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Abstract. Specifying the criteria of a rubric to assess an activity, establishing the
different quality levels of proficiency of development and defining weights for
every criterion is not as easy as one a priori might think. Besides, the complexity
of these tasks increases when they involve more than one lecturer. Reaching an
agreement about the criteria and the levels of proficiency might be easier taking
into account the abilities students must achieve according to the purpose of the
subject. However, the disagreement about the weights of every criterion in an
assessment rubric might easily appear. This paper focuses on the automatic
weight adjustment for the criteria of a rubric. This fitting can be considered as a
global perception that the whole group of lecturers have about the accuracy of
solving an activity. Firstly, each lecturer makes a proposal of weights and then,
from a set of pairs of students he/she globally expresses who of each pair has
solved better the activity for which the rubric was designed. Secondly, an
approach based on the pairwise learning is proposed in this work to obtain
adequate weights for the criteria of a rubric. The system commits fewer errors
than the lecturers and makes them improve and reconsider some aspects of the
rubric.

1 Introduction

Lots of changes are involved within the new process of convergence to a European Space
of Higher Education [12]. The subjects are designed as a set of abilities students must
reach. The process encourages a careful inclusion and integration of several
methodologies which must point in the right direction in order to guarantee students
reach such abilities. Especial emphasis has been made over transversal abilities, such as
group working highly demanded by companies from university graduates [1]. Finally,
this new paradigm makes new assessment strategies arise to provide reliable information
about the skills students in terms of the abilities must reach.

This paper focuses on developing a reliable mechanism to evaluate to what extent
students acquire the abilities of a course when more than one lecturer with different
perspective is involved in the assessment. Firstly, lecturers have to reach an agreement
about what criteria are adequate to consider and then they have to establish minimum
thresholds for them. A common strategy for this purpose consists in using evaluation
rubrics, which have been increasingly gaining relevance in the last years. They are
scoring guides that describe the requirements for various levels of proficiency in the
development of certain activity. The purpose is to find out the conditions of success and
their degree of fulfillment [11].
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The contribution of this paper is a method which engages the variety of preferences every
lecturer expresses to contrast and adjust weights to the criteria of a rubric. The challenge
consists of including, reproducing and summing up as clearly as possible the global and
different perception lecturers have about the achievement of the activities. The hypothesis
of departure is that this method leads to reconsider some aspects in the design of a rubric.
The approach is based on a pairwise learning system [7] based on Support Vector
Machines (SVM). It feeds on information provided by making every lecturer decide
between pairs of students who have solved an activity more satisfactorily. The fact that a
system uses information of more than one expert (lecturer in this case) was successfully
adopted before [2], [3].

2 Evaluation rubrics

Evaluation rubrics [9] can be defined as explicit summaries of the criteria for assessing a
particular activity and the different levels of potential achievement for each criterion.
There are many features a rubric should fulfill in order to be effective and helpful both
for students and lecturers. Then, although it is not an easy task, lecturers must make an
effort to carefully design them. One of the requirements must be to reflect the most
significant elements related to success in a learning task. Commonly, this expresses the
basic skills a student must reach. But they have to provide more information than just a
list of goals. It must also enable both students and lecturers to accurately and consistently
identify the level of competency of development. This makes students know beforehand
what lecturers expect from them and what the characteristics a quality work is required to
have. In relation to these conditions, rubrics have to encourage self-assessment of
students to become more aware of their own learning process. In this sense, students do
not have to wait for the correction of the lecturer to know if the development of the
activity is adequate or not [10]. Besides, it helps lecturers to adjust the marks for the
activities of the students more accurately and fairly, avoiding discriminatory treatment
and adding transparency to the assessment process.

In any case, once the evaluation criteria have been established on the vertical axis of the
rubric and the quality levels on the horizontal axis, the rubric must be completed in the
sense referred to the weights of every criterion included in the final mark. Table 1 shows
a general diagram of a rubric where O means the quality levels, C corresponds to the
criteria, ¥ defines the weight, V;; contains a description of what a student has been able
to do in relation to the 7 criterion to reach the j level and w; is the weight of the i criterion.

Table 1 General diagram of a rubric
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The weights in the rubric must be comparative. The assignment of a weight to each
criterion to obtain the final mark shows the relevance a lecturer grants to it, to which one
is assigned more and less relevance and their effect on the final mark.

3 Pairwise learning

In the design of a rubric the marks lecturers grant to two students according to his/her
global and comparative perception between both are likely to disagree with the marks
resulting from the predefined weights of the rubric. This could happen, for instance, when
both students reach a certain level in some criteria but one of them is better in one
criterion, for example, in originality or in the degree of knowledge. Moreover, the rank
could be reversed. Besides, if lecturers were perfect experts, then it would be possible to
assume that a mark in an evaluation scale with regard to certain criterion has the same
meaning for all lecturers when evaluating all the students, although not for all lecturers
[5]. Hence, this means that there are different scales with different levels. But, in any case
a perfect expert would be coherent and would have great ability to discriminate, even the
degree of the uniformity of the teaching team. Unfortunately, lecturers are not perfect
experts. A common effect is known as the batch effect, which often modifies the marks
so that a student obtains a higher/lower mark when he/she is assessed together with other
students who are clearly worse/better.

Despite those discrepancies, the hypothesis that lecturers are able to decide who is better
from two students in the execution of an activity can be regarded as reliable. Taking into
account this principle, the goal is to obtain a global ranking of the resolutions of an
activity from the partial ranking between members of a pair. If this is possible, and in fact
it is, then it is not necessary for lecturers to agree on the marks, just to order them in
pairs.

The students' marks in each criterion according to the weights previously defined by
lecturers are available and that information will be expressed by judgement preferences.
Fig. 1 shows a diagram of the whole process.
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Fig. 1 Process of adjusting weights of the criteria of a rubric from preferences

A preference judgment [4] is an ordered pair whose first element has been preferred to
the second. Then, a set of positive preferences (the first element is preferred to the
second) and a set of negative ones (the second element is preferred to the first) are built.
The challenge is to obtain a ranking as coherent as possible to the preferences expressed
by the lecturers about the students. This ranking must be able to establish a correct order
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to other unknown items which could be introduced to the system in the future. Then, the
target is to obtain a function from the set of solutions of an activity proposed by the
students so that it satisfies the following rule for the majority of unknown students.

u is preferred tov < f(u) > f(v) (1)

For this purpose, one could think of applying a traditional regression method. However,
these methods aim to find a function that minimizes the loss between the real and
forecasted values, whereas in the preference learning model the target is to minimize the
times the value that defines the ranking of a student is lower than the second one in each
preference, taking into account that such student has been preferred to the other. Then,
this guarantees that the marks are coherent with the preferences rather than produces an
exact mark.

The problem could also be reduced to find just a linear function, since the weights of the
criteria are the same, regardless of the marks the students obtain in such criteria. For
instance, if a student has the mark 7 in a criterion, the weight of this criterion is the same
if such student had had the mark 9. An advantage of the linear case is the intuitive
interpretation of the function, since each criterion will be weighted using its
corresponding value. For instance, a null value means that this criterion does not have
any effect over the final mark. Hence, the rule shown in (1) is expressed as the rules
shown in (2) for positive and negative preferences respectively:

uis preferredtov < f(u)> f(v)y <> f(u—v)>0

2
vis preferred tou <> f(u)< f(v) < f(u—-v)<0 @
Therefore, the function will be positive if the first item is preferred to the second one and
negative otherwise. This allows defining a training example as u-v with class +1 and u-v
with class -1.

Once the data set is defined, it is possible to learn a ranking function from the binary
classification yield by a binary classifier that separate the classes depending on the sign
returned. Among the different methods available to obtain such function, one might a
priori think of using a machine learning system based on a decision tree. But even if the
performance of that kind of models is high, it may not be as useful as expected, since
such methods tend to use the minimum possible number of features. From the point of
view of the weights of the criteria, this means that many criteria will have weights equal
to zero. However, SVM maximize the margin between the model and the nearest
examples, called support vectors and this makes them use all relevant features [8].
Imagine that most of the students obtain the same degree of fulfillment in two criteria.
These criteria are redundant since it will be easy to obtain the degree of one of them in
function of the other. In this case, a decision tree would choose one of the criteria since
both have the same relevance, whereas SVM would give similar weights, which is the
desirable situation in this case. Figure 2 compares a possible model obtained by the two
approaches, where a positive example is labeled with class +1 and a negative one with
class -.
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Figure 2. Representation of the model generated by two different binary separators. The decision
tree model tries to use the minimum number of features, whereas SVM tries to generate a model that
uses all relevant features.

Particularly, SVM [13], [14], [15] is a good choice for performing pairwise learning to
aggregate the knowledge extracted from a set of different experts (lectures in this case)
[2]. The linear learned function passes through the origin of coordinates and it is then
expressed by

fu)= <w, u> = iwjuj 3)

J=1

where w is the vector that will defined the separation hyperplane, u is the representation
of a student that will be the vector of marks in the criteria, <w,u> denotes the scalar

product of vectors w and z and p is the number of criteria. From a student  the function
provides a value that quantifies the preference of such student against other students. The
weights of the criteria are obtained from the vector that defines the separation hyperplane.
In fact, it is only necessary to normalize and multiply it by the maximum mark a student
could reach in the activity. Unlike SVM, a complex process would have been necessary
to obtain the weights from the rules produced by decision tree method

4 Experiments

This section describes the data set and some experimental settings. It also includes a
discussion of the results.

4.1 Data set and experimental settings

The data set comes from a core and compulsory course of second year of the Computer
Science degree related to database design. Several activities were proposed during the
year to perform continuous evaluation. Particularly, the lecturers of the subject agree in
defining 10 criteria for Activity 1, 9 criteria for Activities 2 and 4 and 8 criteria for
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Activity 9. The number of students for the experiments was 44 and the number of
lecturers was 3.

Two kind of judgement preferences were taken into account. The first group includes
those preferences where one of the students of the pair has better mark in all criteria. In
this case, the value of the preference is obvious, that is, it will be positive if such student
is the first student of the pair and negative otherwise. All the preferences satisfying such
condition were included in the data set. The preferences of the second kind are those
whose students have better marks in some criteria and worse in others. In this case, just a
large enough random sample of pairs of students (60 preferences) satisfying such
condition was considered. Then, the sample was equally split in as many subsets as
lecturers of the subject. Each sample set was presented to a lecturer who has had a look at
the resolutions of every pair and has expressed his/her opinion about who solved the
activity better within each pair. Obviously, lecturers have not take into account any
weight of the criteria; they just express their own general impression about which one is
better. Notice that taking into account all possible pairs means to compare about (#°-1)/2
where # is the number of students (not all of them since the preferences of the first kind
were removed from this group), what would be unapproachable.

The experiments were performed using LibSVM [6] with default parameters together
with the Spider Matlab toolbox [16]. The default parameters consist of choosing a linear
kernel and of setting the trade-off between training error and margin to be 1.

4.2 Discussion of results

Five different experiments were compared for each activity. The first three consisted of
checking in what extent the preferences of each of the three lecturers are coherent with
the marks computed according to their own weights previously fixed. This is shown in
the first three rows of Tables 2-5. The fourth experiment consisted of checking in what
extent the preferences of all the lecturers together are coherent with the marks computed
according to the weights obtained as the average of the weights of the three lecturers.
This is shown in the fourth row of Tables 2-5. Finally, the fifth experiment consisted of
checking in what extent the preferences of all the lecturers together are coherent with the
marks computed according to the weights the learning process produces from the
preference data. This is shown in the last row of Tables 2-5. Notice that the errors
committed when the averages of the weights among the lecturers are considered are not
necessary the averaged errors committed by each lecturer on their own. Besides, the
number of preferences considered when the averages of the weights are computed and
when the learning process is applied is the sum of the preferences of all the lecturers.

Table 2 shows that lecturers commit some errors when they express their global
impression with regard to their own weights of the criteria in Activity 1. Particularly, they
disagree between 5% and 15% of the preferences, whereas the system is able to
accurately reproduce a summary of all them (0% of error). Notice that using the averaged
weights does not lead to an improvement. It seems that this activity presents great
difficulties when defining a set of weights, since the weights of the system in general are
quite different from those previously defined by the lecturers.
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Table 2. Weights of the lecturers, weights averaged and weights of the system for Activity 1

Criteria weights Pairwise
Lectures 1 2 3 4 5 6 7 8 9 10 | N° | Errors
1 25 | 25 1 1 1 1 0.25 1 0.25(0.25]0.25]| 20 5%
2 2 2 1 1 1 1 1 0.5 | 025|025 20 15%
3 2 3 1 1 1 05| 05 ] 05 ]025]025]20 15%
Average | 2.17 | 2.5 1 1 1 0.83 | 0.58 | 0.42 | 0.25 | 0.25 | 60 | 11.66%
System | 1.28 | 1.90 | 1.28 | 0.48 | 0.19 | 0.95 | 0.48 | 0.96 | 1.52 | 0.95 | 60 0%

In case of Activity 2 presented in Table 3, lecturers seem to agree among them about the
weights, but there are slightly high differences between the marks of these weights and
their own preferences, since they commit between 20% and 35% of errors. In this case
the proposed system produces 8.33% of error against 20% if the average of weights is
used. The differences between the weights produced by the system and those of the
lecturer are useful for the lecturers as a feedback to make them think about the relevance

of the criteria.

Table 3. Weights of the lecturers, weights averaged and weights of the system for Activity 2

Criteria weights Pairwise
Lectures | 1 2 3 4 5 6 7 8 9 | N° | Errors
1 05105 (05075 05 (075|05| 05| 05|20 35%
2 0.5 1 10505 ] 05 075({05]025| 05 |20]| 20%
3 1 05105105 ]05]051]05| 05| 05120 20%
Average | 0.67 | 0.67 | 0.5 0.58 | 0.5 | 0.67 |05 |042| 0.5 | 60 | 20%
System | 0.85 | 0.85| 0.8 | 045 0.23 | 028 | 1.1 |0.23 | 0.23 | 60 | 8.33%

The results of Activity 3 shown in Table 4 are quite similar to those of Activity 2. Again

the system is able to engage the information of the lecturer team to reduce the error.

Table 4. Weights of the lecturers, weights averaged and weights of the system for Activity 3

Criteria weights Pairwise
Lectures 1 2 3 4 5 6 7 8 N° | Errors
1 0.75 | 0.75 0.5 0.75 | 0.75 0.5 0.5 0.5 |20 15%
2 0.25 0.5 0.5 0.75 0.5 0.75 1 0.75 |20 | 30%
3 1 0.5 0.25 1 0.25 | 0.75 1 025 | 20| 25%
Average | 0.67 | 0.58 | 042 | 0.83 0.5 0.67 | 0.83 0.5 |60 | 21.66%
System 1.1 1.2 044 | 044 | 037 | 073 | 022 | 048 | 60 5%
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Looking at Table 5 for Activity 4, criteria 8 and 9 is quite interesting. In this case lecturer
1 does not take into account criterion 8 and lecturer 2 does not take into account criterion
9, but lecturer 3 grants equal weight to both criteria. This is a conflictive case and the
system according to the preferences of the lecturers agrees with lecturer 1 about the
criteria 8 and with lecturer 3 about criteria 9. This proves that the system try to sum up
the preferences of all lecturers, although it produces a bit more error than lecturer 1.

Table 5. Weights of the lecturers, weight averaged and weights of the system for Activity 4

Criteria weights Pairwise

0.5] 05 | 60| 16,66%
51 0 (049 ] 60 5%

Average 1 1.67 | 1.83 1 0.5 1
System | 1.94 | 1.40 | 1.71 | 1.29 | 0.89 | 0.63 | 1

Lectures 1 2 3 4 5 6 7 8 9 N° | Errors
1 1.5 1 2 1 0.5 1 2 0 1 20 0%
2 0.5 2 2 1 0.5 1 2 1 0 |20 25%
3 1 2 1.5 1 0.5 1 2 105) 05 [20] 25%
2
.6

In general, the weights produced by the system differ from those granted by the lecturer
before. Let us notice that the percentage of errors committed by the learning system are
considerable lower that the rest ways of considering the weights. This means that this
system is able to quite accurately reproduce the whole preferences of the lecturers. This
also means that lecturers are not perfect experts because their own way of setting weights
are not so coherent with their own preferences. Hence, the weights produced by the
system make lecturers check their own incoherencies in order to change all or some
weights which leads to establish a more accurate rubric. In fact, it helps to reach a
consensus of the assessment process to encourage transparency and avoiding
discriminatory treatment.

10.00
8.00 +
) 6.00 I I
& 'S + + L 4
= 400 | | | |
2.00 * ? *
+ |
0.00
Act. 1, | Act. 1, | Act. 2, | Act. 2, | Act. 3, | Act. 3, | Act. 4, | Act. 4,
Awg. Sys. Awg. Sys. Avg. Sys. Awg. Sys.
Mean+SDT| 7.20 7.33 4.39 4.58 3.51 3.82 6.98 7.38
Mean-SDT | 2.38 2.92 2.10 2.19 1.09 1.30 2.77 2.77
& Mean 4.79 5.12 3.25 3.38 2.30 2.56 4.88 5.07

Figure 3. The averaged marks over the students when they are obtained from the weights averaged
over the lecturers and from the weights the system grants
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Applying the weighs the system produces would benefit some students and damages
others. But, the question is that if there would be a global benefit or damage. Figure 3
shows the averaged marks of each activity together with the dispersion with regard to the
use of averaged weights and to the use of the weights yield by the system.

At sight of Figure 3, one can observe that the mean and the deviation hardly vary
between using average weights and the weights of the system. This allows concluding
that the global benefit or damage will be the same. The advantage is that the marks of the
students will be more accurately with regard to the global impression of the lecturer team.
Notice that this process is internal among the lecturers and can be transparent for the
students. Hence, it is not necessary to provide information to the student about the way of
defining the weights.

5 Conclusions and Future Work

This work proposes a method based on preference learning to improve and adjust the
weights granted to the criteria of an evaluation rubric according to the global impression
of lecturers about pairs of activities solved by students when more than a lecturer is
involved in the assessment process. The system proposed allows summing up the
preferences of all the lecturers at the same time, and in fact, it reduces the errors between
their own preferences and the original weights granted by every lecturer alone. Initially,
lecturers give higher weight than the system yields from their preferences or vice versa.
The tendency, unconsciously or not, of mixing criteria or taking into account other
abilities such as transversal ones or those related to the attitude may be the cause of these
disagreements. The results suggest lecturers must think about going more in depth into
the design of the rubrics and about establishing more accurately the criteria and their
relevance alone and together with their colleagues. Also, the weights the system grants
benefit or damage the students the same with regard to consider the averages of the
weights of all lecturers.

A proposal for future work is to find out if either grouping or breaking down the criteria
makes lecturers improve the design of the rubrics.
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