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Abstract—Nowadays, instructors apply a large variety of learning method-
ologies to help learners to achieve the learning outcomes and to assess the
knowledge acquired across the course. Formative and summative assessment
models are mainly applied in multiple combinations independently of the learn-
ing environment (on-site, online or blended). When we move to an adaptive
learning, the adaption tends to be in the learning process (learning path, activi-
ties, educational resources) mainly related to formative models but little
adaption can be found related to summative models and very restrictive. In the
latter case, grade formulas depending on performed assessment activities are
typically defined to provide a personalized learning process. In this paper, we
introduce the basis of an innovative personalized summative model based on
learner's preferences and effort. Although this model conceptually may allow
passing a course without evaluating all learning outcomes, it is not far from
conventional summative models where a certain grade is required to pass the
course and the learner may not have acquired all the knowledge taught in the
course. The paper introduces the model and it also analyses an opinion survey
on instructors and learners.

Keywords—adaptive assessment, summative model, personalization, learner's
preferences, student’s effort

1 Introduction

In the European High Education Area (EHEA), the instructional process is recom-
mended to be based on a continuous assessment model: Students learn the different
topics through all the course, and they are assessed with different learning activities
and not only with a final exam. This methodology contributes to better acquire the
learning outcomes since there is a continuous learning process during the course.

The previous statement is the recommended model and it can be achieved by fol-
lowing a formative model. In this type of models, learning outcomes, skills and
competences are continuously evaluated to assess the knowledge acquired by the
student and, therefore, continuous feedback can be provided to improve student’s
knowledge. For instance, rubric-based assessment [1] can be used to obtain a score of
an activity based on learning outcomes.
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However, most of the applied formative assessment models are combined with a
summative model due to the complexity to evaluate a learner only by competences
acquisition and to include some final validation (i.e. final exam). In this hybrid mod-
els, the summative model aims to grade students by adding several assessment activi-
ties during the course and a final validation, and the formative model helps to improve
students' knowledge by providing continuous feedback based on their ongoing per-
formance.

In this paper, we focus on a novel standalone summative model based on student’s
preference and by considering student’s effort. Note that, this model is compatible
with any formative model to boost the instructional process. The motivation comes
from online learning where there are virtual learning environments (VLE) that allow
customization of the learning process, such as the interface presentation or the learn-
ing path [2][3][4]. The grading system tends to be hardly specified by instructors and
very constrained regarding how to calculate the grade of the learner. Moreover, stu-
dent’s effort is commonly not considered since each learner needs different effort to
acquire the same outcomes or competences. In those models, learners tend to adapt
their learning progress based on how they will be evaluated through the course. The
new approach proposes to flip the adaption. The student is not conditioned by the
summative model. By the contrary, the assessment model is adapted based on her own
learning preferences and by considering the effort invested on the course. That is,
each learner may have a different grading model based on her preferences and exerted
effort.

The paper is organized as follows. Section 2 analyses previous work on assess-
ments models and effort estimation. Section 3 focuses on the learning perspective of
the model and Section 4 introduces the mathematical foundations of the Personalized
Summative Model. Section 5 shows the data structure designed to store the
knowledge representation of the model. Finally, Section 6 performs a qualitative
analysis of the model by analyzing instructors’ and learners’ opinions, and conclu-
sions and future work are presented in Section 7.

2 Related Work

In this section, previous work and a motivation example are presented. First, a brief
literature review is performed on hybrid assessment models. Next, different method-
ologies to evaluate student’s effort are described. Finally, the motivation example is
presented.

2.1 Assessment Models

In the literature, we can find many case studies and methodologies that apply
summative [5] and formative [6] assessment models. If we focus on hybrid models
that combine both models, interesting approaches are found. Authors in [7] reviewed
instructional design models and compared them to instructional strategies in online
courses and proposed a hybrid model to integrate constructivist and objectivist ap-
proaches with the instructional design. Another model was proposed in [8] using
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multiple-choice assessment. Here, authors designed a new formative model using
multiple-choice activities commonly used for summative models. Additionally, they
described the advantages of multiple-choice test on formative assessment. In [9], a
model for K-12 education level was proposed based on CBAL (Cognitively Based
Assessment of, for, and as Learning) theory. This hybrid model aims to assess what
students have learned and facilitates the instructional process. Other models were also
proposed for final project evaluation [10], gamification [11] and evaluation of tech-
nical skills [12].

There is some discussion related to summative models whether they can be used
standalone to provide a successful learning experience [13][14]. Authors in [15][16]
analyzed particular courses where a summative model was applied and they conclud-
ed that they could be used to estimate student's knowledge and performance properly.

As far as we know, few personalized summative models have been proposed. Per-
sonalization is tended to be applied in the learning process. Authors in [17] described
a customizable model for undergraduate students and a similar model was proposed in
[18] for learning programming. Even a generic functional model was proposed in [19]
to adapt the assessment.

2.2 Student’s effort and measurement

The model proposed in this paper allows model customization based on student’s
effort. That is, the level of customization depends on the progression of the student
and the effort she exerts during the course.

Here, the first handicap of the model appears: How is the effort evaluated? The ef-
fort is not a standard measure and each learner needs different effort to acquire the
same learning outcome. The effort has been analyzed widely in the past decades and
different research studies have been performed.

In the University of Benedict College (Columbia, USA), a policy combining effort
and knowledge assessment is applied from 2004 [20][21]. The summative model
takes into account both measures (knowledge and effort grade) in different proportion
on first (40%, 60%) and following students (60%,40%). The author concluded higher
effort contributes to get better grades and better knowledge.

In [22], a study in grading preference was done in physical education. The experi-
ment concluded that teachers mainly preferred students who showed high effort com-
pared to students with excellent physical abilities.

Previous models seek to maintain the engagement of students through all the
course. Maintaining continuous engagement reduces dropout and the time spent in the
course contributes to acquire knowledge. Authors in [23] evaluated how self-
regulation could also affect knowledge acquisition. They found evidences revealing a
positive relationship between engagement, effort and classroom performance on self-
regulated students.

Effort can be measured using different strategies as we describe next:

* Time spent studying (or time on task) is an easy estimation. Here, different
evidences have been used to collect the effort: student’s self-reports [24], the
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period of the week (i.e. daily or weekend) [25], class attendance [26], consistent ef-
fort across semester [27].

* Time off task [28]. Inversely, this estimation evaluates the time spent on the activi-
ty when the student is thinking about other tasks. If a student has a high time off
task in one activity, she will feel that the task requires less effort.

* Mental effort [29][30] is defined as the amount of capacity or workload used by a
learner to achieve a learning outcome. Note that, this effort is unrelated to time on
task since mental effort evaluates the perception of the learner. This effort is also
typically measured through learner’s reports.

As we can observe, all these measures are subjective. There is no standard evalua-
tion scale. However, it can be used to create a custom scale that can help to assess
student’s effort.

Other validation experiments analyzed previous measurements with the acquisition
of learning outcomes [31][32]. Significant results were found distinguishing different
student’s profiles depending on the goal objective (i.e. obtain the best score or pass
the course with the least effort). Another relevant conclusion is that all previous esti-
mations are directly related to the outcome acquisition.

The next section introduces a motivation example: A simple score-based summa-
tive model with a very limited customization.

2.3  Motivation example: Score-based summative model

In this section, we motivate the new summative model. Authors in [33] described a
score-based assessment system that combined formative and summative assessment
and it could be used to define a broad set of models based on the type of assessment
activities deployed on the course and the percentage of the score assigned to each
activity. For example, let us assume the next summative model:

FM = MAXIMUM (35% CA + 35% FP + 30% FE, 50% FP + 50% FE) (1)

where the final mark (FM) of the course is computed based on two different
models. The first one takes into account the continuous assessment (CA) activities
performed during the course, a final project (FP) during the last month of the course
and a final exam (FE). The second model only takes into account the final project and
the final exam for students that have not passed the continuous assessment activities.

In this model, the learner could decide in some way which learning model wants to
follow: a more formative one which is aligned with the different competences learned
on each unit of the course or a more summative one based on a final project and a
final exam that evaluate all the knowledge acquired during the course.

This type of adaption on the assessment model is very constrained. However, this
adaption can be enriched by increasing the number of possible customizations. In this
paper, we propose a novel summative model where the learner can select which activ-
ities she is interested in performing. Note that, the learner will be able to avoid even a
final exam depending on her preferences.
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However, the learner should have some limitations in this customizable model and
not all students should be able to select the same preferences. We have to preserve the
principal objective of the course from an educational point of view, that is, to acquire
the learning outcomes of the course. For this reason, we propose that the learner
should select the available preferences depending on previous effort or prior
knowledge proved during the course.

Previous to describe the foundations of the proposed model, we discuss the learn-
ing perspective of the model. That is, the items that can be customized and the
evidences that can be used to extract the effort exerted by the student.

3 Learning Perspective

This section puts emphasis on the learning perspective of the model. The customi-
zation items can be anything related to the calculation of the grade of students. We
have identified the next items and some justification for each one is also provided.

* To add extra points to assessment activities: This is a common customization used
on courses. When the learner performs some extra activities during the course, she
can be rewarded with extra points on the mark. On the learning perspective, we can
assume that the learner has reinforced her knowledge through the additional exer-
cises. Note that, a range of different points (i.e. 0,25, 0,5, 1, ...) can be defined de-
pending on the learner’s effort.

* To extend the submission date: The learner can extend on demand the deadline
when an activity must be submitted. On the learning perspective, this extension en-
ables the possibility to improve the activity, practice the skills, acquire the
competences, and get a better grade.

* To avoid an assessment activity: This is a more serious item. The student can de-
cide to avoid an assessment activity and, therefore, the grade calculation formula
should be readjusted based on the set of performed activities. Note that, the item
can be added to any activity, even the final exam. The effort cost should be adjust-
ed depending on the criticality of the activity in the assessment model. On the
learning perspective, the learner should prove previous to the activity that she has
acquired the knowledge addressed on the avoided activity.

* To avoid an exercise within an activity: This item is a particular example of the
previous one. On complex activities, the learner could decide to avoid a particular
question. The effort cost should be significantly less compared to the previous one
and, in this case, only the grade of the activity should be adjusted. Learning con-
cerns are similar to the previous one but they are less critical.

* To invalidate an activity already graded: A learner may not pass an assessment
activity and the final score can be highly affected due to the importance of the ac-
tivity on the assessment. A student could decide to cancel the activity and, there-
fore, to improve the final score. The cost effort should be less than avoiding the
activity since the learner has tried to perform the activity and she has practiced the
skills and competences assessed on the activity. On the learning perspective, there
are multiple concerns. On the one hand, the student may submit an empty activity
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and she can invalidate it with a less effort cost. On the other hand, the learner has
tried the activity and she has failed. Therefore, the competences have not been
completely acquired.

* To remove constraints in the final mark computation: In some summative models,
there are hard constraints that learner must fulfill to pass the course. For example, a
grade larger than a certain grade must be obtained from one activity to apply the
grading formula. These constraints avoid learners to pass even having high grades
in other activities. On the learning perspective, the learner proves with the extra ac-
tivities knowledge acquisition and if the learner has high grades in some activities,
we can assume that most of the competences have been acquired. In this case, the
cost effort can be less than avoiding an activity, since this item can be defined as a
safeguarding item.

* To see an assessment exercise within an activity previous to the publication date:
This item is interesting for activities with a limited time such as final exams.
Therefore, the learner could receive the statement of an exercise before the publi-
cation date to try to solve it. On the learning perspective, the student practices the
competences before the activity and, therefore, the objective to learn is also met. In
this case, the cost should be taking into account the points assigned to the exercise
in the activity and the cost effort assigned to items related to extra points.

* To change the type of assessment activity: Some courses deploy different activities
depending on the level of expertise or the average mark of the learner. Some activi-
ty can be more complex such as a final exam, and others can be less complex such
as a multiple-choice questionnaire. This item enables the option to change the type
of assessment activity on the fly even if the constraints to activate the less complex
activity have not met. The cost should be proportional to the type of activity (final
exam, continuous assessment activity, etc.). On the learning perspective, the
assessment objective of the activity is the same. Therefore, the same knowledge
will be assessed.

Note that, this list is not incomplete and more customization items can appear on
courses depending on the resources, the activities and the domain of the course. Some
of these items may alter the model significantly and it may have a high impact in the
grade computation. Therefore, the inclusion of limitations on incompatible items (i.e.
items that may generate an invalid model to obtain a score) is a good design decision
and it is recommended for all courses.

The evidences are also an important issue of the model. The instructors should de-
cide which ones related to the course can prove student's effort. Here, we summarize a
possible list. Similar to the previous list, more evidence may appear depending on the
context the model is applied:

* Non-assessment activities: In some courses, there is a list of exercises to practice
the contents of the course or some recommended task, i.e. to read some textbook.
These activities are not considered in the assessment, since they are recommenda-
tions in the formative part of the course. However, the student invests a significant
effort doing these activities and this effort can be collected.
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* Additional assessment activities: Some assessment activities can be defined to
practice some contents of the course, i.e. the use of a specific tool. The effort can
also be taken into account.

* Presence on communication channels and discussions: Some students are active in
the communication channels of the course, such as, discussion forums to ask ques-
tions and help other learners. This contribution to the collaborative knowledge con-
struction can also be collected.

This is a brief list that can be enlarged with further evidences. Instructors will need
instruments to collect them. Automated computer-assisted instruments can be used in
online and on-site learning. These tools are preferable since they reduce overheads on
manual administration tasks. However, simple instruments such spreadsheets or manu-
al reports could also be used.

This model can be hard to assimilate for instructors and it can be difficult to explain
to students. Instructors are used to define the grading model with some constraints. In
some cases, some extra points are rewarded based on the progression of the learner
during the course. The proposed model is an extension of the simple reward system of
giving points. A student can make an extra effort during the course such as practicing
different exercises and the summative model can be customized based on this effort.
Another concern in the learning perspective is that student can avoid assessment activi-
ties where some critical content of the course is evaluated. Therefore, instructors are
unable to assess this knowledge. Assuming a precise effort assignment for each item, if
the learner can select an item, this implies that the learner has invested an effort in
some parts of the course that should compensate entirely or partially the criticality of
the activity. Moreover, similar to other summative models, it is not mandatory to ac-
quire all the competences and learning outcomes of the course. Most of the models, a
mark larger than the half of the total points is sufficient to pass the course.

If we refer to students, the model can be described as a reward system based on
continuous assessment evaluation. More proactive students will be able to select some
benefits compared to learners that only perform the mandatory assessment activities.

4 Personalized Summative Model

After knowing which customization items can be applied and which evidences can
be collected, we are ready to define the personalized summative model mathematically.

As aforementioned, the objective of the model is to provide to the learner a custom-
ization method to add preferences on his summative model based on the effort exerted
during the course. The objective of this section is to introduce the model and define the
mathematical constraints.

The Personalized Summative Model (PSM) has two main components:

1. A set of customization items' (I) on the assessment. These items are related to all
the elements of the assessment and in all parts of the course. For instance, an as-
sessment activity, an exercise of an assessment activity, some extra points in some
assessment activity, among others.

' Hereafter, we will indistinctively talk about customization items and items.
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2. A set of evidences (E) that proves the effort exerted by the student. As we de-
scribed previously, not all students should have the same customization items.
Therefore, the model needs to capture the effort employed by the student regarding
evidences. An evidence can be any set of data that prove effort such as the evalua-
tion of an activity, meaningful messages in a discussion board or forum; or traces
of the learning material the learner has read, among others.

Based on these components, we can define some constraints onto the model.
Definition 1: Given a set of customization items I = {i;, i, ..., i, }, the compatible
customization item matrix M defines the set of compatible customization items that

can be selected for a model such that
1if i; A i; are compatible ?)
[ ]
The first definition defines the set of customization items and the relationship
among them. The matrix defines the set of items that are compatible among them and
it helps to avoid the selection of preferences that could generate an invalid model. For
instance, for the model of Equation 1, the matrix would set as incompatible the items
related to avoid the final project and the final exam.
Definition 2: Given a set of customization items I = {i;, i5, ..., i, } and a compati-
ble customization item matrix M, a learner can select a set of customization items
SI = {siy, siy, ..., Siy } such that,

Vm;;: E M:1<i,j<n A m--={
Y J Yo otherwise

Vsi;, si; € SIisiy,si; €1 Amj=1 AN k<n (3)

]
A learner should be able only to select items inside the model and only the compat-
ible ones. There is no point to select incompatible items, since the summative model
will be inoperative to assess the knowledge acquired in the course.
Definition 3: Given a set of evidences E = {e;, e,, ..., e, } and a set of completed
evidences by a learner SE = {se,, se,, ..., se,},

Vse; € SE:se; EE Ah<m 4)

]

Let us assume that we can generate evidences of the acquired learning outcomes,
skill or competences acquired by the learner. Similar to Definition 2, we specify the
relationship between the set of available evidences and the evidences triggered by the
student. Note that, these evidences can be specified in multiple ways with respect to
the competences of the course, one(evidence)-to-one(competence), many-to-one or
one-to-many. This correspondence should be created manually by defining all possi-
ble evidences of each course.

Previous definitions define the set of components the learner can collect but it re-
mains to define the relationship between customization items and evidences. Any
learner requires a certain amount of effort to acquire knowledge. This effort can be
applied on reading a learning material, by performing an assessment activity or by
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solving exercises not associated with any assessment of the course and it can be
estimated by using the techniques described in Section 2.2.

This effort can be associated with both components: customization item and
evidences. In a customization item, it can be seen as the equivalent effort a learner
normally invest to achieve the item. In an evidence, it can be viewed as the necessary
effort to complete or trigger the evidence.

Note that, the estimation of these efforts is not easy, it may depend on of the course
and it also should take into account the type of learner (i.e. a new learner or a repeater
do not need the same effort to complete an evidence [20]). This study is left as future
work. Here, we assume a manual assignment of effort to customization items and
evidences.

Let us assume that we have estimated the effort required to trigger each evidence
and the effort associated with each customization item. The following definitions state
that each evidence and customization item has an estimation effort coefficient.

Definition 4: Given a set of customization items /, there is a set of effort coeffi-
cients C; = {c;, ¢y, ..., C, } that establish the effort cost needed to select each customi-
zation item such that

[

Definition 5: Given a set of evidences E, there is a set of effort coefficients

Cg = {cy,Cy, .., Cy } that establish the effort cost needed to complete each evidence
such that

]

Note that, Definition 4 and Definition 5 can be applied to any set of customization
items and evidences. That is, they can also specify the set of effort coefficients for the
selected item and triggered evidences for a learner. The effort coefficients for the
selected customization items and completed evidences by a learner are denoted as Cg;
and Cg respectively.

Property 1: Given a set of customization items / and a set of evidences E for a
PSM model, a set of selected customization items S/ and a set of triggered evidences
SE for a learner, we can define the next constraint for the respective sets of effort
coefficients C;, Cg, Cg;, and Cg:

ZciSZciSZci<Zci @)

ci €ECgsy Cci ECsg Ci€ECE CiEC]

]

Property 1 specifies that the total effort associated with the selection of customiza-
tion items is less or equal to the total effort of the triggered evidences and, conse-
quently, to the total effort required to complete all evidences. Additionally, the prop-
erty also specifies that the total effort cost of all items of the model is always larger
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than the total effort of the selected ones. This last constraint (X, e ¢, ¢; < Xe;ec; Ci)
is crucial for the model since we clearly define that the model does not allow to select
all items. In other words, the model will have some incompatible items that cannot be
selected at once by a learner.

Property 2: Given a set of customization items / and a set of evidences E for a
PSM model with the corresponding sets of effort coefficients C; and Cg, we define the
complexity coefficient @ € [0 ... 1] such that

Z Ci<aZCiandVCiEC,:ciS Z Cj (8)

CiECE CiEC] C;ECE

[ ]

The complexity coefficient @ constraints the number of items that can be selected
from the model based on the total effort of all items. On values near to 1, mostly all
items can be selected (all items cannot be selected as stated by Property 1),
meanwhile for values near to 0, a small set can be selected. The second constraint sets
a lower bound for the total effort of evidences requiring that all items should be se-
lectable. That is, there is no item with an effort larger than the total effort of evidenc-
es.

Note that, this is a simple model that establishes a unique effort estimation through
the course. This implies that the acquisition of different knowledge is abstracted to a
unique effort value and this effort can be exchanged for any item (i.e. even items
without any relationship with the evidences which provided the effort). However, this
model can be extended to various effort estimations allowing a more complex model.
This second approach could refine the correlation between different effort estimation
and items.

Also, we can enhance the model by defining different coefficient efforts to each
learning outcome or competence. Different coefficient efforts can provide a more
fine-tuned model where evidences will be associated only with the set of customiza-
tion items related to the same learning outcome. However, we consider that these
more complex approaches at this stage of the research are out of the scope.

5 Data Structure Information

This section describes the data structure for storing the information proposed for
the personalized summative model. Note that the design has been performed from
scratch based on the necessary knowledge to be stored. The proposed structure con-
tains the minimal information required to collect all the completed evidences and
select the desirable customization items.

A UML representation can be seen in Figure 1. The model has been designed simi-
lar to a payment transaction system (i.e. banking system) where the currency is the
learner effort. The main entity is transaction that can be seen as the effort account of
the learner. It is the responsible to store all the customization items and evidences that
a learner has selected and completed respectively. The entity stores each transaction
the learner performs and it keeps the balance of the available effort. Note that, the
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available effort is restricted to be always positive. The model facilitates the tracking
of the effort by assigning a positive effort to evidences and a negative effort to the
customization items. Thus, a positive effort on transactions denotes effort acquired by
completing evidences and not yet consumed by selecting customization items.

Transaction
Learner < belongsTo [date operation : Date performedbBy > Item
— -modified effort : int -name : string
name : string 1 + |-available effort : int 0.* 1 |-coefficient effort : int
-maximum effort earned : int
Evidence Customization item
1
. : 0. ]
isAssociatedWith > isEvidenceOf > islterhOf > <|sCompdtibleWith
1
Course
-name : string
1 -complexity coefficient : float

Fig. 1. Data structure of the Personalized Summative Model

A transaction belongs to a learner and it is associated with a course. Thus, a learner
can have different active PSM models but each one is associated with a unique
course. Note that, a transaction can be only performed by two types of items: customi-
zation items and evidences and they have an associated coefficient effort as we de-
fined in the previous section. Note that, the model also stores the compatible set for
each course using the is compatible with relation.

Finally, each evidence is evidence of a course and a customization item is item of a
course. These two relations help to specify the set of evidences and items for each
course. Here, we assume that evidences and items are different for each course and
this assumption simplifies the model significantly when the effort is assigned to each
item. Although evidences and customization items can be similar across courses, if
we assume that they are different, the effort assignment is set to each item individual-
ly. The course entity also defines the complexity coefficient to limit the maximum
effort that can be achieved by triggering evidences and the transaction entity keeps the
maximum effort earned by each learner to facilitate the checking of the constraint.

Currently, the model does not store relationship with learning outcomes. We as-
sume that the manual definition of evidences subsumes the set of learning outcomes
of the course implicitly.

6 Analysis Opinion Survey

The PSM model has not been yet implemented since an analysis of the customiza-
tion items and evidences that can be applied should be performed prior to their utiliza-
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tion. Similarly, the effort estimation must be further analyzed. Moreover, depending
on the context of the course (online or on-site), a system should be designed and de-
ployed to facilitate the utilization of the model.

At this stage, we have performed a qualitative evaluation of instructors’ and learn-
ers’ opinion as potential users of the PSM model. Precisely, different surveys have
been used. Instructors are queried about the potential of the model and learners are
questioned based on the set of items we have defined in the previous section.

6.1  Survey to instructors

For this purpose, a survey was performed to give an opinion of the new model. The
Likert scale was used ranging from 1 to 5, being the larger value five meaning that
they strongly agree with the statement. At the end of the survey, there is also an open
question to gather critical comments and valuable opinions not collected in the previ-
ous statements.

The statements were the following ones:

. The model is conceptually easy to understand.

. The model can be used in a higher education context.

. The model can be easily deployed on a course.

. The proposed customization items are easy to understand.

. The proposed customization items are acceptable based on the learning perspec-
tive.

O N S R O R

The survey has been performed on ten teachers of courses related to high education
courses in Computer Science. We are aware that it is a too small sample and a large-
scale survey should be done to obtain conclusions. The objective of this short survey
was to get first impressions of the new model and detect advantages and drawbacks to
improve it. An extensive survey is planned as future work. Results are summarized in
Table 1.

Table 1. Results of the instructor's survey (1 to 5 scale, 5 is better)

Instructor
Statement Avg.
1 2 3 4 5 6 7 8 9 10
1 4 5 4 3 5 4 4 5 4 5 4,3
2 5 5 5 4 5 5 5 5 4 5 4,8
3 3 4 3 2 4 3 4 4 1 3 3,1
4 5 4 5 3 5 5 5 5 3 5 4,5
5 4 5 5 3 4 4 4 5 3 4 4,1

The first statement evaluates the complexity of the model based on the objective of
the model and the mathematical constraints. Instructors agree that is easy to under-
stand.

The second statement evaluates the perception whether this model can be applied
in a high education context. All instructors agree with the statement. On the open
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question an instructor argues that it should be interesting to describe how the model
can be combined with a formative model to boost the instructional process.

The third statement obtains the lowest rating. At this stage the instructors do not
see clearly how they can apply this new model to a course. In the open question, they
argue different concerns: 1) it is hard to define the customization items and the
evidences. 2) there is no instrument to estimate the effort cost of the customization
items and the evidences. 3) The effort is subjective and it can be overestimated or
underestimated for different items and evidences and for each learner.

The fourth statement evaluates the complexity of the defined customization items.
The instructors mostly agree with the statement that they are easy to understand.
However, in the open question, there is a concern related to how some of them, such
as cancel an activity or an exercise, can really be managed during the course. Also, an
instructor found a pitfall in the customization item “to cancel constraints”: A learner
can submit an empty exam equivalent to avoid the exam with less effort.

Finally, instructors partially agree that the customization items can be acceptable
based on the learning perspective. There is a concern in the open question related to
which learning implication has that a learner can avoid or cancel an activity. Is it
acceptable? or has the learner to prove (be assessed) the knowledge in another way?

At this stage, we consider that this appraisal is acceptable. Instructors accept the
model as a possible one. However, they have several concerns that should be
discussed in the next steps of the research. A previous analysis should be performed
on courses since the customization items and the evidences have to be defined.
Although, the list described in the previous section cannot be applied straightforward-
ly, each course has particularities that imply that the list of available items and
evidences should be specifically defined.

Additionally, instructors need more instruments. In particular, they need specifical-
ly how to estimate the effort cost, how to manage the effort performed by each learner
and how to manage the selection of evidences for each student. These instruments
should be deployed by a specific system which should support the complete model.

6.2  Survey to students

Another questionnaire has been performed on students. The aim of the study is to
query which customization items will be preferred by the students since some of them
may not be attractive to them.

The survey has been performed on the course Computer Fundamentals of the De-
gree of Computer Science of the Open University of Catalonia that is a first-year
course with a large number of students (around 350 students per semester). The con-
tents of the course are related to the introduction of digital systems design.

The course is composed of three continuous assessment activities (CAA), one final
project (FP) at the end of the semester and an on-site final exam (FE). The CAA are
related to contents of numeral systems, combinational circuits and sequential circuits.
The final project is intended for practicing all the knowledge acquired during the
course to build a sequential circuit based on a finite state machine. Finally, the final
exam assesses particular knowledge acquired during the CAA.
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Table 2. Results of the student's survey (0 to 5 scale, 5 is better)

Average score for activity / item CAA1 CAA2 CAA3 AC FP FE
To add extra points (1 point) 1,3 2,1 3,0 3,6 3,9 43
To extend submission date (2 days) 1,5 2,2 2,8 - 3,6 -
To avoid an activity 2,0 33 3,5 0 4.4 4,7
To avoid 1 exercise within an activity 2,0 3,1 3,3 - 4,1 4.6
To cancel an activity 2,1 2,5 3,0 0 3,9 4.5
To nullify constraints - - - - 3,8 4,1
;li“g nsze; te:(elrc(;z; )statement previous publica 0 0 0 ) 0 40
To char_lge type activiﬁy (prpblem-based exam ) ) ) ) ) 49
to multi-choice questionnaire) ’

The final mark is computed based on Equation 1 where we can observe that the
continuous assessment (CA) is optional. However, the FP and FE are mandatory with
a minimum score of 4 points.

Here, the customization items defined in Section 3 have been distributed on each
activity. Note that, some items have been avoided since they were not applicable in
the activity, i.e. extension of the submission date is not applicable on an on-site final
exam since the exams are institutionally scheduled and this schedule cannot be modi-
fied. A Likert scale ranging from 0 to 5 has also been used, being the larger value 5
meaning that they strongly agree with the relevancy of the item; and 0 meaning that
the item is not relevant for the activity. For each item, the average score on the Likert
scale has been computed.

The survey has been introduced as an additional non-mandatory activity (not in-
cluded in the assessment of the course) at the end of the semester (near the submission
of the final project). Note that, at this stage of the course, learners know how the
course is distributed and the difficulty inherent in each activity (except the final exam)
and the final mark computation. Therefore, this experience is excellent to analyze
where customization items could be better deployed. The survey was answered by
143 out of 345 students (41%).

As we can observe in Table 2, learners give more importance to items on activities
that have more impact in the final mark computation, i.e. CA, FP and FE. This is a
consistent result. The objective of the item is to customize the summative model.
Therefore, students prefer to customize more complex activities that have more im-
pact on final mark computation. The more relevant item is to avoid the final exam
followed by avoiding one exercise of the final exam. To cancel the exam and to avoid
the final project are the following preferences.

Another interesting result is that some items are not relevant at all. To see an exer-
cise statement of a CA activity previous to the publication date or to cancel or not to
perform a CA activity are not selected by any student. Note that, not to perform the
CA is inherent on the grade computation formula described by Equation 1.

This survey gives first insights that these items are relevant for students. However,
we are aware that these results may differ from other courses and different final mark
computation models.
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7 Conclusions and Future Work

In this paper, we have presented a novel summative model based on learner prefer-
ences. Learners are able to customize their summative model based on their level of
engagement and effort during the course.

Mathematical constraints to build the model and the learning perspective of the
model have been described. Additionally, a survey to instructors and learners has
been presented to analyze first opinions about the new model and the defined custom-
ization items.

Currently, the model has many unsolved challenges. First, the effort should be es-
timated. The models presented in Section 2.2 can be used or even a combination of
them. A statistical model will be constructed as an instrument to estimate the effort
for each course efficiently. Evidences should be carefully defined since they may
have different formats or unstructured and their collection should be analyzed. Online
and on-site learning should also be taken into account when defining them. Online
learning will be easier to collect and process evidences since VLE combined with
learning analytics systems can provide deep reports for each learner. Whereas on on-
site learning can be more difficult since evidences should be gathered manually.
However, it is feasible to gather effort in face-to-face settings as stated in the litera-
ture described in Section 2.2.

More complex challenges appear when learning outcome are assessed. The current
model assumes a unique effort estimation for all learning outcomes and, therefore, the
effort collected on evidences could be invested in any customization item. But
evidences should be classified based on the type of learning outcome where they have
been collected and the effort received should be consumed on preferences compatible
with the outcome. Thus, the effort has a certain /abel associated based on the
practiced knowledge performed during the completion of the evidence.

Finally, this model may have some criticism from academic institutions or quality
agencies since it clearly states that some competences it may not be learned or as-
sessed. However, as we described in the introduction, this model is not far from cur-
rent models where not all the competences are assessed in the activities (i.e. the in-
structor decides which knowledge is really assessed on each activity) and where the
learner usually needs the half of the total score to pass the course. The difference is
that in the PSM model is the learner who decides which knowledge is avoided during
the assessment activity. All these open challenges will be addressed as future work.
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