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Data brings a tremendous amount of value. As a result, data mining is produced to extract
information from those. The General Unary Hypotheses Automation (GUHA) method provides an
approach in data mining to solve the issue.

Originating back in the 1960s in Prague, the GUHA method appears to be one of the earliest
methods in data mining. The method's main principle is to create all possible hypotheses
supported by the data underlying the first-order logic. Notably, the GUHA method includes
formulae forming by leveraging variables within the dataset as unary predicates and logical
connectives to construct hypotheses. The method forms all possible pairs of two distinct formulae
for testing the hypotheses. In addition, the method utilizes the semantic and syntactic aspects of
the logic to expand the hypotheses. As a result, GUHA is sufficient for dealing with complex
relationship between characteristics in databases.

The basic procedure of the GUHA method in this thesis deals with generalized quantifiers to
describe the relationships between two formed formulae, including simple association founded
p—implications, double p-implications, p-equivalence quantifiers, and the above-average
quantifiers. The procedure follows the generalized association rules, with its implementation
based on the bit string representation of analyzed data.

An application of the GUHA method is the LISp-Miner software. This project supports the use
of the method under large-scale datasets and provides a new, modern, and friendly environment
for performing the method. The project brings much potential to the development of the GUHA
method and knowledge discovery in general.

Keywords: Data mining, GUHA method, LISp-Miner

The originality of this thesis has been checked using the Turnitin OriginalityCheck service.
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1. INTRODUCTION

In the age of abundant information, organizations and businesses are focused on
working with complex datasets that contain foresight and hindsight. According to reports,
operations generated roughly 120 zettabytes of data in 2023, of which nearly 90% was
generated in the previous two years. [1] Technological breakthroughs, important
information, and the exponential growth of data from numerous sources in daily activities
have demanded efficient approaches to extract significant patterns and knowledge. One
of the most critical disciplines in machine learning is data mining, which is essential for
identifying patterns, trends, and hidden correlations in massive datasets. [2]

Data mining is a more extensive process of exploring data. It lies in a process called
knowledge discovery in databases (KDD). The more extensive process generally implies
extracting valuable information, patterns, and knowledge from large volumes of data.
Data mining works in KDD involve the application of various algorithms and techniques
to analyse large datasets and identify patterns, relationships, and trends. Data mining is
the central and essential step of KDD. [2]

Data mining may be divided into several tasks with different methods, depending on the
purpose of the investigation. The General Unary Hypotheses Automation (GUHA)
method is a data mining technique that uses mathematical logic to extract valuable data
from the database. The method is applied to GUHA prophylactics. An analysis of the
data matrix and a few paragraphs defining an exhaustive set of relevant relationships is
used as input for this procedure. The output is all true relations in the given data matrix

and, simultaneously, the shortest possible. [3]

GUHA procedures ASSOC and IMPL implemented in the 1970s work with relationships
that can be understood as generalizations of association rules independently defined in
the early 1990s. [3] With a great history along the simple yet efficient conclusion, GUHA
is proved to have a great potential.

The primary objective of this thesis is to provide an in-depth exploration of data mining
and its technique, particularly the GUHA method and its applications, specifically LISp-
Miner. As businesses and research endeavours increasingly rely on data-driven
decision-making processes, understanding and harnessing the power of data mining has

become essential for extracting actionable intelligence. The first chapter of the thesis



introduces to the data mining as well as the GUHA method. The second chapter of thesis
will provide the theoretical background behind the method, utilizing mathematical logic.
The chapter deals with the propositional and predicate logic with elements necessary for
the method. In the third chapter, the procedure of the GUHA method is discussed,
followed by example works and results of the method to a small set of data. Chapter 4
presents the LISp-Miner project, an application of GUHA method in large datasets.



2. THEORETICAL BACKGROUND

This chapter will explain the fundamental background of the GUHA method:
mathematical logic. First, the chapter will go through propositional logic, an important
definition to GUHA method. Next, the semantic and syntactic studies of propositional
logic will be discussed. Finally, the predicate are introduced as it will be important in
defining the basis for GUHA method.

2.1 Propositional logic

2.1.1 Propositions

In reality, the words are being expressed as statements. To explain those in
mathematical logic and formal reasoning, propositions are used. Propositions are
statements which can be declaratively defined True or False. Propositions are also
considered as the zero-order logic since there are no variables or quantifiers within the
statement, making it independent. [6][14]

Regardless of the content, these propositions are usually represented by symbols or
letters. For example, the proposition P might represent the statement “The sky is blue”.
The proposition P is now called an atomic proposition, where the proposition is
represented and cannot be reduced further. [6]

There are an infinite number of propositions. A proposition can be simply representing a
statement. However, a proposition can also be created using multiple propositions to

create, forming a compound proposition, using logical connectives.

2.1.2 Logical connectives

Logical connectives are one of the most important concepts in propositional logic. They
serve as a mean to display relationships between different propositions. Logical
connectives has a vital role in the construction of logical arguments by combining or
modify predicates and statements to create more complex propositions and the analysis
of truth values within formal systems. There are five main logical connectives:

conjunction (A), disjunction (V), negation (=), conditional (—) and biconditional (<) [4][6]



When two predicates are connected by conjunction, the resulting compound statement
is true only if both components are true. For example, if proposition P represents "It is

raining,” and proposition Q represents "The ground is wet," the compound statement:
PAQ

is true only when both conditions are satisfied, i.e., when it is indeed raining and the

ground is wet.

The disjunction connective yields a true compound statement if at least one of the
component statements is true. Using the same propositions P and Q, the compound

statement:
PVvQ
is true if either it is raining, or the ground is wet, or both.

The negation connective operates on a single proposition, reversing its truth value. If
proposition P is true, then P is false, and vice versa. For instance, if P represents "The

sun is shining," then =P denotes "The sun is not shining."
Implication is another crucial connective in logic. In an implication,
P-Q

proposition P is called the antecedent, and proposition Q is the consequent. The

statement P — Q is false if P is true but Q is false. Otherwise, P — Q is true.

Lastly, the biconditional connective expresses a relationship where two propositions are
true or false together. In other words, if P < Q is true, it means that P and Q have the
same truth value. For instance, "It is raining if and only if the ground is wet" indicates that

rain is the necessary and sufficient condition for the ground being wet.

2.1.3 Well-formed formula

A compound proposition can also be considered as a propositional formula. From that,
we have the definition of a well-formed formula (WFF). A WFF must be a propositional

formula and satisfies the rules: [14]

- Simple propositions, such as are WFFs by themselves. An atomic proposition P
is a WFF.

- WFF allows the negation of a proposition. If P is a WFF, then so is —P.



- WFF allows and requires the conjunction, disjunction, implication or equivalent
between any two propositions. If P and Q are WFFs, soare PA Q, PV Q, P —
Q,P-Q

A propositional formula can contain multiple propositions and logical connectives, as long
as all the rules are followed. For example, given the propositions P, Q, R, we have the

formula ¢:
P->QVR
which is a well-formed formula. However, the formula ¥, and v,:
Py =P -
» =P=Q > PR

are not well-formed formulae, since the formulae do not follow the rules, where an

implication connective is only allowed with two propositions instead of one,

A WFF also utilises the use of parentheses “(“ and “)” to show the mathematical order of
operations of the formula. A WFF is also defined as the language for the propositional
logic. [14]

2.2 Semantic and syntactic studies of propositional logic

A propositional language can be studied semantically and syntactically. [14]

2.2.1 Semantic study

Semantic studies of propositional logic focus on the meaning or interpretation of
propositions and formulas. We know that atomic propositions is declaratively defined as
either “True” or “False”. We define the numerical value of those with “True” as 1, and
“False” as 0. Given a formula with atomic components, when the truth value of all

components are confirmed, we can evaluate the truth value of the formula. [14]

We have mentioned that formula contains atomic propositions as well as logical
connectives. Table 1 below introduces the truth value with the inclusion of the logical
connectives called as the truth table. The truth value for each case for the logical
connectives can be easily explained with the definition.



Table 1. Truth table of logical connectives with propositions P and Q

P Q PAQ PvQ P P—-Q P-Q
0 0 0 0 1 1 1
0 1 0 1 1 1 0
1 0 0 1 0 0 0
1 1 1 1 0 1 1

Among all the formulas defining, there exists some formulas where their truth value is
always True, regardless of the truth value of the depending variables. Those formulas

are called tautologies. [14] An example of a tautology:
1= P \Y _|P

Regardless of the truth value of P, the truth value of —P will be the opposite. From the
truth table in Table 1, we can conclude that ¢, is True in all cases of P. A few other

examples of tautologies:
¢, =(PAQ =P
$3=(PAQ)=>R)= (P=(Q=R)

Those tautologies can be proved using truth tables. Table 2 and Table 3 represent the
results for formula ¢, and ¢, respectively. With the column ¢, and ¢ obtaining value

1 in all possible cases, we have proved these formulae as tautologies.

Table 2.  Truth table for formula ¢,

P Q PAQ b2
1 1 1 1
1 0 0 1
0 1 0 1
0 0 0 1




Table 3.  Truth table for formula ¢

P Q R PAQ Q=R (PAQ)=R P=(Q>R) b3
1 1 1 1 1 1 1 1
1 1 0 1 0 0 0 1
1 0 1 0 1 1 1 1
1 0 0 0 1 1 1 1
0 1 1 0 1 1 1 1
0 1 0 0 0 1 1 1
0 0 1 0 1 1 1 1
0 0 0 0 1 1 1 1

2.2.2 Syntactic study

Propositional formulas can also be studied syntactically, where the formulas are being
focused more on its structure rather than the truth value. The study concerns the
derivation of conclusions from premises based on rules and axioms (self-evidently true

statements) within a formal system. [14]
The three axiom rules:

- Law of Identity (Identity Axiom): P — (Q — P). A proposition is always identical
to itself.

- Law of Implication (Implication Axiom): (P — (Q — R)) —» ((P —» Q) — (P — R)).
- Law of Non-contradiction (Non-contradiction Axiom): (7P — (P — Q))

In addition, outside a formal system, meaning in general cases, there exists a set of rules
which draw valid conclusions from given premises in propositional logic, called as the
rules of reference. [4] Mathematically, in syntactic study, the premises and conclusions

are written in the form:



Premise 1

Premise 2

Conclusion
Or (Premise 1), (Premise 2) + (Conclusion)

Rules of inference form as a combination of predicates and logical connectives. [4] Some

important rules:

- Modus Ponens: If we are given an implication "If P then Q," and given that P is

true, then we can conclude that Q is also true. (P — Q), (P) - Q

- Modus Tollens: If we are given an implication "If P then Q," and given that Q is

false, then we can conclude that P is also false. (P — Q), (7Q) + P

- Disjunctive Syllogism: If we have a statement of the form "P or Q," and we
know that P is false, then we can infer that Q is true. (P V Q), ("P) - Q

- Disjunctive Elimination: If we have two predicates P, Q all indicates to another
predicate R, i.e. "If P then R" and "If Q then R". If we have “P or Q”, we can infer
C.(P—>R),(Q—R),(PVQ)FR

- Absorption: If we have a statement of the form "If P then Q," then we can
conclude that "If P then Pand Q." (P - Q) (P - PAQ)

A formula can be defined from the conclusion with the premises is a provable formula
within the system.

For example, we were given the premises:
A—-B
B ->C
A-B)-[B -0->A->0]
(4 -0)

We need to prove that A — C is a provable formula.

We obtain:
i)A - B (Premise)
ii)B »C (Premise)

ii)(A »B)-»[(B->C)-> (4 -C)] (Premise)



iv)(B ->C)-> (A -0) (), iii), Modus Ponens)
)(A - 0) (i1), iv), Modus Ponens)
Thus we proved A — C is a provable formula.

In addition, propositional logic is complete, as while we can use a truth table to show that
the formula is a tautology, then we can also use rules of inference to prove that the
formula is provable. [14]

2.3 Predicate logic

While propositional logic deals with propositions having no dependence on any variable,
predicates represent statements being expressed mathematically with dependence on
variables, showing properties or attributes that can be attributed to objects within a
domain. n-place predicates are statements that it values depends on n different ob-
jects/elements/variables. We are only considering the first-order logic with unary
predicates P(x), meaning predicates with only one variable. [15]

Similar to propositions, predicates must be declaratively defined True or False. However,
the truth value of the predicates depend on the variable itself. Also, regardless of the
content, these propositions are usually represented by symbols or letters, with a denote
of the variable in parentheses. [15]

For instance, consider the predicate P(x), where x represents an object or element in a
domain. This predicate could represent any property or attribute of x, such as "x is blue"
or "x is greater than 5". The truth value of P(x) depends on whether the property
described holds true for the specific value of x.

There are an infinite number of predicates, and formulae can also be formed from
predicates using logical connectives. Furthermore, there exists an additional element in

the predicate logic: quantifiers. [6]

Quantifiers are notations used in mathematics to describe the number of elements in a
defined set satisfying a predetermined, open formula. The quantifiers are essential in
formalizing mathematical statements and proofs. We are familiar with two main forms of

the quantifiers: universal quantifiers (V) and existential quantifiers (3). [5]

The universal quantifier (v) denotes "for all" or "for every". It describes a certain property
or condition holds true for every element in a given domain. In other words, universal

quantifier is a set containing the universe. [5] For example:

Vx,x >0
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This statement asserts that "for every real number x, x is greater than 0".

In the case where predicates are included, the universal quantifier can also be used. For

example, "All cats are mammals" can be symbolized as:
Vx(Cat(x) - Mammal(x))
where Cat(x) represents " x is a cat" and Mammal(x) represents " x is a mammal".

The existential quantifier (3) denotes "there exists" or "there is at least one". It shows
that there is at least one element in a given set or domain that satisfies a certain property
or condition. Mathematically, it is a family of all the subsets of the universe but the empty

set. [5][6] For example, consider the statement:
Ax ,x% =4
This statement asserts that "there exists a real number x such that x squared equals 4".

Those above classical quantifiers are yet rather unrealistic in multiple natural languages
and scenarios, as not “for every” is entirely correct in majority cases . Thus, generalized
quantifiers are introduced to perform the quantifiers in a more detailed and accurate

manner. [2]

Generalized quantifiers are a concept in formal semantics and logic that generalize the
idea of quantifiers in natural language. These quantifiers are used to express properties

of sets or groups of objects. [6]

Generalized quantifiers extend the classical quantifiers by allowing quantification over

sets rather than individual objects. They are often represented by quantifier phrases like

"most", "few", "more than half", “majority”. [2][6]

From the existence of the quantifiers, we define an open formula as a formula where the
variable does not depend on any quantifiers. Reversely, a closed formula has its variable
depends on at least one quantifier. [6]

For instance, we have the predicates P(x), Q(x). Some closed formulae that can be

formed include:
Vx, P(x) = Q(x)
Jx, =P (x) A Q(x)

On the other hand, we have the example of an open formula, since the variable x is free

in this formula since it's not quantified over:

P(x) = Q(x)
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Predicates are also being handled with semantic and syntactic studies. However, those
studies in general are a lot more complex compared to propositional logic. [14]

In the semantic aspect of the predicate logic, tautologies involve quantifiers which
introduce complexities not captured by truth tables alone. Predicate logic often deals with
infinite domains, which makes constructing a truth table impractical. For instance,
consider a formula involving ¥x P(x), where P(x) represents a property that holds for all
elements x in an infinite domain. We can't create a truth table with an infinite number of
rows to represent all possible values of x. Considering the case where the formula holds
for a finite number of elements, it would also be exhaustive to list all possible

combinations of truth values.

Predicate logic also exists completeness. Godel's completeness theorem, proposed by
Kurt Godel in 1929, states that every valid formula in first-order logic is provable using
the rules of first-order logic. This means that first-order logic is complete in the sense
that it can prove or disprove any statement that is true or false in the language of first-
order logic. However, completeness can vary depending on the specific logical system
or theory being considered. Some systems may be incomplete, meaning that there are
true statements within the system that cannot be proven using the rules and axioms of
that system. Godel's incompleteness theorems, also proposed by Kurt Godel, show that
certain formal systems, including arithmetic, are inherently incomplete. [16]
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3. GUHA METHOD

3.1 GUHA method

GUHA, or the General Unary Hypotheses Automation, is a method for automatically
generating hypotheses with data from experimental procedures. As a valuable tool in
data mining, the method was initially elaborated by Hajek, Havel, and Chytil in 1966 in
their paper "The GUHA method of automatic hypotheses determination”. It remains
relevant today with continuous development over the past decade. GUHA functions as
an automated form of exploratory data analysis, summarize their main characteristics,
systematically generating interesting hypotheses of a given logical form that are
supported by the data, enabling to the discovery of deeper and hidden dependencies
within the dataset. [2]

3.1.1 GUHA foundation and properties

GUHA method performs with the input of a database table, a rectangle matrix consists
of rows and columns, where each row represents an object, and the columns represent
the characteristics, the variables which differs depending on the object. As the method
is based on logic mathematics, the database value must be available in binary
categorical forms (0 and 1), representing True and False for performing. However, the
initial form of the columns can be at any type, since transformation is possible for all
types of data. The transformation will depend on researchers defining which predicates
that are sensible or essential to analyse. [2][7][9]

GUHA is founded on the principle of the first-order logic. First-order logic forms in the
basis of using quantified variables, logical connectives with the allowance of variables
exists within predicates. As a result, we can construct the basis of GUHA using the
principle of the first-order logic, calling as GUHA language. A GUHA language L,
consists of unary predicates for the characteristics P, ..., B,, and the number of objects
X1,..,Xn, logical connectives, and generalized binary quantifier usually denoted by ~, =,
=. Then, the specific variable P; (0 < j < n) corresponding to an object x; (0 < i < n) can
be defined as P; (x;). The binary database value of P; (x;) can be expressed as v(P;(x;)),
where v(P;(x;)) € {True, False}. Generally, the set of values of all predicates in all values
are denoted as VAL. [7][9]
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With the basis formation of the GUHA language L,,, combining with the dataset from
observations or empirical data, we create a unique observational predicate language for
each different dataset. From the given observational predicate language, we can con-
struct the formulae for the method. We denote ¥(x) and ¢ (x) are formulae created by

the language from a specific model. [2][4] Some examples of ¥(x) and ¢(x) can be:
P1(x) = Py (x) A =P, (x)
$1(x) = —Ps(x)
Yo (x) = (P3(x) vV P,(x)) A Ps(x)
$2(x) = Py(x) A Pe(x)
depending on the variable selection and which desired relation is established.

We can derive a contingency table to compare the compatibility of both formulae to the
corresponding object within the dataset, named as the four-fold frequency table. The
four-fold frequency is defined as follow:

Table 4. A four-fold frequency table

Model Y -
¢ a b atb=r
- c d c+d=s
a+tc=k b+d=I atb+c+d=m

where

- arepresents the number of objects x; that satisfy both 1 (x;) and ¢(x;), meaning
that Y (x;) = ¢p(x;) = True.

- b represents the number of objects x; that satisfy ¢(x) but not 1(x), meaning
that ¢(x;) = True and Y(x;) = False.

- crepresents the number of objects x; that satisfy (x) but not ¢(x), meaning that
¢(x;) = False and ¢(x;) = True.

- d represents the number of objects x; that do not satisfy both (x) and ¢(x),

meaning that ¥ (x;) = ¢(x;) = False.

The four-fold frequency table is utilized to determine the truth value of the formulas that
contain the generalized quantifiers.
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3.1.2 GUHA'’s non-standard quantifiers

We know that generalized quantifiers determined the quantity of the specific objects. In
GUHA mining, the generalized quantifiers represent the quantity, with the object as the
relationship between two chosen formulae. We focus on main generalized quantifiers
showing relations of the formulae: simple association (~), founded p—implications
(=p,n), double p-implications(<,,), p-equivalence quantifiers (=,) and the above

average quantifiers. [2][8][9]
For two formulae y¥(x), ¢(x), the simple association can be described as:

P ~ p(x)

The quantifier indicates that there exists some association or coincidence between the
functions @(x) and y(x), in which both of them occur together or both do not occur. [2]
To define whether the binary value of the association quantifier above, we have:

v(p() ~ p(x)) = True & ad > bc (1)

Similarly, with two formulae (x), ¢(x), the founded p—implications can be described

as:
P(x) pn ¢(x)

The quantifier indicates the implication of 1)(x) onto ¢(x) with the confidence p € (0, 1]
and base n. [2] The truth value of the founded p—implications quantifier in the model is
determined as follow:

a

v (w(x) =, qb(x)) =True & {m = P pe1] (2)
' a=n

Generally, the founded p-implications as the association rules with confidence p € (0, 1]
and base n. Based on the founded p—implications quantifier, we can use GUHA to derive
the double p-implication [8]:

P(x) Spn ¢(x)

This quantifier denotes the satisfaction of ¥(x) or ¢(x) fulfl Y(x) and ¢(x)
simultaneously. In a specific model, the truth value of the double p-implication quantifier:

a

v(lp(x) Spn qb(x)) =True & >p, pe(01] (3)

a+b+c

With p-equivalence quantifier, the relation between two formulae is determined as: [2][9]

Y =p o)
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This quantifier denotes the equivalence between y(x) and ¢(x) with confidence p €

(0,1]. The truth value of the equivalence quantifier:

a+d
a+b+c+d

v(p(x) =, p(x)) = True & >p, pe(01] (4)

The above average quantifiers ensures any arbitrary combination of attributes would be
at least p% more frequent than in the whole dataset. For an above average quantifier of
two specific formulae to be true, this condition must be satisfied:

a+c
a+b+c+d

(V@) ~pp(®) = True © == (1 +p) zp, pe(01] (5

Together with the quantifers mentioned above, there are still so many other quantifiers
that can be brought in GUHA. Some other quantifiers can be mentioned in the GUHA
method includes average dependence, Fisher information,.. etc.

3.2 An example of GUHA method

We apply the formuale and the characteristics concluded in the first part to deal with
some given data. We have the data A representing the allergic reaction of 12 children to
some specific food: tomato, apple, orange, cheese and milk. In the data table, the child
are the objects, and the food are the predicates. From that, we can create a GUHA
language specifically for this dataset L with unary predicates Tomato(x), Apple(x),
Orange(x), Cheese(x) and Milk(x) and the number of objects x;,..,x,, logical

connectives, and generalized binary quantifier denoted by =. [2]

Table 5. Allergic database of 12 children to specific food

Child Tomato Apple Orange Cheese Milk
Anna 1 1 0 1 1
Aina 1 1 1 0 0
Naima 1 1 1 1 1
Rauha 0 1 1 0 1
Kai 0 1 0 1 1
Kille 1 1 0 0 1
Lempi 0 1 1 1 1
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Ville 1 0 0 0 0
Ulle 1 1 0 1 1
Dulle 1 0 1 0 0
Dof 1 0 1 0 1
Kinge 0 1 1 0 1

We start by defining the formulae we want to test. First, we check the relationship
between the allergic of cheese and milk. Let ¥ (x) = Cheese(x), ¢p(x) = Milk(x). We
construct a four-fold frequency for the formulae:

Table 6. Four-fold frequency table of the allergic table
fory(x) = Cheese(x), ¢p(x) = Milk(x).

A P(x) —(x)
¢ (x) 5 4
—p(x) 0 3

Define the generalized binary quantifier between ¥(x) and ¢(x): ¥(x) = ¢(x). We
check to see if = is a simple association qualifier. From (1), we substitute the results from
Table 6 to see if the quantifier meets the requirements:

ad> bc & 5x3> 4%x0 & 15> 0 (True) = v, (P&x) ~ p(x))

We can conclude that there exists a simple association or coincidence between the

allergic of Cheese and Milk.

We check the 0.6-implicational quantifier with base 5:

7} (U)(x) =0.6,5 ¢(X))

The quantifier denotes that:

a 5 5
> — > —>0.
{a+b_p@ {5_'_4_0.6@ {9_06(False)
a=zn 5>5 5>=5(True)

= Vy (d)(x) =0.6,5 d)(X)) = False
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For the 0.6-equivalence quantifier, we denote:

vA(ll)(x) 0.6 ¢(x))
The quantifier implies that:

a+d > 0.6 543 > 06 2>O6
_— b ———— b6 — )
a+b+c+d 5444+0+4+3" 3

= Vy (l;b(x) =0.6,5 ¢(X)) = True

From the above quantifiers, we can define the existence of a relationship between the
allergic of Cheese and Milk. We will test if the allergic of the remaining has any effect on
either Cheese or Milk allergic. Let ¥/(x) = Orange(x) vV Apple(x), ¢(x) = = Milk(x) A

Cheese(x). The truth value of all members in the dataset with the formulae are:

Table 7. Database table for Y(x) = Orange(x) V Apple(x), ¢(x) = =Milk(x) A

Cheese(x).

Child P(x) ¢d(x) Child P(x) ¢(x)
Anna 1 0 Lempi 1 0
Aina 1 0 Ville 0 0
Naima 1 0 Ulle 1 0
Rauha 1 0 Dulle 1 0
Kai 1 0 Dof 1 0
Kille 1 0 Kinge 1 0

We construct a four-fold frequency for the formulae:

Table 8. Four-fold frequency table of Table 7.

A P(x) - (x)
d(x) 0 0
—¢(x) 11 1

Define the generalized binary quantifier between ¥ (x) and ¢(x): ¥ (x) =~ ¢(x). We can

clearly see = is not a simple association qualifier,asad > bc & 0x1> 11x0 0>
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0 (False). Similarly for the p-implicational qualifier, applying the values into the

conditions:

{ - 2p {L =2p

a+b < 10+0

az=zn 0=n

This implies that there’s no implication on how the allergic of either Orange and Apple
has impact on the statement that some children is allergic of Cheese but not Milk. We
can conclude that the allergic reaction of Orange and Apple has very few chance of
connection with the assumption that children are allergic to only Cheese but not Milk.

Another scenario, we want to verify whether the allergic of either Tomato or Orange has
any relation to the allergic of Apple. We define the formulae: (x) = Orange(x) v
Tomato(x), ¢(x) = Apple(x). The truth value of all members in the dataset with the

formulae are:

Table 9. Database table fory(x) = Orange(x) V Tomato(x), ¢(x) = Apple(x).

Child P(x) ¢d(x) Child P(x) ¢(x)
Anna 1 1 Lempi 1 1
Aina 1 1 Ville 1 0
Naima 1 1 Ulle 1 1
Rauha 1 1 Dulle 1 0
Kai 0 1 Dof 1 0
Kille 1 1 Kinge 1 1

We construct a four-fold frequency for the formulae:

Table 10.  Four-fold frequency table for Table 9

A P(x) - (x)

01€9) 8 1

-1 (x) 3 0




19

Define the generalized binary quantifier between y¥(x) and ¢(x): Y(x) = ¢p(x). We
check to see if = is a simple association qualifier. From (1), we substitute the results from

above to see if the quantifier meets the requirements:
ad> bce 8x0> 3x1< 0> 3 (False) > vA(lp(x) ~ (],’)(x)) = False

Therefore there exists relatively few association or coincidence between the allergic of
either Orange and Tomato compared to Apple.

Now, we again set the confidence p to 0.6 and base to 5 to check whether the above

formulae accompanied with quantifiers are true or not.

We check the 0.6-implicational quantifier with base 5 for the formulae:

7} (U)(x) =0.6,5 ¢(X))

The quantifier denotes that:

> 8 > 0.6 8>06T
{a+b—*’@{m— - @{9— 6 (True)
az=zn 8>5 8 = 5 (True)

= Uy (1,1)(36) =065 (]f)(X)) = True
For the 0.6-equivalence quantifier, we denote:
vA(P(x) S06 d(0))

The quantifier implies that:

a+d 84+ 0
—> 06 —————
a+b+c+d 8+1+3+0

2
=06 §2 0.6

= Vy (d)(x) =0.6,5 d)(X)) = True
For the above average quantifier, we denote:

V(W (x) ~06P(x))

From that, we obtain the requirements:

a
—2=>1+p)

a+b p

—_—>
at+b+c+d

S s d+0e—F o6
(=4 0)———M—M .
511 ¢ J8¥14340°

.

As a result, we can conclude:
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va(P(x) ~o6P(x)) = False

Overall, we can conclude from the quantifiers that there exists an implication between
both formulae with a confidence 0.6, meaning that if the child is either having an allergic
to Orange or Tomato, he/she will be likely to have an allergic to Apple. Additionally, we
also include the equivalence of either the allergic of Orange or Tomato to Apple.
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4. APPLICATION OF GUHA METHOD: LISP-
MINER PROJECT

GUHA method has proved to be efficient in data mining and KDD in general. While the
method deals greatly with small-sized dataset manually, it can be a big issue when
applying to large datasets. Along with its potential, LISp-Miner was created. LISp-Miner
project is an academic project that was developed at the Faculty of Informatics and
Statistics of the University of Economics in Prague since 1995. The project was created
with the aim to develop the research progress in data mining and knowledge discovery,
applying in studying and teaching, alongside utilizing the use of GUHA method in larger
datasets, with up to hundreds of millions of objects. [12][13]

The software works based on GUHA method. Therefore, similar to the GUHA method,
in the beginning of a project produced by the software, it requires the user to input the
database. The database can be available in the text file .txt, database file .mdb and .dsn
extension. In addition, the software allows re-entering the database if the database has
already in the extracting progress. The data input window is shown in the figure below,
with the input section on the bottom right corner of the window, with the choice associat-
ing with existing database in the bottom-left corner.

(-r Tomperoen yiopisto
Tampereen ammattikorkeakoulu

('r Tampere University
Tampere University of Appled Sciences

Selecta metabase=data pair to work with
Recently used ODBC Data Source Names

13 Sign out tyopoyts
tunto

Select Remove

I~ This application runs on the UEP ComputerLab client computer

Al ODBC Data sources \ Open File DSN \ New from TXT ‘

Associate an existing metabase wit data | New from MDB ‘ i

Close New from DSN

to search

Figure 1.  LISp-Miner working database selection
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After choosing the input data the file import information window will appear, showing
some sample data of the files alongside with the attributes available in the dataset, so
that we can check the database before putting it into the program. There are also options
available to deal with irregular or confusing attributes such as dates or non-English
alphabets, as well as some restrictions. The file import information for .txt file extension
can be shown as an example in Figure 2, with a data containing elements contributing

to the act of using contraceptive method by 1473 married women in Indonesia.

ource fle: C:\Users\tpthvu\Downloads\cmadata. bt

333333333¢

Student

Rel
joe
sk
sk
18k
sk
sk
1
sk
st

Type here to

Figure 2. LISp-Miner import information of the database -

After the data input selection is completed, the program will guide the user to the main
window in Figure 3, where the GUHA tasks can be implemented in the program. The
workspace has 6 main parts, where each contributing to the data mining with GUHA,
available at the tab tree on the left of the window.

In the data introduction, the system displays the data imported in the beginning for data
mining. We can look at the database table by choosing “Show Columns” if we would like
to have a closer consideration on the attributes, or “Show Data” if we want to have a
clear vision on the dataset. We can also add external datasets by clicking in the import
TXT button in the bottom of the window. Figure 4 shows the columns of the dataset in
the software.
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Figure 3.

LISp-Miner main workspace

@ LM cmcdata M8 - LISp-Miner Workspace module - 27.19.01 - ] X

File Data Introduction Preprocessing _Interactive Analysis _Data-mining Tasks Domain Knowledge

Window Help

Tab Tree
= i A Data Introduction
{La Tables
=-3 -emcdata
28] Columns]
B. Data Preprocessing
e Atributes
9 Age
79 Contraceptive
19 Education
il C. Interactive Analysis
= # D.Data-mining Tasks
Fa Overview
= Zy ‘How Age and Education affects C¢
Q¢ TaskResults
17 Task Settings
S Hypothesis (5)
€ E. Domain knowledge
@ W.Workspace

Hide

Rea

P Type here to search

Figure 4.

[y Tables %) cmedata B3 |5 Atibutes| 79 Contraceptive| T Education| T@ Ace| 7 Tasks Overview| 1 How Ace and Educatio. | @ How Aqe and Educatio. | S Hve 41 *
Databasetable:  cmcdata Edit
Shortname emedata Name in front of column names: No
Number ofrows: 1473 Rows resticted:  No Cache preprocessed data: No
PK Column Type DataType  Valid Used Express
Child_count DB Integer number  Yes cmcdata Child_count
Contraceptive DB Text Yes + cmcdataContracepive
Education 0B Integernumber Yes  +  cmcdata Education
Husb_educ DB Integer number  Yes cmcdata Husb_educ
Husb_occup 0B Integer number  Yes emcdata Husb_occup
»1 ID_M DB Integer number  Yes cmcdatalD_LM
Is_working 08B Text Yes emedata ls_working
Living_std DB Integer number  Yes cmcdata Living_std
Media_exp 0B Text Yes cmcdata Media_exp
Religion DB Text Yes cmcdata Religion
Show Column I Add expr ‘ Add query [ Add geo ‘ Add multicol ‘ Delete |
Show Data | SetPrimary key ‘ Check [ | ‘ Re-read columns [

Showing the columns of the database in LISp-Miner

In the Data Preprocessing section, the system requires the user to choose the attributes

needed for data mining, as Figure 5. The selection can be chosen using the Add Attribute

button in the bottom of the window. After selecting the attribute, a basic parameter of the

attribute is introduced, and then a data processing window appears to preprocess the at-

tribute. As we have mentioned, GUHA method can be applied in multiple types of data,
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yet it must be converted into binary types before applying the method. The data pro-
cessing window appears to help the user on the issue, with options given to yield the
values to their corresponding binary results, such as subsets, intervals. For example, in
the attribute Age, the attribute can be divided into different intervals, where each interval
is implemented as a new attribute. The system also introduces the Interactive Analysis,

where the attributes are analyzed by the software, giving user an overall view of the

Q

Tab Tree Hide = - = B =

5§ A Dot Inbodecion [y Tables| (5) emcdata Ty Atributes E3 |5 Contracentive | 79 Education| T Ae| % Tasks Overview| 1 How Ace and Educatio. | Q How Aqe and Educatio.. | S Hve 41|
L Tables Matrix | cmcdata

= cmcdata

B Z) Columns Groups of atibutes tree Aibute Used DBColumn Categories XCat_Sample categories
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T Amibutes Child_count 0
79 c tive + 3 term, N
.:' ég"b . Education ~ n 1.2.3.4

ontraceptv

r: Educauo: e Attribute basic parameters 2 X

' 5. Davmmining Tasks tame Dered from the nome of cokumn_7
Fa Overview fchild_count

=) 2y ‘How Age and Education affects Ct
QF TaskResults Name for easy interpretation
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Figure 5. Data pre-processing window with basic parameters of a chosen attribute

After the attributes are selected and preprocessed, the software works on the most im-
portant step: data mining. The data mining window consists of a small window with a list
of tasks that are can be added with the “Add Task” button in the bottom. A list of methods
are introduced depending on the type of tasks we want to perform.

The 4ft-Miner procedure works with GUHA association rules as we introduced in the
GUHA section above: y(x) ~¢(x) and with conditional GUHA association rules
W(x) ~ dp(x)/x . Here ¥(x), ¢(x) and x are Boolean attributes, ~ is a 4ft-quantifier.

Figure 7 shows the process for the 4ft-Miner procedure. The input check is called up with
the button Validate. The check includes both general checks common to all procedures
and checks for entering parameters specific to 4ft-Miner. The procedure is started by
one of the buttons Run, Bkgrnd Run (Background Run), Grid Run. Viewing and interpre-
tation of results is started by pressing the button Show Results. The button Task Clone
clones the task.
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Figure 6. Data mining tasks in LISp-Miner
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Figure 7. 4ft-Miner procedure in LISp-Miner

The LISp-Miner data mining procedures require to set many parameters, that allow to
fine tune the analysis. We define the antecedent and succedent according to the hypoth-
eses we defined, by adding the attributes into each part. The choice of either conjunction
or disjunction can be adjusted. Also, number of literals, and a list of possible literals (each
literal is defined by the corresponding attribute, type of the coefficient, minimal and
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maximal length of the coefficient must be considered. After choosing all the elements,
the quantifiers and run, a four-fold frequency table will appear. Afther that, a list of
hypotheses will be given throughout in the domain knowledge based on the chosen
quantifier.

LISp-Miner also provides different procedures for data mining as a part of GUHA
procedure, including CF-Miner, KL-Miner, Etree-Miner, SD4ft-Miner, SDCF-Miner,
SDKL-Miner, MCluster-Miner and Ac4ft-Miner. All of the procedures’ basis are based on
logical connective and association. [12][13]

For example in Figure 7 above, we define the investigating attribute are age and
education, compare to the contraceptive method used. We use the 0.6-implication
quantifier with base 30. set the base value 30 and the confidence p = 0.6. After pressing

Run, we obtain the result in Figure 8.
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Figure 8. Hypothesis produced in LISp-Miner using 4ft-Miner procedure

After running, the software returns the number of hypotheses that satisfies the initial
condition. In this particular case, we have 5 different cases showing the relationship
between Age and Education with the Contraceptive used.

When we select a hypotheses, the detailed result for the hypotheses will appear as a
four-fold frequency table as Figure 9. With the four-fold frequency, we can dive further
into the relations with the quantifiers we have mentioned above. In addition, the software
allows to test multiple quantifiers. The resulting hypotheses returned must satisfy all

quantifiers.
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Figure 9. Four-fold frequency table of a hypothesis produced in LISp-Miner

The figure above shows the frequency table for the hypotheses of age from 46 to 56 and
low education with the implication of not using the contraception. We can conclude that
if a woman is in the age range from 46 to 56 and have low education, then she won't

likely to use contraception with a confidence of 0.6 and base 30.
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5. SUMMARY & CONCLUSION

In this thesis, GUHA method and its mathematical background behind it with
mathematical logic has been studied. We have studied propositional logic, basis for the
study of predicate logic, the foundation for the GUHA method. The semantic and
syntactic studies of propositional logic are also discussed as important operations for the
GUHA language. GUHA method was constructed in the first order-logic, allowing the use
of simple yet essential element like quantifiers, logical connectives,.. to describe the
statements and relationships. The GUHA language constructed from the empirical data
and observations for each datasets are brought up to define unary predicates for forming
formulae for explorations. The method figures out the relationship between multiple
predicates using the four-fold frequency table as well as the non-standard quantifiers. In
addition, we also present a study about the LISp-Miner project operated based on the

GUHA method, which is suitable for complex and large datasets.

Overall, GUHA method is a special data mining method using mathematics logic,
specifically first order logic. The method is suitable to deal with multiple complex
variables by simplifying connections of those complex variables, yielding the quantifiers
and possibilities for further investigations. In addition, the method has shown applications
with the use of LISp-Miner project software. However, the quantifiers and the relations
established may not be as detailed as other regular methods. Although the method con-
tains some disadvantages, further research could study more on utilizing the GUHA
method into applying it to further fields.
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