation function for possible learning partners shall be integrated which is
based on students’ performance. For lecturers, downloads of anonymized reports
shall be available that can be used for example in lectures to show and discuss
common mistakes (e.g., If function problems in Excel). Regarding the limitations
of our study, first, the data sample revealed vital aspects for the development
of our tool, but is also small and needs to be increased in future research. Sec-
ond, we only interviewed lecturers from the information system context. Future
studies should include lecturers from different subjects like mathematics.

References

1. Aleven, V., Xhakaj, F., Holstein, K., McLaren, B.M.: Developing a teacher dash-
board for use with intelligent tutoring systems. technology 34, 44–50 (2010)
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