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Abstract Schools and universities face multiple challenges when they target initi-
ating or expanding undergraduate programs. Education has traditionally utilized a 
teacher-centered educational and assessment approach. Only few attempts exist to 
involve objective feedback and non-traditional assessment methods and technolo-
gies to improve the processes of teaching, learning, and education in general. 
This paper addresses a novel objective multi-parameter assessment methodology 
based on Soft computing technology to discover the effect of students’ groupings 
by exploiting the interrelationships between the grades the students received for 
their laboratory subjects and the grade they obtained in the university enrolment 
exam. The research results allow for exploring non-desirable discordant teaching 
and assessment practices for individuals or groups. In addition, the results ob-
tained illustrate opportunities to focus on the individual student during the educa-
tion process and determine adaptive teaching strategies based on the particular 
level of knowledge and experience. Toward these results statistical and Soft com-
puting models implementing Unsupervised Neural and Exploratory Projection 
Techniques have been applied to carry on the objective assessment of the students’ 
skills development during the entire higher education period. 
Empirical verification of the proposed assessment model is performed in a real 
environment, where a case study is defined, and analysed. The real data set to val-
idate the performance of the proposed approach has been collected at the School 
of Dentistry of the Complutense University of Madrid. 
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1   Introduction 

In the past, the term assessment was used to refer particularly to the process of de-
termining the extent to which learners have mastered a subject. It has recently 
been extended in the academic context to cover all uses of evaluation. Assessment 
data are observations or facts that must be collected, organized, and analysed to 
become useful. 

Assessment has many roles. On the one hand, it is critical for measuring the 
student’s achievement within the learning process, i.e. students can understand to 
what extend learning objectives have been accomplished. On the other hand, it can 
also be used as a teaching tool to help students better understand concepts and en-
hance their skills. In addition, the instructor can realize what students are under-
standing as well as the concepts that need further explanation. Thus, assessment 
can be viewed as a powerful tool for quality management, on the individual and 
the organizational level. [1] Simultaneously, it appears as part of the skills devel-
opment process. In the framework of skills development and career support, as-
sessment needs a systematic approach to develop a range of transferable personal 
skills that are sought by every employer, and to track skills development and com-
petency data for every student. 

Schools and academia are particularly aware that applying sustainable assess-
ment processes will support them in treating the new challenges that arise every 
year when trying to improve their educational programs and adapt to the needs of 
the market, industry and businesses. Innovative approaches in teaching and learn-
ing enable handling various complex considerations in engineering, medicine, 
dentistry and further curricula where various psychomotor, modelling, and com-
plex problem solving skills have to be addressed in practical settings. The acquisi-
tion of such skills and abilities appears particularly important for the development 
of a wide variety of career paths within engineering, design and medicine and re-
quires enormous willingness and individual training [1] leading to a specific psy-
chomotor development, which is determined by the innate abilities and the learn-
ing results achieved during the training process [2,3]. The objective assessment of 
the psychomotor skills remains a challenge, and requires new models and ap-
proaches, particularly different from assessing learning in general. Moreover, the 
requirement for tracking and analysing assessment data in due course creates the 
demand for an effective technology based assessment. 

Against this background, Soft computing and statistical models offer a suffi-
cient environment to address multi-parameter assessment [4-8] of psychomotor 
skills due to the integrated beneficial opportunity for visualization of analytical 
and multidimensional data able to facilitate the interpretation of results, and thus, 
improve the effectiveness of decision-making processes [9]. It appears advanta-
geous to apply Soft computing models to assessment, based also on results from 
social and collaborative learning theories. For example, knowing the level of psy-
chomotor development of an individual in relation to other students in the same 
class, it is possible to identify individuals who experience larger difficulties. Once 
these difficulties are identified, the instructors can raise individual and collective 
reinforcement [10].  
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This paper presents a precise, logical, achievable, observable, and objectively 
measurable Soft computing model to analyse the skills development of students 
based on a comprehensive analysis of the psychomotor skills of an individual 
compared to the skills of classmates. This model enables the proper assessment of 
the skills development process in a practical setting by correlating variables such 
as the age of the students, previous experience, etc. [11]. 

The next sections refer to main aspects of the novel Soft computing model to 
facilitate and advance the assessment of the skills development process. Testing 
and verification of the approach is performed in a real case study involving dentis-
try students. The technology has been developed at the Complutense University of 
Madrid (Test Skills Practice). 

2   The General Soft computing Model 

Engineering, design and medicine curricula involve a series of practical experi-
ences in the area of psychomotor skills development referring to an orderly and 
chained sequence, and following a series of learning objectives that help the in-
structors to organize them. Each of these practical experiences includes the criteria 
for assessing the achievement of the objectives. 

Commonly, the learning objective is a statement that describes what a learner 
will be able to do as a result of learning and/or teaching. A learning objective 
should be precise, logical, achievable, observable and measurable, and it becomes 
an inseparable part of the assessment process that can involve various variables 
depending on the evaluation aims. For example, a comprehensive analysis of the 
individual abilities of a student compared with the classmates’ ones and measuring 
the learning achievements after a period of time without having received more 
learning, is a challenging task. It is valuable also to analyse all the skills the stu-
dent has developed during an entire undergraduate study toward identifying a rela-
tionship between the grade obtained in the university enrolment exam, the con-
tinuing psychomotor skills performance and the ease of learning. Variables such 
as the age of the students when starting a course and their previous experience in a 
similar field, is a factor enormously influencing the skills development process. 

Exploratory Projection Pursuit (EPP) [12] is a statistical method for solving the 
difficult problem of identifying structure in high dimensional data. The method 
used here is based on the projection of the data onto a lower dimensional subspace 
in which we search for its structure with the naked eye. It is necessary to define an 
“index” that measures the interestingness of a projection. After that the data is 
transformed by maximizing the index in order to maximise interest according to 
that index. From a statistical point of view the most interesting directions are those 
which are as non-Gaussian as possible [13]. The Soft computing model takes ad-
vantage of a neuronal model of Exploratory Projection Pursuit (EPP), and Maxi-
mum-Likelihood Hebbian Learning (MLHL) [12,14] to best match the criteria 
identified for assessing the psychomotor skills of students performing practical 
work. 

To test and verify the research approach, a real case study was developed by 
focusing on dentistry students studying the subject Introduction to Dentistry in the 
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undergraduate degree of Dentistry. The practical work refers to the performance of 
cavities, of shapes with different levels of difficulty, previously designed on meth-
acrylate blocks by using two techniques (high speed –turbine- and low speed –
contra-). The challenging factor for the Soft computing model consists in the fact 
that a number of students have been accessed after completing Dental Hygienist or 
Dental Technician degrees. In light of the above, the variables mentioned before 
are particularly interesting to be explored during the entire undergraduate study 
because they may raise the hypothesis that the psychomotor skills of these stu-
dents vary from the skills of the remaining undergraduates. 

The next section presents the intelligent model applied for clustering students. 
It is based on the use of projection models. 

3 The Specific Soft Computing Model – An Intelligence System 
for Clustering Students 

This section introduces the main intelligent model applied in this research to per-
form clustering in the students’ data set. It is used to provide a visual analysis of 
the internal structure of the data set. 

A combination of projection types of techniques together with the use of scatter 
plot matrices constitute a very useful visualization tool to investigate the intrinsic 
structure of multidimensional datasets, allowing experts to study the relationship 
between different components, factors or projections, depending  on  the  tech-
nique used. 

Projection methods help projecting high-dimensional data points onto lower 
dimensions in order to identify "interesting" directions in terms of any specific in-
dex or projection. Such indexes or projections are, for example, based on the iden-
tification of directions that account for the largest variance of a dataset (such as 
Principal Component Analysis (PCA)[15]) or the identification of higher order 
statistics such as the skew or kurtosis index, as in the case of Exploratory Projec-
tion Pursuit (EPP) [16]. Having identified the interesting projections, the data is 
then projected onto a lower dimensional subspace plotted in two or three dimen-
sions, which makes it possible to examine its structure with the naked eye. The 
remaining dimensions are discarded as they mainly relate to a very small percent-
age of the information or the dataset structure. In that way, the structure identified 
through a multivariable dataset may be visually analysed in an ease manner.  

One of those models is the standard statistical EPP method [16], which pro-
vides a linear projection of a dataset, but it projects the data onto a set of basic 
vectors, which best reveal the interesting structure in data; interestingness is usual-
ly defined in terms of how far the distribution is from the Gaussian distribution.  

The neural implementation of EPP, applied in this research for identifying the 
different students clusters, is the Maximum-Likelihood Hebbian Learning 
(MLHL) [14,17], which identifies interestingness by maximising the probability 
of the residuals under specific probability density functions that are non-Gaussian.  
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Considering an N-dimensional input vector (x), and an M-dimensional output 
vector (y), with Wij being the weight (linking input j to output i), then MLHL can 
be expressed as: 

 
1. Feed-forward step: 
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Where: η is the learning rate and p is a parameter related to the energy function 

[13]. 
 

Then, by maximizing the likelihood of the residual with respect to the actual 
distribution, we are matching the learning rule to the probability density distribu-
tion of the residual. The power of the method comes from the choice of an appro-
priate function. 

4   The Real Case Study 

Significance of objective measurements has risen. Simultaneously, the prediction 
obtained by these measurements appears relevant to be exploited toward the as-
sessment skills development. This fact also applies to dental students’ [18].  

The real case study focuses on facilitating the identification of divergent or 
non-desirable situations in the educational process. The particular aim of this 
study is to classify the psychomotor skills of first year students when creating 
methacrylate figures during this Dental Aptitude Test, which consists of carving 
ten methacrylate figures by using rotatory systems, and applying two different 
speeds (V1 and V2). A total of 20 figures are included. V1 (low speed) rotates at a 
speed of 10-60,000 revolutions per minute (rpm), while V2 (turbine or high speed) 
rotates at a speed of 250,000 rpm. 

Seven of the figures made by the students can be easily created, while the re-
mainders, which have several planes, involve a higher level of difficultly. 

The tests conducted provide a comprehensive analysis of the students’ perfor-
mance with regard to their peer group and year of graduation, and allow for meas-
uring and assessing the students’ skills development during the course of an aca-
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demic year compared to other academic years, or to other students in the same ac-
ademic year. 

4.1   Training Scenario Description 

Every student works on a methacrylate sheet at two different speeds, low speed 
and high speed. The low speed (10.000-60.000 rpm) is to be used to carve the first 
set of ten figures (see Fig 1). After completing this part of the practical work, stu-
dents start carving the second part, which is basically a second round of the same 
figures, but this time using the high speed (150.000-250.000 rpm). The second in-
strument involves a higher level of difficulty as the bur is spinning faster and bet-
ter psychomotor skills are the pre-requisite for effectively completing this task.   

Both parts of the practical work have to be completed during 90 minutes and 
the results have to be submitted to the supervisors. 

 

 
Fig. 1. Figures to be carved by the students. 

 
The individual training involves the following steps: 
 Properly assemble the low speed and turbine and test its operation. Recog-

nize and properly mount the milling cutters. 
 Create figures in a methacrylate block (see Fig 2). In advance, the students 

have to draw the outline of what to carve with a pen and a ruler. 
 At the end of the training period the students have to submit their methac-

rylate block with all the figures carved on it (see Fig 2).Explanation: 
o Figures should have an approximate size of 1 cm (in the length) and a 

depth of about 3-4 mm, except figures A, B and C (see Fig 1).  
o The cavity design must be clear and free of defects, and the walls 

must be smooth and perpendicular to the surface of the methacrylate 
sheet. The floor must be parallel to the surface and as smooth as pos-
sible.  

o Cavities are initially carved with a low speed, and subsequently with a 
turbine, related to the psychomotor skills acquired.  

o Figures A, B and C (see Fig 1) have to be created in the end because 
of their level of difficulty concerning two planes. 

o Students can repeat carving the figures as often as they like, so they 
can use all the figures but only one side of the methacrylate block. 

o If the milling cutter is dulled with resin, it can be cleaned by spinning 
briefly and gently against a small block of wood or another milling 
cutter cleaner. 
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Fig. 2. Real methacrylate sheet with figures carved on it. 

 

4.2   Empirical Training Scenario Evaluation 

The real case scenario is empirically evaluated based on a survey of 79 first year 
dental students (24 students were eliminated from the initial 103 students, because 
they did not participate in the practical work). The information analysed for each 
student is based on 88 variables. The first most important eight variables concern: 

 Age of the student (integer value). 
 Sex of the student (integer value). 
 Mark obtained by the student in the university enrolment exam. (Decimal 

value between 0 and 14). 
 Previous experience gained by the student. The students may have had 

professional experience as a nurse, dental technician, hygienist, dental 
technician and hygienist, or lack of previous work experience. 

 Mark obtained by the student in the theoretical exam of the subject (Dec-
imal value between 0 and 10). 

 Mark obtained by the students in the practical part of the subject (Deci-
mal value between 0 and 10). 

 Group class of the student (integer value between 1 and 4). 
 Number of figures carved by the student (integer value between 0 and 

20). 
 

The following 80 variables (20 figures with four variables each) are the evalua-
tions of the different parts of the figures (graded between 0 and 5). The way to in-
terpret these variables is as follows: ‘x’ indicates the figure number and can range 
from 1 to 10, ‘y’ indicates the speed used to carve the figure  by using Low Speed 
(1) or High speed (2), and ‘z’ indicates the evaluator who examines the test (1 or 
2): 

 Fx_Vy_Ez_WALL: evaluate the quality of the walls of the figure creat-
ed by the student. 

 Fx_Vy_Ez_DEPTH: evaluate the quality of the depth of the figure cre-
ated by student. 

 Fx_Vy_Ez_EDGES: evaluate the quality of the edges of the figure cre-
ated by student. 

 Fx_Vy_Ez_FLOOR: evaluate the plain and irregularities presented on 
the floor of the figure created by the student. 
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The data are collected in a document that represents the dataset to be evaluated 
and analysed. 

The dataset, along with the corresponding labels, are recorded in a Comma 
Separated Value (CSV) format text file serving as input data in the software that 
applies the above described reduction treatment and generates the graphic repre-
sentations. 

5   Results and Discussion 

Following the analysing procedure, PCA identified two clearly separated clusters 
called G1 and G2 (see Fig 3).  

 
 G1: This cluster represents students with high marks in the university en-

rolment exam, good or very good marks in the theoretical and practical 
matters of the subject, and a large number of figures carved. This cluster 
is composed by two sub-clusters: C1 and C2, as explained below. 

 G2: This cluster represents students with decent marks in theoretical and 
practical matters of the subject, and a small number of figures carved. 
This cluster is composed of two sub-clusters: C3 and C4, as explained 
below. 

 

 
Fig. 3. Statistical PCA. 

 
The sub-clusters refer to the following: 
 
 C1 represents young students (see Table 1) characterized with high marks 

in the university enrolment exam, without previous professional experi-
ence, and good marks in both, theory and practice.  
 

 C2 represents young students (see Table 1) with no previous professional 
experience, with good marks in the theoretical part of the subject and av-



 

 

 

Table 1 

Clus

C1 

C2 

C3 

C4 

 
 
After

provem
Once

obtained
100000 

 

Fig. 4. M

Like 
cluster (
by an a
formed 

erage marks
ures, but les
 
C3 represent
retical and p
an average n
of these stud
 
C4 represent
carve 7 figur

Cluster Classifi

sters Student

3, 5, 6, 7

1, 2, 9, 

4, 32, 36

33, 34, 3

r analysing the
ents in the cla
e the dataset te
d by applying
iterations, 0.0

MLHL Analysis

in PCA, two
(G1) is compo

average mark 
at high spee

s in the practi
s than student

ts students (se
practical parts
number of fig
dents belong to

ts students (se
res. Their mar

fication (PCA).

ts belonging to 

7, 8, 12, 19, 22, 

10, 13, 15, 16, 2

6, 40, 41, 42, 43

35, 37, 39, 48, 5

e data using P
assification of 
est is analysed

g the following
006 as learnin

s with m=3, iter

o clusters G1 a
osed of four su
of less than 1
d (V2). The 

ical part. Thes
ts belonging to

ee Table 1) w
s of the subje
gures (about h
o the group nu

ee Table 1) th
rks in theory a

each cluster 

24, 51, 58, 60, 6

23, 52, 57, 59, 71

3, 44, 45, 46, 47,

55, 96, 101 

PCA, MLHL i
f the samples (
d using MLHL
g parameters: 

ng rate, and 1.1

 
rs=100000, lrate

and G2 can b
ub-clusters C1

1.8 (marks go
second cluste

se students ha
o the earlier cl

ith decent ma
ct, and have 

half), mostly w
umber G2.  

hat have been
and practice ar

67, 68, 70, 73, 74

1, 72, 84, 85, 98

, 49, 50, 93 

is then applied
(students). 
L (see Fig 4), 
3 neurons in 

1 as p (see equ

e=0.006 and p=

be identified. 
1, C2, C3, and 
o from 0 to 5
er (G2) is com

ave carved ma
luster (C1).  

arks, both in th
succeeded in 

with low spee

n able to succ
re varied. 

4, 75, 76, 77 

d to find poss

the best resul
the output lay

uation 1, 2 and

=1.1. 

In this case, t
C5, and chara
) for the figu
mposed of fo

9 

many fig-

he theo-
carving 

ed. Most 

cessfully 

sible im-

lt can be 
yer (m), 
d 3).  

the first 
acterized 
ures per-
our sub-



10  

clusters (C4, C6, C7 and C8) and characterized by an average mark greater than 1.8 
for the figures carved at high speed (V2). 

In order to facilitate the understanding of the results, the following equivalenc-
es are adopted from this point forward: 

 Overall average: average of marks for figures created by a student. 
 

 Average V1: average of marks for figures carved by a student using low 
speed. 
 

 Average V2: average of marks for the figures created by a student using 
turbine (high speed). 
 

The clusters that describe the data classification are the following: 
 C1 represents students (see Table 2) whose overall average is between 0.0 

and 0.5. This cluster is also characterized by an average V1 between 0 
and 0.95 and an average V2 of mostly 0.  
 

 C2 represents students (see Table 2) who have been able to successfully 
perform seven figures and whose overall average falls between 0.8 and 
1.5. This cluster is also characterized by an average V1 between 1.7 and 
2.95 and an average V2 of mostly 0. 
 

 C3 represents students (see Table 2) who have an overall average be-
tween 1.5 and 2.1. Students in this cluster are characterized by having 
made an average number of figures (between 8 and 13), most of which 
are carved with low speed (V1). This cluster is also characterized by an 
average V1 between 3 and 4.15 and an average V2 of mostly 0.  
 

 C4 represents students (see Table 2) who are similar to those belonging to 
the previous cluster, as the overall average of students falls within the 
same range, and the average V1 is a subinterval of students in cluster C2, 
namely between 1.64 and 2.48. However, they differ in the average V2, 
because it falls within a completely different range (between 1.88 and 2).  
 

 C5 represents students (see Table 2) with an overall average similar to 
those in clusters C3 and C4 and who have created 13 or 14 figures. The 
overall V1 is a sub-interval of the overall V1 of C3 students, but the over-
all V2 is between 0.9 and 1.7. 
 

 C6 represents students (see Table 2) with an overall average between 2.1 
and 2.8 and who have created 14-20 figures. Although this range is in-
cluded in the interval of the previous cluster, they are not the same be-
cause the overall V1 is between 2.4 and 3.5 and the overall V2 is between 
2.4 and 3.15.  
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 C7 represents students (see Table 2) with an overall average between 2.8 
and 3.75. The average V1 is between 3.1 and 3.7 and the average V2 is 
between 2.05 and 3.9. This is the largest cluster detected. 
 

 C8 represents students (see Table 2) with the best overall average (be-
tween 3.9 and 4.1). Likewise, the average for both V1 and V2 is greater 
than 3.9. These students have been able to perform (almost) all the fig-
ures. 
 

The following table shows which students belong to each cluster: 

Table 2 Cluster Classification (MLHL). 

Clusters Students belonging to each cluster 

C1 62, 82, 90, 100 

C2 33, 34, 35, 37, 39, 48, 55, 69, 80, 81, 96, 101 

C3 4, 25, 26, 29, 32, 36, 40, 41, 42, 43, 44, 45, 46, 47, 49, 50, 93 

C4 92, 94, 97, 99, 103 

C5 18, 65, 86 

C6 1,10,13,15,23,51,52,59,84, 98 

C7 
2, 5, 6, 7, 8, 9, 12, 14, 16, 19, 22, 24, 56, 57, 58, 60, 67, 68, 70, 71, 72, 73, 74, 77, 
85 

C8 3, 75, 76 

 

6   Conclusions 

The analysis based on the use of PCA provides a valid initial classification of the 
real dataset, but it can significantly be improved by using MLHL. 
The methodology applied provides promising results toward the comprehensive 
assessment of psychomotor skills development in career paths within engineering, 
design and medicine. 

The novel model based on Soft computing technology has been verified in a re-
al case study involving dentistry students. The variables analysed in this study can 
advantageously serve the teaching process by offering adaptive measures toward 
identifying those students most likely to pass the course, or who experience larger 
difficulties, respectively. According to the grade obtained in the university en-
trance exam and the number of figures carved, it’s possible to predict clinical suc-
cess the students’ achievements in terms of reaching the highest mark in the Test 
Skills Practice. 
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The research results make it possible to conclude that there is no relationship 
between recent achievements and previous professional experience, and this repre-
sents a helpful indication for the arrangement of future educational settings. Fur-
thermore, this research shows that the quality of the figures carved is the better, 
the better the students have been trained in the preclinical period, i.e. the greater 
number of figures have been carved. Therefore, the practice appears a sustainable 
way to achieve clinical success. 

Future work will focus on the extension and application of this objective as-
sessment methodology based on Soft computing models in further educational 
fields and knowledge domains, such as civil, automotive, aerospace and mechani-
cal engineering, and design and medicine to significantly improve the recent pre-
dominantly subjective practices of assessing skills development. 
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