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Abstract In case of non-automated examinations the evalatictudents’ aca-
demic achievements involves in several cases thsideration of impressions and
other subjective elements that can lead to diffeesrbetween the scores given by
different evaluators. The inherent vagueness m#kesarea a natural application
field for fuzzy set theory based methods aiming b@uction of the mentioned
differences. After introducing a criterion set fhe comparison the paper surveys
five relevant fuzzy student evaluation methods #ily fuzzy inference for the
determination of the students’ final score.
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1 Introduction

The evaluation of students’ answerscripts contgimarrative responses or as-
signments that cannot be rated fully automatidalliyom nature vague, which can
lead to quite different scores given by differevdleators. This problem usually is
solved by defining scoring guides that become nam@ more complex after the
developers face new and new cases that seemed unitnaginable previously.
The more specific the guides are the more tedioey become, which leads to in-
consistency in their application and increasedithe need of the scoring. Owing
to the increased complexity and hard-to-learn dftaraof the comprehensive
scoring guides evaluators often use ad hoc inferenethods that lack a formal
mechanism. Beside the demand on consistency okevaduation the easy-to-
explain/confirm character is also important notyofdr the teachers but also for
other interested parties, like students, pareids, e

A completely new approach appeared in the latei®@isld of evaluation me-
thods by emerging the fuzzy set theory based etialugechniques, which make
possible a good trade-off between the demand orkaualuation and high con-
sistence of the results. Biswas [2] proposed aqéar (FEM) and a generalized
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(GFEM) method that were based on the vector reptasen of fuzzy member-
ship functions and a special aggregation of the@gassigned to each question of
the student’s answerscripts. Chen and Lee [4] sigde simple (CL) and a gene-
ralized (CLG) method that produced improvementgapglying a finer resolution
of the scoring interval and by including the poagibof weighting the four eval-
uation criteria. Wang and Chen [18] extended théGLIG method pair by intro-
ducing the evaluator’s optimism as a new asped ,gnusing type-2 fuzzy num-
bers for the definition of the satisfaction. Joh@nguggested a fuzzy arithmetic
based simple solution (FUSBE) in [7] for the agagtéan of the fuzzy scores. No-
lan [13] introduced a fuzzy classification model smpporting the grading of stu-
dent writing samples in order to speed up and nmadee consistent the evalua-
tion. Bai and Chen [1] developed a method for thaking of students that
obtained the same total score during the traditiemaluation. They used a three-
level fuzzy reasoning process. Saleh and Kim [T8jamced the BC method by
excluding some subjective elements and applying tanin[12] type inference.
Rasmani and Shen [15] introduced a data drivenyfuale identification method.
Johanyak suggested a low complexity fuzzy rule rpukation based method
(SEFRI) in [9].

The fuzzy student evaluation techniques can besifiled in two main groups
depending on their algorithm: (1) methods applyirfigzzy inference
(e.g. [1][9][13][15][16]), and (2) methods applyintpnly” fuzzy arithmetic
(e.g. [2][41[7][18]). The advantage of the first@pach is that the rules are close
to the traditional human thinking, they are eas#wadable and understandable.
Their drawback is however that they usually reqaireedious preparation work
done by human expert graders. Besides, such ansystasually task/subject spe-
cific, i.e. minor modifications in the aspects daad to a demand on a completely
redefinition of the rule base. This feature makesgystem rigid. Another problem
arises from the fact that in general the rule basstems can only operate with a
low number of fuzzy sets owing to the exponentiglgwing number of necessary
rules in multidimensional cases if a full coveradehe input space should be en-
sured.

The advantage of the second approach is its siityphnd easy adaptability.
Furthermore the methods based on it can operateanitigher resolution of the
input space. However, as its disadvantage one dhoahtion the lack of the hu-
manly easy-to-interpret rules. The rest of thisquap organized as follows. Sec-
tion 2 introduces the criterion set considerededasvant for fuzzy student evalua-
tion methods. Section 3 gives a short survey omyfurference based evaluation
methods. The conclusions are drawn in section 4.
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2 Criteria for comparison of fuzzy evaluation methals

In this section, we introduce a criterion set [16)] fuzzy methods aiming the
evaluation of the students’ academic performance. ansider these require-
ments as properties that help the reader to contpareverviewed methods. The
criteria are the followings.

1. The method should not increase the time needethéoassessment compared

to the traditional evaluation techniques.

2. The method should help the graders to expressatyganess in their opinion.

3. The method should be transparent and easy to uaddréor both parties in-

volved in the assessment process, i.e. the studedtthe graders.

4. The method should ensure a fair grading, i.e.duthbe beneficial for all stu-

dents.

5. The method should allow the teacher to expreséiritaéresult in form of a to-
tal score or percentage as well as in form of ggadgng a mapping between
them.

. The method should be easy implementable in softdevelopment terms.

7. The method should be compatible with the traditiGcaring system, i.e. when

the grader provides crisp scores for each respibrestotal score and the final
grade should be identical with the one calculatethb traditional way.

»

3 Fuzzy Inference Based Student Evaluation Methods

3.1 Evaluation Based On Fuzzy Classification

Nolan published in [13] the development and sudoésgplication of a fuzzy
rule based evaluation method aiming the rating ritig samples of fourth grade
students. Previously in course of the evaluatientéachers used a comprehensive
scoring guide that defined which skills have tonbeasured by the evaluator and
which ones have to be determined from them.

The rule base was created from this scoring gundelving the participation of
a group of expert evaluators. In order to redueedbmplexity of the rule base
they defined input partitions with a quite low rkgmn. In course of the evalua-
tion the rater measures skills like character radam, text understanding, under-
standing elements of the plots, and understandiergs. The system infers the
evaluation of skills like reading comprehensionr Egample a rule of the system
is
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IF understandingaigh AND character-recognitiorstrong AND elements-of-
plot=all AND generates-ideasxpand THEN reading-comprehensiohigh.

The main advantage of the method compared to dditibnal evaluation form
was that it reduced the time necessary for theniegrof the scoring technique and
the difference between the scores given by difteesaluators decreased signifi-
cantly. The drawback of the method is that it deessupport the fuzzy input; the
evaluators can express their opinion only in forircrasp values, which will be
fuzzyfied later by the method. Based on the deBonigiven in the literature we
can summarize that the method fulfils the critdrja3, 4, and 6. Furthermore, it
surely does not fulfill criteria 2 and 5.

3.2 Bai-and-Chen’s method

In order to reduce the subjectivism in student eatidn Bai and Chen (further
on we will refer to it as BC method) suggested @eqaomplex solution in [1].
However, their method addresses only a part-tasthefevaluation, namely the
ranking of the students that obtained the samégotae.

The BC method is applied as a follow-up of a cotieeral scoring technique.
First, in case of each studel§, (1<j<n ) each question(, 1<j<m) is evaluated
independently by an accuracy rag, whereg;[0,1] . Then, the evaluator calcu-
lates a total score for the student by

TS, =28 [ (3)
i=1

where g; is the maximum achievable score assigned to thestmun Q
(X", g =100).

In order to rank the students having the same satale Bai and Chen propose
an adjustment of their scores. The adjustmentsedan introduction of new as-
pects in the evaluation, i.e. the importance amddbmplexity of the questions,
which are based on fuzzy sets determined by thiiaes or by domain experts.
The measurement part of the evaluation is alsandgi by including the time ne-
cessary for answering the individual questionsdsidi by the maximum time al-
lowed to solve the question (answer-time rgte[0,1]).

Although it is used only in cases when two or mettedents achieve the same
total score, the answer-time rate has to be meadareeach student during the
exam because it cannot be obtained posterior.
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The modified scores are determined in six stepdyaygpa three-level fuzzy
reasoning process whose block diagram is presémtigure 3.1. After calculat-

ing the average of the accuracy ratgis)(and the average of the answer-time rates
(E) for each question these are fuzzyfied by calougatheir membership values

in the corresponding predefined partitions resgltin the fuzzy grade matrices
[fau] and fftid.

(=] =, [ 2] |
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Fig. 3.1.Block diagram of the BC method

In the second step of the method one determinefuttay difficulty ([dy]) of
each question using a special kind of fuzzy reaspapplying a predefined rule
base RBD) and a weighted average of the previously caledlamembership val-
ues. The third step of the method concentrateshercalculation of the answer-
cost of each questiorg;) from the difficulty and the complexity values. &h
complexity of each questiortyf) is expressed as membership values in the five
sets of the predefined complexity partition. Thg] [matrix is defined by domain
experts. This step uses the same fuzzy inferenakehas the previous one apply-
ing a predefined rule basBRAC).

The fourth step of the method calculates the adfijest values\(,) of each
question from the answer-cost and the importantgesaThe importance of each
question i) is expressed as five membership values in the dats of the pre-
defined importance partition. Tharf] matrix is defined by domain experts. This
step uses the same fuzzy inference model as tiveopseone applying a prede-
fined rule baseRBIM). Next, one calculates the final adjustment vdady;) for
each question as a weighted average of the indiliadjustment values;f) cor-
responding to the question.

In step 5 a new grade matrixeg[y]) is constructed that contains only thdse
columns of the original accuracy rate matrix, whirrespond to the students
having the same total score.
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The modified score values of each stud@®Lj, 1<j<n) are calculated in the
last step by

k m
oD, =) Z(eapj —eapi) Egp[ﬂ0.5+advp) . (3.2)

p=1 i=1
i£]

The main advantages of the method are that it daésincrease the time
needed for the evaluation and it allows the evahgsato make a ranking among
students achieving the same score in the tradites@ing system. However, one
has to pay a too high price for this result. Inrseuof the exam preparation two
matrices have to be defined by domain expertsdeseribing the complexityc{]
and one describing the importanémf] of each question. It introduces redundan-
cy in the evaluation process because these agpessmably already have been
taken into consideration in course of the defimitad the vectord].

Thus it is hardly avoidable the occurrence of caglesn the achievable score
of a question is not in accordance with its compyeand importance evaluation.
Besides, the level of subjectivity is also increhd®y the fact that the seven
weights have to be determined by domain expertstlaen@ is no formalized way
to determine their optimal values. Another drawbatkhe method is that it does
not allow the evaluator to express the evaluatgingifuzzy sets.

The real novel aspect of the evaluation is the andgime rate. However, it is
not clear how the base time for each questionfisek Besides, it seems not too
efficient to measure the answer time for each stufte each question and then to
use it in case of students having the same totadesanless it can be done by
software automatically. Thus the BC method is muligable in case of non com-
puter-based exams. We can summarize that it faifiteria 1, 4, 5, and 6.

3.3 Saleh-and-Kim’s method

In order to alleviate some shortcoming of the BGhuod Saleh and Kim [16]
suggested the so calld@three node fuzzy evaluation system (TNFES) that applies
Mamdani type fuzzy inference and COG defuzzyfigatiSimilar to the BC me-
thod TNFES works with five inputs, namely the onigi grade vector ]), the
accuracy grade matrix &]), the time rate matrix ), the complexity matrix
([ci]), the importance matrix ifiv]), as well as with three rule bases, one for the
difficulty (RBD), one for the effortRBE), and one for the adjustmemBA). The
accuracy rate and answer time rate matrices atdtses the examination. The
complexity and importance matrices as well as the bases are defined by do-
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main experts. The output of the system is a newegkeector, which contains the
adjusted score values.

TNFES defines three fuzzy nodes (difficulty, effartd adjustment) that attain
a three level fuzzy inference schema as follows:

 Difficulty node: D I([&], [t], RBD),
« Effort node: E I(D, [cil], RBE),
e Adjusment node: W I(E, imy], RBA),

wherel represents the Mamdani type fuzzy inference.

Each of the nodes contains a fuzzy logic contrali¢h two scalable inputs and
one output. The scalable inputs make possible thighting of the different as-
pects, however, the authors do not use this pdiggitthey consider each input of
equal influence. Each node consists of three gfepgyfication, inference, defuz-
zyfication), which modularity can be also considees a drawback owing to the
redundancy introduced by the consecutive defuzatiios and fuzzyfications.
The result of the third nod@\E[w]) is used for the calculation of the adjusted
grade vectordaj] by

ga =g [L+w), (33)
followed by a scaling operation

ga D9,

ga =g G—1—, (3.4)

m

298,
j=1
wherem is the number of the questions. The final totaksds determined by

TS =[a]" doa]. (3.5)

Owing to the similarity between TNFES and the B@rajaches, the advantag-
es and the drawbacks of the method are also sitnildnre features of BC. We can
summarize that it fulfils criteria 1, 4, 5, and 6.

3.4 Student Evaluation based on Fuzzy Rule Intergiodn

The methodtudent evaluation based on fuzzy rule interpolation (SEFRI) [9]
offers a solution using a rule base containing ¢imymost relevant rules. The me-
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thod takes into consideration three aspects, nathelyccuracy of the response,
the time necessary for answering the questionstrendorrect use of the technical
terms. In course of the preparation the 100 achievaarks are divided between
the questions. They are the weights associatdtetquestions.

In case of the second aspect one works with tred tiohe necessary for ans-
wering all of the questions, which is determinetbanatically and reported to the
allowed total response time. The resulting relatinge is fuzzyfied TR) using
singleton type fuzzyfication.

The characteristics “the accuracy of the respo(&€), and “the correct use of
the technical terms”GU) are measured by the evaluator with separate fuzzy
marks (fuzzy numbers) for each question. The sgositale is in both cases the
unit interval. After assigning the two fuzzy marks each question one calculates

an averagC andCU value (AC and E) for the student as a weighted aver-
age of the individual values.

Next one determines from the three fuzzy valua€ ( TR, and CU ) the gen-
eral evaluation of the student using fuzzy infeeerla order to reduce the com-
plexity of the rule base a fuzzy rule interpolatiomsed reasoning method called
LESFRI [4] is used. Thus the underlying rule basguires only 64 rules in con-
trast with the 125 rules of the dense rule basegwo the fact that each input di-
mension contains five fuzzy sets.

The fuzzy inference results the general fuzzy eatsn of the studentGFE)
that is defuzzyfied using Center Of Area methodider to get the total score
(TS). Finally the grade of the student is determinsth@ the standardized map-
ping of the university. For example a possible niagjfs presented in Table 3.1.

Similar to the previous techniques this method oaly applied in practice
when a software support is present. Its advanwgeat it contains only one-level
inference with a relatively transparent rule balee drawback of the method is
that owing to the sparse character of the rule ltagpplies a bit complex infe-
rence technique that could require more softwanreeldpment work. We can
summarize that the method satisfies 1, 2, 3, 4n8,6.

Table 3.1.Mapping between scores and grades [9]

Score intervals Grades

0-50 Unsatisfactory
51-60 Satisfactory
61-75 Average

76 - 85 Good

86 - 100 Excellent
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3.5 Rasmani-and-Shen’s method

Rasmani and Shen proposed in [15] a special fuzieyence technique and the
use of a data driven fuzzy rule identification neetlihat also allowed the addition
of expert knowledge. Their main aim was to obtaserucomprehensible know-
ledge from historical data making also possiblejtis¢ification of any evaluation.
The suggested inference technique is the so callsighted fuzzy subsethood
based reasoning, which was developed for multipft single output (MISO)
fuzzy systems that apply rules of form

IF A is[W(E . Ay) A, ORWE; A,) Ty, OR...ORWE; A ) TA; OR...

ORW(E; Ay, ) A, | AND

Ay 5 [W(E; , Apy) CPy; ORW(E;  Ary) TRy, OR...ORW(E; Ay ) Ay OR...
ORW(E, Ay, ) gy, ] AND ... AND

A is[{E; Aq) g ORWE A) A, OR...ORWE; A ) (A OR..
ORWE, Ay )Py, | AND ... AND

A is [W(E; Ary) Ay ORW(E; A ) (A, OR...ORWE; Ay ) A, OR...
OR\/\/(Ei,Annm)Dbmnm]THEN BisE

(3.6)

wherem s the number of antecedent dimensigkk1[1,m] are the antecedent
linguistic variablesn, is the number of linguistic terms in th&h antecedent di-
mension, B is the consequent linguistic variale,J[1,N] is theith consequent
linguistic term,N is the number of consequent linguistic terms, a(ig],Ay) is the
relative weight of the antecedent linguistic tedgn The weight expresses the in-
fluence of the sedy; towards the conclusion drawn. One determines tighw as
a result of the normalization of the fuzzy subsethwalue of the set

W(E%F% (3.7)

1=1..ny

The fuzzy subsethood vali&represents in this case the degree to which the
fuzzy setA is the subset of a the fuzzy &:tlt is calculated as

_ 2o D(/IEi (X)’:UAK,- (X))

S(Ea A )— AR : (3.8)
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whereU is the universe of discoursgjs the membership function, antlis an
arbitrary t-norm.

The rule base contains only one rule for each apresa linguistic term. The
first step of the fuzzy inference is the calculataf the overall weight of each rule
by applying the arbitrary disjunction and conjuaatioperators [5] to the antece-
dent side. Next, one selects the rule having thbdst weight, whose consequent
will represent the final score of the student.

One identifies the rule base in the following steps

1. Create the input and output partitions.

. Divide the training dataset into subgroups dependin the output linguistic
terms.

. Calculate fuzzy subsethood values for each subgroup

. Calculate weights for each linguistic term.

. Create rules of form (3.6).

. Test the rule base using a test dataset.

The main advantage of the method proposed by Rasana@nShen is that it re-

quires a rule base with a low number of rules, Whicmber is equal with the

number of output linguistic terms. Besides, it a#othe evaluation of a ques-

tion/test to be made by fuzzy numbers. Howevas, 1itot clear how the antecedent

and consequent are determined and what is the ngpafithe fuzzy subsethood

values in case of the evaluation of the studertadamic performance. We can

summarize that the method satisfies 1, 2, 4, 56and

N

(2062 B NN b}

4  Conclusions

Fuzzy student evaluation methods can be a verylusefl supporting the eva-
luator in handling the uncertainty that is ofteeg@nt in the opinion of the rater in
cases when the evaluation process is not fullynadfii.e. when it cannot be fully
automated. Fuzzy inference based solutions offearssparency owing to the hu-
manly interpretable character of the rule base.

However, their disadvantage is their rigidity are timplicit weighting. A
small change in the aspects or in the weightinddcoequire a completely redefi-
nition of the underlying rule base. Besides, owiaghe implicit weighting the
importance of the different aspects is not cleaibieé.

We can summarize that none of the overviewed maettolfils all the pre-
viously defined criteria. The lack of the compditiiwith the traditional methods
proved to be a common drawback of them, which pgrybeould be solved using
automatic fuzzy rule base identification methodgl@[17]. The application of
other fuzzy inference techniques like the methagsgnted in [6] and [11] could
also contribute to the development of evaluatiahmégues that better fit the ap-
plied criteria. Despite of the fuzzy character lef methods only the last two me-
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thods (SEFRI and the method proposed by RasmaniSaed) allow the fuzzy
expression of the evaluator’'s opinion. As a positiwaluation one can state that
all the methods satisfy criteria 1, 4, and 6.
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