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1 Introduction

The first task of DAMASK called T1 - Semantic integration of the information available in heterogeneous
Web resources includes two preliminary subtasks, tasks 1.1 and 1.2 (see Figure 1). The former task discusses
the related work in information extraction distinguishing algorithms to extract structured, semi-structured
and non structured resources. The latter is focused on analyzing which are the different types of data that can
be extracted using the previous algorithms.

In this document we present which are the types of data that are considered in the literature, concerning
recommendation, data mining and decision making processes. For each of them, a definition is done and
some examples in the tourism domain are given.

As it will be shown in this report, currently there is available a large set of types of data (e.g., mainly nu-
merical and linguistic). In DAMASK project only a subset of them will be considered. This subset has been
selected taking into account that the information should be obtained in an automatic and unsupervised way
form quite complex resources available in the Web. This limits the possibility of obtaining some types of
information. After presenting the list of data types that will be handled in the project, the document provides
an example of their usage.
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Figure 1: Tasks of DAMASK
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2 Survey of data types

Although in data mining and decision making the types of values that are considered are usually the same,
the nomenclature and organization changes from one author to another. (e.g., (Brouwer, 2008), (Leacock &
Chodorow, 1998), and (Torra & Narukawa, 2007)). Due to that there is hot a common nomenclature and
classification, in this document we provide a compendium of all the data types, proposing a particular de-
nomination for each one, which will be adopted in the DAMASK project. Moreover, we present a classifica-
tion according to the ones given in the literature.

The most traditional classification divides the data into two main groups: quantitative and qualitative. The
former are also known as numerical, and the second is also known as categorical. However, with the growth
of the Web and other digital sources of information, other types of data are being used. For example, we can
have multimedia resources (photos, videos, audio) or different kind of textual data.

In this project we will not consider multimedia resources. The rest of data types are organized into the fol-
lowing 5 different typologies:

1) NMumerical- values that belong to some predefined subset of numbers. The main characteristic of this type
of variable is that the values can be managed easily using arithmetic operators and have a direct comparison
operator defined on them.

This type of data can be refined into four types:

a) Measurement. Indicates a quantity. It usually corresponds with a Real number (including Natural,
Integer, Positive and Negative). For instance, the number of inhabitants of a city will be given us-
ing a Positive value.

b) Ordinal. The numerical values do not indicate a quantity but the position of the element in a ranking.
They define a scale that permits to rank the objects, where the difference between adjacent values
on the scale is not necessarily equal. For example, suppose that a group of tourists was asked to
make a ranking of 5 events from the best to the worst. The event at position 1 is the better than the
second and that the third, but we cannot know what is the strength of the difference (i.e. prefer-
ence) between the events at position 1 and 2, or between the events at positions 2 and 3. In this
case, arithmetic operations cannot be used. We can use operators based on comparisons of ele-
ments or some basic statistical measures such as percentiles and medians.

c) Ratio. Ratio scales indicate a proportion between two quantities. They are commonly encountered
in physics. In this case, the measurement is the estimation of the ratio between a magnitude of a
continuous quantity and a unit magnitude of the same kind. All statistical and mathematical
numerical operations can be applied. In addition, they can be used to in measures that require a
ratio, such as studentized range or coefficient of variation.

d) Interval. This permits to give an imprecise numerical value to one variable. The imprecision is ex-
pressed by indicating an interval of continuous values. For example, we can have that the average
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temperature in Tarragona is [15-20] Celsius degrees. To handle this kind of values, the usual
mathematic operations should be extended to deal with intervals (Rodgers & Nicewander, 1988).

With the interval scale we come to a form that is "quantitative™ in the ordinary sense of the word.
Almost all the usual statistical measures are applicable here (e.g. mean, standard-deviation, rank-
order correlation, product-moment correlation), unless they are the kinds that imply a knowledge
of a 'true’ zero point.

e) Fuzzy numbers. Another way to manage the uncertainty is by using Fuzzy Sets theory (Zadeh,
1965). In this case, a membership function is associated to each number in a given subset of the
Naturals. This permits to work with approximate numbers. For example, if the quality of the
beaches in some place is 8, it means that it is “around” 8 as it is displayed in Figure 2. The fuzzy
sets theory has a wide range of operators that permit to work with this kind of values (e.g. T-
norms, T-conorms, T-indistinguishabilities, etc.).

;o 1 2 3 4 5 B 7 8 1
1.0
0.2
0.E
0.4
0.2
0.0 1
0 0.3 0.5 0.7 1

Fig 2. Fuzzy numbers

2) Boolears: is a primitive data type having one of two values: true or false, intended to represent the truth
values of logic and Boolean algebra, or to represent the presence or absence of some feature. Matching coef-
ficients are used to measure the similarity between to Boolean (i.e., binary) variables (Sokal & Sneath,
1973). These measures are defined on the basis of the four values of the contingency table for the two Boo-
lean variables (see Fig 3), such as the Simple matching, Jaccard or Dice coefficients (Dunn & Everitt, 1982).
From these, the most popular one, in multiple disciplines, is still the Jaccard coefficient (Baets, et al., 2009).
These type of similarity measures were well defined and characterised by (Anderberg, 1973) and (Gower,
1971).

3) Categorical features take a set of values expressed with labels in a predefined set of terms (i.e. vocabu-
lary). Some subtypes of categorical variables can be distinguished:

a) Nominal. A set of data is hominal if the values or observations belonging to it can be partitioned
into a set of categories (i.e. modalities), which are mutually exclusive. For example, a destination
has the characteristic of “language” with categories “English,” “French,” and so forth. Nominal
features do not have any relationship between the values, except for equality among them. Hence
the dissimilarity between two values is defined in terms of equality.
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b) Ordinal. A set if data is ordinal if the values belong to categories that are totally ordered. For in-

stance, cities can be classified according to their number of inhabitants in “village”, "town”,
“city”, “metropolis”, “megalopolis”. Operators are based on equality and ordering.

¢) Linguistic variables: composed by fuzzy sets. In this type of elements, membership functions of
the fuzzy terms distributed around a mid (i.e., neutral) term. For example, when evaluating the us-
ers’ satisfaction on some topic, linguistic labels like “very low”, “low”, “almost low”, “medium”,
“high”, “very high”, “perfect” can be used. Aggregation and comparison operators have been de-

fined to work with this type of data (Xu, 2008).

4) Semantic variables. These variables have a non fixed and large set of possible values, without any order
or scale of measurement defined between terms. These variable can be semantically interpreted with the help
of additional knowledge, such as a domain ontology (Studer, et al., 1998).

These variables can not be considered as Categorical variables as categorical variables have a predefined
domain of terms (i.e., modalities). The comparison between two values in categorical variables is simply
based on the equality/inequality of words (and sometimes related with some kind of ordering of the
categories), due to the lack of proper methods for representing the meaning of the terms.

Using Semantic variables, it is possible to establish different degrees of similarity between values (e.g., in
hobbies, trekking is more similar to jogging than to dancing) from a semantic point of view. These variables
could be multi-evaluated. In fact, the computation of the semantic similarity between concepts is an active
trend in computational linguistics (Jiang & Conrath, 1997; Leacock & Chodorow, 1998; Resnik, 1995; Wu
& Palmer, 1994).

5) Texts. When extracting information from documents, one can identify some paragraphs or short sections
that seem to give a relevant description related to some particular feature (e.g., the creation of the city).
Those variables will have a short text associated. In order to be able of using this information in the
clustering process, some textual analysis must be done to extract the relevant features of the text. The result
will be a list of noun phrases that not necessarily can be directly associated to some particular feature. For
example, consider the following text for the city Tarragona.

“In Roman times, the city was named Tarraco (Tappokwv) and was capital of the
province of Hispania Tarraconensis (after being capital of Hispania Citerior in the Republican
era). The Roman colony founded at Tarraco had the full name of Colonia lulia Urbs
Triumphalis Tarraco.

The city may have begun as an Iberic town called Kesse or Kosse, named for the Iberic
tribe of the region, the Cosetans, though the identification of Tarragona with Kesse is not
certain. Smith suggests that the city was probably founded by the Phoenicians, who called it
"Tarchon, which, according to Samuel Bochart, means a citadel. This name was probably
derived from its situation on a high rock, between 700 and 800 feet above the sea; whence we
find it characterised as arce potens Tarraco.”

A vector of relevant words could be {Roman, capital, colony, Iberic tribe, Phoenicians, citadel, high rock}.
Notice that the words must be analysed in an integrated way in order to be correctly compared with the

r' ITAKA Group 2010 -6 -



Diata Mining Algorithms
wirh Semantic Knowledge

description of another city (Patwardhan & Pedersen, 2006). Moreover, some of these words could be
identified with concepts of an ontology and be treated as semantic variables.

6) Others. In (Hernandez Orallo, et al., 2004), there are listed other data types such as multimedia, temporal
or spatial series, which are out of the scope of the DAMASK project, thus, they are not analysed in this
survey.

As a final remark, it is important to note that an object that includes a set of criteria can contain missing
values. This type of values will be represented using the symbol “?” into the data matrix.

3 Data types covered in DAMASK

In the previous section, a set of available data types have been introduced. In the DAMASK project we will
only manage a subset of them that are showed in Table 1. We have selected a subset of data types that cover
the different families of attributes, in particular: measurement, nominal and semantic types. As it has been
explained, they have quite different characteristics, so they will involve the definition of different methods
for the acquisition of those values from Web resources, and the management of quite different methods for
similarity measurement.

TABLE 1
DATA TYPES USED TO MODEL DATA RETRIEVED FROM WEB RESOURCES
Attribute Coverage
Numerical
Measurement Yes
Ordinal No
Ratio No
Interval No
Fuzzy numbers No
Boolean No
Categorical
Nominal Yes
Ordinal No
Linguistic variables No
Semantic Yes
Text No
Others No
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As the information provided in the resources available in the Web is mainly in a textual format (struc-
tured or non-structured), some of the types of data not commonly found. In particular, ordinal data (both
numerical and categorical) and values with uncertainty, like intervals, fuzzy numbers or linguistic variables.
The consideration of ratios, texts and other types of data is left for future projects.

As an example, table 2 displays a matrix of objects as the ones that will be used in this project. It takes
into account the data types that will be studied.

TABLE 2
EXAMPLE OF MATRIX OF OBJECTS AND CRITERIA
City Number of Continent Climate
inhabitants
(Measurement) (Nominal) (Semantic)
Barcelona 4185000 Europa Mediterranean
London 7556900 Europa Temperate marine
America Humid
New York 18800000 .
continental
Reus 107118 Europa Mediterranean
Tarragona 140223 Europa Mediterranean
Paris 11769433 Europa Oceanic
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