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ABSTRACT 

We report an approach for implementing predictive fuzzy systems that manage capturing both the 
imprecision of the empirically induced classifications and the imprecision of the intuitive linguistic 
expressions via the extensive use of fuzzy sets. From end-users' point of view, the approach enables 
encapsulating the technical details of the underlying information system in terms of an intuitive linguistic 
interface. We describe a novel technical syntax of fuzzy descriptions and expressions, and outline the 
related systems of fuzzy linguistic queries and rules. To illustrate the method, we describe it in terms of a 
concrete educational user modelling application. We report experiments with two data sets, describing the 
records of the students attending to a university mathematics course in 2003 and 2004. In brief, we aim 
identifying the failing students of the year 2004, and develop a procedure for empirically inducing and 
assigning each student a fuzzy property "poor", which helps capturing the students needing extra assistance. 
In the educational context, the approach enables the construction of applications exploiting simple and 
intuitive student models, that to certain extent are self-evident. 
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Introduction 
 
Modern information management systems enable the recording and the management of data using sophisticated 
data models and a rich set of management tools. In the context of educational systems, the information typically 
includes details about learning material, the tasks and the objectives, the course information, the contact 
information, the teacher and the student profiles, and the information related to student assignments, the tests, the 
grades, and other records. When perceived in the technical terms of the underlying information system, it soon 
becomes very difficult to manage, integrate, and access different kinds of information. In this article, we seek 
means to model the imprecision of information and simplify the access to information systems, in terms of fuzzy 
modelling.  
 
In brief, computer-based learning management systems seek to be equivalent, if not superior, to the traditional 
learning systems (Darbhamulla & Lawhead, 2004). However, an increased technological potential does not 
automatically mean better applications. For instance, while the standardisation of the application interfaces (see, 
e.g., (Dodds, 2001)) certainly improves the development of learning systems, and it is possible to semantically 
integrate different sources of information, say, by using standard general-purpose query languages (Boag et al. 
2005; Prud'hommeaux & Seaborne, 2005), the engagement with the technical details may itself become an 
obstacle. A data format and a technical vocabulary that suits the needs of technical storage, does not necessarily 
suit the needs of the developers of the more abstract learning applications, not to mention the conceptualisations 
of the teachers and the students. In particularly, while it is relatively easy to store information about students' 
progress technically and to classify assignments as "easy", "intermediate", or "difficult" by hand, it is 
surprisingly difficult to automate the process of classifying students with respect to these semantic labels in 
terms of crisp computing. Assuming a good teacher and only a handful of students, this problem is largely 
irrelevant. However, when the number of the students increases or they are out of reach, seeking computer-
supported means becomes interesting. In addition, the ability to capture the key domain objects using intuitive 
expressions not only supports the activities of the teacher, but also makes it easier to implement and integrate 
learning applications based on domain-specific design. 
 
It is instructional to consider this problem from the perspective of domain, task, and user modelling (see, e.g., 
(Brusilovsky & Cooper, 2002)). In general, computer-aided teaching, learning, and collaboration systems (as 
information systems) enable the construction of various kinds of decision-support systems that help organising 
courses and adapting educational content to suit the needs of different kinds of students. At the heart of such 
systems lies a student (user) model, that records and explains the progress of the students, to be exploited by the 
learning environment. The basic requirement of student modelling is the ability to assign individuals and user 
groups meaningful labels related to their characteristics and activities, to be exploited on the level of the reacting 
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application. Historically, the development of modelling has evolved from crisp to fuzzy models, eventually 
taking context explicitly into account (Jameson 1995; Jameson 2001). Nevertheless, a good user model is 
intuitive and simple, allows sharing domain knowledge, and matches the requirements of the modelling task. 
 
The introduction of fuzziness typically aims managing imprecision (or vagueness) in applications. In short, the 
existing fuzzy systems fall into two categories. While fuzzy logic or fuzzy expert systems consider fuzziness in 
terms of fuzzy implication and a generalisation of crisp (two or finitely-valued) logic, fuzzy control systems aim 
reproducing the behaviour of intuitive control rule groups by exploiting fuzzy models, i.e., computing with fuzzy 
sets (Turunen, 1999; Jang & Sun, 1997; Hüllermeier, 2005; Cox, 2005). Further, the fact that fuzzy membership 
functions appear often overly precise in applications has motivated the development and application of, e.g., 
interval-valued and type-2 fuzzy sets (Vaucheret, 2002; Mendel, 2001). In the context of educational 
applications, the reported soft computing experiments include applications of Bayesian and Neuro-Fuzzy 
methods (Jameson, 1995; Xenos, 2004; Stathacopoulou et al., 2005). These methods have been widely applied, 
taking many aspects of education into account. The reported applications notably demonstrate analysing and 
evaluating both students based on individual assessments, students' views, education quality, grades of journals, 
and the performance of entire academic departments (Ma & Zhou, 2000; Liu & Maes, 2004; Suarez, 2003; 
Nokelainen et al., 2001; Arriaga et al., 2005; Ibrahim, 2001; Turban et al., 2000; Lopes & Lanzer, 2002). The 
claimed advantages of fuzzy modelling range from faithfully evaluating students' learning and cognitive abilities 
to moving towards personalised education (Stathacopoulou et al. 1999; Weon & Kim, 2001; Kavcic et al., 2003). 
 
In this article, we report an approach of implementing a predictive fuzzy system that manages capturing both the 
imprecision of the empirically induced classifications and the imprecision of the intuitive linguistic expressions 
via the extensive use of fuzzy sets. We describe a novel technical syntax of fuzzy descriptions and expressions, 
and outline the related systems of fuzzy linguistic queries and rules. In the educational context, the approach 
provides a concrete way of inducing intuitive semantic labels from the existing data archives, suitable for 
capturing the domain objects (users, user groups, processes, tasks, and artefacts) using fuzzy linguistic 
expressions. The basic idea is to describe the domain objects and the associated linguistic expressions in terms of 
neutral fuzzy sets, subject of fuzzy queries and rules. For the benefit of a concrete discussion, we describe 
implementing a novel predictive fuzzy system that demonstrates fuzzy modelling in the context of a realistic 
application. We report experiments working with two data sets, describing the records of the students attending 
to a particular university course of mathematics in 2003 and 2004 at the Tampere University of Technology, 
Finland. In short, we aim predicting the poor students based on the archives, and semantically integrate this 
information with fuzzy linguistic rules and queries. 
 
The main contribution of this article is threefold: First, we introduce a design of a realistic predictive fuzzy 
system that provides a basis for semantically integrating and encapsulating various kinds of information systems. 
Second, we develop the syntax of fuzzy expressions by introducing the notions of fuzzy linguistic constructors 
and pure linguistic concepts, and describe the related rule and query systems. Third, we provide a concrete 
bridge between the two complementary aspects of fuzziness in educational design, by syntactically integrating 
the imprecision due to lack of information (prediction accuracy) with the imprecision due to use of informal 
language (fuzzy linguistic expressions). 
 
The rest of this article is organised as follows: Section 2 describes the empirical data sets and Section 3 
demonstrates the potential of predicting the failing students. Section 4 presents the design of predictive fuzzy 
systems and Section 5 outlines the definitions related to fuzzy queries and rules. Section 6 briefly considers the 
applicability of model-free methods, and finally, Section 7 concludes the article with few notes. 
 
 
Empirical Data  
 
The success user modelling applications is determined by the quality of the user data. In the context of learning 
management applications, the backbone of modelling may be economically compiled from the formally recorded 
achievements. Our experiments were conducted using the accumulated data sets from the well-established basic 
course Engineering Mathematics I, during two successive years 2003 and 2004.  
 
The data describes the performance of the individual students in terms of 22 attributes: points from 13 
assignments (0-10, 'x' denotes a missing value), four mid-term exams (two attributes of 0-6 points each, 'x' 
denotes a missing value), and the final grade (0-5). The final grades were compiled using the attributes and 
scaled according to the final statistics. Compiled into chronological order, this approach provides a vector of 22 
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attributes for each student ([a1, a2, a3, e1, e2, a4, a5, a6, a7, e3, e4, a8, a9, a10, e5, e6, a11, a12, a13, e7, e8, g ]). 
Considering ongoing courses, the attribute vectors become available gradually. 
 
The data includes 358 student instances considering the year 2003, and 311 instances considering the year 2004. 
This provides two data sets D2003 = [αij], i = 1, 2, ,..., 358, j = 1, 2, ..., 21, and D2004 = [βij], i = 1, 2, ,..., 311, j = 1, 
2, ..., 21, accompanied with the final grades [gi], i = 1, 2, ,..., 358, and [hi], i = 1, 2, ,..., 311, respectively. We can 
use this information to define a training data set for the concept failing student, [g'i], where g'i = 1 when gi = 0 
and g'i = 0 otherwise (define [h'i] accordingly). The training data sets [αij|g'i] and [βij|h'i] may now be used for 
recognising the failing students. In particularly, the construction of the data sets enable using the first data set 
D2003 as training data for predicting the second data set D2004.  
 

0

20

40

60

80

100

120

0 1 2 3 4 5

Grades

St
ud

en
ts

(b)

0

10

20

30

40

50

60

70

80

90

100

0 1 2 3 4 5

Grades

St
ud

en
ts

(a)
 

Figure 1. The grade histograms of 2003 and 2004 
 
 
Figures 1a and 1b depict the grade frequencies of the years 2003 and 2004. Of course, the data from the year 
2003 does not completely characterise the year 2004, even if we assume that the course format remained 
unchanged. In principle, any change in the course agenda makes it hard to use the data from the previous year for 
the benefit of the next year. Changes might notably include (and partly did include) change of topics, providing 
extra tutoring for the poorly performing students, extra tests and questionnaires, and simply showing statistics 
like Figure 2 to the students (please see below).  
 
 
Using Training Data in Applications: Making Predictions 
 
Considering applications that rely on user modelling in the educational domain, perhaps the most important use 
case is classifying the students based on their observed and expected performance. This yields categories of 
fuzzy user groups providing decision-support information for various applications. For instance, consider the 
expression "student is very poor" in the context of the following informal rule as a part of the adapting 
application:  
 
If a student is very poor and lives far from the campus,  1) then the need for extra attention is high. 
 
In order to establish rules, the related fuzzy terms must be defined. In this article, we assign students (as 
identifiable domain objects) fuzzy descriptions which are to be associated with fuzzy linguistic constructors (as a 
sort of hedges) in rules and queries. Let us first briefly consider the predictive component of the process of 
inducing fuzzy descriptions.  
 
In our application, it is possible to establish a straightforward procedure for recognising the failing students 
using a simple domain-specific design, simply by assuming average performance: A student fails the course if 
she does not accomplish at least 40% of the assignments or gets less than 24 points from the mid-term exams 
(the point limit may decrease based on the final statistics). Additional requirements include attending to at least 
four computer exercises and completing a preliminary test. The additional requirements were not used in the 
predictions in this study. Accompanied by the fact that the grades were scaled based on the final statistics, this 
actually makes the prediction problem somewhat harder. 
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Figure 2. Prediction accuracy of the years 2003 and 2004 

 
 
Figure 2 depicts a demonstration of using the series of the first 1, 2, ..., 21 attributes of D03 and D04 for predicting 
the concept failing student by simply assuming average performance. In the experiment, the data was divided 
into k sets, according to the number of the attributes used in the prediction. The experiment shows that a naïve 
classifier, relying upon domain-specific information and simple design insight, manages to predict, or recognise, 
the failing students with a relatively high accuracy. 
 
Informally speaking, Figure 2 provides a clear message for the students struggling to pass courses. When grades 
are considered, failing performance can be reasonably well recognised after mid-course. Of course, this data 
alone can not tell what to do in order to improve the situation, expect for the "work harder" signal. In addition, 
when separated from the more decisive contextual characteristics, the recorded points and the mid-term exams 
do not necessarily faithfully reflect the students' skills nor understanding. Considering fuzzy systems, however, 
the experiments seem to support the rationale of implementing predictive fuzzy models, since the trend of the 
prediction accuracy is clearly positive.  
 
 
Implementing a Predictive Fuzzy System 
 
Assume we wish to assert rules and perform queries on top of a database, using fuzzy linguistic expressions. For 
instance, a teacher might want to establish heuristic rules like (1) and search for the students needing extra 
attention. Further, assume all the information is not readily available and we have to rely on generalisations 
learned from the historical archives. For instance, the points from assignments become available only during 
courses. In practice, we face this task during the internal design of an adapting educational system.  
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Figure 3. The basic components of a predictive fuzzy system 

 
 
Figure 3 depicts the basic components of a predictive fuzzy system. At the heart of the systems lies the 
predictive model which assigns domain objects (e.g. students si) fuzzy descriptions, based on the available 
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training data and the observed instance data from the application. The fuzzy descriptions add to the default 
knowledge base (e.g. a default thesaurus defining the basic concept taxonomies and the terminological 
synonyms), providing a basis for interpreting the fuzzy rules and queries. The linguistic component is defined by 
identifying the linguistic concepts to which the descriptions apply (e.g. poor), and establishing the fuzzy 
linguistic constructors (e.g. rather), to be used in the rules and queries. In brief, applications use the predictive 
fuzzy system for performing fuzzy inference and making fuzzy linguistic queries. This might also include, e.g., 
interpreting fuzzy SQL queries (see, e.g., (Cox, 2005)). More complex applications might in addition explicitly 
control the default knowledge base and the definitions of the fuzzy linguistic constructors, in terms of 
bootstrapping the predictive fuzzy system with application-specific defaults (e.g., modifying the fuzzy linguistic 
constructors upon context). 
 
Let us next consider the task of establishing the fuzzy linguistic expressions for fuzzy linguistic rules and queries. 
For technical purposes, let us equate, in the context of students attending a course, the concepts failing and very 
poor. Effectively, this provides a fuzzified notion that enables capturing the students that are "close to" failing. 
Turned around, a student that passes courses with (nearly) maximal grades is not at all poor. 
 
Technically speaking, we would thus like to assert, e.g., the following kinds of expressions concerning students: 
T = { not at all poor, not very poor, moderately poor, rather poor, very poor }. In a typical fuzzy application, 
these labels would be modelled in terms of a linguistic variable, using the elements of T as the term set (see, e.g., 
(Jang & Sun, 1997; Mendel, 2001; Cox, 2005)). Alternatively, however, the expressions include internal 
structure: a constructor part, and a concept part. The constructor resembles the notion of a hedge or a modifier 
while the concept part identifies the (pure) linguistic concept that defines the type of the particular expression. 
For instance, instead of asserting  
 
s is RatherPoor,          (2) 
 
we may assert  
 
s isRather Poor.          (3) 
 
The subtle syntactical difference becomes noteworthy when considering the constructors in the context of crisp 
classes. Two practical consequences are particularly significant: First, when compared to (2), separating the 
constructor and the concept part in (3) reduces the number of the semantic labels required in applications since 
the constructors may be associated with several concepts. Second, since the shape of the associated fuzzy set 
does not have to follow the limitations of simple functional hedges (e.g., concentration for "very"), the 
constructors may be defined empirically. In particularly, this includes the case of taking carefully into account 
the actual use of particular semantic labels in applications (about survey-based terms, see Mendel (2001)). 
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Figure 4. A fuzzy linguistic constructor sequence 

 
 
Figure 4 depicts a fuzzy linguistic constructor sequence that models the constructor terms. In short, a constructor 
may be perceived as a predicate that assigns a relationship between an subject and an object (see (3)), in terms of 
a (type-2) fuzzy set. This provides a proper generalisation of the is-a relationship or a crisp membership function 
and is suitable for describing the relationship between any domain objects and the selected linguistic concepts 
(e.g., students and the concept poor). Using fuzzy sets in modelling thus allows capturing imprecise descriptions 
which establishes an extension to description logic (see (Baader et al., 2002)). A singleton fuzzy set coincides 
with the plain (scalar) degree of fuzzy membership while fuzzy sets of other shapes enable modelling, e.g., the 
imprecision of the fuzzy definition itself. It is worth emphasising that while in this article we use fuzzy linguistic 
expressions in the syntax of the rules and the queries, they also enable recording imprecise assertions as well-
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established statements. However, the considerations related to the assertion context are not trivial and are not 
discussed here. 
 
Let us then address the question of adequately modelling the semantic descriptions of the domain objects in the 
context of the course application. In brief, we wish to assign students a fuzzy property poor, using a predictive 
model. We do this by assigning each student identifier a fuzzy description that associates the identifier with the 
linguistic concept poor in terms of a type-1 fuzzy set (see Figure 5 below). In queries and rules, we may then 
compute with these properties using the related term poor (establishing the type of the expression) and a 
linguistic constructor, e.g., "moderately" in expressions (establishing the meaning of the constructor term as a 
fuzzy set). 
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Figure 5. A fuzzy model for a student being poor 

 
 
We say that the fuzzy set depicted in Figure 5 is neutral. This is due to the fact that the domain of the 
membership function is normalised to [0, 1] and is not assigned any particular datatype information. Datatype 
information, however, might be required for establishing the definition via bindings to explicit quantitative data 
(e.g., predicted points of a course, distance in meters, etc.). Neutral fuzzy sets provide an intuitive explanation of 
the concepts imprecision (or expectancy, modelled by p), association (centroid of which is denoted by c), 
coupling (the max height of the membership function), precise, and crisp. In particularly, a type-1 fuzzy set is 
called precise if it is defined by a singleton membership function (p=0). Precise fuzzy sets for which c = 0 or c = 
1 are called crisp. Note that the definitions of association and coupling are not traditionally introduced in terms 
of type-1 fuzzy sets; they become meaningful only when interpreted in the context of the following rule and 
query semantics (or in the context of type-2 fuzzy sets). 
 
The experiment yielding Figure 2 provides a basis for modelling students being poor in terms of two 
observations. First, the predicted or the projected performance enables the definition of an appropriate semantic 
label in terms of a recognition task. Second, the precision of the assigned semantic labels is not a constant: it 
changes according to the available information or according to the estimated accuracy of the predictions. As a 
consequence, we may capture students throughout courses with a fixed set of semantic labels that get more 
precise as more information becomes available. In other words, the fuzziness of the application to certain extent 
decreases in time.  
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Figure 6. The average error of predicting the exact grades 
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It seems obvious that we may try to categorise students directly by predicting the grades. As suspected, assuming 
average performance provides a concrete method for doing this. Figure 6 demonstrates an example of trying to 
predict the exact grades. The average errors from using the data of 2003 and 2004 follow a similar pattern. It 
seems that the difference can be explained by the statistical corrections of the grades. After the second mid-term 
exam, the grades can be predicted with the average error of 0.8. Indeed, the experiments (see Figures 2 and 6) 
seem to demonstrate that the naïve prediction algorithm provides systematic results and that we may use the 
archives for estimating the prediction errors reliably. 
 
Considering the application, we may describe the students of the year 2004 using the fuzzy property poor, based 
on the above definitions. Thus, as the course proceeds, we receive more information about the students (in terms 
of attributes) and may classify the students more accurately. In brief, the application involves two kinds of 
imprecision. The first flavour of imprecision is due lack of information. The second is due choice. Roughly 
speaking, a student may change her projected trajectory by studying harder (or less harder). However, when 
considering getting a grade via the mid-term exams, the window of influence obviously gets narrower as the 
course proceeds. 
 
We will next describe a simple algorithm that can be used to associate each student a fuzzy description. It might 
be helpful to imagine that we assign each student s a triangular neutral fuzzy set Ãs of the type poor. The shape 
of the related membership function μs can be described in terms of two parameters, centroid of the degree of the 
association, s.c, and imprecision, s.p: μs (x) = μs (x; s.c, s.p). By letting u = s.c - s.p - ε, v = s.c, and z = s.c + s.p 
+ ε, 0 < ε << 1, we get the conventional definition (Jang & Sun, 1997): 
 
μs (x) = triangle(x; u, v, z) = max ( min ( (x-u)(v-u)-1, (z-x)(z-v)-1 ), 0), x ∈ [0, 1].  (4) 
 
Let s.x ∈ X = { 0, 1, ..., 54 } denote the number of points student s will earn from the mid-term exams and the 
exercises. By doing sufficiently exercises, students may earn max 54 - 48 = 6 bonus points to be added to the 
results of the mid-term exams. In practice, s.x = s.x(k) where k is the number of the attributes available during 
the course. Thus, s.x is a projected value, based on observing the performance of the past and assuming an 
average performance in the future. Define a function s.c: X → [0, 1], for modelling the (centroid of the) degree 
of association, associating the student s with the concept poor:  
  
s.c(s.x) = max( 0, min( 1, (24 - (s.x-24) ) / 24 ) ).      (5) 
 
Let Error(k) denote the error of the prediction of the grades during the previous year(s), using k attributes (see 
Figure 6). Define a function s.p: K → E ⊂ ℜ, where k ∈ K = { 1, 2, ..., 21 } is the number of the attributes 
available, and E denotes the set of errors, for modelling the imprecision of the association: 
 
s.p(k) = Error(k) / 5.         (6)  
 
We can now assign each student s a pair (c, p)s which models her being poor. Figure 6 depicts the development 
of the imprecision as more information becomes available. Intuitively, the pair (c, p)s may be interpreted as a 
neutral type-1 fuzzy set of certain shape (for triangular functions, consider (4) and Figure 5). The shape, 
however, must be decided by the application designer. 
 
The definitions (5) and (6) establish the induced fuzzy properties. For instance, the fuzzy set depicted in Figure 5 
suffices modelling a student s when s.c = 0.8 and s.p = 0.2. Considering the binding, this happens when s.x = 
28.8 and Error(k) = 1.0.  
 
Fuzzy descriptions provide intuitive labels of data in terms of the fuzzy property poor. As an example, Figure 7 
depicts classification trajectories describing six particular students that took the year 2004 course with the 
grades 0, 1, 2, 3, 4, and 5. In brief, the trajectories denote the association of the students being poor, suitable for 
fuzzy modelling. The imprecision associated with the fuzzy models may be read from the Figure 6, using the 
errors of the year 2003. In other words, the classifications get rather precise around mid-course. Intuitively, the 
analysis reveals that the student s3 seems to improve her performance during the course while the student s1 is 
doing worse and worse as the course proceeds. Of course, more information is needed for explaining why the 
behaviour occurs.  
 
Other fuzzy properties may be modelled and studied in a similar fashion. For instance, a fuzzy property passive 
can be induced from the attendance statistics. Examples of completely crisp properties include the number of 
credit units, sex, age, etc. Finally, students might also be explicitly asked further attributes for various properties 
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that can help categorising them. For instance, learning style, interest towards the subject, estimated effort, time to 
travel to the campus, studying at home, and being active or passive in the course. As the user models become 
more refined, it is possible to model and interpret students' behaviour more faithfully. Note however, that these 
extra sources of information inevitably introduce new sources of fuzziness as well, in particularly the 
imprecision related to communication. Nevertheless, using neutral fuzzy sets for modelling these properties 
provides a well-established reference system for various kinds of applications. The chief benefit is the ability to 
model a wide range of fuzzy properties in terms of uniform descriptions. From the perspective of fuzzy systems 
and applications, this helps integrating information from various sources. Associated with the idea of linguistic 
constructors, the approach provides a concrete way to describe domain objects using a relatively small set of 
intuitive linguistic concepts and expressions.  
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Figure 7. The classification trajectories of five particular students 

 
 
Notes About Implementing Fuzzy Linguistic Queries and Rules 
 
In the previous section, we demonstrated the construction of a predictive fuzzy model yielding a simple 
knowledge base of fuzzy descriptions. However, the model and the rationale behind the associated technical 
definitions can not be appreciated unless the related query and the rule applications are outlined as well. In order 
to illustrate the technical use cases, let us next very briefly reconsider fuzzy properties in the context of linguistic 
expressions, namely fuzzy linguistic queries and rules (see (1)).  
 
A typical use case of educational decision-support systems might be retrieving a list of students that are likely to 
fail the course, i.e. a list of poor students as a fuzzy user group. Consider the following informal fuzzy linguistic 
query: 
 
Find students that are at least rather poor and very passive.     (7) 
 
The expression (7) can be formalised in terms of conjuncted match patterns where match patterns may include 
an associated modifier part (at least, around, at most).  
 
Formally speaking, the expression (7) establishes a sequence of two match patterns <Aj> = <atLeast(rather), 
very> (where, in general, j = 1, 2, .., m) now associated with the fuzzy properties <pj> = <poor, passive>. 
Assuming each student s = 1, 2, ..., n is appropriately associated with the related fuzzy properties <vsj>, j = 1, 2, 
..., m, we may compute the match for each student and rank the students according to the matches. 
 
Perhaps the most straightforward method for computing fuzzy matches is due to aggregating the firing strengths 
computed from the matching sequences of the fuzzy sets. Let Aj and vj denote two neutral fuzzy sets, associated 
with the fuzzy membership functions μAj: [0, 1] → [0, 1] and μvj: [0, 1] → [0, 1]. Define 
 
wj = maxx μAj(x) ∧ μvj(x).         (8) 
  
This definition demonstrates linearity which is useful in implementations. We say that wj denotes the firing 
strength of <Aj, vj> and define the fuzzy match of <Aj, vj> as: 
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fMatch( <Aj, vj> ) = minj <wj>.         (9) 
 
In other words, the fuzzy match is a value between 0 and 1, suitable to be used to order the students based on the 
query. There exists other strategies for computing fuzzy matches as well, e.g., aiming to preserve the aspect of 
imprecision of the matches. For brevity, we ignore the other definitions.  
 
Fuzzy linguistic queries are useful but do not provide good syntactic means for using the information further. 
Sometimes it is useful to assign students new fuzzy properties based on the existing ones. For instance, one 
might wish to assert the following simple fuzzy linguistic rule: 
 
IF a student is at least rather poor AND very passive,      (10) 
THEN she is problematic. 
 
It is easy to see that fuzzy queries establish a special case of (simple linguistic) fuzzy rules. For instance, query 
(7) might be equivalently modelled in terms of assigning each student a new fuzzy property, problematic. The 
key difference, however, is that the new property problematic can be utilised in further queries and rules, to be 
aggregated with other properties of the same type. With certain restrictions, simple fuzzy linguistic queries 
provide the semantics of simple fuzzy linguistic rules. This is due to the fact that it is possible to interpret the 
fuzzy match as a fuzzy set; in our simple example, a fuzzy singleton would do. 
 
In general, more complex fuzzy rules may be implemented in terms of (control) rule groups. With certain 
assumptions, rule groups may be modelled using (slightly modified) Mamdani fuzzy systems (see (Jang & Sun, 
1997; Cox, 2005)). The key differences between simple fuzzy linguistic rules and rule groups lie in descriptional 
complexity and coupling. Rule groups enable the modelling of more complex relationships than simple linguistic 
rules, but by default, the coupling (max height) of the implied fuzzy properties might decrease during the 
inference (outputting non-normal fuzzy sets). This causes certain difficulties related to interpretation in 
applications. For brevity, we will not consider rule groups further in this article. 
 
 
From Domain-Specific Design to Model-Free Methods 
 
There are several ways to implement predictive fuzzy models. In particularly, even if applying domain-specific 
design (e.g., assuming average performance) may provide the best results, it is not always feasible nor necessary. 
In principle, there exists a wide range of machine learning, data mining, and exploration methods suitable for the 
task (Russel & Norvig, 1995; Mitchell, 1997; Cox, 2005). 
 
We describe elsewhere a study and a method for inducing membership functions of fuzzy sets empirically upon a 
training set of positive and negative examples (Nykänen, 2004). In short, the study provides a method that 
generalises concept learning to include learning fuzzy concepts. The basic idea is to train a redundant Decision 
Tree (DT) to classify data according to a goal attribute that denotes the related crisp concept, eventually 
representing the positive end of the bipolar fuzzy concept. The membership grades of the instances are then 
computed from the topology of the tree, based on the depth of the tree and the number of attribute tests required 
for recognising a negative instance. Assuming the crisp concept can be learned well, the method allows 
assigning objects fuzzy membership degrees with an information-theoretic explanation. 
 
Let us next briefly describe an approach for implementing a model-free fuzzy system. A decision tree was 
trained for each j = 1, 2, ..., k data sets, using [αij | g'i], i = 1, 2, ..., 180 as the training data for predicting [h'i], i = 
1, 2, ,..., 311, based on the instance vector [βij], i = 1, 2, ,..., 311. The available training data was simply split into 
half, in order to minimise the negative effect of overfitting. Figure 8 depicts an example of learning the concept 
failing student for the year 2004 with a rudimentary ID3 decision tree learning algorithm (for details, please see 
(Mitchell, 1997)). The experiment shows that even if blind concept learning is indeed possible (using a 
transparent DT learner), the naïve classification method clearly outperforms it.  
 
Thus, while the performance of recognising the failing students is better than chance, the prediction accuracy 
does not seem sufficient for inducing good descriptions. The situation might be improved by encoding the data 
differently, strengthening the algorithm, and introducing appropriate domain heuristics (Murthy, 1997). Of 
course, the other more powerful concept learning algorithms, such as neural networks or other equally expressive 
statistical methods, might perform better. It is worth noticing, however, that by definition, no statistical learning 
algorithm is able to demonstrate positive performance in every domain (Schaffer, 1994). 
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Figure 8. A comparison of the prediction accuracy 

 
 
Conclusions  
 
We have reported a design and a demonstration of a predictive fuzzy system that enables the description of the 
domain objects with fuzzy descriptions, suitable for fuzzy linguistic rules and queries. We have discussed the 
method in the context of an educational application, providing a way to capture students with fuzzy descriptions 
based on accumulative attribute sequences. We have developed the notion of neutral fuzzy sets, and introduced a 
system of fuzzy linguistic constructors, to model the structure of fuzzy linguistic expressions in rule and query 
expressions and logical statements. In brief, this construction relies upon the notion of pure linguistic concepts, 
providing a fuzzy extension to the relationship.  
 
The design of our system demonstrates two pivotal aspects of fuzziness in applications: While we welcome 
fuzziness in linguistic expressions because it enables, e.g., writing useful queries using intuitive expressions, we 
would nevertheless appreciate our knowledge base to be completely precise. For instance, we would appreciate 
an exact, a priori characterisation of the poor students – which is of course impossible because such data is 
simply not available. 
 
Motivation for our work is due rather practical considerations. As more information becomes available in 
applications, it gets difficult to set up user models and formulate expressions solely using the crisp design 
properties and the technical terms. Developing means to capture domain objects with fuzzy descriptions provides 
a concrete alternative that helps managing the built-in complexity in applications. Using intuitive semantic labels 
and expressions in modelling should also help making more transparent systems, thus supporting the activities of 
the end-users more openly.  This process may be perceived as an activity of constructing (fuzzy) linguistic (end-
user) interfaces. From the end-users' point of view, the main contribution thus lies in the potential of using 
intuitive expressions, without the need of adopting expert user interfaces, or assuming a strict terminology and 
in-depth understanding about the encapsulated data model. Note that in order to simplify the discussion we have 
ignored, e.g., the issues related to contextual interpretation (e.g., bootstrapping of the constructors) and heuristic 
modelling (selection of the labels) in this treatment.  
 
The quality of our fuzzy system is determined by the (induced) fuzzy model and the rule heuristics. For instance, 
the early classifications are rather imprecise. However, since this imprecision is transparent, the approach 
manages to escape several problems related to crisp modelling. In particularly, the system does not force crisp 
nor overly precise fuzzy classifications, and the "minor" errors in the classifications are not severe, due to fuzzy 
rules and queries. The approach is quite general and suits the needs of various application domains that require 
inducing fuzzy classifications and decorating archives with intuitive labels. In fact, we have developed the notion 
of our predictive fuzzy systems in the context of general-purpose Semantic Web technologies (Nykänen, 2005). 
 
Finally, we wish to emphasise that it is not clear whether the introduced semantic categories should be made 
publicly available, even if it might support, say, the creation of certain kinds of student groups. Indeed, being 
"accurate" or not, people might find certain semantic labels uncomfortable or even stigmatising. In turn, this 
highlights the subtle issues related to user modelling in the fundamentally social context of humans.  
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