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In our daily lives, sensors recordings are becoming more and more ubiquitous.
With the increased availability of data comes the increased need of systems that
can represent the data in human interpretable concepts. In order to describe
unknown observations in natural language, an artificial intelligence system must
deal with several issues involving perception, concept formation, and linguistic
description. These issues cover various subfields within artificial intelligence, such
as machine learning, cognitive science, and natural language generation.
The aim of this thesis is to address the problem of semantically modelling
and describing numerical observations from sensor data. This thesis introduces
data-driven approaches to perform the tasks of mining numerical data and
creating semantic representations of the derived information in order to describe unseen but interesting observations in natural language.
The research considers creating a semantic representation using the theory of
conceptual spaces. In particular, the central contribution of this thesis is to
present a data-Eriven approach that automatically constructs conceptual spaces
from labelled numerical data sets. This constructed conceptual space then utilises
semantic inference techniques to derive linguistic interpretations for novel
unknown observations. Another contribution of this thesis is to explore an
instantiation of the proposed approach in a real-world application. Specifically,
this research investigates a case study where the proposed approach is used to
describe unknown time series patterns that emerge from physiological sensor
data. This instantiation first presents automatic data analysis methods to extract
time series patterns and temporal rules from multiple channels of physiological
sensor data, and then applies various linguistic description approaches (includ
ing the proposed semantic representation based on conceptual spaces) to generate
human-readable natural language descriptions for such time series patterns and
temporal rules.
The main outcome of this thesis is the use of data-driven strategies that enable the system to reveal and explain aspects of sensor data which may otherwise be difficult to capture by knowledge-driven techniques alone. Briefly put,
the thesis aims to automate the process whereby unknown observations of data
can be 1) numerically analysed, 2) semantically represented, and eventually 3)
linguistically described.
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1 There are no linguistic descriptions generated for this conceptual space.
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1 This parable originated on the Indian subcontinent and is known as “Blind men and an elephant” (See Figure 1.1).

Figure 1.1: A part of the Rumi’s poem in Persian, together with an illustration
of the story, adapted from [7].
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CHAPTER 1. INTRODUCTION

Rumi uses this parable to demonstrate the problem of perception limitations. The individuals have their own perceptions of the elephant (an unknown
concept for them) and therefore use their own inference to explain it. This
problem is closely related to the problem of describing a concept based on
the perceived information. The behaviour of the men in this story relied on a
general cognitive process for learning concepts. They ﬁrst perceived what they
could observe (or more generally, could sense in the case of touching the elephant) and they then sought to map or categorise the perceived information
according to similar concepts that were known to them. This process is known
as exemplar theory in cognitive science. However, their failure to successfully
characterise or describe the concept of Elephant was due to the limitations of
their sensory perceptions, which led to overreaching misinterpretations [1].
Describing unknown observations in natural language appears to be an easy
task for humans. Both speakers and hearers have a great deal of common sense
understanding of the concepts and properties that they have encountered in
life, and that enable them to describe such observations. For example, when J.
K. Rowling presents the legendary creature of “Hippogriff” in her book Harry
Potter and the Prisoner of Azkaban, she describes it as follows:
Hippogriffs have the bodies, hind legs, and tails of horses, but the
front legs, wings, and heads of giant eagles, with cruel, steel-coloured
beaks and large, brilliantly orange eyes. The talons on their front
legs were half a foot long and deadly-looking... [190].
Rowling uses known or familiar concepts that are most similar (eagle and
horse), together with perceivable features (orange, long, large, etc.) to explain
the novel creature that she introduces2 . In doing so, she uses linguistic terms
that are cognitively understandable for humans.
However, still, deriving descriptions for unknown concepts is no trivial task
in artiﬁcial intelligence (AI). The challenge is how an artiﬁcial intelligence system can perform the task of semantically describing unknown observations by
relying on a set of perceived information. This task becomes more crucial if
the information given to the system is in the form of numeric or non-symbolic
measurements (e.g., sensor data).

1.1 Motivation
Deriving semantics from real-world numerical observations such as sensor data
has become increasingly important for creating a common understanding of
information with humans. Artiﬁcial intelligence systems that can augment observations from sensor data in order to create conceptual representations are
needed for applications that require interaction with humans in natural language. The motivation for the problem of the semantic description of numeri2 The hippogriff was ﬁrst mentioned by the Roman poet Virgil in his Eclogues, but the word
hippogriff is derived from the ancient Greek.

2 The hippogriff was ﬁrst mentioned by the Roman poet Virgil in his Eclogues, but the word
hippogriff is derived from the ancient Greek.
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One goal of cognitive science is to construct artiﬁcial systems that can understand and model the cognitive activities of humans, such as concept learning
and semantic inference [14]. However, a key issue is how the given information
is to be modelled in knowledge representation frameworks [85, 87]. The two
paradigms of symbolic and sub-symbolic representations have been the two
dominant (and sometimes competing) approaches to addressing the issue of
representation in AI [85, 219]. Symbolic approaches use explicit symbols as
primitives when performing symbol manipulation in order to model high-level
abstract concepts [155]. Sub-symbolic (connectionist) approaches often focus
on the categorisation tasks per se. They process the activation patterns of input
concepts at the perceptual level, using internally connected units of artiﬁcial
neural networks [219].
With regard to the task of the semantic description of concepts by means of
perceived data (henceforth, concept description), this thesis highlights two AI
problems. The ﬁrst is the problem of induction or, more generally, the issue of
learning. Inductive inference performs a generalisation from a limited number
of observations, which infers the characteristics of the concepts. Induction is
highly related to the task of concept learning or concept formation in cognitive
science [84]. The second problem is related to semantics or, in general terms, the
issue of explainability or interpretability in AI. Semantic inference is the process
of inferring meaningful descriptions or truth conditions from a set of (semantically enriched) information, which is usually represented in the form of logical
or natural sentences. Neither of the representational approaches (symbolic and
sub-symbolic) satisfactorily addresses the AI problems noted above (concept
learning and semantic inference) simultaneously. Concept learning is a difﬁcult task for symbolic approaches, since the symbolic AI has been formalised
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concepts in a multi-dimensional space [86]. In the literature, conceptual spaces
are principally derived in a knowledge-driven manner. These spaces operate on
the assumption that there is prior knowledge from perceptual mechanisms or
experts that manually initialises the elements of the conceptual space (i.e., domains, quality dimensions, and concepts’ regions) [10,189]. However, since this
thesis relies on observed input data, the motivational challenge arises of how to
automatically construct a conceptual space from the given information [131]
in order to perform concept learning and semantic inference tasks. Performing
these task are the required steps to address the problem of concept description
(especially to describe unknown observations). This is an important motivation, due to a growing class of problems that involves more complicated input
observations. These problems deal with raw sensor data that have little or no
prior knowledge concerning their semantic signiﬁcance [188]. Therefore, specifying the interpretable elements of a representational model for such problems
is no trivial task.
New applications in several domains are increasingly required to rely on automatic methods for forming concepts directly from sensor data. One area that
sensor data is crucially used in is the ﬁeld of health monitoring, particularly in
clinical conditions. Monitoring the vital signs of the subjects (whether healthy
or unhealthy) is essential if the medical domain is to identify the different behaviours of the health parameters as symptoms of various medical diseases [28].
Such physiological parameters include heart rate, respiration rate, blood pressure, etc. Various sensors have been developed to measure these vital signs in
both clinical conditions and home healthcare systems, and these accumulate
a massive amount of data. With regard to wearable sensors, the continuous
parameters in the form of time series signals are of particular interest in this
research (in contrast to discrete ones), since it is more critical to consider the
high resolution sequence of information (with very small time-stamps).
Critical challenges in the ﬁeld of health monitoring include not only statistically mining massive amount of physiological time series data, but also discovering understandable interpretations for the extracted information [32]. A
new aspect of analysing sensor data will involve going beyond expert knowledge and recognising information (e.g., events, patterns, anomalies) that is not
pre-deﬁned by the system. This aspect will lead to the analysis phase being conducted in a data-driven way in order to reveal information that was not previously seen, but is worth analysing and interpreting. A motivational example
is the exploitation of interesting trends and patterns in sensor time series data.
A knowledge-based system may look for the known pre-deﬁned trends asked
by the experts (e.g., peaks of heart rate signals). However, one can also analyse the data itself in order to detect interesting and meaningful patterns found
throughout the data (e.g., repeated sudden drops of heart rate while sleeping).
These are not necessarily requested by or even visible to the experts, but they
are worth being reported. Nevertheless, the primary challenge remains ﬁnding
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The problem of semantically modelling and describing the unknown observation, which is termed the general semantic representation problem, forms the
core of this research. This thesis ﬁrst considers the task of semantic representation in describing the numerical observations (i.e., the theoretical focus of this
thesis). The semantic representation task investigates representational models
in order to be able to bind perceived numerical data as input into a set of linguistic characterisations as output.
In addition to considering this problem at the theoretical level, its instantiation is also presented with regard to a practical problem in a real-world application. This research proposes a speciﬁc use of semantic representation for
the task of linguistically describing the unknown time series patterns derived
from physiological sensor data (i.e., the application focus of this thesis). The
proposed approach investigates data mining methods for analysing a set of raw
physiological time series data as input, and it considers linguistic description
approaches to generate a set of human-readable natural language text as output. Figure 1.2 presents a schematic overview of the tasks to be performed in
both the theoretical focus and the application framework of this research.
The primary assumption for the stated problem is that there is no adequate
expert or domain knowledge to be fed to the model in order to describe unseen
but interesting observations extracted from a data set. Therefore, the proposed
approach relies on the observed data and its own features in order to provide
linguistic descriptions. This means that the objective is not to describe the observations on the basis of a set of pre-deﬁned knowledge within a given knowledge
representation (such as describing an eagle or a horse using an ontology of animals that perfectly deﬁnes the concepts of eagle and horse). Rather, the aim is to
build a semantic representation of the domain using the known data set and its
properties. Moreover, it is to extract and characterise the unseen but interesting
observations within this representation (such as describing a hippogriff within
a semantic representation of animals that includes the known concepts of eagle
and horse, but does not necessarily include the new concept of hippogriff).
All the tasks deﬁned within this solution have some assumptions regarding
their inputs and outputs. For the semantic representation task, it is assumed
that the input is a set of perceived or processed numerical information. This
information is in the form of human understandable attributes (known as semantic features). Depending on the format of the raw input data, the semantic
features can be either directly captured or be computed from the given data.
Skin colour is an example of the former type of features that can be included

a suitable way to describe such data-driven extracted information. Here is the
point where this thesis argues that a semantic representation can play the role of
modelling physiological time series in order to describe unknown observations
or patterns in natural language.
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The overall objective that this dissertation aims to achieve can be expressed as
follows:

Figure 1.2: A schematic overview of the tasks to be performed in both theoretical (inner box) and application (outer box) focuses of the thesis.
in a data set of animals. However, the ﬂuctuation of a signal is an example of
the latter features that can be computed for a time series in a data set of sensor
records. Therefore, the considered application for the physiological sensor data
involves data analysis phase in order to extract the meaningful features that to
be supplied to the semantic representation. Nevertheless, the proposed model
for the task of semantic representation can be utilised on different types of data
sets that include semantic features in their observations.
The output of the semantic representation is assumed to be a set of inferred linguistic information that characterises the input numerical observations. These linguistic characterisations (i.e., words) further need to be planned
and realised into natural language messages (i.e., sentences) by means of natural language generation (NLG) systems. Although the text generation phase is
particularised as a task in the framework for physiological sensor data, it can
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Given the general objective O, the core of the contributions in this thesis is
the notion of data-driven. This applies to both the research questions, which

As noted in the problem statement, the semantic representation problem
deals with a set of derived information (perceived or processed features). Therefore, one research question related to the theoretical part of the research focuses
on the role of semantic representation and linguistic description, which is related to tasks (2) and (3) in objective O. Generally speaking, the question is

1.4 Contributions

R1: “How can perceived numerical information be semantically represented
and described in a linguistic form?”

• How can data-driven approaches be applied in order 1) to extract distinctive time series patterns in different clinical settings, and 2) to mine the
temporal relations between multi-channels of physiological sensor data?
• How can a data-driven conceptual space be built as a semantic representation of the time series patterns in order to infer linguistic characterisations for the patterns?
• How can meaningful, interesting, and useful messages be generated in
natural language for numerical patterns and their temporal relations using the proposed semantic model?

This can be divided into more speciﬁc research questions as follows:
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R2: “How can unseen but interesting patterns in physiological sensor data be
extracted, represented, and linguistically described?”

Likewise, with regard to the problem statement about the application part
of this thesis, the framework is dedicated to turning raw numerical data into
natural language text. More speciﬁcally, however, it is concerned with considering real-world data sets from the ﬁeld of healthcare (i.e., time series patterns
derived from physiological sensor data). Therefore, the research question in the
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are concerned with semantically representing the perceived information, and
numerically extracting interesting sensor patterns.
The contributions of this thesis are organised into four items. The ﬁrst two
contributions C1 and C2 (which address the research question R1), present
an automatic construction of a conceptual space from numerical data, which
can then be used to infer the semantic interpretation of novel unknown observations. The other two contributions C3 and C4 (which address the research
question R2), present the automatic ways of extracting prototypical time series
patterns from various physiological sensor data using temporal rule mining. In
addition, they apply various linguistic description methods (including the proposed conceptual spaces) in order to generate text for such time series patterns.

C3: Data-driven mining of prototypical patterns and temporal rules in physiological sensor data:
This thesis further proposes a semantic inference process for the conceptual space, which is built in order to provide explainability for the novel
unknown observations in natural language descriptions. By grounding
a semantic representation, the conceptual space is employed in order to
provide a link between the numerical data and the semantic characterisation of the concepts. For a new observation, its representation within the
conceptual space speciﬁes either its inclusion in the known concepts or
its values with regard the quality dimensions. This set of information is
then mapped to a symbol space that infers the linguistic characterisation
of the observation based on a set of concepts and features involved. This
work will demonstrate the utility of conceptual spaces as a solution to
the task of content determination within a natural language generation
(NLG) system.

C1: Data-driven construction of conceptual spaces:
In the theoretical part of this work, a data-driven approach is proposed
in order to automatically construct conceptual spaces and perform concept formation based on the input exemplars of a numerical data set. Instead of initialising the domains and dimensions of the conceptual space
from a priori knowledge or forming concepts in a rule-based manner, the
proposed data-driven process automatically determines the relevant domains and dimensions on the basis of its ability to distinguish between
exemplars of different concepts. This determination is performed using
machine learning (ML) techniques in order to identify the relevant features of the observed data with the primitive concepts. Furthermore, an
instance-based approach is presented for concept formation in which a
concept is formed within the conceptual space on the basis of the spatial
representation of its observed instances.

C2: Semantic inference in the conceptual spaces:
In the theoretical part of this work, a data-driven approach is proposed
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This dissertation is composed of two parts, which consider the division of the
problem statement according to the theoretical and the application focuses. The
ﬁrst part presents the theoretical focus which is the task of semantic representation, while the second part presents the application focus which is the tasks
of numerically analysing and generating linguistic descriptions for time series
patterns.

With regard to the task of data analysis for raw sensor data, this work
focuses on data-driven approaches in order 1) to extract the prototypical
patterns that frequently occur in the recorded signals of various health
parameters such as heart rate, respiration rate, blood pressure, etc., and
2) to mine the temporal rules of the extracted patterns in order to ﬁnd
interesting relations between them. This data analysis is performed using
unsupervised data mining techniques to discover unseen (but worthy of
extraction) information beyond the expert knowledge. Moreover, the investigation of the temporal rule mining leads to an interesting outcome
regarding the uniqueness of the extracted rules for different clinical conditions. This study shows the distinctive co-occurrence of prototypical
patterns for each clinical condition.

1.5 Thesis Outline

C4: Linguistic description of time series patterns using semantic representations:

The intersection of the contributions is the idea of proposing data-driven approaches that are able to present new aspects of the sensor data (both numerically and symbolically) in a data set in which the observations are not catchable
by knowledge-driven approaches, are nevertheless worth being 1) numerically
extracted, 2) semantically represented, and 3) linguistically described.

Given that the aim of the framework is to generate natural language text
for physiological data, the processed time series data in the form of patterns are then used as input for the linguistic description approaches. In
addition to the template-based methods for directly generating text for
a pattern using stored features, one contribution of the work is to apply the proposed semantic representation in order to automatically build
the conceptual space of the time series pattern into a physiological sensor
data set. This conceptual space is then utilised to infer linguistic characterisations for such numerical data. An empirical evaluation of the output
text for the time series pattern demonstrates the advantages of developing
such a conceptual space as a content determination solution for an NLG
system.

Given that the aim of the framework is to generate natural language text
for physiological data, the processed time series data in the form of patterns are then used as input for the linguistic description approaches. In
addition to the template-based methods for directly generating text for
a pattern using stored features, one contribution of the work is to apply the proposed semantic representation in order to automatically build
the conceptual space of the time series pattern into a physiological sensor
data set. This conceptual space is then utilised to infer linguistic characterisations for such numerical data. An empirical evaluation of the output
text for the time series pattern demonstrates the advantages of developing
such a conceptual space as a content determination solution for an NLG
system.

The intersection of the contributions is the idea of proposing data-driven approaches that are able to present new aspects of the sensor data (both numerically and symbolically) in a data set in which the observations are not catchable
by knowledge-driven approaches, are nevertheless worth being 1) numerically
extracted, 2) semantically represented, and 3) linguistically described.

C4: Linguistic description of time series patterns using semantic representations:

1.5 Thesis Outline

With regard to the task of data analysis for raw sensor data, this work
focuses on data-driven approaches in order 1) to extract the prototypical
patterns that frequently occur in the recorded signals of various health
parameters such as heart rate, respiration rate, blood pressure, etc., and
2) to mine the temporal rules of the extracted patterns in order to ﬁnd
interesting relations between them. This data analysis is performed using
unsupervised data mining techniques to discover unseen (but worthy of
extraction) information beyond the expert knowledge. Moreover, the investigation of the temporal rule mining leads to an interesting outcome
regarding the uniqueness of the extracted rules for different clinical conditions. This study shows the distinctive co-occurrence of prototypical
patterns for each clinical condition.

This dissertation is composed of two parts, which consider the division of the
problem statement according to the theoretical and the application focuses. The
ﬁrst part presents the theoretical focus which is the task of semantic representation, while the second part presents the application focus which is the tasks
of numerically analysing and generating linguistic descriptions for time series
patterns.

1.5. THESIS OUTLINE

1.5. THESIS OUTLINE

This dissertation is composed of two parts, which consider the division of the
problem statement according to the theoretical and the application focuses. The
ﬁrst part presents the theoretical focus which is the task of semantic representation, while the second part presents the application focus which is the tasks
of numerically analysing and generating linguistic descriptions for time series
patterns.

With regard to the task of data analysis for raw sensor data, this work
focuses on data-driven approaches in order 1) to extract the prototypical
patterns that frequently occur in the recorded signals of various health
parameters such as heart rate, respiration rate, blood pressure, etc., and
2) to mine the temporal rules of the extracted patterns in order to ﬁnd
interesting relations between them. This data analysis is performed using
unsupervised data mining techniques to discover unseen (but worthy of
extraction) information beyond the expert knowledge. Moreover, the investigation of the temporal rule mining leads to an interesting outcome
regarding the uniqueness of the extracted rules for different clinical conditions. This study shows the distinctive co-occurrence of prototypical
patterns for each clinical condition.

1.5 Thesis Outline

C4: Linguistic description of time series patterns using semantic representations:

The intersection of the contributions is the idea of proposing data-driven approaches that are able to present new aspects of the sensor data (both numerically and symbolically) in a data set in which the observations are not catchable
by knowledge-driven approaches, are nevertheless worth being 1) numerically
extracted, 2) semantically represented, and 3) linguistically described.

Given that the aim of the framework is to generate natural language text
for physiological data, the processed time series data in the form of patterns are then used as input for the linguistic description approaches. In
addition to the template-based methods for directly generating text for
a pattern using stored features, one contribution of the work is to apply the proposed semantic representation in order to automatically build
the conceptual space of the time series pattern into a physiological sensor
data set. This conceptual space is then utilised to infer linguistic characterisations for such numerical data. An empirical evaluation of the output
text for the time series pattern demonstrates the advantages of developing
such a conceptual space as a content determination solution for an NLG
system.

Given that the aim of the framework is to generate natural language text
for physiological data, the processed time series data in the form of patterns are then used as input for the linguistic description approaches. In
addition to the template-based methods for directly generating text for
a pattern using stored features, one contribution of the work is to apply the proposed semantic representation in order to automatically build
the conceptual space of the time series pattern into a physiological sensor
data set. This conceptual space is then utilised to infer linguistic characterisations for such numerical data. An empirical evaluation of the output
text for the time series pattern demonstrates the advantages of developing
such a conceptual space as a content determination solution for an NLG
system.

The intersection of the contributions is the idea of proposing data-driven approaches that are able to present new aspects of the sensor data (both numerically and symbolically) in a data set in which the observations are not catchable
by knowledge-driven approaches, are nevertheless worth being 1) numerically
extracted, 2) semantically represented, and 3) linguistically described.

C4: Linguistic description of time series patterns using semantic representations:

1.5 Thesis Outline

With regard to the task of data analysis for raw sensor data, this work
focuses on data-driven approaches in order 1) to extract the prototypical
patterns that frequently occur in the recorded signals of various health
parameters such as heart rate, respiration rate, blood pressure, etc., and
2) to mine the temporal rules of the extracted patterns in order to ﬁnd
interesting relations between them. This data analysis is performed using
unsupervised data mining techniques to discover unseen (but worthy of
extraction) information beyond the expert knowledge. Moreover, the investigation of the temporal rule mining leads to an interesting outcome
regarding the uniqueness of the extracted rules for different clinical conditions. This study shows the distinctive co-occurrence of prototypical
patterns for each clinical condition.

This dissertation is composed of two parts, which consider the division of the
problem statement according to the theoretical and the application focuses. The
ﬁrst part presents the theoretical focus which is the task of semantic representation, while the second part presents the application focus which is the tasks
of numerically analysing and generating linguistic descriptions for time series
patterns.

1.5. THESIS OUTLINE

10

CHAPTER 1. INTRODUCTION

Part I: Creating semantic representations for numerical data
The ﬁrst part of this thesis presents the notion of data-driven conceptual spaces
as a semantic representation tool for linguistically describing the numerical
data. After an overview of the background and the related work (Chapter 2),
this part explains how a conceptual space can be constructed using the information observed (Chapter 3), before proceeding to explain how it can be utilised
to infer semantics for the unseen observations (Chapter 4). This process is then
be assessed by applying the approach to a data set of leaf examples (Chapter 5).
Chapter 2 begins with a discussion about the notion of semantic representations in the literature. It then presents the background to the theory of
conceptual spaces, together with related work on the role of this theory in AI. It also includes background and related work on the linguistic
description and natural language generation approaches. Finally, a brief
discussion summarises the need to apply conceptual spaces in order to
perform some tasks in existing NLG solutions.
Chapter 3 proposes a data-driven approach in order to automatically construct
conceptual spaces. It starts by deﬁning the parameters of a numerical data
set. It then explains the steps involved in determining the quality dimensions and the domains of a conceptual space based on the most relevant
features of the data. Furthermore, the chapter includes an instance-based
algorithm for concept representation in the domains of the derived space.
Chapter 4 presents the design of an inference approach in order to provide
a semantic characterisation of the novel unknown observations within
the proposed conceptual space in Chapter 3. This chapter demonstrates
the steps involved in checking the inclusion of a new instance within the
domains. It then assigns the related linguistic terms using a deﬁned symbol space based on the associated concepts and quality dimensions of the
instance. Finally, the chapter presents the steps for performing the realisation task in order to turn linguistic terms into natural language messages.
Chapter 5 presents a case study that demonstrates the applicability of the approach proposed in Chapters 3 and 4 using a data set of leaf images. This
chapter ﬁrst describes the algorithms 1) to construct a conceptual space
of leaves, 2) to represent each concept of leaves within the domains, and
3) to generate linguistic descriptions for a set of unknown leaf examples.
Finally, it describes an empirical evaluation method for measuring the
appropriateness of the developed space by using the worthiness of the
messages generated.
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Part II: Physiological sensor data: From data analysis to
linguistic descriptions

The second part of the thesis focuses on the entire framework of describing the
numerical data using the semantic model proposed in Part I, but speciﬁcally for
physiological sensor data. A series of data analysis approaches are investigated
in order to prepare suitable information (i.e., time series patterns) that is fed to
the semantic representation. Chapters 6 to 8 are largely dedicated to this task.
First, The current state of the art for the data mining approaches on sensor data
is discussed (Chapter 6). Then, after exacting unseen but interesting time series
patterns (Chapter 7) and the temporal rules between the patterns (Chapter 8),
it is demonstrated how the proposed semantic model in Part I can be applied
to linguistically describe these patterns in such a framework (Chapter 9).

Chapter 9 presents the process of applying the proposed semantic representation in Part I in order to automatically construct the conceptual space of
the abstracted physiological patterns. It then describes the process of inferring semantic descriptions for a set of unknown patterns. Furthermore,
this chapter presents an evaluation to demonstrate the appropriateness of
the conceptual space of the patterns used for text generation, together
with a comparison between the output text of the physiological pattern
from the semantic model and the output text of the template-based approaches.

Chapter 6 provides a survey of work on existing data mining approaches in
order to analyse wearable sensors in health monitoring systems. It also
considers the new trends in the ﬁeld and the current challenges to data
analysis in the healthcare domain.

Chapter 8 presents a novel modiﬁed temporal rule mining approach to discovering the co-occurrence of prototypical patterns among various time
series data of vital signs in a clinical condition. This chapter further describes the algorithms for comparing the extracted rules in order to show
the uniqueness of the rules for different clinical conditions. Another central aspect of this chapter is the presentation of a template-based natural
language generation method for describing temporal rules of patterns in
natural language.

Chapter 7 introduces the processes of collecting and acquiring the input physiological sensor data sets that were used in this work. It then describes the
various unsupervised approaches ﬁrst used to detect partial trends and to
extract prototypical patterns in different channels of physiological time
series data.
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Thesis MindMap
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empirical evaluation on the goodness of the derived descriptions for unknown
samples (Chapter 5).
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The notion of a semantic representation has been used in a variety of ways in
different areas such as knowledge representation in AI, cognitive science, and
philosophy of language. Two prominent traditions for semantic representations
exist [108]. One is to study the semantics of words by representing the relations
of the words in natural language. For such representations, also called amodal
approaches [78], input is linguistic information. Some computational models
such as semantic space and semantic networks are examples of this kind of
semantic representations in the ﬁeld of linguistics [78, 108]. Another tradition

2.1 Semantic Representation
“The world is my world: this is manifest in the fact that
the limits of language (of that language which alone I
understand) mean the limits of my world.”
— Ludwig Wittgenstein (1889–1951)

n this chapter, the background and related work for this thesis are presented.
This chapter focusses in particular on two ﬁelds: concept formation and
concept acquisition using conceptual spaces, and approaches for generating linguistic descriptions from data. The chapter begins with a discussion about the
term of semantic representation and the way that it has been used throughout
this thesis. The theory of conceptual spaces then is introduced, together with a
discussion about its use in artiﬁcial intelligence research. The background and
the related work of linguistic descriptions of data (LDD) and natural language
generation (NLG) are presented, together with the role of knowledge acquisition (KA) within the ﬁeld of NLG. Moreover, a brief discussion summarises the
advantage of using conceptual spaces as a semantic representation that can be
later used for to perform NLG tasks.
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focuses on conceptual structures for the representation of meanings, which considers the relations between concepts and percepts or actions to model the semantics. In this case of semantic representations, also called experiential [225],
the input is a set of perceptual information such as sensory data, memory, etc.
The origin of this kind of semantic representation is the study of cognitive semantics, wherein the focus is on the meaning of the concepts as a cognitive
phenomenon [19]. Cognitive semantics considers the meaning of linguistic expressions as mental entities coming from our perceptions. This perceptual information later is formed as concepts in our mind. This point of view is against
the realist approaches that deﬁne semantics as something out in the world [86].
From the realist point of view, semantics can be represented using e.g., abstract propositions and description logic, and can be modelled and veriﬁed by
truth conditions. This deﬁnition is highly related to the way that semantics has
been used and modelled in the ﬁeld of knowledge representation in AI [164].
The realist approach, also called truth-conditional semantics, seeks to connect
language with statements about the real-world in the form of meta-language
statements (e.g., in propositional or predicate calculus) [68, 164]. Within Cognitive semantics, however, meaning is a conceptual structure that comes before
the truth [86]. Gärdenfors in his recent book, The geometry of meaning [90],
includes another principle to the cognitive semantics as: ‘a semantic theory shall
account for the relation between perceptual processes and meaning’1 . In other
words, semantic representations, from the cognitive point of view, should be a
conceptual structure which represents both perceptual and linguistic information.
The notion of a semantic representation in this thesis follows the latter mentioned deﬁnition, by ﬁrst constructing a conceptual representation using perceptual information (numerical sensor data) and linguistic information (symbolic
annotations), and then inferring semantically enriched descriptions. Therefore,
in this thesis, a semantic representation of knowledge, as a core issue in the
ﬁeld of cognitive science, provides a conceptual structure for the meaning of
perceived concepts [108]. This kind of representation eases the task of semantic reasoning of the perceived information, i.e., inferring the meaning of the
concepts or words in language [14].

2.2 On the Theory of Conceptual Spaces
One approach to create semantic representations from perception is to use the
theory of conceptual spaces introduced by Gärdenfors [86] as a knowledge
representation framework at the conceptual level which relies on the paradigm
of cognitive semantics.
1 Azzouni likewise discusses this principle in his book, Semantic Perception [25], where the
contents of human perception sometimes involve semantic properties (e.g., meaningfulness). Thus,
he argued that meaning is perceived, not inferred.
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concepts or words in language [14].

2.2 On the Theory of Conceptual Spaces
One approach to create semantic representations from perception is to use the
theory of conceptual spaces introduced by Gärdenfors [86] as a knowledge
representation framework at the conceptual level which relies on the paradigm
of cognitive semantics.
1 Azzouni likewise discusses this principle in his book, Semantic Perception [25], where the
contents of human perception sometimes involve semantic properties (e.g., meaningfulness). Thus,
he argued that meaning is perceived, not inferred.
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In cognitive science, both explanatory goals and constructive goals are considered. Explanatory goals aim to formulate the theories of cognition by studying the cognitive behaviour of humans or animals. Constructive goals aim to
construct systems to fulﬁl cognitive tasks by building artefacts such as chessplaying programs and robots [87]. Both types of goals are dealing with the
problem of representations in cognitive science to model how humans understand concepts.
From the AI point of view, two prominent approaches have been studied for
the problem of modelling representations. Symbolic approaches are top-down
representations that aim to model the high-level concepts using symbol manipulation. Abstract concepts are labelled by symbols, and the relations between
the concepts are deﬁned in a rule-based manner. Thus, inferences are logical
and often are the result of ﬁrst-order operations between the symbols and concepts [9, 116]. Associationism approaches aim to model cognition in a similar
way that the neural structure of the brain associates the properties into an assumed concept. Connectionism as a particular case of this approach attempts
to model the brain. This approach represents the interactions between the simple units as artiﬁcial neural networks in order to model or generate complex
behaviours.
In both symbolic and associationism approaches, the main drawback is the
lack of modelling various tasks of cognition such as concept learning, semantic similarity, and concept combination, simultaneously [9]. In the literature,
conceptual spaces have been introduced as a mid-level representation model in
cognitive systems between the high-level symbolic representation and low-level
associationistic representations [14]. The aim of representing knowledge in a
conceptual space is to develop an intuitive interpretation of the relationship
between symbolic and sub-symbolic information [14, 87]. This theory explores
how various types of information can be conceptually represented, both from
an explanatory perspective and for constructing an artiﬁcial system [87]. Such
a conceptual representation is the most important cognitive function, that, according to Hampton [111], “stands at the centre of the information processing
ﬂow, with input from perceptual modules of differing kinds, and is centrally
involved in memory, planning, decision-making, inductive inferences and much
more besides”. The ability to perceived information on a conceptual level relates the theory of conceptual spaces to the considering semantic representations.
Conceptual spaces are the geometric representations of how humans perceive, understand and learn concepts. Mainly, conceptual spaces are deﬁned as
geometric or topological structures that model, categorise and represent concepts in a set of multi-dimensional domains [87, 116]. The following is the description of the elements of a conceptual space as proposed by Gärdenfors [86].
The formal reformulation of these elements is presented later in Chapter 3.
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• Quality Dimensions: A conceptual space consists of a set of quality dimensions (i.e., cognitively meaningful attributes). The quality dimensions
present the quality attributes of objects in a metric space based on their
measured quality values. Some examples of quality dimensions can be
notions like height, width, and depth. Quality dimensions can be either
interpreted as phenomenal (psychological) or scientiﬁc (theoretical) dimensions. The psychological interpretation of quality dimensions represents the phenomenal human responses in a semantically meaningful way,
which are coming from human perceptions. Colour perception is a phenomenal example that can be described by three quality dimensions: hue,
saturation, and brightness. The scientiﬁc interpretation is deﬁned based
on scientiﬁc theories which measure the values associated with e.g., sensors that measure wavelengths [86]. This distinction is tightly related to
the mentioned goals of cognitive science. When the target is explanatory,
the phenomenal interpretations of dimensions are in focus, and when the
goal is constructive, the scientiﬁcally modelled dimensions are considered. Different scales of measurements including nominal, ordinal, interval, and ratio are used to assign values to the observations [86]. The
values of these measurements on quality dimensions can be categorical
(e.g., blood type) or continuous (e.g., size). Thus, these measurements
enable the quality dimensions to calculate distance value between each
two measured values. Depending on the type of the features (categorical
or continuous) for the perceived information, different distance measures
can be deﬁned for each domain, separately.

• Properties: A property is a region in a single domain. As an example,
green is a property corresponding to a region in the colour domain. Natural Properties are the convex regions expressing a particular attribute
• Domains: A domain in a conceptual space is represented as a set of interdependent quality dimensions which are logically integrated. A typical
example of a domain is colour which is presented as a three-dimensional
space in Figure 2.1. Shape, taste, size, and weight are other examples
of perceptual domains. Some of the domains, like weight can be presented by a single dimension. The main reason to decompose the structure of conceptual spaces into domains, as Gärdenfors proposed, is to
assign concepts to different quality attributes independently. As an example, an object can be independently described by its colour, without any
need to consider its weight. According to the original deﬁnition of conceptual spaces, quality dimensions that depend on each other in forming
a domain are considered to be integral dimensions, as opposed to separable ones [86]. Thus, within a domain, one cannot logically assign a
value to one dimension without assigning values to the other dimensions.
For example, a point within the colour domain cannot be deﬁned with
brightness and hue but without saturation.
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Following the above example, Figure 2.1 shows a schematic presentation of
a conceptual space of fruits, together with presenting the regions of the concept
of apple within the deﬁned domains and quality dimensions.
The metric deﬁnition of domains allows one to depict the notion of semantic similarity in a conceptual space. Measuring the similarity robustly eases the
consideration of cognitive tasks such as concept formation, semantic inferences,
induction, and concept learning [116]. Context is another notion that has been
considered in the theory of conceptual spaces. Since the semantics of concepts
are conceptual structures in individual minds, the meaning of elements differs in
various contexts. Thus, to formulate the context within the concept representation, it is possible to assign weights to the domains or dimensions to distinguish
between similar concepts in different contexts [87].

of the domain. In natural language, properties are often associated with
adjectives. Grasping the properties of a domain is not necessarily an intuitive task unless speciﬁed by the domain knowledge [86].

Example 2.1. Assume a conceptual space for “fruits”. To deﬁne the Fruit space,
one can introduce different domains such as ‘colour’, ‘taste’, ‘size’, ‘shape’,
‘nutrition’, etc., where these domains are deﬁned by quality dimensions (e.g.,
‘brightness’, ‘hue’, and ‘saturation’ dimensions for the colour domain). Now,
a fruit concept like apple can be presented in this space by a set of regions
(i.e., properties) within the domains. Verbally, the concept of an apple involves
a ‘green’ property (a region) in the colour domain, ‘sweet-sour’ property in
the taste domain, ‘roundish’ property in the shape domain, and so forth [89].
Now, one instance (or an object) of the concept apple can be presented by a
set of points belonging to the regions of the concept. A ‘sweet apple’ object in
the Fruit space has a multi-point presentation that contains a point in the e.g.,
sweet-sour region in the taste domain.

• Concepts: Concepts in a conceptual space are represented as a set of regions through multiple domains, and are modelled as n-dimensional areas
in the space. A concept is described based on its properties in various domains. For instance, the concept of Apple in a conceptual space of fruits
can be represented as a set of regions in the colour, shape, size, taste,
and weight domains respectively. In natural language, the concepts often
correspond to nouns. Some domains may be more salient while representing speciﬁc concepts. For example, to distinguish the concept Apple
from other concepts like Pear, the colour and taste domains will be more
salient than the weight domain.

• Instances (Objects): Instances of concepts are the sets of points in the
conceptual space. These points are located within the domains by taking
the values based on the quality dimensions.
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‘nutrition’, etc., where these domains are deﬁned by quality dimensions (e.g.,
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Now, one instance (or an object) of the concept apple can be presented by a
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of the domain. In natural language, properties are often associated with
adjectives. Grasping the properties of a domain is not necessarily an intuitive task unless speciﬁed by the domain knowledge [86].

Following the above example, Figure 2.1 shows a schematic presentation of
a conceptual space of fruits, together with presenting the regions of the concept
of apple within the deﬁned domains and quality dimensions.
The metric deﬁnition of domains allows one to depict the notion of semantic similarity in a conceptual space. Measuring the similarity robustly eases the
consideration of cognitive tasks such as concept formation, semantic inferences,
induction, and concept learning [116]. Context is another notion that has been
considered in the theory of conceptual spaces. Since the semantics of concepts
are conceptual structures in individual minds, the meaning of elements differs in
various contexts. Thus, to formulate the context within the concept representation, it is possible to assign weights to the domains or dimensions to distinguish
between similar concepts in different contexts [87].
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The quality dimensions of human perceptions are revealed from the judgements
about the similarity of concepts in a cognitive process [87]. The origin of quality
dimensions is still an open question in the ﬁeld of conceptual spaces [86]. Once
the process of constructing a conceptual space starts, as Quine noted in [176],
some innate quality dimensions are needed to make concept learning possible.
However, there is no unique way to specify which set of dimensions is sufﬁcient
to characterise the concepts to be learned. There are two paradigms to identify
quality dimensions: being chosen or being inferred. For a conceptual space that
aims to model a scientiﬁc theory or an artiﬁcial cognitive task, quality dimensions are usually chosen by the developers of the theories (experts or scientist).
In contrast, for phenomenal conceptual spaces, the quality dimensions need to
be inferred from the perceived behaviours of the subjects. In many developed
examples of conceptual spaces, determining the set of quality dimensions relies
on the background knowledge, which comes from phenomenal (human perceptual) or scientiﬁc (sensory) quality dimensions [86]. Thus, in a real-world
application, there is a need for knowledge engineering from experts within the
application [188].
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Figure 2.1: A schematic presentation of a conceptual space of fruits. It
also shows the representation the concept of apple as a set of regions
within the deﬁned domains and quality dimensions as apple = ‘sweetsour’,‘ green’,‘ medium’.
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Various formalisations of the conceptual spaces theory have been proposed
in the literature, including [14, 116, 181, 189], which attempted to mathematically formalise how to construct and how to perform induction within conceptual spaces.

Various formalisations of the conceptual spaces theory have been proposed
in the literature, including [14, 116, 181, 189], which attempted to mathematically formalise how to construct and how to perform induction within conceptual spaces.

2.2.1 Identifying Quality Dimensions
Figure 2.1: A schematic presentation of a conceptual space of fruits. It
also shows the representation the concept of apple as a set of regions
within the deﬁned domains and quality dimensions as apple = ‘sweetsour’,‘ green’,‘ medium’.
6L]H'RPDLQ
]H'R
ELJ

PH
GLX
P

VDWXUDWLRQ

VP
DOO

UHG
KXH
H

VRXUQHVV

JUHHQ

ELWWHUQHVV

VZHHWVRXU

EULJKWQHVV

&RORXU
'RPDLQ

7DVWH
'RPDLQ

The quality dimensions of human perceptions are revealed from the judgements
about the similarity of concepts in a cognitive process [87]. The origin of quality
dimensions is still an open question in the ﬁeld of conceptual spaces [86]. Once
the process of constructing a conceptual space starts, as Quine noted in [176],
some innate quality dimensions are needed to make concept learning possible.
However, there is no unique way to specify which set of dimensions is sufﬁcient
to characterise the concepts to be learned. There are two paradigms to identify
quality dimensions: being chosen or being inferred. For a conceptual space that
aims to model a scientiﬁc theory or an artiﬁcial cognitive task, quality dimensions are usually chosen by the developers of the theories (experts or scientist).
In contrast, for phenomenal conceptual spaces, the quality dimensions need to
be inferred from the perceived behaviours of the subjects. In many developed
examples of conceptual spaces, determining the set of quality dimensions relies
on the background knowledge, which comes from phenomenal (human perceptual) or scientiﬁc (sensory) quality dimensions [86]. Thus, in a real-world
application, there is a need for knowledge engineering from experts within the
application [188].

VZHHWQHVV

24

CHAPTER 2. BACKGROUND & RELATED WORK

24

CHAPTER 2. BACKGROUND & RELATED WORK

VZHHWQHVV

7DVWH
'RPDLQ

&RORXU
'RPDLQ

EULJKWQHVV

VZHHWVRXU
JUHHQ

ELWWHUQHVV

VRXUQHVV

H
KXH

VDWXUDWLRQ

UHG

VP
DOO

PH
GLX
P

ELJ

The quality dimensions of human perceptions are revealed from the judgements
about the similarity of concepts in a cognitive process [87]. The origin of quality
dimensions is still an open question in the ﬁeld of conceptual spaces [86]. Once
the process of constructing a conceptual space starts, as Quine noted in [176],
some innate quality dimensions are needed to make concept learning possible.
However, there is no unique way to specify which set of dimensions is sufﬁcient
to characterise the concepts to be learned. There are two paradigms to identify
quality dimensions: being chosen or being inferred. For a conceptual space that
aims to model a scientiﬁc theory or an artiﬁcial cognitive task, quality dimensions are usually chosen by the developers of the theories (experts or scientist).
In contrast, for phenomenal conceptual spaces, the quality dimensions need to
be inferred from the perceived behaviours of the subjects. In many developed
examples of conceptual spaces, determining the set of quality dimensions relies
on the background knowledge, which comes from phenomenal (human perceptual) or scientiﬁc (sensory) quality dimensions [86]. Thus, in a real-world
application, there is a need for knowledge engineering from experts within the
application [188].

]H'R
6L]H'RPDLQ

Figure 2.1: A schematic presentation of a conceptual space of fruits. It
also shows the representation the concept of apple as a set of regions
within the deﬁned domains and quality dimensions as apple = ‘sweetsour’,‘ green’,‘ medium’.

2.2.1

Identifying Quality Dimensions

Various formalisations of the conceptual spaces theory have been proposed
in the literature, including [14, 116, 181, 189], which attempted to mathematically formalise how to construct and how to perform induction within conceptual spaces.

Various formalisations of the conceptual spaces theory have been proposed
in the literature, including [14, 116, 181, 189], which attempted to mathematically formalise how to construct and how to perform induction within conceptual spaces.

2.2.1 Identifying Quality Dimensions
Figure 2.1: A schematic presentation of a conceptual space of fruits. It
also shows the representation the concept of apple as a set of regions
within the deﬁned domains and quality dimensions as apple = ‘sweetsour’,‘ green’,‘ medium’.
6L]H'RPDLQ
]H'R
ELJ

PH
GLX
P

VDWXUDWLRQ

VP
DOO

UHG
KXH
H

VRXUQHVV

JUHHQ

ELWWHUQHVV

VZHHWVRXU

EULJKWQHVV

&RORXU
'RPDLQ

7DVWH
'RPDLQ

The quality dimensions of human perceptions are revealed from the judgements
about the similarity of concepts in a cognitive process [87]. The origin of quality
dimensions is still an open question in the ﬁeld of conceptual spaces [86]. Once
the process of constructing a conceptual space starts, as Quine noted in [176],
some innate quality dimensions are needed to make concept learning possible.
However, there is no unique way to specify which set of dimensions is sufﬁcient
to characterise the concepts to be learned. There are two paradigms to identify
quality dimensions: being chosen or being inferred. For a conceptual space that
aims to model a scientiﬁc theory or an artiﬁcial cognitive task, quality dimensions are usually chosen by the developers of the theories (experts or scientist).
In contrast, for phenomenal conceptual spaces, the quality dimensions need to
be inferred from the perceived behaviours of the subjects. In many developed
examples of conceptual spaces, determining the set of quality dimensions relies
on the background knowledge, which comes from phenomenal (human perceptual) or scientiﬁc (sensory) quality dimensions [86]. Thus, in a real-world
application, there is a need for knowledge engineering from experts within the
application [188].

VZHHWQHVV

24

CHAPTER 2. BACKGROUND & RELATED WORK

25

25
25

2.2. ON THE THEORY OF CONCEPTUAL SPACES

25

As mentioned in the introduction, from the AI point of view, the aim of representing knowledge in a conceptual space is to develop an intuitive interpretation
of the relationship between symbolic and sub-symbolic information [14, 86].
Gärdenfors has discussed thoroughly the role of conceptual spaces as a knowledge representation framework in AI systems [87], focusing on the tasks of
induction and reasoning [88, 92]. Recently, Lieto et al. [147] have detailed the
need of a conceptual representation as a mid-level of knowledge representation
in-between the symbolic and the sub-symbolic one. This offers cognitive architectures a common language enabling the interaction between different types
of representations. Schockaert and Prade [198] have focused on the problem of
interpolative and extrapolative inference for different properties and concepts
with the help of conceptual spaces. In addition to the theoretical AI problems,
the feasibility of using conceptual spaces has been studied in various application domains of AI, such as geographical measurement [8, 199], cognitive
robotics [57, 66, 138], object recognition [46], and visual perception [56]. A
recent review [242] discusses further applications in diverse research areas (semantic spaces, computing meanings, and philosophical perspectives).
Concept formation tightly connects the theory of conceptual spaces to the
induction (and particularly learning) problem. The aim of many learning systems is a general description of a category of observations as concepts [151].
If the input of a learning algorithm takes the form of instances, attributes,
and concepts, then the process of learning is called concept description [230].
Instance-based learning refers to a class of learning algorithms which predicate
the labels for unseen instances based on their similarity to the nearest training instances [129]. This model requires a similarity function to perform the

However, the issue of identifying the quality dimensions is more challenging
when dealing with such systems where there is no prior knowledge to explain
the semantics of dimensions, or there is a lack of knowledge about relevant
quality dimensions [87]. This speciﬁc challenge motivates the investigations on
how to derive the domains and quality dimensions in a data-driven manner.
An agreed point in the literature of conceptual spaces is that it is almost impossible to provide a complete list of human perceptual quality dimensions [89].
This statement emerges from the task of concept learning, wherein learning a
new concept is often applicable by expanding a conceptual space with new
quality dimensions [209]. To initialise a conceptual space, it would be challenging to realise which set of input features from the data can be used as the
quality dimensions in order to form the target concepts. The work in this thesis
attempts to identify a meaningful set of features out of predeﬁned features in
a numeric data set, relying on the hypothesis that the most discriminative features of concepts (classes) are the most representative quality dimensions for
building a conceptual space.

2.2.2 Related Work on Conceptual Spaces and AI
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task of concept descriptions. However, in instance-based learning, the similarity functions are usually applied within a single-domain feature space [12]. A
comparison of the practicality and effectiveness in instance-based learning and
conceptual spaces was presented in [140]. However, in this work, the authors
did not include the model construction process in their discussion. In this thesis,
an instance-based approach is proposed for concept formation that considers
the role of the features involved to derive a multi-domain space and represent
the concepts in such a space.
Using data mining approaches in the process of deriving conceptual spaces
has been studied in a few isolated works. Keßler [131] outlined the idea of using conceptual spaces to describe data, with some discussions on the possibility
of automatically generating such spaces from databases. Lee [139] proposed a
data mining method coupled with conceptual spaces, which addresses cognitive
tasks such as concept formation using clustering techniques. The main drawback of these approaches is that they rely on knowing about the semantics of
a domain (i.e., an application area) beforehand in order to directly determine
the domains and the quality dimensions of a conceptual space. However, an essential challenge is to automatically ﬁnd the most related features as integrated
quality dimensions, without importing extra knowledge to the model. More
precisely, the data-driven side of this thesis relies on the automatically ﬁnding
the best subset of features and then grouping them into the domains, without
expert knowledge.
The proposed approach in this thesis holds for certain classes of problems.
It explores applications wherein the input data is complicated to be interpreted at ﬁrst glance. Within such applications, the task of specifying the interpretable domains and dimensions based on human perceptions is no trivial.
These classes of problems usually deal with raw sensor data (sometimes multivariate data) with little or no prior knowledge about their semantics [188]. The
process of learning for these problems are typically performed by connectionist
approaches (i.e., neural network architectures [219]) as solution for representing the relation of instances on a perceptual level [14]. But the main drawback
of such solutions is that it neglects the explainability of the involved concepts
or the interpretability of the learned model (i.e., features) from a semantic perspective.
This thesis aims to enable domain formation of a conceptual space that
is highly data-driven. The motivation is to create a semantic model able to
preserve induction and semantic inference. The motivation of the proposed
approach is to deal with a class of learning problems that need a clear interpretation of the overall model (not only interpretability of the decisions made),
but there is no prior knowledge to specify the relations within the model along
with a vast number of input data. Thus, this thesis presents a method to create
a semantic representation of sensor data and its interpretation using conceptual
spaces, which facilitates the task of explaining concepts. This facilitation is performed in this work by applying approaches to generate linguistic descriptions
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• Linguistic variables, deﬁning the fuzzy sets on the provided input data to
categorise and annotate the input variable. Linguistic variables are tightly

for unknown instances of concepts, using the constructed semantic representations as conceptual spaces. For this reason, the next section will provide an
overview of linguistic description and natural language generation approaches
that have been addressed in the literature.

• Input data, usually including numerical and sequential data, which represents temporal or spatial properties. Temperature, height, weight, and
size are some examples of input data. The input data is also called numeric variables or numeric properties of a domain.

2.3 Generating Linguistic Descriptions

The ﬁeld of linguistic descriptions of data has emerged from the use of fuzzy
set theory and soft computing to perform linguistic computations on data. This
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related to the deﬁnition of fuzzy granulation of input variables. An example of such fuzzy granulation to map the numerical values of an input
variable like size is a set of linguistic labels (i.e., words) such as small,
medium, or large. These linguistic variables are characterised by fuzzy
intervals with non-determined boundaries using fuzzy membership functions. (More details will be presented in Section 4.2.2).
• Fuzzy quantiﬁers, are the fuzzy granulations which lead to provide propositions like low, increasing, and signiﬁcant for the input variables [240].
These quantiﬁers are also characterised by fuzzy membership functions.
• Evaluation criteria, deﬁned to assess the appropriation of the generated
descriptions based on several criteria such as data coverage degree, fulﬁlment degree, relevance and the length of the descriptions.
The algorithms that are employed in linguistic descriptions of data are inﬂuenced by fuzzy techniques to construct quantiﬁed sentences. LDD methods
produce all the possible combinations of the sentences using the provided quantiﬁers and linguistic variables for a set of input data. Depending on the complexity of the domain, type-I or type-II of quantiﬁed sentences (which are the
statements with simple or complex relations between quantiﬁers and variables,
respectively [44]) may be employed [70, 163]. Afterwards, the generated sentences are ranked, added or removed from the output text based on the deﬁned
criteria. The generated linguistic sentences are simple from the natural language
point of view with usually template-based messages to handle the sentences.
The theoretical works on developing linguistic descriptions started with the
topic of fuzzy quantiﬁcation as the task of computing with words [239]. The
work of Kacprzyk [125, 126] introduced a way to relate the computation of
words in fuzzy logic to an implementable linguistic summarisation of data.
According to [126], a linguistic summarisation of a data set consists of a summariser S (e.g., young), a quantity agreement Q (e.g., most), and a truth degree
T . Then, an abstract prototype of a linguistic summary can be in the form
“Q Y’s are S”, where Y is a set of observed objects. As an example, “most
of the employees are young” is the result of a linguistic summarisation using fuzzy logic [126]. Practically, linguistic descriptions are applied in several
applications. The granular linguistic model of phenomena (GLMP) [224] is a
general framework that works based on applying fuzzy rules on a set of computational perceptions as inputs. This solution is employed for a verity of applications [178]. In [49], the concept of linguistic summarisation is employed
to fulﬁl the precision and brevity on data related to the patient inﬂow, where
the descriptions are for example: “most of the days of June, patient inﬂow
is medium”. The work in [179] presents the use of LDD in meteorology to
generate monthly reports emphasising related contrast descriptions, e.g.: “The
temperature was high for October, ... with very cold temperatures during the
fourth week”.
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2.3.2 Natural Language Generation (NLG)

• Content determination is the task to decide what information will appear in the output text, based on the provided input information. Content
determination is the most relevant aspect of NLG regarding the linguistic characterisation of numerical data [187, 237]. This task determines
whether or not an acquired set of numerical information is able to be
represented linguistically and be semantically labelled to appear in the
ﬁnal text. Thus, the content determination is the core of bridging from
numerical data to the semantic representations in NLG systems. A recent
survey on the task of content determination and content selection can be
found in [103].
Studies on generating linguistic descriptions also encompass the ﬁeld of natural
language generation (NLG). An NLG system aims to generate human-readable
natural language from non-linguistic information [185]. Typically, NLG systems generate text based on acquired knowledge about both language and the
application domain. Based on the requirements of the system, NLG solutions
follow two different goals: 1) Automatically generating useful text from nontextual inputs to comply with a speciﬁc set of needs, and/or 2) Automatically
producing human-like text from non-textual inputs, to simulate an already
known corpus of human-written text.
While a variety of NLG architectures and implementations are proposed in
the literature, a generic architecture for an NLG system has been formulated
and presented by Reiter and Dale [184, 185] based on the fact that the primary
task of a natural language generation system is to convert acquired knowledge
from underlying non-linguistic data into an understandable set of messages as
output text. The proposed architecture consists of three main modules: document planning, microplanning, and realisation. Each of these modules performs
a set of tasks related to the goal of the system. Table 2.1 depicts the modules
and their corresponding tasks in a typical NLG system. The main content tasks
of an NLG system are shortly described as follows. Note that in this thesis,
the use of NLG systems is mostly limited to the task of content determination,
where its related work will be further explained.
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• Lexicalisation is the task to decide what speciﬁc words should be selected
to express the determined content. For example, the actual nouns, verbs,
adjectives and adverbs to appear in the text are chosen from a lexicon.
Lexicalisation determines the particular linguistic terms to be used to explain the domain concepts and their relations. In an NLG system, the role
of lexicalisation is essential since the mapping between extracted numerical information to the predeﬁned lexicon is not a trivial task.
• Referring expression generation is the task to decide what expressions
should be used to refer to domain concepts and entities, in a way that
the reader of the system recognises what the message refers to. So, referring expression generation is about selecting proper names and reasonable pronouns, or providing a sufﬁcient set of descriptions for an entity
or object in order to distinguish that entity from the rest.
• Linguistic realisation is the task to apply grammatical rules of the target
language considering both morphology (the study of word forms) and
syntax (the study of sentence structure). This task converts the provided
abstract symbolic representations of the messages into the actual ﬁnal
sentences in natural language.
An important class of NLG frameworks is data-to-text systems, wherein a
linguistic summarisation of numeric data is produced with the help of data mining and AI algorithms. The main architecture of data-to-text systems has been
introduced by Reiter [182] that includes the following stages: signal analysis,
data interpretation, document planning, microplanning and realisation (Figure 2.2). These systems identify and abstract the patterns of the numeric data,
determine the most useful and relevant information, and generate a natural
language text for the acquired knowledge in an understandable form [119].
A complete survey on reviewing NLG tasks, architectures, and applications has recently been provided by Gatt and Krahmer [93]. According to
[93], the developed NLG systems can be divided into three approaches: rulebased (modular), planning-based, and data-driven approaches. Rule-based approaches consider a crisp division among the NLG tasks. These methods usually follow a set of pre-deﬁned rules in order to perform each of sub-tasks
within the NLG architecture. Planning approaches aim to look at the goal of
generating text from data as the process of determining a sequence of actions.
These approaches combine slightly the sub-tasks of NLG to generate text. Datadriven approaches are the new dominant trend in NLG, which consider the
goal of text generation as an integrated task. Data-driven approaches perform
this goal usually by applying statistical learning on the alignment of the input
non-linguistic information and the output texts. This automatic learning of the
correspondences between data and text make these approaches data-driven.
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• Linguistic realisation is the task to apply grammatical rules of the target
language considering both morphology (the study of word forms) and
syntax (the study of sentence structure). This task converts the provided
abstract symbolic representations of the messages into the actual ﬁnal
sentences in natural language.
• Referring expression generation is the task to decide what expressions
should be used to refer to domain concepts and entities, in a way that
the reader of the system recognises what the message refers to. So, referring expression generation is about selecting proper names and reasonable pronouns, or providing a sufﬁcient set of descriptions for an entity
or object in order to distinguish that entity from the rest.
• Lexicalisation is the task to decide what speciﬁc words should be selected
to express the determined content. For example, the actual nouns, verbs,
adjectives and adverbs to appear in the text are chosen from a lexicon.
Lexicalisation determines the particular linguistic terms to be used to explain the domain concepts and their relations. In an NLG system, the role
of lexicalisation is essential since the mapping between extracted numerical information to the predeﬁned lexicon is not a trivial task.
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Knowledge acquisition (KA) is an essential part of building natural language
generation systems. Two types of KA techniques including corpus-based KA
and structured expert-oriented KA have been previously studied for NLG systems in [187]. These techniques aim to enrich the similarities between generated
texts and natural human-written texts. Both of the techniques use rule-based
methods to improve the quality of the acquired knowledge for such systems.
Export-oriented techniques use experts of the domain to acquire knowledge
in a structured manner (e.g., direct interviews, questionnaires). As an example
Knowledge Acquisition for Content Determination
Figure 2.2: The architecture of data-to-text systems, proposed by Reiter [182].

be found in [93]). However, the remaining question is how much the learning
process is dependent on the goodness of provided set of training information
(aligned data and text).
Recently, there is a growing demand for NLG and data-to-text systems in
real-world applications. Examples of well established NLG applications include
the generation of weather forecasting reports from meteorological data [104,
186, 215], communicating ﬁnancial and statistical information [79, 120]. BTNurse [119] and BabyTalk [94, 174] are the recent examples of data-to-text
systems in order to generate documents in medical domains which produce
summaries of data sets about the state of neonatal babies from intensive care
data. Most of these applications use small amounts of homogeneous data and
are supported by a signiﬁcant amount of predeﬁned knowledge.
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in the medical area, one can ask doctors or nurses about the necessary information that are needed to be captured and presented in the ﬁnal generated text.
Corpus-based techniques rely on the analysis of available corpus, and learn
from provided sources of information such as data sets themselves. For example, one can use previous corpora of human-written reports (e.g., clinical
reports) to acquire the necessary elements and information, to reproduce the
same knowledge in the ﬁnal generated text.
In data-to-text systems, the acquired knowledge, also called domain knowledge, is usually organised in the form of taxonomies or ontologies of information. All the stages of a data-to-text architecture (shown in Figure 2.2)
then use these provided taxonomies of knowledge to perform their tasks. In
particular, signal analysis stage extracts information that is determined in taxonomies such as simple patterns, events, and trends. Also, the data interpretation stage abstracts information into symbolic messages using the represented
taxonomies. The most recent data-to-text frameworks developed by Reiter’s
architecture [182] have acquired the taxonomies or ontologies corresponding
to the domain knowledge. For instance, the work on summarising gas turbine
time series [237] has used expert knowledge to provide a taxonomy of the
primitive patterns (i.e., spikes, steps, oscillations). Similarly, systems related to
the BabyTalk project [94, 174] have stored medically known observation (e.g.,
bradycardia) in local ontologies. The core of such systems is based on the richness of the domain knowledge in the provided taxonomies which are usually
bounded by expert rules. This organised domain knowledge is usually an inﬂexible input to the framework which restricts the output of the stages in datato-text architectures. For instance, the taxonomy in [237] does not allow the
system to represent unexpected observations (e.g., wave or burst) out of the
predeﬁned domain knowledge. Likewise, in the medical domain, an unknown
physiological pattern will be ignored if it does not have a corresponding entity
in the provided ontology by the domain experts.
Determining suitable content is mostly addressed using knowledge-driven
and rule-based approaches to comply with the domain or user requirements [102,
237]. However, there is a new trend of data-driven approaches to performing
such task without relying on a set of pre-deﬁned knowledge to map data to lexicons. Instead, these approaches aim to use learning techniques, such as hidden
Markov models [33] and optimisation methods [133], in order to automatically
ground language acquisition and align numerical observation to their proper
descriptions [93]. These approaches are independent of rules, however, they
are still dependent on a set of well-deﬁned correspondences between input data
and the output text in a supervised manner. The way that this thesis aims to do
the data-driven content determination is to rely on the observed data and its
behaviours that can be beyond the user requirements, though still meaningful
to represent [31].
Although some studies in NLG, like SumTime [186], claim that building a
complete data-to-text system is good enough to be used for producing text as
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A semantic representation of numerical data is the key point to bridge between
conceptual spaces theory and linguistic description approaches by modelling
descriptive features of data. On one hand, concept formation based on perceived information in a conceptual space relies on the descriptive features in
order to determine the domains and quality dimensions of the spaces. This
data-driven manner of modelling features leads to a semantic representation of
non-linguistic information in order to infer meaningful descriptions. Importing
descriptive features to computational systems includes the possibility of operating with linguistic information [35]. On the other hand, deriving linguistic
descriptions for a set of numerical perceived data is dependent on the semantic
level of its descriptive features. This set of information can be obtained from
various sources such as observations, sensor measurements, mathematical analysis or visual perceptions [35]. Since conceptual spaces have been developed
to model the descriptive features of concepts for further reasoning, it can be
employed as a robust framework to perform content determination task in linguistic descriptions using semantic inferences.
Regarding the relation of these two ﬁelds in the literature, the problem of
modelling natural language using conceptual spaces has been investigated in
a few isolated works [10, 72]. Evidently, in most of the proposed conceptual
representations, the primary interest is not the relation of concepts and natural
language [108]. Aisbett et al., [15] recently investigated the integration of conceptual spaces theory with the topic of computing with words by introducing a
fuzzy representation of conceptual spaces’ elements. Domains and dimensions
in their work, however, are crisp elements with no role concerning the qualiﬁcation of objects within the space. Also, [72] attempted to derive the semantic
relations within conceptual spaces built upon text documents. However, to the
best of our knowledge, there is no study on the conceptual spaces to derive
natural language descriptions for the numeric inputs through a conceptual representation.
As the ﬁnal point to conclude this chapter, it worth mentioning that the
proposed approach is called semantic representation (and not only conceptual
representation), because it goes beyond representing the concepts as structures
in mind. The proposed approach links the perceived information to natural
language by “linking concepts to meaning” [111] using semantic inferences.

good as a human does, there is still the lack of modelling cognitive task in NLG
systems to study e.g., how humans model observations in their mind, and then
explain them by linguistic terms. This issue in rule-based data-to-text systems
reveals the necessity of reorganising the way of modelling domain knowledge
in order to also cover explaining unseen information across the data.
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The representations of the elements are rigorously explained in further definitions (from 3.2 to 3.5). To automate the process of constructing conceptual
spaces, the deﬁnitions of the conceptual spaces’ elements are modiﬁed slightly
compared to previous formulations (e.g., [9,189]). These modiﬁcations are necessary to use the constructed conceptual space as a model of a semantic representation for the inference of unknown observations.

Deﬁnition 3.1. A conceptual space S is deﬁned as a 4-tuple Q, Δ, C, Γ , where
Q is a set of quality dimensions, Δ is a set of domains, C is a set of concepts in
the space S, and Γ is a set of instances representing the concepts.

Data-Driven Construction of
Conceptual Spaces

considered to be data-driven as it is automatically constructed by processing the
data matrix of the observations based on the variable values and class labels.
This is in contrast with knowledge-driven approaches that have to be manually constructed using psychologically or scientiﬁcally pre-deﬁned knowledge
about the relations between quality dimensions, domains and the concepts’ regions [10, 87]. Practically, the process of constructing a conceptual space is
about determining its essential elements. According to [14, 181], the deﬁnition
of a conceptual space is as follows:

“Solving a problem simply means representing it so as to
make the solution transparent.”

his chapter presents one of the leading contributions of this thesis, that is
T
how to automatically construct a conceptual space in a data-driven manner from a numeric data set. The approach to constructing conceptual spaces is
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CHAPTER 3. CONSTRUCTION OF CONCEPTUAL SPACES

To begin, it is assumed that a given data set M contains a set of possible class
labels, a set of predeﬁned features, and the input observations with known class
labels, which are characterised by feature values. Given a set of class labels
Y = {y1 , . . . , ym } and a set of features F = {X1 , . . . , Xn }, let D be the set of
known observations, denoted by D = {oi : (xoi , yoi )}, where oi consists of a
n-dimensional feature vector xoi = [x1 , . . . , xn ], and an output label yoi ∈ Y.
The component xj (j = 1, . . . n) in the vector xoi is the measured value of the
corresponding feature Xj ∈ F.
Here, each feature X is deﬁned as a couple of values X : HX , IX , where HX
indicates the linguistic name of the feature, and IX is either a numeric interval
or a categorical set that presents the possible range of values for X.

1 This approach follows the assumption that any semantic modelling needs an innate set of
knowledge [176]. Learning concepts without any initialised knowledge is not the scope of this
work.

The following sections will outline how the two latter steps are achieved in
detail. Figure 3.1 illustrates the steps of constructing a conceptual space from a
set of numeric data, which are explained in the following sections.
• Form the representation of each concept Cy within the domains Δ, based
on the known corresponding instances (Section 3.2).
• Specify the quality dimensions Q and domains Δ. The quality dimensions
are speciﬁed via selecting a subset of the features such that Q ⊂ F, and
the domains are determined based on ranking and grouping the set of
selected features as the quality dimensions (Section 3.1).

Example 3.1. Consider the leaf data set [206] which is a set of photographed
leaf samples (observation set Dl ) from various plant species (classes) such as:
Y = { yqr : ‘Quercus Robur’, yap : ‘Acer Palmatum’, yno : ‘Nerium Oleander’,
ytt : ‘Tilia Tomentosa’, . . .}. This data set includes a set of measurable
features to characterise the features of each leaf sample, such as: F = {
Xel : elongation, Xlo : lobedness, Xco : convexity, Xro : roundness,
Xso : solidity, Xin : indentation, . . .}. An observed leaf such as oi ∈ Dl
that is labelled by ytt takes the feature values as: oi : (xoi , ytt ), where
xoi = [xel , xlo , xco , xro , xso , xin ].
The goal described in this chapter is to ﬁnd a mapping from the elements of
a data set M to various components needed to deﬁne a conceptual space S. In
short, this mapping is achieved by performing the following steps:

• Initialise the primitive known concepts using the class labels. Consequently, the conceptual space S, which models the data set M, will consist
of a set of concepts C = {C1 , . . . , Cm }, where |C| = |Y|. Thus, the notation
Cy indicates the concept which corresponds to the class label y ∈ Y.1
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2 More details on the fuzzy membership functions μ, which quantify the changes in the values of a feature by assigning linguistic labels to the subintervals of dimension, will be given in
Section 4.2.1.
3 The weight function ω(δ) is further explained in Section 3.1.2.
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Deﬁnition 3.3. A domain δ is a triple Q(δ), C(δ), ωδ , where Q(δ) ⊂ Q is the
set of integral quality dimensions involved in δ, C(δ) ⊂ C is the set of concepts
that are represented in δ, and ω(δ) is a weight function3 presenting the assigned
salient weight between a concept and a quality dimension in δ.
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Deﬁnition 3.2. A quality dimension qX ∈ Q is a triple Hq , Iq , μq , which
corresponds to a selected feature X ∈ F. Hq is the linguistic name of the quality
dimension qX , which is equal to HX and Iq indicates the range of possible
values for the quality dimension qX , which is equal to IX . μq is deﬁned as a
family of fuzzy membership functions2 to map the subintervals of Iq onto a set
of linguistic terms.

REVHUYDWLRQV

A data-driven approach to build a conceptual space makes no prior assumption about the domains. Preferably, the known labelled observations and features are the inputs from which the quality dimensions and domains will be
extracted. This approach aims to propose a set of observation-based associations between classes of data as concepts and the grouped subsets of features
as domains. As a domain is an integrated subset of quality dimensions, and the
quality dimensions are the subset of the initialised features, the ﬁrst step is to
determine a subset of informative features. This determination is performed by
applying feature selection methods. Before explaining these methods, the formal deﬁnitions of a quality dimension and a domain is recalled. As mentioned
before, these deﬁnitions are reshaped in a novel manner to be utilised in the
task of semantic inference.
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from a set of numeric data. The domain and dimension speciﬁcation is explained in Section 3.1, and the concept representation is described in Section 3.2.
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Deﬁnition 3.2. A quality dimension qX ∈ Q is a triple Hq , Iq , μq , which
corresponds to a selected feature X ∈ F. Hq is the linguistic name of the quality
dimension qX , which is equal to HX and Iq indicates the range of possible
values for the quality dimension qX , which is equal to IX . μq is deﬁned as a
family of fuzzy membership functions2 to map the subintervals of Iq onto a set
of linguistic terms.

'RPDLQVDQG'LPHQVLRQ6SHFLILFDWLRQ
)HDWXUH6XEVHW5DQNLQJ

Deﬁnition 3.3. A domain δ is a triple Q(δ), C(δ), ωδ , where Q(δ) ⊂ Q is the
set of integral quality dimensions involved in δ, C(δ) ⊂ C is the set of concepts
that are represented in δ, and ω(δ) is a weight function3 presenting the assigned
salient weight between a concept and a quality dimension in δ.

REVHUYDWLRQV

2 More details on the fuzzy membership functions μ, which quantify the changes in the values of a feature by assigning linguistic labels to the subintervals of dimension, will be given in
Section 4.2.1.
3 The weight function ω(δ) is further explained in Section 3.1.2.
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Example 3.2. Consider the leaf data set from Example 3.1, suppose that a quality dimension is elongation, which is deﬁned as qel =  ‘elongation’, [0, 1],
μel , and another one is lobedness, deﬁned as qlo =  ‘lobedness’, (0, inf),
μlo . One can conceptualise the leaves in various domains such as Shape, Texture, Colour, etc. Then, both the elongation and lobedness quality dimensions
can belong to the shape domain. Moreover, μel can return the linguistic labels
for elongation as: ‘circular’, ‘elliptical’, ‘elongated’.
Since the domains are constructed in a data-driven way without involving prior knowledge, it can be difﬁcult to assign a semantic interpretation to
the constructed domains that reﬂect human perception. However, the provided
space still constitutes a conceptual one because of its ability to represent the
concept formation and the semantic similarities between concepts and instances
across the domains [87]. With quality dimensions in place, domain is then an
integral subset of quality dimensions which are relevant to each other.
Identifying the most characteristic features of the data from the initialised
set of features is an essential task, which is performed by feature extraction
approaches [42]. There are two principal ways to extract informative features:
feature transformation and feature selection [110]. The ﬁrst approach ﬁnds
a projection from the original feature space into a lower dimensional feature
space. Transforming the original features into this lower dimensional space alters typically any associated descriptive attributes connected to the features.
Therefore, the semantic meaning of the resulting features is often difﬁcult, if
not impossible, to assess [109]. The second approach selects a subset of original features by keeping relevant features and discarding the irrelevant ones. The
retained features are not altered and the original semantic meaning of those features stays intact. Since the goal is to exploit external knowledge of the original
features, feature subset selection techniques are applied.
Both relevance, and redundancy are important criteria to consider in feature
selection. A subset of features is optimal if the relevance between selected features and the target classes is maximal, and the redundancy among the selected
features is minimal. These two criteria guarantee that the selected features are
adequate to distinguish the classes of data with the smallest number of features [75].
The proposed approach employs feature selection methods to specify the
quality dimensions and domains using two phases: feature subset ranking and
feature subset grouping. The feature subset ranking phase determines which
features are most representative for every single target class, independent from
other classes. Since a concept can rather be represented by one or several groups
of features as domains, the feature subset grouping phase categorises the ranked
features in a way to recognise what subset of features are most related to each
other based on their relevancy to the concepts.
Figure 3.2 shows the two phases of (1) feature subset ranking and (2) feature subset grouping, along with the input and output parameters, to specify
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Feature subset selection algorithms are categorized as either ﬁlter methods or
wrapper methods [230]. Filter methods determine the subset of features based
on the statistical characteristics of the input data set without referring to the
used classiﬁer. Wrapper methods are dependent on the learning algorithm (i.e.,
target classiﬁer) that evaluates the selected subset of features based on the performance of the used learning algorithm. In the present work, the aim is to
identify the meaningful set of understandable attributes out of predeﬁned features, but not to classify the input data. Filter methods are chosen to be used
for feature selection since this category of methods is independent of the ﬁnal
classiﬁer approach, and it derives an informative subset of features concerning
the input data set labels. It is worth to note that although the ﬁlter methods are
more computationally efﬁcient, the evaluation of such methods is not a trivial
task [230] since there is no universally accepted relevance measure between a
subset of selected features and the target class labels.
Filter methods rank the features using a scoring function, usually by employing a statistical measure or the measures from information theory to quantify relevance and redundancy. The top scored features are kept as selected
features (or low scored ones are removed from the resulting subset). In this
work, mutual information, one of the commonly employed scoring functions,
is used [47]. One such technique is MIFS (mutual information-based feature
selection) [34]. For an input set of features F and 2-class labelled data D, MIFS
adds the feature Xi ∈ F to the already chosen subset of features F  , to maximise
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where I(Y, X) is the mutual information between the variables Y and X [223].
This mutual information is deﬁned based on the probability density functions [65], denoted by:
 
p(x, y)
I(X, Y) =
p(x, y) log
dydx.
(3.2)
p(x)p(y)
x y
The ﬁrst term in Equation 3.1 attempts to maximise the relevance of feature
Xi to target labelled data, and the second term tries to minimise the redundancy
between Xi and the already selected features in F  (using a balancing parameter
β). In this work, the term I(Y, X) is estimated via histograms, but other estimation methods are applicable as well [196]. The MIFS technique is a heuristic
approximation, since there is no independent assessment of the joint mutual
information to determine when a feature is relevant to the class labels [223].
The proposed method is not dependent on the use of the MIFS algorithm. It
can be substituted by other approximations of the joint mutual information
[48, 80, 171]. It is notable that different ﬁlter methods do not necessarily produce the same ranking of the features. However, the focus here is to reach to
a good enough set of features representing the data classes with high relevance
and low redundancy [228].
The proposed method for feature subset ranking starts with deﬁning a new
set of input data for each target label y, wherein the data set of known observations D is split into two classes: class y including all the observations labelled
by class y, denoted by Dy , and class y = {Y\y} including the rest of observations labelled by other classes than class y, denoted by Dy . Then the MIFS
procedure is applied to the feature set F considering the generated 2-class data
set Dyy = {Dy ∪ Dy }.
Example 3.3. In the leaf data set from Example 3.1, for the class of the leaf
species Tilia (ytt ), the set of Dytt is the leaf samples in Dl that are labelled
with ytt , and Dytt is the set of samples in Dl that are not labelled with ytt , or
consequently, are labelled with one of the labels yqr , yap , or yia .
By separating one class (concept) of data from the other classes, the output of the feature ranking algorithm will return the features that individually
characterise the observations of this concept and separate it from the rest. The
output of the ﬁlter method for each label is a sorted list of features with a score
for each feature. Formally, the output for a class y is a ranked list of features
with the highest scores according to y, as
R(y) = { (X, wy,X ) | X ∈ F , wy,X ∈ [0, 1] }

(3.3)

where wy,X is the normalised weight (or the score) that is assigned to the relation of feature X and label y. The features in R(y) are the k most relevant
features of the class label y. From a conceptual point of view, these k features
R(y) = { (X, wy,X ) | X ∈ F , wy,X ∈ [0, 1] }

(3.3)

By separating one class (concept) of data from the other classes, the output of the feature ranking algorithm will return the features that individually
characterise the observations of this concept and separate it from the rest. The
output of the ﬁlter method for each label is a sorted list of features with a score
for each feature. Formally, the output for a class y is a ranked list of features
with the highest scores according to y, as
Example 3.3. In the leaf data set from Example 3.1, for the class of the leaf
species Tilia (ytt ), the set of Dytt is the leaf samples in Dl that are labelled
with ytt , and Dytt is the set of samples in Dl that are not labelled with ytt , or
consequently, are labelled with one of the labels yqr , yap , or yia .
The ﬁrst term in Equation 3.1 attempts to maximise the relevance of feature
Xi to target labelled data, and the second term tries to minimise the redundancy
between Xi and the already selected features in F  (using a balancing parameter
β). In this work, the term I(Y, X) is estimated via histograms, but other estimation methods are applicable as well [196]. The MIFS technique is a heuristic
approximation, since there is no independent assessment of the joint mutual
information to determine when a feature is relevant to the class labels [223].
The proposed method is not dependent on the use of the MIFS algorithm. It
can be substituted by other approximations of the joint mutual information
[48, 80, 171]. It is notable that different ﬁlter methods do not necessarily produce the same ranking of the features. However, the focus here is to reach to
a good enough set of features representing the data classes with high relevance
and low redundancy [228].
The proposed method for feature subset ranking starts with deﬁning a new
set of input data for each target label y, wherein the data set of known observations D is split into two classes: class y including all the observations labelled
by class y, denoted by Dy , and class y = {Y\y} including the rest of observations labelled by other classes than class y, denoted by Dy . Then the MIFS
procedure is applied to the feature set F considering the generated 2-class data
set Dyy = {Dy ∪ Dy }.
x y

where wy,X is the normalised weight (or the score) that is assigned to the relation of feature X and label y. The features in R(y) are the k most relevant
features of the class label y. From a conceptual point of view, these k features

I(X, Y) =

p(x, y) log

p(x, y)
dydx.
p(x)p(y)

(3.2)

where I(Y, X) is the mutual information between the variables Y and X [223].
This mutual information is deﬁned based on the probability density functions [65], denoted by:
 
40

CHAPTER 3. CONSTRUCTION OF CONCEPTUAL SPACES

40

CHAPTER 3. CONSTRUCTION OF CONCEPTUAL SPACES

where I(Y, X) is the mutual information between the variables Y and X [223].
This mutual information is deﬁned based on the probability density functions [65], denoted by:
 
p(x, y)
I(X, Y) =
p(x, y) log
dydx.
(3.2)
p(x)p(y)
x y
The ﬁrst term in Equation 3.1 attempts to maximise the relevance of feature
Xi to target labelled data, and the second term tries to minimise the redundancy
between Xi and the already selected features in F  (using a balancing parameter
β). In this work, the term I(Y, X) is estimated via histograms, but other estimation methods are applicable as well [196]. The MIFS technique is a heuristic
approximation, since there is no independent assessment of the joint mutual
information to determine when a feature is relevant to the class labels [223].
The proposed method is not dependent on the use of the MIFS algorithm. It
can be substituted by other approximations of the joint mutual information
[48, 80, 171]. It is notable that different ﬁlter methods do not necessarily produce the same ranking of the features. However, the focus here is to reach to
a good enough set of features representing the data classes with high relevance
and low redundancy [228].
The proposed method for feature subset ranking starts with deﬁning a new
set of input data for each target label y, wherein the data set of known observations D is split into two classes: class y including all the observations labelled
by class y, denoted by Dy , and class y = {Y\y} including the rest of observations labelled by other classes than class y, denoted by Dy . Then the MIFS
procedure is applied to the feature set F considering the generated 2-class data
set Dyy = {Dy ∪ Dy }.
Example 3.3. In the leaf data set from Example 3.1, for the class of the leaf
species Tilia (ytt ), the set of Dytt is the leaf samples in Dl that are labelled
with ytt , and Dytt is the set of samples in Dl that are not labelled with ytt , or
consequently, are labelled with one of the labels yqr , yap , or yia .
By separating one class (concept) of data from the other classes, the output of the feature ranking algorithm will return the features that individually
characterise the observations of this concept and separate it from the rest. The
output of the ﬁlter method for each label is a sorted list of features with a score
for each feature. Formally, the output for a class y is a ranked list of features
with the highest scores according to y, as
R(y) = { (X, wy,X ) | X ∈ F , wy,X ∈ [0, 1] }

(3.3)

where wy,X is the normalised weight (or the score) that is assigned to the relation of feature X and label y. The features in R(y) are the k most relevant
features of the class label y. From a conceptual point of view, these k features

where wy,X is the normalised weight (or the score) that is assigned to the relation of feature X and label y. The features in R(y) are the k most relevant
features of the class label y. From a conceptual point of view, these k features
R(y) = { (X, wy,X ) | X ∈ F , wy,X ∈ [0, 1] }

(3.3)

By separating one class (concept) of data from the other classes, the output of the feature ranking algorithm will return the features that individually
characterise the observations of this concept and separate it from the rest. The
output of the ﬁlter method for each label is a sorted list of features with a score
for each feature. Formally, the output for a class y is a ranked list of features
with the highest scores according to y, as
Example 3.3. In the leaf data set from Example 3.1, for the class of the leaf
species Tilia (ytt ), the set of Dytt is the leaf samples in Dl that are labelled
with ytt , and Dytt is the set of samples in Dl that are not labelled with ytt , or
consequently, are labelled with one of the labels yqr , yap , or yia .
The ﬁrst term in Equation 3.1 attempts to maximise the relevance of feature
Xi to target labelled data, and the second term tries to minimise the redundancy
between Xi and the already selected features in F  (using a balancing parameter
β). In this work, the term I(Y, X) is estimated via histograms, but other estimation methods are applicable as well [196]. The MIFS technique is a heuristic
approximation, since there is no independent assessment of the joint mutual
information to determine when a feature is relevant to the class labels [223].
The proposed method is not dependent on the use of the MIFS algorithm. It
can be substituted by other approximations of the joint mutual information
[48, 80, 171]. It is notable that different ﬁlter methods do not necessarily produce the same ranking of the features. However, the focus here is to reach to
a good enough set of features representing the data classes with high relevance
and low redundancy [228].
The proposed method for feature subset ranking starts with deﬁning a new
set of input data for each target label y, wherein the data set of known observations D is split into two classes: class y including all the observations labelled
by class y, denoted by Dy , and class y = {Y\y} including the rest of observations labelled by other classes than class y, denoted by Dy . Then the MIFS
procedure is applied to the feature set F considering the generated 2-class data
set Dyy = {Dy ∪ Dy }.
x y

I(X, Y) =

p(x, y) log
 

p(x, y)
dydx.
p(x)p(y)

(3.2)

where I(Y, X) is the mutual information between the variables Y and X [223].
This mutual information is deﬁned based on the probability density functions [65], denoted by:
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In order to specify a set of domains as subsets of integral quality dimensions
out of selected features, the method should partition features into a number
of subsets regarding their relevancy to the deﬁned class labels. Based on the

Function FeatureRanking(D, Y, F)
R, F  ← ∅
foreach y ∈ Y do
// Define 2-class data set
Dy = {oi : (xi , yi ) ∈ D | yi = y}
Dy = {oi : (xi , yi ) ∈ D | yi = y}
Dyy ← Dy ∪ Dy
// Find the list of top scored features (X, wy,X )
R(y) ← MIFS(Dyy , F)
F  ← F  ∪ {X | ∃ (X, wy,X ) ∈ R(y) ∧ X ∈ F, w ∈ [0, 1]}

Feature Subset Grouping

Example 3.4. Continuing of the leaf data set in Example 3.1, suppose that
after applying the MIFS method, elongation, lobedness, and roundness are
selected as the top features for ytt , R(ytt ) = {(Xel , wytt ,Xel ), (Xlo , wytt ,Xlo ),
(Xro , wytt ,Xro )}. Also, elongation, roundness, and indentation are selected for
yno , R(yno ) = {(Xel , wyno ,Xel ), (Xro , wyno ,Xro ), (Xin , wyno ,Xin )}. Then, F  =
{Xel , Xlo , Xro , Xin }.
of R(y) are the suitable candidates to be the quality dimensions that distinguishes the concept Cy from the other concepts. The score wy,X determines
the importance of the selected feature X to represent the class label y. From
the conceptual space point of view, the scores indicating the weights show the
signiﬁcance of the chosen quality dimensions for Cy .
Algorithm 3.1 shows the steps for ﬁnding the ranked scored list of features
for each label y. The output of the algorithm is then a set of ﬁlter method results
for all the class labels, denoted by R = {R(y1 ), . . . , R(ym )}. In this algorithm,
F  is the set of all features that appeared (at least once) in the ranked features:

{X| ∃ (X, wy,X ) ∈ R(y) ∧ X ∈ F, wy,X ∈ [0, 1]},
(3.4)
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deﬁnitions in conceptual space theory, a quality dimension usually appears in
a single domain along other relevant dimensions to represent a speciﬁc aspect
of conceptualised observations [86, 242]. It might be possible to have the same
dimension in various domains, but this requires a priori knowledge [31]. Moreover, repeating dimensions in a multi-domain space increases the redundancy,
and consequently decreases the accuracy of learning concepts. Therefore, the
selected features are divided into distinct partitions of features as target domains, to avoid either creating a single domain of full features or repeating
features in all of the constructed domains.
Here, a heuristic method is proposed to detect distinct subsets of features,
where the features in each subset are highly representative of the most relevant
classes. The output set R in Algorithm 3.1 is a set of ranked features for each
label. It is obvious that some features might be repeated in the ranked set of
different class labels in R. From the information in the set R, the goal is to
extract those subsets of features that are associated with each other based on
their co-appearance in the ranked features of each class. This section ﬁrst introduces a graph representation of the label-feature relation, and then it explains
how to derive the correlated features using a greedy search on this graph. More
speciﬁcally, this approach proposes to build up a bipartite graph and search for
the bicliques that identify the most associated feature subsets (i.e., domains).
Let G = (VY ∪ VF  , E, w) be a bipartite graph with two sets of vertices
VY and VF  , a set of edges E, and w : VY × VF  → IR as a weight function
for the edges. The vertex set VY denotes the class labels in Y. The vertex set
VF  denotes the top-ranked features in F  . A vertex vy ∈ VY is connected to
a vertex vX ∈ VF  if X ∈ F  has been selected for y ∈ Y in Algorithm 3.1. In
other words, for each pair (X, wy,X ) ∈ R(y) a new edge vy vX is added to the
edge set E of bipartite graph G between vertices vy and vX , where the weight
of the edge vy vX is denoted by w(vy vX ) = wy,X . Figure 3.3 is an illustration of
such weighted bipartite graph G.
The idea of grouping features is to ﬁnd the maximal connected subgraphs in
G. More precisely, a subset of features which are all connected to the same set of
classes is a suitable subset of features for feature grouping. A biclique Ĝ ⊂ G is
a special bipartite graph where every vertex in one part of vertices is connected
to all the vertices in the other part of the vertices. The highlighted edges in
Figure 3.3 depicts an example of a biclique in the given bipartite graph. Let Ĝ
be a biclique denoted by Ĝ = (V̂Y ∪ V̂F  , Ê, w), where V̂Y ⊂ VY , V̂F  ⊂ VF  .
In this biclique, assume |V̂Y | = m̂, |V̂F  | = n̂, thus |Ê| = m̂ × n̂. The proposed
approach is looking for a biclique with the highest score as Ĝmax among all the
bicliques in G. The score of a biclique Ĝ is calculated using a scoring function
ScoreĜ , based on the weights of its edges, as follows:

  
ScoreĜ =
w(vy vX ) / n̂
(3.5)
vy ∈V̂Y

vX ∈V̂F 

vy ∈V̂Y

ScoreĜ

vX ∈V̂F 

deﬁnitions in conceptual space theory, a quality dimension usually appears in
a single domain along other relevant dimensions to represent a speciﬁc aspect
of conceptualised observations [86, 242]. It might be possible to have the same
dimension in various domains, but this requires a priori knowledge [31]. Moreover, repeating dimensions in a multi-domain space increases the redundancy,
and consequently decreases the accuracy of learning concepts. Therefore, the
selected features are divided into distinct partitions of features as target domains, to avoid either creating a single domain of full features or repeating
features in all of the constructed domains.
Here, a heuristic method is proposed to detect distinct subsets of features,
where the features in each subset are highly representative of the most relevant
classes. The output set R in Algorithm 3.1 is a set of ranked features for each
label. It is obvious that some features might be repeated in the ranked set of
different class labels in R. From the information in the set R, the goal is to
extract those subsets of features that are associated with each other based on
their co-appearance in the ranked features of each class. This section ﬁrst introduces a graph representation of the label-feature relation, and then it explains
how to derive the correlated features using a greedy search on this graph. More
speciﬁcally, this approach proposes to build up a bipartite graph and search for
the bicliques that identify the most associated feature subsets (i.e., domains).
Let G = (VY ∪ VF  , E, w) be a bipartite graph with two sets of vertices
VY and VF  , a set of edges E, and w : VY × VF  → IR as a weight function
for the edges. The vertex set VY denotes the class labels in Y. The vertex set
VF  denotes the top-ranked features in F  . A vertex vy ∈ VY is connected to
a vertex vX ∈ VF  if X ∈ F  has been selected for y ∈ Y in Algorithm 3.1. In
other words, for each pair (X, wy,X ) ∈ R(y) a new edge vy vX is added to the
edge set E of bipartite graph G between vertices vy and vX , where the weight
of the edge vy vX is denoted by w(vy vX ) = wy,X . Figure 3.3 is an illustration of
such weighted bipartite graph G.
The idea of grouping features is to ﬁnd the maximal connected subgraphs in
G. More precisely, a subset of features which are all connected to the same set of
classes is a suitable subset of features for feature grouping. A biclique Ĝ ⊂ G is
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3.1. DOMAIN AND QUALITY DIMENSION SPECIFICATION

Example 3.5. The corresponding bipartite graph to the ranked features from
Example 3.4 is illustrated in Figure 3.4. In this bipartite graph, one biclique is
highlighted, which can potentially be the best biclique. If so, then the features
elongation and roundness will become the quality dimensions of a new domain
δ as: Q(δ) = {qel , qro } and C(δ) = {Ctt , Cno }.

X3

This scoring function calculates the average of the weights associated with
the biclique. This scoring function will return higher values for the bicliques
with the higher number of class labels, and lower number of features4 .
In the selected biclique (Ĝmax ), the involved features V̂F  then will be the
subset of features as the quality dimensions of a domain δ. To identify the
next domain, the set of features V̂F  is eliminated from the graph G since these
features are already assigned to a domain. After that, the process of ﬁnding the
best biclique repeats on the updated graph G to ﬁnd the next maximal biclique.
Algorithm 3.2 shows the steps of determining the domains with feature subset
grouping.
As stated in Deﬁnition 3.3, a domain δ is a triple  Q(δ), C(δ), ωδ . The
weight function ωδ = C(δ) × Q(δ) → IR is a function presenting the assigned salient weight between a concept Cy ∈ Y(δ) and a quality dimension
qX ∈ Q(δ). For a chosen biclique Ĝmax = (V̂Y ∪ V̂F  , Ê, w), a domain δ can
be constructed as a triple  Q(δ), C(δ), ωδ  =  V̂F  , V̂Y , w . More speciﬁcally,
for a constructed domain δ =  Q(δ), C(δ), ωδ , the set of quality dimensions
is Q(δ) = {qX | vX ∈ V̂F  }. Also, the set of concepts related to δ is deﬁned as
C(δ) = {Cy | vy ∈ V̂Y }. Then ωδ (Cy , qX ) = w(vy vX ).
It is worth noting that for the next iteration of ﬁnding bicliques, the vertices with the labels V̂Y of a chosen biclique are not eliminated while updating
the bipartite graph, because a class label can be involved in other bicliques in
further iterations. From a conceptual space point of view, it is also meaningful,
since a concept can be represented in several domains.

X2

Figure 3.3: A weighted bipartite graph with two sets of vertices from the labels
Y and the selected features F  . Also, an example of a biclique shown in the
highlighted edges.

X1
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be constructed as a triple  Q(δ), C(δ), ωδ  =  V̂F  , V̂Y , w . More speciﬁcally,
for a constructed domain δ =  Q(δ), C(δ), ωδ , the set of quality dimensions
is Q(δ) = {qX | vX ∈ V̂F  }. Also, the set of concepts related to δ is deﬁned as
C(δ) = {Cy | vy ∈ V̂Y }. Then ωδ (Cy , qX ) = w(vy vX ).
It is worth noting that for the next iteration of ﬁnding bicliques, the vertices with the labels V̂Y of a chosen biclique are not eliminated while updating
the bipartite graph, because a class label can be involved in other bicliques in
further iterations. From a conceptual space point of view, it is also meaningful,
since a concept can be represented in several domains.
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This scoring function calculates the average of the weights associated with
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with the higher number of class labels, and lower number of features4 .
In the selected biclique (Ĝmax ), the involved features V̂F  then will be the
subset of features as the quality dimensions of a domain δ. To identify the
next domain, the set of features V̂F  is eliminated from the graph G since these
features are already assigned to a domain. After that, the process of ﬁnding the
best biclique repeats on the updated graph G to ﬁnd the next maximal biclique.
Algorithm 3.2 shows the steps of determining the domains with feature subset
grouping.
As stated in Deﬁnition 3.3, a domain δ is a triple  Q(δ), C(δ), ωδ . The
weight function ωδ = C(δ) × Q(δ) → IR is a function presenting the assigned salient weight between a concept Cy ∈ Y(δ) and a quality dimension
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is Q(δ) = {qX | vX ∈ V̂F  }. Also, the set of concepts related to δ is deﬁned as
C(δ) = {Cy | vy ∈ V̂Y }. Then ωδ (Cy , qX ) = w(vy vX ).
It is worth noting that for the next iteration of ﬁnding bicliques, the vertices with the labels V̂Y of a chosen biclique are not eliminated while updating
the bipartite graph, because a class label can be involved in other bicliques in
further iterations. From a conceptual space point of view, it is also meaningful,
since a concept can be represented in several domains.
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CHAPTER 3. CONSTRUCTION OF CONCEPTUAL SPACES

Algorithm 3.2: Feature Subset Grouping
Function FeatureGrouping(R, F  , Y)
Δ, Q ← ∅
// Build bipartite graph
VY ← Y
VF  ← F 
foreach (X, wy,X ) ∈ R(y) : y ∈ Y do
E ← E ∪ vy vX
w(vy vX ) ← wy,X

5 For example, the concept of ‘apple’ is mainly represented by colour, texture, and shape domains. But it can be associated with further biological features and domains.

The vital concern to represent a concept in a conceptual space is to decide
which are the most relevant quality dimensions and consequently most relevant
domains. A concept may be represented in one domain or several domains. An
important point is that a concept is not necessarily associated with a certain
subset of domains5 , but usually, one domain or a few numbers of domains are
prominent to represent a concept [86]. In Section 3.1, the selected features are
grouped into a set of domains out of the extracted bicliques. Using the fact

G = (VY ∪ VF  , E, w)
// Find max cliques as domains
do
Ĝmax (V̂Y ∪ V̂F  , Ê, w) ← MaxBiclique(G)
if Ĝmax = ∅ then
break

3.2 Concept Representation: An Instance-based
Approach
So far, a methodology to extract domains including their distinct quality
dimensions out of a given data set of observations and features is introduced.
Now, each class or label of the observations needs to be represented as concepts
in the proposed conceptual space.

δ :  Q(δ), C(δ), ωδ  ← V̂F  , V̂Y , w
Δ←Δ∪δ
Q ← Q ∪ Q(δ)
// Update bipartite graph
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until (Q = F  )
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It is possible that one concept appears in two bicliques, which means the
concept is relevant to both speciﬁed domains. This fact is consistent with the
conceptual spaces theory since a concept is not always represented within a single domain. The common example is the concept of ‘apple’ which is represented
with more than a single domain, such as colour, taste, size, etc. A concept with
merely one related domain is called property [86]. In fact, a property is a special form of a concept deﬁned in a single domain [91]. For example, the colour
‘green’ is a property which is represented only in the colour domain. Thus, a
concept can be speciﬁed as a single property within a single domain (e.g., green),
or as a collection of properties within several domains (e.g., apple). Depending
on the domain speciﬁcation process, a class label in the input data set might
be represented either as a property in one domain or as a concept in several
domains. The problem of deriving the domains in a data-driven manner is that
for a concept represented in several domains, there is no trivial interpretation
for the meaning of its properties within the domains. This issue comes from the
fact that the interpretation of the data-driven domains themselves is also tricky.
For a set of concepts C = {Cy1 , . . . , Cyn }, the problem is how to formulate
the geometrical representation of concepts in the conceptual space with the
extracted set of domains Δ. In general, a natural concept is a collection of
regions across one or more domains along with a set of salient weights to the
domains [86]. For a concept Cy , let Δ(y) ∈ Δ be a subset of domains that
contain concept Cy in their concept sets, as Δ(y) = {δi | δi ∈ Δ ∧ Cy ∈ C(δi )},
assuming that |Δ(y)| = k. The concept Cy is presented by a collection of sub-

yno

Example 3.6. For the selected biclique Ĝ in Figure 3.4, the concepts Ctt and
Cno are associated with a generated domain δi including the quality dimensions
qel and qro .

ytt

that each class label will be involved in at least one selected biclique, then the
corresponding concept is assigned to (or associated with) a certain number of
domains (at least one). With the output of Algorithm 3.2 it is already known
which concepts are associated with which domains.

Xro

Figure 3.4: A bigraph graph and one selected biclique (blue edges) for the leaf
example (explained in Example 3.5).

Xlo

Xro

Xel

Xlo

45
45

yno

3.2. CONCEPT REPRESENTATION

45

It is possible that one concept appears in two bicliques, which means the
concept is relevant to both speciﬁed domains. This fact is consistent with the
conceptual spaces theory since a concept is not always represented within a single domain. The common example is the concept of ‘apple’ which is represented
with more than a single domain, such as colour, taste, size, etc. A concept with
merely one related domain is called property [86]. In fact, a property is a special form of a concept deﬁned in a single domain [91]. For example, the colour
‘green’ is a property which is represented only in the colour domain. Thus, a
concept can be speciﬁed as a single property within a single domain (e.g., green),
or as a collection of properties within several domains (e.g., apple). Depending
on the domain speciﬁcation process, a class label in the input data set might
be represented either as a property in one domain or as a concept in several
domains. The problem of deriving the domains in a data-driven manner is that
for a concept represented in several domains, there is no trivial interpretation
for the meaning of its properties within the domains. This issue comes from the
fact that the interpretation of the data-driven domains themselves is also tricky.
For a set of concepts C = {Cy1 , . . . , Cyn }, the problem is how to formulate
the geometrical representation of concepts in the conceptual space with the
extracted set of domains Δ. In general, a natural concept is a collection of
regions across one or more domains along with a set of salient weights to the
domains [86]. For a concept Cy , let Δ(y) ∈ Δ be a subset of domains that
contain concept Cy in their concept sets, as Δ(y) = {δi | δi ∈ Δ ∧ Cy ∈ C(δi )},
assuming that |Δ(y)| = k. The concept Cy is presented by a collection of sub-

ytt

Example 3.6. For the selected biclique Ĝ in Figure 3.4, the concepts Ctt and
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Algorithm 3.3: Concept Representation
Input: Dy ⊂ D: set of observations that are labelled by y ∈ Y and
Δ(y) ⊆ Δ: domains that contain Cy in their concept sets.
Output: A Concept Cy = {c1y , . . . , cky }, representing label y in the
conceptual space.
foreach o ∈ Dy do
γo ← Vectorise(o, Δ(y), Q) // determine p1γ , . . . , pkγ in δ1 , ..., δk
Γ (y) ← Γ (y) ∪ γo
foreach δi ∈ Δ(y)
do
ciy ← ∅
foreach γ ∈ Γ (y) do
Pyi ← Pyi ∪ {piγ }

// δi = Q(δi ), C(δi ), ωδi  , 1  i  k

6 If a concept is associated with only one domain, then the representation of the concept is in
fact equivalent to the representation of its sub-concept in that domain.

The identiﬁcation of the geometrical regions of concepts is based on the location of the known observations. The concept Cy ∈ C is represented using the
subset of observations Dy = {o1 , o2 , . . . , ony } which are labelled with y ∈ Y.
The set of instances Γ (y) is deﬁned related to the observations in Dy , denoted

3.2.1 Convex Regions of Concepts
In order to represent a concept, the representation of its sub-concepts is deﬁned. The following two sections describe the way to formally represent a concept, by deﬁning its regions and its set of weights, respectively. Algorithm 3.3
shows the steps of the concept representation, with the required parameters to
represent a concept Cy .

η ← ConvexHull(Pyi )
φ ← {ωδi (Cy , qi )|Cy ∈ C(δi ), qi ∈ Q(δi )}
ciy ← η, φ
Cy ← Cy ∪ ciy

i
, representing the concept Cy in the domain
Deﬁnition 3.4. A sub-concept cy
δi , is deﬁned as a tuple η, φ, where η is the region representing the geometrical
area of Cy in the domain δi , and φ is a set of weights indicating the assigned
degrees of salience between Cy and each quality dimension q ∈ Q(δi ).

concepts, denoted: Cy = {c1y , . . . , cky }, where each ciy is the representation of
Cy within the domain δi ∈ Δ(y)6 .

1
k
i
concepts, denoted: Cy = {cy
, . . . , cy
}, where each cy
is the representation of
Cy within the domain δi ∈ Δ(y)6 .

Deﬁnition 3.4. A sub-concept ciy , representing the concept Cy in the domain
δi , is deﬁned as a tuple η, φ, where η is the region representing the geometrical
area of Cy in the domain δi , and φ is a set of weights indicating the assigned
degrees of salience between Cy and each quality dimension q ∈ Q(δi ).

η ← ConvexHull(Pyi )
φ ← {ωδi (Cy , qi )|Cy ∈ C(δi ), qi ∈ Q(δi )}
i
cy
← η, φ
i
Cy ← Cy ∪ cy

In order to represent a concept, the representation of its sub-concepts is deﬁned. The following two sections describe the way to formally represent a concept, by deﬁning its regions and its set of weights, respectively. Algorithm 3.3
shows the steps of the concept representation, with the required parameters to
represent a concept Cy .

i
cy
←∅
foreach γ ∈ Γ (y) do
i
Pyi ← Pyi ∪ {pγ
}

foreach δi ∈ Δ(y)
do

3.2.1

Convex Regions of Concepts

The identiﬁcation of the geometrical regions of concepts is based on the location of the known observations. The concept Cy ∈ C is represented using the
subset of observations Dy = {o1 , o2 , . . . , ony } which are labelled with y ∈ Y.
The set of instances Γ (y) is deﬁned related to the observations in Dy , denoted
6 If a concept is associated with only one domain, then the representation of the concept is in
fact equivalent to the representation of its sub-concept in that domain.

// δi = Q(δi ), C(δi ), ωδi  , 1  i  k

Algorithm 3.3: Concept Representation
Input: Dy ⊂ D: set of observations that are labelled by y ∈ Y and
Δ(y) ⊆ Δ: domains that contain Cy in their concept sets.
1
k
Output: A Concept Cy = {cy
, . . . , cy
}, representing label y in the
conceptual space.
foreach o ∈ Dy do
1
k
γo ← Vectorise(o, Δ(y), Q) // determine pγ
, . . . , pγ
in δ1 , ..., δk
Γ (y) ← Γ (y) ∪ γo
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The set of instances Γ (y) is deﬁned related to the observations in Dy , denoted

3.2.1 Convex Regions of Concepts
In order to represent a concept, the representation of its sub-concepts is deﬁned. The following two sections describe the way to formally represent a concept, by deﬁning its regions and its set of weights, respectively. Algorithm 3.3
shows the steps of the concept representation, with the required parameters to
represent a concept Cy .
i
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Deﬁnition 3.4. A sub-concept cy
δi , is deﬁned as a tuple η, φ, where η is the region representing the geometrical
area of Cy in the domain δi , and φ is a set of weights indicating the assigned
degrees of salience between Cy and each quality dimension q ∈ Q(δi ).

concepts, denoted: Cy = {c1y , . . . , cky }, where each ciy is the representation of
Cy within the domain δi ∈ Δ(y)6 .

1
k
i
concepts, denoted: Cy = {cy
, . . . , cy
}, where each cy
is the representation of
Cy within the domain δi ∈ Δ(y)6 .

Deﬁnition 3.4. A sub-concept ciy , representing the concept Cy in the domain
δi , is deﬁned as a tuple η, φ, where η is the region representing the geometrical
area of Cy in the domain δi , and φ is a set of weights indicating the assigned
degrees of salience between Cy and each quality dimension q ∈ Q(δi ).

η ← ConvexHull(Pyi )
φ ← {ωδi (Cy , qi )|Cy ∈ C(δi ), qi ∈ Q(δi )}
i
cy
←
η,
φ
i
Cy ← Cy ∪ cy

In order to represent a concept, the representation of its sub-concepts is deﬁned. The following two sections describe the way to formally represent a concept, by deﬁning its regions and its set of weights, respectively. Algorithm 3.3
shows the steps of the concept representation, with the required parameters to
represent a concept Cy .

i
cy
←∅
foreach γ ∈ Γ (y) do
i
Pyi ← Pyi ∪ {pγ
}

foreach δi ∈ Δ(y)
do

3.2.1

Convex Regions of Concepts

The identiﬁcation of the geometrical regions of concepts is based on the location of the known observations. The concept Cy ∈ C is represented using the
subset of observations Dy = {o1 , o2 , . . . , ony } which are labelled with y ∈ Y.
The set of instances Γ (y) is deﬁned related to the observations in Dy , denoted
6 If a concept is associated with only one domain, then the representation of the concept is in
fact equivalent to the representation of its sub-concept in that domain.

// δi = Q(δi ), C(δi ), ωδi  , 1  i  k

Algorithm 3.3: Concept Representation
Input: Dy ⊂ D: set of observations that are labelled by y ∈ Y and
Δ(y) ⊆ Δ: domains that contain Cy in their concept sets.
1
k
Output: A Concept Cy = {cy
, . . . , cy
}, representing label y in the
conceptual space.
foreach o ∈ Dy do
1
k
γo ← Vectorise(o, Δ(y), Q) // determine pγ
, . . . , pγ
in δ1 , ..., δk
Γ (y) ← Γ (y) ∪ γo
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The convexity, connectedness, and betweenness are the geometrical criteria
required to deﬁne a region for a concept in the theory of conceptual spaces [86].
The convexity of concepts is crucial to facilitate the learnability of concepts
through the instances [90]. Also, with the convexity, this approach satisﬁes the
notion of betweenness notion as an essential relation of observations in a same
region. So, if two observations of a concept are located at points p1 and p2 ,
then any instance located between p1 and p2 also belongs to the same concept [86]. A convex region is a geometric structure within a multidimensional
domain which satisﬁes convexity and connectedness criteria. There are various
approaches to identify the convex region covering a set of giving points, such
as convex hull and Voronoi tessellations algorithms, or deﬁning an ellipsoid
around the points [9, 86]. For the purpose of this work, the convex hull (CH)
is a more convenient choice among others, because it also satisﬁes the betweenness criterion. Since the concepts’ regions are formed by its instances, both

by Γ (y) = {γ1 , γ2 , . . . , γny }. These instances then specify the geometrical representation of the concept Cy as a set of regions within the
 domains. The set of
all instances Γ in a conceptual space S is deﬁned as: Γ = y∈Y Γ (y).

Example 3.7. Figure 3.5a consists of two domains δa and δb with two and
three quality dimensions, respectively. Assume a concept Cy has two subb
concepts ca
y and cy within these domains. So, each instance γj ∈ Γ (y) includes
a
two points pj and pb
j located in the domains. Figure 3.5a depicts the set of
b
points Pya and Pyb , which will be used to represent sub-concepts ca
y and cy ,
respectively.

Deﬁnition 3.5. An instance γ related to the concept Cy is a ﬁnite set of n1
k
dimensional points γ = {pγ
, . . . , pγ
} with a one-to-one mapping from the instance points to the domains Δ(y), where |Δ(y)| = |Cy | = k.

An instance γo ∈ Γ (y) is the representation of the observation o ∈ Dy . The
points of γo are basically the values of the associated quality dimensions, which
are stored in the feature vector xo . Formally, each point piγ ∈ γo in a domain
δi ∈ Δ(y) is a numeric vector of the values of the quality dimensions in δi ,
denoted: piγ =< q1 (γo ), . . . , q|Q(δi )| (γo ) >, which is a sub-vector of the feature
vector xo that includes the features associated with the quality dimensions in
Q(δi ). This process of determining the points of an instance γo using the feature
vector of the observation o is called vectorisation.
Since all the instances with the label y have a point pi in domain δi ∈ Δ(y),
to identify the convex region η of a sub-concept ciy , it is necessary to know
the location of all these points in the domain. Let Pyi be the collection of all
the points which their corresponding instances are labelled by y, and these
points are located in domain δi . So, Pyi = {piγ1 , piγ2 , . . . , piγny }, where piγj ∈ γj ,
γj ∈ Γ (y), and j = 1...ny .

An instance γo ∈ Γ (y) is the representation of the observation o ∈ Dy . The
points of γo are basically the values of the associated quality dimensions, which
i
∈ γo in a domain
are stored in the feature vector xo . Formally, each point pγ
δ ∈ Δ(y) is a numeric vector of the values of the quality dimensions in δi ,
i
i
=< q1 (γo ), . . . , q|Q(δi )| (γo ) >, which is a sub-vector of the feature
denoted: pγ
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i
i
i
i
, pγ
, . . . , pγ
}, where pγ
∈ γj ,
points are located in domain δi . So, Pyi = {pγ
ny
j
1
2
γj ∈ Γ (y), and j = 1...ny .

Deﬁnition 3.5. An instance γ related to the concept Cy is a ﬁnite set of ndimensional points γ = {p1γ , . . . , pkγ } with a one-to-one mapping from the instance points to the domains Δ(y), where |Δ(y)| = |Cy | = k.

Example 3.7. Figure 3.5a consists of two domains δa and δb with two and
three quality dimensions, respectively. Assume a concept Cy has two suba
b
concepts cy
and cy
within these domains. So, each instance γj ∈ Γ (y) includes
two points pja and pjb located in the domains. Figure 3.5a depicts the set of
a
b
points Pya and Pyb , which will be used to represent sub-concepts cy
and cy
,
respectively.

by Γ (y) = {γ1 , γ2 , . . . , γny }. These instances then specify the geometrical representation of the concept Cy as a set of regions within the
 domains. The set of
all instances Γ in a conceptual space S is deﬁned as: Γ = y∈Y Γ (y).

The convexity, connectedness, and betweenness are the geometrical criteria
required to deﬁne a region for a concept in the theory of conceptual spaces [86].
The convexity of concepts is crucial to facilitate the learnability of concepts
through the instances [90]. Also, with the convexity, this approach satisﬁes the
notion of betweenness notion as an essential relation of observations in a same
region. So, if two observations of a concept are located at points p1 and p2 ,
then any instance located between p1 and p2 also belongs to the same concept [86]. A convex region is a geometric structure within a multidimensional
domain which satisﬁes convexity and connectedness criteria. There are various
approaches to identify the convex region covering a set of giving points, such
as convex hull and Voronoi tessellations algorithms, or deﬁning an ellipsoid
around the points [9, 86]. For the purpose of this work, the convex hull (CH)
is a more convenient choice among others, because it also satisﬁes the betweenness criterion. Since the concepts’ regions are formed by its instances, both
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Figure 3.5: A concept representation example in a conceptual space with domains δa and δb .
(b) Convex regions of the sub-concepts cay and cby .
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ellipsoid and Voronoi regions assign some points of the space to a concept’s
region, which are not necessarily between the concept’s known instances.
i
,
the
convex
region
η
is deﬁned as the convex hull (i.e.,
For a sub-concept cy
i
) = CH(Pyi ).
convex polytope) of the points in Pyi , as: η(cy
a
and
Example 3.8. Figure 3.5b shows the convex regions of the sub-concepts cy
b
a
b
. The convex hull η(cy
) is a 2D polygon in δa , and η(cy
) is a 3D polytope in
cy
δb . These convex hulls are calculated based on the points Pya and Pyb from the
instances in Γ (y) in Figure 3.5a.

(a) Instances in Γ (y) and their corresponding set of points, Pya and Pyb .
(a) Instances in Γ (y) and their corresponding set of points, Pya and Pyb .
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3.2.2 Context-dependent Weights of Concepts

Depending on the context, the salience given to various aspects of a concept
may vary [86]. In the example of the apple concept, in one context the taste
domain might be more prominent, but in another context, shape domain can
be salient. In contrast, in such examples of concepts that there is no common
knowledge about the salience of the domains in various concepts, the data itself determines the salience of domains and quality dimensions and deﬁnes the
context-based weights for the concepts. In other words, the observations from
different contexts deﬁne which domain and quality dimensions are more important to represent the given concepts.

This chapter has introduced a data-driven construction of conceptual spaces
from known observations in a given numeric data set. The framework proposed
here has employed machine learning algorithms for the task of identifying relevant features and concepts in a numerical data set, to shape the domains and
quality dimensions of a conceptual space. It has been argued that a set of selected and grouped features that provide discrimination between concepts are

Example 3.9. For the example of leaf data set, suppose that shape and colour
are the domains, and suppose that one wants to differ between the contexts
of Swedish leaves and Japanese leaves. Knowing the common-sense knowledge
about these contexts might be useless to determine the weights of the domains
and dimensions. However, based on the observed data in each of these contexts,
one can realise that e.g., the quality dimensions in the shape domain are more
salient rather than the colour domain to represent the Swedish leaves, but this
inference may not be necessarily valid for Japanese leaves.

Discussion

These relative degrees of salience assigned to the dimensions of the domains
implicitly represent the notion of context. Here, the context-dependent weights
are already embedded in the representation by calculating the relevance of quality dimensions to the concepts (i.e., the weights of the bipartite graph) while
i
specifying the domains. The salient weights φ for a sub-concept cy
come from
the assigned weights ωδi in δi between Cy ∈ C(δi ) and the any quality dimension in Q(δi ). Formally:

3.3

(3.6)

So, each sub-concept has its own set of weights in relation to the domain’s quality dimensions. This point individualises the deﬁnition of contextdependent weights from the deﬁnition of context weights in other developed
conceptual spaces. In other conceptual spaces, a set of overall weights is assigned to the domains without considering the role. But here, for two independent sub-concepts, the assigned weights in the same domain might vary.

i
φ(cy
) = {ωδi (Cy , qi ) | Cy ∈ C(δi ), qi ∈ Q(δi )}.

(3.6)
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quality dimensions of a conceptual space. It has been argued that a set of selected and grouped features that provide discrimination between concepts are

Depending on the context, the salience given to various aspects of a concept
may vary [86]. In the example of the apple concept, in one context the taste
domain might be more prominent, but in another context, shape domain can
be salient. In contrast, in such examples of concepts that there is no common
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different contexts deﬁne which domain and quality dimensions are more important to represent the given concepts.
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adequate to specify the domains and dimensions while preserving the semantic
interpretation of the features and concepts. Then, an instance-based approach
has been shown for the task of concept formation within the derived conceptual space. A key ﬁnding from the data-driven construction of conceptual space
is that it provides a generalisation for concept representation, where the model
can be constructed or extend by different types of input instances.
This work has demonstrated how to generate a model with which it is possible to create semantic interpretations of new observations. Keßler [131] states
that any data-driven approach to generating conceptual spaces cannot be fully
automated and require at some point external (symbolic) information. Following his statement, the presented approach in this thesis also relies to some degree
on pre-deﬁned concepts related to the input data set, which make it a supervised
process. However, the processes of domain/quality dimension speciﬁcation and
concept formation perform automatically based on the data. In other words,
performing these processes to create conceptual spaces is not dependent on the
symbolic information of the provided knowledge about concepts and features.
In the following, some issues inherent to the data-driven approach are discussed.
Interpretation of features: One important issue to address is to determine how
interpretable the selected features are for representing the derived concepts. Inherently, the quality dimensions capture the attributes that can cognitively categorise the concepts [92]. Thus, it makes sense that the feature selection considers the separability between concepts when generating conceptual spaces in
a data-driven manner. At the same time, a data-driven approach cannot be separated entirely from meaningful semantics. Hence, a further implicit selection
criterion has been to select features that can be expressed in natural language,
or as stated by [86], features which can be given a meaningful perceptual interpretation. The interpretability of features is certainly context-dependent and
occurs at different levels of feature abstractness [214]. As an example, for a
given leaf sample, a large or small area of a leaf is not informative whereas
knowing the elongation or wideness enables the model to depict a more meaningful description.
Semantics of domains: Another issue is how to form the domains in a conceptual space without human perception (Section 3.1). While the quality dimensions can be mapped to the feature selection methods, the domains which
are formed by grouping the features should be semantically meaningful. In this
approach, grouping the features is based on how well a subset of the features
distinctly represents the various concepts. However, there still exists the problem of verifying the semantic dependency of the quality dimensions within a
domain, to realise what quality dimensions are integral and what are separable without necessarily involving background knowledge. While no solution is
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In sum, this chapter has explained the process of deriving the elements of
a conceptual space in a data-driven manner in order to represent concepts.
This data-driven conceptual space will then be utilised for the task of semantic
inference, which is explained in Chapter 4.

presented to this problem by this study, the problem itself has been discussed
in the literature. For example, Gärdenfors in [86] suggests that the veriﬁcation
of deciding whether two quality dimensions are integral or not can be done
by empirical testing based on the subject judgements as of the domain experts,
and not necessarily using statistical or analytical techniques. It is seemingly
difﬁcult, if not impossible, to realise the semantic dependency of the features
analytically. For example, by looking at the values of RGB as the dimensions
of the colour domain for a set of observations, there is no indication to realise
their semantic relations. At the very least in the proposed approach, with relying on the associations between the observations and features, the method
considers quality dimensions to be integral if they have high relevance to each
other that measured by their high relevance to the concepts. Indeed, solving
the issue of how to derive a grouping of features for domain speciﬁcation, can
lead to forming a general solution to the problem of determining an evaluation
criterion to choose between competing conceptual spaces, an issue raised by
Gärdenfors in [88].

Quality and quantity of known instances: On concept representation (Section 3.2), convex regions and the salient weights are induced in a data-driven
way by considering the observations as the instances of the concepts. Still, these
representations suppose that there are sufﬁcient known instances that are representative of the concepts to determine geometric regions and the weights. This
is a crucial point which is inherent in all data-driven methods. In the literature of conceptual spaces, the knowledge-driven approaches have used simple
thresholds or cutoffs to determine the regions, as illustrated in the deﬁnition of
the regions for the mountain and hill concepts described by [8]. However, in
such systems like the leaf data set, it is not trivial to initialise in advance the
speciﬁc geometric boundaries for the categories of the leaf species as the concepts, or the precise salient weights the provided domains. So, in a data-driven
approach it is essential to have an adequate set of the known instances of the
concepts, and thus an area that is worth to study is to determine on how to
dynamically adjust a conceptual space when a set of new observations emerge.
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observation is represented in a conceptual space, and (2) how this representation enables the inference of semantic descriptions for the observation.
The ﬁrst question refers to the problem of induction in conceptual spaces
theory [88]. To develop such inductions in a conceptual space, it is important to
realise which concepts represent a new observed instance. Due to the geometrical representation of the conceptual space, the similarity between the instances
in the space enables the model to deﬁne the notion of inclusion as an operator
to measure the similarity of new observations to the speciﬁed concepts within
metric domains.
The second question refers to the problem of symbol grounding in conceptual spaces theory [14]. The inference of a semantic representation for any
input observation in natural language is enabled by deﬁning a symbol space in
the conceptual space. With the use of the symbol space, the inference can be
done by semantic reasoning in which new observations are assigned to a set of
linguistic symbols in the symbol space.
This chapter ﬁrst introduces the notion of a symbol space. Then, it proposes
a process for semantic inference to provide linguistic descriptions for the new
observations based on the symbol space. In general, the proposed inference in
a conceptual space consists of the following steps:

Semantic Inference in
Conceptual Spaces

he aim of this chapter is to design an approach for inference in order to
T
provide a semantic characterisation for unknown observations. The focus
of this chapter is on solving two central questions (1) how a new (unknown)
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conceptual space can be augmented with a symbol space. This extension provides an internal mapping between geometrical elements in conceptual space
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Figure 4.1: Illustration of the steps of inferring linguistic descriptions for an unknown observation via the constructed conceptual spaces and its corresponding symbol space. The details of the semantic inference step is explained in
Section 4.2.
• Deﬁning the symbol space, based on the prior knowledge for linguistic
characterisation of the concepts and quality dimensions,

Figure 4.1 illustrates the step of inferring linguistic descriptions for an unknown observation through the constructed conceptual spaces and its corresponding symbol space. The details of each component are explained in Section 4.2, after formally deﬁning the symbol space in Section 4.1.
Example 4.1. Consider the concepts and quality dimensions of the leaf conceptual space in Example 3.5. A new observed leaf can be either linguistically
represented by a known concept (e.g., Cno ) where “The new observation is a
Nerium leaf.”, or by a set of related quality dimensions (e.g., qel and qro ), such
as “The new observation is an elongated and lance-shaped leaf.”
– Inference in the symbol space: annotating and characterising the instance from the provided set of symbolic terms, and generating linguistic descriptions.

• Inferring linguistic descriptions, for each new unknown observation,
based on the inclusion of its corresponding instance in the concepts:
– Inference in conceptual space: specifying the geometrical location of
a new instance within the conceptual space, examining the inclusion
of the instance, and determining the linguistic labels in the symbol
space based on the associated concepts and dimensions,
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based on the inclusion of its corresponding instance in the concepts:
– Inference in conceptual space: specifying the geometrical location of
a new instance within the conceptual space, examining the inclusion
of the instance, and determining the linguistic labels in the symbol
space based on the associated concepts and dimensions,

– Inference in conceptual space: specifying the geometrical location of
a new instance within the conceptual space, examining the inclusion
of the instance, and determining the linguistic labels in the symbol
space based on the associated concepts and dimensions,
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Example 4.1. Consider the concepts and quality dimensions of the leaf conceptual space in Example 3.5. A new observed leaf can be either linguistically
represented by a known concept (e.g., Cno ) where “The new observation is a
Nerium leaf.”, or by a set of related quality dimensions (e.g., qel and qro ), such
as “The new observation is an elongated and lance-shaped leaf.”
Figure 4.1 illustrates the step of inferring linguistic descriptions for an unknown observation through the constructed conceptual spaces and its corresponding symbol space. The details of each component are explained in Section 4.2, after formally deﬁning the symbol space in Section 4.1.

• Inferring linguistic descriptions, for each new unknown observation,
based on the inclusion of its corresponding instance in the concepts:
• Deﬁning the symbol space, based on the prior knowledge for linguistic
characterisation of the concepts and quality dimensions,
Figure 4.1: Illustration of the steps of inferring linguistic descriptions for an unknown observation via the constructed conceptual spaces and its corresponding symbol space. The details of the semantic inference step is explained in
Section 4.2.
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Any instance in a conceptual space is then associated with a point in the
symbol space, namely a symbol vector. For a given instance γ, the associated
symbol vector Vγ in S speciﬁes the applicability of the symbol dimensions for
γ in the range 0 to 1 for each dimension [14]. The symbol vector Vγ is a

Symbol Space

Example 4.2. Consider the conceptual space of leaves Sl in Example 3.5. The
l
associated symbol
 space S is deﬁned with two-layer symbol dimensions, deC
noted by L = dtt : label(Ctt ), dno : label(Cno ) in the concept layer, and
LQ = del : label(qel ), dro : label(qro ) in the quality layer.

Conceptual Space

Each concept and quality dimension in the conceptual space is linked to
a symbol dimension in the symbolic space. Based on the deﬁnition of Aisbett
and Gibbon, the symbol dimensions need to be named by the primitive input
labels of the associated concepts (classes) and quality dimensions (features). The
construction of the symbol space is a knowledge-based process, wherein the
prior knowledge is encoded [14]. The prior knowledge speciﬁes the symbolic
expressions in natural language form, related to the elements of conceptual
space S.
This study proposes a two-layer
symbol space containing the symbol dimen
sions of the concepts, LC = dC1 , dC2 , . .. , as concept layer, and the symbol
dimensions of quality dimensions, LQ = dq1 , dq2 , . . . , as quality layer. The
symbol dimensions LC and LQ are acquired from the set of input labels Y, and
set of selected features F  , respectively. So, for every concept Cy ∈ C, there is a
symbol dimension in the concept layer, and for each quality dimension q ∈ Q,
there is a symbol dimension in the quality layer. Figure 4.2 shows a schematic
presentation of the associations between the elements in a conceptual space and
the two-layer symbol dimensions in a symbol space.

Concept
Layer

LC = dC1 , dC2 , . . .

Deﬁnition 4.1. A symbol space S of size n is a space containing n symbol
dimensions LS , wherein each concept and quality dimension in the conceptual
space is linked to a symbol dimension. Symbol dimensions are isomorphic to
the real number interval [0, 1].

C = {C1 , C2 . . .}

(such as concepts, dimensions, domains, etc.) and the symbolic labels (typically
words) in symbol space.

Quality
Layer

LQ = dq1 , dq2 , . . .

Figure 4.2: Schematic of a conceptual space and the coupled symbol space.
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Q
concatenation of two vectors Vγ :< VC
γ , Vγ >, one vector in the concept layer
C
Q
Q
and one vector in quality layer, respectively. Thus, |VC
γ | = |L |, and |Vγ | = |L |.

Example 4.3. Consider the conceptual space of leaves Sl in Example 3.5. For a
new leaf instance γ, the symbol vector Vγ is deﬁned as a 4-dimensional vector
Q
with concatenation of VC
γ =< vdtt , vdno >, and , Vγ =< vdel , vdro >.
The symbol vector is deﬁned as a two-element vector, wherein each vi ∈ Vγ
consists of a pair of values vi = (label, value). The label shows the related
symbolic term and the value shows how representative is the instance to the
dimension di (either how similar to its concepts or how related to the quality
dimensions). The notion VC
γ (Cy ) = vdCy indicates the value of the symbol vector
in the concept layer for the dimension related to the concept Cy , and similarly,
VQ
γ (qj ) = vdqj indicates the value of the symbol vector in the quality layer for
the dimension related to the quality dimension qj . The further sections explain
how the elements of a symbol vector for a new instance are assigned values
based on the inclusion of the instance within the domains.

4.2 Inferring Linguistic Descriptions for Unknown
Observations
For any given unknown observation, the goal is to infer a semantic description in natural language form. The core of the inference process is to cope with
the notion of similarity in conceptual spaces. To place the new instances in the
space and choose the best concepts that include (or are similar enough to) an
observation [189]. The metric structure of a geometrical conceptual space enables the model to measure the semantic similarity of concepts and instances
in the space [9]. The proposed construction of the conceptual space in Chapter 3 facilitates these measurements since the representations of concepts and instances span across domains using the geometric elements, i.e., convex regions
and points. From the point of view of NLG, inferring linguistic descriptions
for unknown observations covers the main tasks of an NLG pipeline for generating natural language text out of non-linguistic data: Content determination,
Microplanning (including lexicalisation), and Realisation [185]. This phase employs various developed methods for linguistic descriptions (i.e., fuzzy set theory [177]) to ease the process of quantifying the location of unknown samples
within a conceptual space, and infer the proper linguistic terms.
The process of inferring linguistic descriptions for an instance γ  is presented in two following phases.
• Phase A: Inference in Conceptual Space, that ﬁrst determines the inclusion of the new instance γ  in the concepts within the domains Δ(γ  )
using semantic similarity, and then sets the values of symbol vector Vγ 
(performing the content determination task).
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C
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Q
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the dimension related to the quality dimension qj . The further sections explain
how the elements of a symbol vector for a new instance are assigned values
based on the inclusion of the instance within the domains.
Example 4.3. Consider the conceptual space of leaves Sl in Example 3.5. For a
new leaf instance γ, the symbol vector V is deﬁned as a 4-dimensional vector
γ
C
Q
=< vdtt , vdno >, and , Vγ
=< vdel , vdro >.
with concatenation of Vγ
concatenation of two vectors V :< VC , VQ >, one vector in the concept layer
γ
γ
γ
C
Q
and one vector in quality layer, respectively. Thus, |Vγ
| = |LC |, and |Vγ
| = |LQ |.
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1 It is notable that a new observation is not necessarily deﬁned in all domains, since there might
be no calculated values for some of the features/quality dimensions. So, the corresponding instance
may not have points in all the provided domains.

This phase ﬁrst presents the comparison of the new instance with each of the
concepts using the similarity measure to check whether it is included within
concept regions or not. Then, based on the result of this inclusion, it describes
how to initialise a symbol vector and set its values in both concept layer and
quality layer. From the NLG perspective, this performs the task of content determination [182], that decides which set of information is required to characterise a new observation in the ﬁnal description. The process of checking the
inclusion is a simple fuzzy extension of an instance-based method that measures
the membership of the new instance to the nearest labelled region of instances.
Although any classiﬁcation approach can do it, the process is formulated here
with respect to the deﬁnitions of the introduced conceptual space.
For an instance γ  , the symbol vector Vγ  is calculated based on the inclusion of the instance points pγ  in different regions within the domains. As

deﬁned before, γ  is represented with a set of points γ  = {p1γ  , . . . , pkγ  }. In

Tγ  (o  )

4.2.1 Phase A: Inference in Conceptual Space (Content
Determination)

1 It is notable that a new observation is not necessarily deﬁned in all domains, since there might
be no calculated values for some of the features/quality dimensions. So, the corresponding instance
may not have points in all the provided domains.
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4.2.1 Phase A: Inference in Conceptual Space (Content
Determination)

Symbol Space
Inference
(algorithm 4.2)

For a given set of new observations D  = {oi : (xoi )}, let γ  be the corresponding instance to the unknown observation o  ∈ D  which is not assigned
to any of the known class labels of Y. Also, let Δ(γ  ) ⊆ Δ be a set of domains
that γ  has corresponding points in each of them1 , where |Δ(γ  )| = k  .
Figure 4.3 illustrates the phases of inferring a linguistic description for a
new observation, with their input and output parameters. The details of the
phases A and B are explained in the following sections.

Conceptual
Space Inference
(algorithm 4.1)

• Phase B: Inference in Symbol Space, that verbalises the symbol vector
Vγ  into a set of lexical items which are human-readable descriptions.
(performing the lexicalisation and realisation tasks).

S : Q, Δ, C, Γ 

Figure 4.3: Two phases of the semantic inference for generating linguistic descriptions, with the input and output parameters of each phase.
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For a given set of new observations D  = {oi : (xoi )}, let γ  be the corresponding instance to the unknown observation o  ∈ D  which is not assigned
to any of the known class labels of Y. Also, let Δ(γ  ) ⊆ Δ be a set of domains
that γ  has corresponding points in each of them1 , where |Δ(γ  )| = k  .
Figure 4.3 illustrates the phases of inferring a linguistic description for a
new observation, with their input and output parameters. The details of the
phases A and B are explained in the following sections.

o ∈ D

4.2.1 Phase A: Inference in Conceptual Space (Content
Determination)

Semantic Inference of Linguistic Descriptions

This phase ﬁrst presents the comparison of the new instance with each of the
concepts using the similarity measure to check whether it is included within
concept regions or not. Then, based on the result of this inclusion, it describes
how to initialise a symbol vector and set its values in both concept layer and
quality layer. From the NLG perspective, this performs the task of content determination [182], that decides which set of information is required to characterise a new observation in the ﬁnal description. The process of checking the
inclusion is a simple fuzzy extension of an instance-based method that measures
the membership of the new instance to the nearest labelled region of instances.
Although any classiﬁcation approach can do it, the process is formulated here
with respect to the deﬁnitions of the introduced conceptual space.
For an instance γ  , the symbol vector Vγ  is calculated based on the inclusion of the instance points pγ  in different regions within the domains. As
1
k
deﬁned before, γ  is represented with a set of points γ  = {pγ
 , . . . , pγ  }. In
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general, with placing a new instance in a conceptual space, four cases can occur. Without losing generality, assume γ  consists of two points in two domains
b
δa and δb , denoted by γ  = {pa
γ , pγ }. Also assume that there are two concepts
Cy1 and Cy2 that have been represented in one or both of these two domains.
Figure 4.4 shows the four different cases with respect to various positions of
the points pa and pb , and their relations to the sub-concepts’ regions within
the domains. One instance can be located in the space differently as follows:
1. Totally included in a concept within all the domains (case one, Figure 4.4a),
2. Partially included in just a concept (case two, Figure 4.4b),
3. Partially included in two distinct concepts (case three, Figure 4.4c),
4. Not included in any concept (case four, Figure 4.4d).

(a) Case one: γ  is totally included in concept Cyi (in all the domains).

(a) Case one: γ  is totally included in concept Cyi (in all the domains).
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(c) Case three: γ  is partially included in two concepts Cyi and Cyj .
(b) Case two: γ  is partially included in concept Cyi (in one domain).

(b) Case two: γ  is partially included in concept Cyi (in one domain).
(c) Case three: γ  is partially included in two concepts Cyi and Cyj .

4.2. INFERRING LINGUISTIC DESCRIPTIONS

59
4.2. INFERRING LINGUISTIC DESCRIPTIONS

59

(c) Case three: γ  is partially included in two concepts Cyi and Cyj .
(b) Case two: γ  is partially included in concept Cyi (in one domain).

(b) Case two: γ  is partially included in concept Cyi (in one domain).
(c) Case three: γ  is partially included in two concepts Cyi and Cyj .

4.2. INFERRING LINGUISTIC DESCRIPTIONS

59

60

CHAPTER 4. SEMANTIC INFERENCE

(d) Case four: γ  is not included in any concept.

Figure 4.4: An illustration of four different cases with respect to the various
positions of an instance points γ  = {pa , pb } within two domains δa and δb ,
together with the assigned values to symbol vector Vγ  , according to the inclusion of the points in the presented sub-concepts.
To assign a concept to γ  , it is necessary to check the inclusion of the instance points in the concept’s regions within Δ(γ  ) using a similarity measure.
Within a single domain, two states need to be considered: 1) If the instance
point is included in a region, then the region’s concept will be assigned to γ  .
So, the corresponding symbol dimension of the concept will be activated in the
symbol vector of γ  (in the concept layer). 2) If there is no region that the instance belongs to, then no concept will be assigned to γ  within that domain.
The symbol dimensions related to the quality dimensions of the domain will be
activated in the symbol vector of γ  (in the quality layer). Formally, the symbol
vector Vγ  gets the values in each domain δi ∈ Δ(γ  ) as follows: First a function called Graded Membership function, G(piγ  , ci ), is deﬁned as an inclusion
operator to determine the similarity degree of a point piγ  to the region of a
sub-concept ci ∈ δi within δi . If piγ  is similar enough to the sub-concept’s convex region with a certain membership degree, then the value of G(piγ  , ci ) is set
ci . Moreover, another function called Graded Qualto VC
γ  (Cy ), where Cy
i
i
ity function, H(pγ  , q ), is deﬁned to measure to what degree piγ  belongs to a
quality dimension qi ∈ Q(δi ). If piγ  is not included in any of the sub-concepts,
i
then the value of H(piγ  , qi ) is set to VQ
γ  (q ).
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Figure 4.4: An illustration of four different cases with respect to the various
positions of an instance points γ  = {pa , pb } within two domains δa and δb ,
together with the assigned values to symbol vector Vγ  , according to the inclusion of the points in the presented sub-concepts.
(d) Case four: γ  is not included in any concept.
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Algorithm 4.1: Inference in Conceptual Space
Function ConceptualSpaceInference(γ  , Q, Δ, C)
foreach δi ∈ Δ(γ  ) do
i

p ← pγ
 ∈ γ
// Set the symbol vector in concept layer
foreach c ∈ δi do
simγ  ,Cy = max(simγ  ,Cy , G(p, c))
// Cy c
// cases 1 and 3 (and partially 2)
if simγ  ,Cy = 0
then
labelγ  ,Cy = label(Cy )
else
labelγ  ,Cy = ∅
C
Vγ
 (Cy ) = (labelγ  ,Cy , simγ  ,Cy )

// Set the symbol vector in quality layer
C
// case 4 (and partially 2)
if Vγ
 (Cy ) == (∅, 0)
then
foreach q ∈ δi do
degree  = H(p, q)
γ
,q
best
labelγ  ,q = label(Aγ
 ,q )
Q
i
Vγ
 (q ) ← (labelγ  ,q , degreeγ  ,q )
C
Q
return Vγ  :  Vγ
 , Vγ  

Example 4.4. Consider the instance γ  in Figure 4.4b. Point pb is included to
b
C
the region of cy
within δb . So, Vγ
 (Cyi ) in concept layer will get the graded
i
b
. But, point pa is not included in any
membership value between pb and cy
i
Q
a
Q
a
of the regions within δa . So, Vγ
 (q1 ) and Vγ  (q2 ) in quality layer will get
the graded quality values between pa and two quality dimensions q1a and q2a ,
respectively. but pa is not included in any of the regions within δa . So, the
C
symbol vector Vγ  will get values at three indices: Vγ
 (Cyi ) in concept layer,
Q
a
Q
a
and Vγ
 (q1 ) and Vγ  (q2 ) in quality layer.
Algorithm 4.1 shows the steps to set the symbol vector values while iterating
through all the involved domains Δ(γ  ). Both graded membership function and
graded quality function are formally deﬁned in the following sections.
Graded Membership function
In Section 3.2, a sub-concept c is deﬁned as a pair c : ηc , φc , where ηc is
the convex region representing the geometrical area of the corresponding concept in domain δ, and φc is a set of weights showing the assigned degrees of

In Section 3.2, a sub-concept c is deﬁned as a pair c : ηc , φc , where ηc is
the convex region representing the geometrical area of the corresponding concept in domain δ, and φc is a set of weights showing the assigned degrees of
Graded Membership function
Algorithm 4.1 shows the steps to set the symbol vector values while iterating
through all the involved domains Δ(γ  ). Both graded membership function and
graded quality function are formally deﬁned in the following sections.
Example 4.4. Consider the instance γ  in Figure 4.4b. Point pb is included to
C
the region of cb
yi within δb . So, Vγ  (Cyi ) in concept layer will get the graded
b
a
membership value between p and cb
yi . But, point p is not included in any
Q
a
Q
a
of the regions within δa . So, Vγ  (q1 ) and Vγ  (q2 ) in quality layer will get
a
the graded quality values between pa and two quality dimensions qa
1 and q2 ,
a
respectively. but p is not included in any of the regions within δa . So, the
symbol vector Vγ  will get values at three indices: VC
γ  (Cyi ) in concept layer,
a
Q
a
(q
)
and
V
(q
)
in
quality
layer.
and VQ


γ
γ
1
2
Q
return Vγ  :  VC
γ  , Vγ  

// Set the symbol vector in quality layer
// case 4 (and partially 2)
if VC
γ  (Cy ) == (∅, 0)
then
foreach q ∈ δi do
degreeγ  ,q = H(p, q)
labelγ  ,q = label(Abest
γ  ,q )
i
VQ
γ  (q ) ← (labelγ  ,q , degreeγ  ,q )
VC
γ  (Cy ) = (labelγ  ,Cy , simγ  ,Cy )
Function ConceptualSpaceInference(γ  , Q, Δ, C)
foreach δi ∈ Δ(γ  ) do
p ← piγ  ∈ γ 
// Set the symbol vector in concept layer
foreach c ∈ δi do
simγ  ,Cy = max(simγ  ,Cy , G(p, c))
// Cy c
// cases 1 and 3 (and partially 2)
if simγ  ,Cy = 0
then
labelγ  ,Cy = label(Cy )
else
labelγ  ,Cy = ∅
Algorithm 4.1: Inference in Conceptual Space
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salience between sub-concept and each quality dimension within the domain.
The problem of inclusion has been studied in the literature of the conceptual
spaces theory with various deﬁnitions such as inclusion operator [9], graded
similarity [92], and graded membership [69, 112]. These deﬁnitions calculate
the similarity of the instance points to the regions based on their geometrical
distances, with or without considering the gradedness of membership. Here,
since the convex regions of concepts are constructed based on the observed
instances, it does not make sense to adhere to the crisp boundaries of the calculated regions rigidly. So, a point which is not certainly inside the calculated
boundaries a region, but is similar enough to the region, can be counted as a
member of the region’s concept.
The Graded Membership function G(p, c) is deﬁned as an inclusion operator
between a given point p and a deﬁned sub-concept c : ηc , φc . This function
shows how similar is p to the convex region ηc of c with the certain set of
weights φc within a metric domain δ. The graded membership is calculated by
applying geometrical algorithms that consider whether an n-dimensional point
is included in the n-dimensional convex hull or not. If point p is certainly included in the region ηc , then G(p, c) is equal to one. But if p is outside the
region, then the similarity of point p to the region is deﬁned as a monotonic
decreasing function [69] which is measured using a fuzzy membership function
of distance sim(p, c) = f[d(p, c)]. This similarity takes values between [0, 1]
and expresses the graded degree of inclusion of p in c. From the experiments
on similarity cognition, the similarity can be measured as an exponential decay
function of the distance: sim(d) = e−rd [202] (where r is a constant factor).
Using a fuzzy membership function to measure the similarity has the advantage
of using the notions from the fuzzy set theory that provide linguistic descriptions for the output fuzzy degrees [188].
Several methods have been proposed to compute the distance of a point p to
a convex region ηc . The Hausdorff distance dH (p, ηc ) [14] is a proper choice,
which relies on the deﬁnition of a distance measure between two n-dimensional
points (namely Weighted Minkowski Metric). As a function of similarity measure, a graded membership function is deﬁned inspired by Hampton’s deﬁnition [112] in which a determinate boundary region of membership is assumed.
For the points inside the region, the membership value is one. For the points
out of the region, with a given lower-bound threshold θL , if d(p, ηc )  θL , then
p is similar enough to be counted as a member of c, and if d(p, ηc ) > θL , then
p is far to be counted as an instance of c [188]2 .
2 The deﬁnition of graded membership function in [69,112] is slightly different, where it is based
on three thresholds to deﬁne the lower, upper, and the middle level of the boundary regions.

2 The deﬁnition of graded membership function in [69,112] is slightly different, where it is based
on three thresholds to deﬁne the lower, upper, and the middle level of the boundary regions.
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distances, with or without considering the gradedness of membership. Here,
since the convex regions of concepts are constructed based on the observed
instances, it does not make sense to adhere to the crisp boundaries of the calculated regions rigidly. So, a point which is not certainly inside the calculated
boundaries a region, but is similar enough to the region, can be counted as a
member of the region’s concept.
The Graded Membership function G(p, c) is deﬁned as an inclusion operator
between a given point p and a deﬁned sub-concept c : ηc , φc . This function
shows how similar is p to the convex region ηc of c with the certain set of
weights φc within a metric domain δ. The graded membership is calculated by
applying geometrical algorithms that consider whether an n-dimensional point
is included in the n-dimensional convex hull or not. If point p is certainly included in the region ηc , then G(p, c) is equal to one. But if p is outside the
region, then the similarity of point p to the region is deﬁned as a monotonic
decreasing function [69] which is measured using a fuzzy membership function
of distance sim(p, c) = f[d(p, c)]. This similarity takes values between [0, 1]
and expresses the graded degree of inclusion of p in c. From the experiments
on similarity cognition, the similarity can be measured as an exponential decay
function of the distance: sim(d) = e−rd [202] (where r is a constant factor).
Using a fuzzy membership function to measure the similarity has the advantage
of using the notions from the fuzzy set theory that provide linguistic descriptions for the output fuzzy degrees [188].
Several methods have been proposed to compute the distance of a point p to
a convex region ηc . The Hausdorff distance dH (p, ηc ) [14] is a proper choice,
which relies on the deﬁnition of a distance measure between two n-dimensional
points (namely Weighted Minkowski Metric). As a function of similarity measure, a graded membership function is deﬁned inspired by Hampton’s deﬁnition [112] in which a determinate boundary region of membership is assumed.
For the points inside the region, the membership value is one. For the points
out of the region, with a given lower-bound threshold θL , if d(p, ηc )  θL , then
p is similar enough to be counted as a member of c, and if d(p, ηc ) > θL , then
p is far to be counted as an instance of c [188]2 .
2 The deﬁnition of graded membership function in [69,112] is slightly different, where it is based
on three thresholds to deﬁne the lower, upper, and the middle level of the boundary regions.

2 The deﬁnition of graded membership function in [69,112] is slightly different, where it is based
on three thresholds to deﬁne the lower, upper, and the middle level of the boundary regions.
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Deﬁnition 4.2. The graded membership function G : δ → [0, 1] is the similarity
measure between a point p and a sub-concept c ∈ Cy as:
⎧
⎪
if p ∈ ηc
⎨1
H
G(p, c) = e−rd (p,ηc ) if p ∈
(4.1)
/ ηc & dH (p, ηc )  θL
0
if p ∈
/ ηc & dH (p, ηc ) > θL
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According to Algorithm 4.1, if a point p in a domain δ is not similar enough
to any sub-concept within δ, then the values of the symbol vector in the quality layer will be set based on the graded value of p for each quality dimension
of δ. Recall from Chapter 3, a quality dimension q : Hq , Iq , μq  contains a
family of membership functions μq , representing the linguistic terms related
to graded values of q. In particular, this function is deﬁned as a fuzzy granulation to exploit the linguistic characterisation of feature values, which are
identiﬁed by prior knowledge. To formalise μq , fuzzy membership functions
are deﬁned for a set of pre-deﬁned label classes which forms a fuzzy partition
of the interval Iq [165]. Suppose Ai is a class (label) acquired for q (e.g., linguistic label tall for feature height). The corresponding fuzzy set is deﬁned as:
Ai = {(x, μAi ) | x ∈ Iq }, where μAi is a sigmoidal membership function with

⎪
⎩

Graded Quality Function

C
The symbol vector of a new instance in the concept layer (Vγ
 ) is set by
the graded membership function by measuring the similarity of an instance
point to each region of the sub-concept within the domains (Algorithm 4.1).
As mentioned in Section 4.1, each vi ∈ Vγ consists of a pair of values
vi = (label, value). The similarity values greater than zero will lead to assign a non-empty label to the corresponding concept’s index in symbol vector.
Formally, for a given γ  and Cy , two elements (label, value) are calculated as:
C
Vγ
 (Cy ) = (labelγ  ,Cy , simγ  ,Cy ), where

Example 4.5. Figures 4.4a, 4.4b, and 4.4c show the example values of the
graded membership function (G) calculated for the points pa and pb based on
their positions and distances to the convex regions of the sub-concepts in the
a
space. For example in Figure 4.4c, suppose in δa , G(pa
γ  , cyj ) = 0.9. Then, the
elements of VC
γ  (Cyj ) are set to (label(Cyj ), 0.9).

(4.2)

(4.3)

simγ  ,Cy = maxpi ∈γ  ,cj ∈Cy (G(pi , cj )),

label(Cy ) if simγ,Cy > 0
∅
o.w

and

labelγ  ,Cy =

(4.3)

and

label(Cy ) if simγ,Cy > 0
∅
o.w

(4.2)

labelγ  ,Cy =

simγ  ,Cy = maxpi ∈γ  ,cj ∈Cy (G(pi , cj )),
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the graded membership function by measuring the similarity of an instance
point to each region of the sub-concept within the domains (Algorithm 4.1).
As mentioned in Section 4.1, each vi ∈ Vγ consists of a pair of values
vi = (label, value). The similarity values greater than zero will lead to assign a non-empty label to the corresponding concept’s index in symbol vector.
Formally, for a given γ  and Cy , two elements (label, value) are calculated as:
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Deﬁnition 4.2. The graded membership function G : δ → [0, 1] is the similarity
measure between a point p and a sub-concept c ∈ Cy as:
⎧
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G(p, c) = e−rd (p,ηc ) if p ∈
(4.1)
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0
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/ ηc & dH (p, ηc ) > θL

According to Algorithm 4.1, if a point p in a domain δ is not similar enough
to any sub-concept within δ, then the values of the symbol vector in the quality layer will be set based on the graded value of p for each quality dimension
of δ. Recall from Chapter 3, a quality dimension q : Hq , Iq , μq  contains a
family of membership functions μq , representing the linguistic terms related
to graded values of q. In particular, this function is deﬁned as a fuzzy granulation to exploit the linguistic characterisation of feature values, which are
identiﬁed by prior knowledge. To formalise μq , fuzzy membership functions
are deﬁned for a set of pre-deﬁned label classes which forms a fuzzy partition
of the interval Iq [165]. Suppose Ai is a class (label) acquired for q (e.g., linguistic label tall for feature height). The corresponding fuzzy set is deﬁned as:
Ai = {(x, μAi ) | x ∈ Iq }, where μAi is a sigmoidal membership function with
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According to Algorithm 4.1, if a point p in a domain δ is not similar enough
to any sub-concept within δ, then the values of the symbol vector in the quality layer will be set based on the graded value of p for each quality dimension
of δ. Recall from Chapter 3, a quality dimension q : Hq , Iq , μq  contains a
family of membership functions μq , representing the linguistic terms related
to graded values of q. In particular, this function is deﬁned as a fuzzy granulation to exploit the linguistic characterisation of feature values, which are
identiﬁed by prior knowledge. To formalise μq , fuzzy membership functions
are deﬁned for a set of pre-deﬁned label classes which forms a fuzzy partition
of the interval Iq [165]. Suppose Ai is a class (label) acquired for q (e.g., linguistic label tall for feature height). The corresponding fuzzy set is deﬁned as:
Ai = {(x, μAi ) | x ∈ Iq }, where μAi is a sigmoidal membership function with
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certain parameters to deﬁne the lower and upper boundaries of the function3 .
Then, μq = {μA1 , . . . , μAn }.
Example 4.6. Consider the elongation, described in Example 3.2. A set of label
classes to describe the elongation is { Acir =‘circular’, Aelp =‘elliptical’, and
Aeld =‘elongated’}. Then the family of membership functions for qel is μqel =
{μAcir , μAelp , μAeld }. Figure 4.5 depicts the deﬁned membership functions for the
elongation quality dimension.
This linguistic mapping provides a symbolic representation for numeric interval values of the quality dimensions. The graded quality value of an instance
γ  for a quality dimension q is calculated based on the quality dimension value
of the instance point as pq = pγ  (q), where pq ∈ Iq . Using the deﬁned fuzzy
membership functions, pq is mapped into the fuzzy set best matching to the
given value. Using the functions in μ, the values of the symbol vector can be
set in the quality layer. Recall p = pq1 , . . . , pq|Q(δ)|  as the vector of quality
dimension values for the point p in δ.
Deﬁnition 4.3. Graded quality function H : Iq → [0, 1] is the degree of membership, wherein for a quality dimension q, it returns the maximum degree of
membership of pq using the membership functions in μq , as:
H(p, q) = maxμAi ∈μq μAi (pq )

(4.4)

The symbol vector of a new instance in the quality layer (VQ
γ  ) is ﬁlled with
the values of the graded quality function (Algorithm 4.1). Similar to the concept layer, each vi ∈ Vγ consists of a pair of values vi = (label, value).
The value of the graded quality function, which is the maximum degree of
membership of vi assigns the best match fuzzy subset (i.e., symbolic label)
to the corresponding quality dimension’s index in symbol vector. Formally,
for a given γ  and Cy , two elements (label, value) of are calculated as:
VQ
γ  (q) = (labelγ  ,q , degreeγ  ,q ), where
degreeγ  ,q = H(p, q),

(4.5)

labelγ  ,q = label(Abest
γ  ,q ).

(4.6)

and

Here, Abest
γ  ,q is the fuzzy subset with the maximum degree of membership
∈ μq and ∀(μAi ∈ μq ) : μAbest
(pq )  μAi (pq ).
such that μAbest


γ ,q

γ ,q

Example 4.7. Considering the functions μqel in Example 4.6 (Figure 4.5), assume that for a given instance point pγ  , its elongation value is pq = 0.75. So,
3 Sigmoidal

membership function is deﬁned as: f(x, a, c) =

1
1+e−a(x−c)
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(4.5)
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Annotation for an instance γ  is to annotate a set of linguistic labels which
are derived from the associated concepts in the concept layer of symbol vecAnnotation in the Concept Layer
Figure 4.5: Example of the membership functions of the linguistic terms circular, elliptical, and elongated, describing the elongation quality dimension.

In this phase, the aim is to infer a linguistic lexicon from the symbol vector
of an unknown instance, to generate descriptions in natural language form.
From the NLG perspective, this is the task of lexicalisation, that decides which
linguistic terms (i.e., natural words) should be selected from the determined
content [182]. This can be done by verbalising the linguistic labels that are calculated and stored in the symbol vector. This verbalisation is done either with
annotating a new instance via the concept labels, or with characterising the
instance via the quality dimension labels. The tasks of annotation and characterisation will assign a set of lexical items to an unknown observation. This
collection of linguistic terms is then turned to the natural language phrases (i.e.,
sentences) using the realisation tools in NLG systems. Algorithm 4.2 shows the
steps of the tasks in phase B.

μ
(p ) = 0, μAelp (vq ) = 0.15, and μAeld (pq ) = 0.9. Then, H(pγ  , qel ) =
A
q
cir
best
0.9, and Aγ
= Aeld . Thus, one can say that “the given instance is elongated
 ,q
el
to a degree 0.9”.

4.2.2 Phase B: Inference in Symbol Space (Lexicalisation and
Realisation)

2

2

Example 4.8. Figures 4.4b and 4.4d show the example values of graded quality
function (H) calculated for the points pa and pb based on their values related
to the quality dimensions of two domains. For example in Figure 4.4b, suppose
pa is not included in any region in δa . Then, two vector indices of the symbol
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vector in the quality layer get values as: Vγ
 (q1 ) = (label(Aγ  ,qa ), 0.7) and
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μAcir (pq ) = 0, μAelp (vq ) = 0.15, and μAeld (pq ) = 0.9. Then, H(pγ  , qel ) =
0.9, and Abest
γ  ,qel = Aeld . Thus, one can say that “the given instance is elongated
to a degree 0.9”.

In this phase, the aim is to infer a linguistic lexicon from the symbol vector
of an unknown instance, to generate descriptions in natural language form.
From the NLG perspective, this is the task of lexicalisation, that decides which
linguistic terms (i.e., natural words) should be selected from the determined
content [182]. This can be done by verbalising the linguistic labels that are calculated and stored in the symbol vector. This verbalisation is done either with
annotating a new instance via the concept labels, or with characterising the
instance via the quality dimension labels. The tasks of annotation and characterisation will assign a set of lexical items to an unknown observation. This
collection of linguistic terms is then turned to the natural language phrases (i.e.,
sentences) using the realisation tools in NLG systems. Algorithm 4.2 shows the
steps of the tasks in phase B.

Figure 4.5: Example of the membership functions of the linguistic terms circular, elliptical, and elongated, describing the elongation quality dimension.

Annotation in the Concept Layer
Annotation for an instance γ  is to annotate a set of linguistic labels which
are derived from the associated concepts in the concept layer of symbol vec-

4.2. INFERRING LINGUISTIC DESCRIPTIONS

65
4.2. INFERRING LINGUISTIC DESCRIPTIONS

65

Annotation for an instance γ  is to annotate a set of linguistic labels which
are derived from the associated concepts in the concept layer of symbol vecAnnotation in the Concept Layer
Figure 4.5: Example of the membership functions of the linguistic terms circular, elliptical, and elongated, describing the elongation quality dimension.

In this phase, the aim is to infer a linguistic lexicon from the symbol vector
of an unknown instance, to generate descriptions in natural language form.
From the NLG perspective, this is the task of lexicalisation, that decides which
linguistic terms (i.e., natural words) should be selected from the determined
content [182]. This can be done by verbalising the linguistic labels that are calculated and stored in the symbol vector. This verbalisation is done either with
annotating a new instance via the concept labels, or with characterising the
instance via the quality dimension labels. The tasks of annotation and characterisation will assign a set of lexical items to an unknown observation. This
collection of linguistic terms is then turned to the natural language phrases (i.e.,
sentences) using the realisation tools in NLG systems. Algorithm 4.2 shows the
steps of the tasks in phase B.

μAcir (pq ) = 0, μAelp (vq ) = 0.15, and μAeld (pq ) = 0.9. Then, H(pγ  , qel ) =
best
0.9, and Aγ
= Aeld . Thus, one can say that “the given instance is elongated
 ,q
el
to a degree 0.9”.

4.2.2 Phase B: Inference in Symbol Space (Lexicalisation and
Realisation)

2

2

Example 4.8. Figures 4.4b and 4.4d show the example values of graded quality
function (H) calculated for the points pa and pb based on their values related
to the quality dimensions of two domains. For example in Figure 4.4b, suppose
pa is not included in any region in δa . Then, two vector indices of the symbol
Q
a
best
vector in the quality layer get values as: Vγ
 (q1 ) = (label(Aγ  ,qa ), 0.7) and
1
Q
a
best
Vγ
 (q2 ) = (label(Aγ  ,qa ), 0.6).

Example 4.8. Figures 4.4b and 4.4d show the example values of graded quality
function (H) calculated for the points pa and pb based on their values related
to the quality dimensions of two domains. For example in Figure 4.4b, suppose
pa is not included in any region in δa . Then, two vector indices of the symbol
a
best
vector in the quality layer get values as: VQ
), 0.7) and
γ  (q1 ) = (label(Aγ  ,qa
1
Q
a
best
Vγ  (q2 ) = (label(Aγ  ,qa ), 0.6).

4.2.2 Phase B: Inference in Symbol Space (Lexicalisation and
Realisation)

μAcir (pq ) = 0, μAelp (vq ) = 0.15, and μAeld (pq ) = 0.9. Then, H(pγ  , qel ) =
0.9, and Abest
γ  ,qel = Aeld . Thus, one can say that “the given instance is elongated
to a degree 0.9”.

In this phase, the aim is to infer a linguistic lexicon from the symbol vector
of an unknown instance, to generate descriptions in natural language form.
From the NLG perspective, this is the task of lexicalisation, that decides which
linguistic terms (i.e., natural words) should be selected from the determined
content [182]. This can be done by verbalising the linguistic labels that are calculated and stored in the symbol vector. This verbalisation is done either with
annotating a new instance via the concept labels, or with characterising the
instance via the quality dimension labels. The tasks of annotation and characterisation will assign a set of lexical items to an unknown observation. This
collection of linguistic terms is then turned to the natural language phrases (i.e.,
sentences) using the realisation tools in NLG systems. Algorithm 4.2 shows the
steps of the tasks in phase B.

Figure 4.5: Example of the membership functions of the linguistic terms circular, elliptical, and elongated, describing the elongation quality dimension.

Annotation in the Concept Layer
Annotation for an instance γ  is to annotate a set of linguistic labels which
are derived from the associated concepts in the concept layer of symbol vec-

4.2. INFERRING LINGUISTIC DESCRIPTIONS

65

66
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Algorithm 4.2: Inference in Symbol Space
4 In the set theory, an ordered set is deﬁned as a set of elements, plus a relation  between each
pair of the elements that presents the order of them [229].

Function SymbolSpaceInference(Vγ  )
// Annotation in the concept layer
foreach Cy ∈ C do
if Vγ  ,C (Cy ) = (∅, 0) then
C(γ  ) ← C(γ  ) ∪ {Cy }

After determining C(γ  ), if γ  is associated with two or more distinct concepts as C(γ  ) = {Cyi , Cyj , . . .}, then γ  is an instance of all the associated
concepts. In this case, an extra process is needed to sort and combine the concept labels to annotate γ  with a new set of linguistic labels.
The task of concept combination is discussed widely in the literature of
conceptual space theory [86, 142, 188]. What is important for the inference is
to distinguish which concept labels are the modiﬁers and which are the modiﬁed concepts. This distinction leads to order the labels in the ﬁnal linguistic expression [9]. In particular, an ordered set4 of the associated concepts,
OC (γ  ) = {C1 , C2 , . . .} is deﬁned to prioritise the modiﬁer concepts over modiﬁed ones. Since there is no background knowledge to deﬁne the semantic order of the associated concepts, the ordering process relies based on the graded
membership values that can be retrieved from Vγ  ,C .
Example 4.9. Considering Figures 4.4a and 4.4b, γ  is associated with only
one concept Cyi . So, C(γ  ) = {Cyi }. In Figure 4.4c, γ  is associated with two
concepts Cyi and Cyj . So, C(γ  ) = {Cyi , Cyj }. Finally, in Figure 4.4d, there are
no associated concepts. So, C(γ  ) = ∅.
tor Vγ  ,C . Each Cy is included in the set of associated concepts of the instance, C(γ  ), if the corresponding element in Vγ  ,C is not empty. Formally,
Cy ∈ C(γ  ) ⇐⇒ Vγ  ,C (Cy ) = (∅, 0).
OC (γ  ) ← OrderConceptLabels(C(γ  ))
// in concept layer
TC (γ  ) ← Annotate(OC (γ  ), Vγ  ,C )
// Characterisation in the quality layer
foreach δ ∈
/ Δ(C(γ  )) do
Q(γ  ) ← Q(γ  ) ∪ {Q(δ)}

OQ (γ ) ← OrderQualityLabels(Q(γ  ))
// in quality layer
TQ (γ  ) ← Characterise(Q(γ  ), Vγ  ,Q )
// Linguistic Realisation
Tγ  ← Realise(TC (γ  ), TQ (γ  ))
return Tγ 
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Example 4.12. Considering Figure 4.4b, γ  is not associated with any cona
cepts within δa . So, Q(γ  ) = {qa
1 , q2 }. Also, in Figure 4.4d, there are no asa
b
b
b
sociated concepts in any of the domains. So, Q(γ  ) = {qa
1 , q2 , q1 , q2 , q3 }. In

Figures 4.4a and 4.4c, Q(γ ) = ∅.

Example 4.10. Considering the case three in Figure 4.4c, since γ  is located in
b
a
with graded membership 1 and in sub-concept cy
with graded
sub-concept cy
i
j
membership 0.9, then the corresponding ordered set of concepts for γ  will be:
OC (γ  ) = {Cyi , Cyj }. Suppose there is an unknown instance γ  in a conceptual
space including Colour and Taste domains. If γ  is located in both ’red’ subconcept with grading degree 0.95 and ’sweet’ sub-concept with grading degree
0.7 (in colour and taste domains, respectively), then the corresponding ordered
set of concepts is: OC (γ  ) = {Cred , Csweet }.

Characterisation for γ  is to assign the linguistic descriptions of the associated
quality dimension based on the values in the quality layer of the symbol vector
Vγ  ,Q . The motivation behind the characterisation comes from the lack of the
concept annotation in the cases with no associated concept within the domains
(like case four and partially case two in Figure 4.4). This is especially important
for those instances that are completely unknown for the systems and are not
representable by any of the deﬁned concepts, but still are explainable with their
quality dimensions’ values.
According to Algorithm 4.1, if γ  within a domain does not belong to any
sub-concept, then Vγ  ,Q gets values from the domain’s quality dimensions. Obviously, if γ  has even one associated concept within the domain, there is no
need to involve the quality dimensions of that domain in the characterisation
process. For the calculated Vγ  ,Q , each quality dimension q is included in the
set of associated quality dimensions Q(γ  ), if the corresponding elements in the
Vγ  ,Q are not empty. Formally, q ∈ Q(γ  ) ⇐⇒ Vγ  ,Q (q) = (∅, 0).

The set of annotations for γ  then is deﬁned as an ordered set of lexical items
TC (γ  ) = {label(C1 ), label(C2 ), . . .}. These annotations are the corresponding
linguistic terms to the ordered concepts in OC (γ  ), that are retrieved from the
labels in Vγ  ,C for the concepts in C(γ  ).

Characterisation in the Quality Layer

Example 4.11. For the conceptual space of leaves presented in Example 3.5,
suppose an unknown leaf sample γ  is associated with both known concepts Tilia and Nerium. Assume that Vγ  ,C (Ctt ) = (label(Ctt ), 0.5) and
Vγ  ,C (Cno ) = (label(Cno ), 0.9). Then, TC (γ  ) = {label(Cno ) = ‘Nerium’,
label(Ctt ) = ‘somewhat Tilia’}.
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(like case four and partially case two in Figure 4.4). This is especially important
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representable by any of the deﬁned concepts, but still are explainable with their
quality dimensions’ values.
According to Algorithm 4.1, if γ  within a domain does not belong to any
sub-concept, then Vγ  ,Q gets values from the domain’s quality dimensions. Obviously, if γ  has even one associated concept within the domain, there is no
need to involve the quality dimensions of that domain in the characterisation
process. For the calculated Vγ  ,Q , each quality dimension q is included in the
set of associated quality dimensions Q(γ  ), if the corresponding elements in the
Vγ  ,Q are not empty. Formally, q ∈ Q(γ  ) ⇐⇒ Vγ  ,Q (q) = (∅, 0).

Example 4.10. Considering the case three in Figure 4.4c, since γ  is located in
a
sub-concept cb
yi with graded membership 1 and in sub-concept cyj with graded
membership 0.9, then the corresponding ordered set of concepts for γ  will be:
OC (γ  ) = {Cyi , Cyj }. Suppose there is an unknown instance γ  in a conceptual
space including Colour and Taste domains. If γ  is located in both ’red’ subconcept with grading degree 0.95 and ’sweet’ sub-concept with grading degree
0.7 (in colour and taste domains, respectively), then the corresponding ordered
set of concepts is: OC (γ  ) = {Cred , Csweet }.

Example 4.12. Considering Figure 4.4b, γ  is not associated with any concepts within δa . So, Q(γ  ) = {q1a , q2a }. Also, in Figure 4.4d, there are no associated concepts in any of the domains. So, Q(γ  ) = {q1a , q2a , q1b , q2b , q3b }. In
Figures 4.4a and 4.4c, Q(γ  ) = ∅.
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5 The linguistic name of a quality dimension label(q) is H , as deﬁned in Deﬁnition 3.2, but
q
this name can be also added to the linguistic label of the fuzzy intervals on quality dimension. As
an example, for two dimensions ‘time’ and ‘length’, the linguistic labels of the ﬁrst intervals in both
can be ‘short’, but to be precise, the labels can consist of the dimension names to be deﬁned as
‘short time’ and ‘short length’, respectively.

Before applying the linguistic realisation, there is a need to specify an abstract
representation of the provided set of lexicons. According to [185], messages
are the abstractions that mediates between the set of lexicons and eventual
text. Here, based on the annotation and characterisation lexicons, two types of
messages can be deﬁned as: AnnotationMsg and CharacterisationMsg. Phrase
speciﬁcation is a structure to specify the elements of a message for a single
sentence, which is the proper representation of the output for microplanning
and the input for realisation. Various levels of abstraction have been proposed
for phrase speciﬁcation such as Syntactic structure, Canned text, Case frame,
etc. [185]. Since the aim was to describe an observation with its attribute labels,
the complexity of the ﬁnal sentence is limited to a reasonably straightforward
template of abstract representation. Here the syntactic structure is employed,
which describes the linguistic elements to be used as uninﬂected words, plus a
set of features to determine how to realise the ﬁnal text. Figure 4.6 illustrates
the simple template for the ﬁnal text in an attribute value matrix (AVM) format [185, 237].
Phrase Speciﬁcation and Linguistic Realisation
Example 4.13. Considering Example 4.12, suppose γ  is not associated with
any known concepts. Assume that for the quality dimensions elongation and
roundness, Vγ  ,Q (qel ) = (label(Aeld ), 0.9) and Vγ  ,Q (qro ) = (label(Aro ), 0.7)
(referring to Example 4.6). Then, TQ (γ  ) = {label(Aeld ) = ‘elongated’,
label(Aro ) = ‘lanced shape’}. For the above example, if the values of dimensions (with the value range [0 1]) are vweight = 0.9 and vhight = 0.2, then the
corresponding characterisation set will be TQ (γ  ) = {label(αqweight ) =  heavy  ,
label(αqlength ) =  short length  }.
Based on Equation 4.6, labelγ  ,q = label(Abest
γ  ,q ) is the linguistic term related to the best interval of the quality dimension with the maximum degree of
membership.5
Similar to the process of annotation, a sorting operation is needed to derive
the order of quality dimension labels in the ﬁnal linguistic descriptions. Relying
on the graded quality values in Vγ  ,Q , an ordered set of the associated quality
dimensions, OQ (γ  ) = {q1 , q2 , . . .}, is deﬁned. The characterisation set for γ 
then is simply deﬁned as an ordered set of lexical items TQ (γ  ) = {label(Abest
γ  ,q1 ),
best
label(Aγ  ,q  ), . . .}. These characterisations are retrieved from the correspond2
ing labels in Vγ  .Q , for the quality dimensions in Q(γ  ).
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Linguistic realisation is the process of applying a set of rules to abstract
representations of the lexical items in order to specify well-formed sentences in
natural language, which are syntactically and morphologically correct. More
speciﬁcally, the realisation maps the acquired abstract phrase speciﬁcations into
the surface text [185]. Some of the linguistic realisations represent sentences by
template-like structures when only limited syntactic variability is needed in the
output description [184]. One instance of an output format for the sentences
to describe the observations is as follows:
“This [Obs.] [be/be not/be like] [a con.label1] [and [a con.label2] and ...],
[but/also] it [be/have] [dim.label1] [and/with [dim.label2] and/with ... ].”
As this descriptive sentence is linguistically formed in a simple format, applying any realisation technique (e.g., SimpleNLG engine) will produce grammatically correct sentences as the output text. The standard architecture of
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Figure 4.6: An abstract representation for the annotation and characterisation
messages in the AVM format.
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Figure 4.6: An abstract representation for the annotation and characterisation
messages in the AVM format.
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As this descriptive sentence is linguistically formed in a simple format, applying any realisation technique (e.g., SimpleNLG engine) will produce grammatically correct sentences as the output text. The standard architecture of
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NLG systems provides a well-deﬁned realisation for the abstracted representations, which the details of the architecture can be found in [185] and the
implementation details are available in [95].
Example 4.14. Consider the set of annotations and characterisations from Examples 4.11 and 4.13. Then, the output of realisation will be a message like:
“This unknown leaf observation is like Nerium leaves and somewhat Tilia
leaves, but it is an elongated and a lance-shaped leaf.”

4.3 Discussion
This chapter has presented the utility of extending conceptual spaces as semantic inference models to generate linguistic descriptions for unknown observations in natural language. It has been shown that linking a symbol space to the
conceptual space facilitates the process of inferring linguistic characterisations
for the unknown observations. One advantage of this inference model is that
the generated descriptions include adequate set of interpretable features that
are derived from the inclusion of unknown observations within the conceptual
space. following, a number of issues related to the semantic inference approach
are discussed.
Lexicalisation: On the inference process, one point related to the lexicalisation task is to determine the most descriptive terms to use in order to linguistically represent a new observation. As seen in the Leaf example, the most obvious psychological description could be regarding a leaf’s similarity or dissimilarity to the known concepts. Thus, either the linguistic labels of the known
concepts or the linguistic terms of quality dimensions which are stored in symbol space can be used. So, the semantic interpretability of such labels will affect
directly on the descriptive quality of the natural output text.
Concepts as nouns or adjectives: One point related to the lexicalisation and
realisation is that from the natural language point of view, the concepts in a
conceptual space typically represent the nouns while the sub-concepts or properties are related to the adjectives. The approach to determine linguistic descriptions does not make the distinction between adjectives and nouns, and
consequently, between the properties and concepts for the class labels from the
input learning data set6 . Preferably, one region within a domain is considered as
a concept or sub-concept that can be either nouns or adjectives, and be used to
6 The reason is that from machine learning point of view, there is no linguistic distinction between the different types of the classes, in a sense that the learning problem is to classify whether
the noun concepts, adjective concepts, or even verb concepts. For example, in Iris data set the
classes are nouns, as each class refers to a name of iris plant [146], however, in Wine quality data
set the classes are adjectives, as each class refers to the quality level of wines from excellent to poor
quality [64].
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describe an observation. For example, descriptions of an object in a conceptual
space of fruits can be either “the object is an apple” or “the object is red”. In
the former, the label refers to the concept apple as a noun, and in the latter one,
the label refers to the sub-concept red as an adjective. It is assumed that all the
linguistic terms of the quality dimensions are considered as the adjectives. For
instance, if weight is involved in the description of an object, the term heavy is
considered as the adjective in such descriptions like “the object is heavy”.
In sum, this chapter together with chapter 3 has shown the process of creating data-driven conceptual spaces and inferring linguistic description from such
spaces. The presented approaches in these two chapters will be exempliﬁed in
chapter 5 to show the goodness of the developed semantic representation for
real-world data samples.
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Chapter 5

world applications. This chapter also describes an empirical evaluation that is
designed to assess the goodness of the developed methods for describing unknown observations using the conceptual spaces. Finally, the results of this
empirical assessment for the leaf data set are presented.
The leaf data set [206] is a set of photographed leaf samples from different plant species. Here, six species are selected as the labelled data set (See
Figure 5.1), and the rest of the species are used as unlabelled data. The leaf
data set is a good ﬁrst example, as it provides a tangible example of physical
objects while the vocabulary used to describe the leaves is not necessarily familiar to non-specialists. For the case study on the leaf data set, the primitive set
of features is initialised by expert-oriented questionnaires or domain-oriented
background knowledge. These semantically interpretable features are describable in natural language and are able to distinguish the known classes from
each other perceptually.

Results and Evaluation: A Case
Study on Leaf Data Set

his chapter presents an assessment of the formal methods described in the
T
chapters 3 and 4. A case study from a data set of leaves is investigated
to show the feasibility and the plausibility of the proposed approach in real-
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matter how smart you are. If it doesn’t agree with
experiment, it’s wrong.”
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CHAPTER 5. RESULTS: LEAF CASE STUDY

1 Note that in the model, the scientiﬁc names of the leaves have been applied as labels used in the
original data set [206]. However, in the ﬁnal descriptions for the evaluation, the common names of
leaves are used [231] which were more familiar to the general users.
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Figure 5.1: Six species as the known leaves in the leaf data set. The ﬁrst row of
labels shows the scientiﬁc names [206], and the second row of labels shows the
common names [231].

5.1 Constructing a Conceptual Space of Leaves
The leaf data set includes 72 known leaf samples that are categorised in six
species. Formally, Dl = {o1 , . . . , o72 } and Yl = { ysa : ‘Salix Atrocinera’,
yqr : ‘Quercus Robur’, yia : ‘Ilex Aquifolium’, yno : ‘Nerium Oleander’, ytt :
‘Tilia Tomentosa’, yap : ‘Acer Palmatum’ }. Figure 5.1 shows the prototypical samples of leaf species for the leaf labels in Y, along with their popular
names.1 According to the set of class labels Yl , the set of concepts is deﬁned
as Cl = {Cia , Ctt , Cno , Cqr , Cap , Csa }. Here, the concepts are initiated, but the
representation of each concept will be formally presented later.
The ﬁrst step to build a conceptual space of leaves is to specify the initial set
of features that characterises the leaves. The primary criterion while initialising
the features is how descriptive or interpretable the chosen features are in the
linguistic form. In other words, this approach is looking for such features that
are representable in natural language with a perceptual interpretation. For example, the values of area and perimeter features might be useful for statistical
analysis or classiﬁcation tasks, but these features do not carry meaningful information to describe and distinguish the leaf observations. In contrast, a feature
like elongation meaningfully describes a perceptual feature of a leaf observation.
Besides the leaf samples in different species, Silva et al. [206] have provided
a set of attributes that describe the shape and texture features of leaves. Among
the semantic attributes, the following features and used in the model as the
initial set of features Fl = {Xi : HXi , IXi }:
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of features that characterises the leaves. The primary criterion while initialising
the features is how descriptive or interpretable the chosen features are in the
linguistic form. In other words, this approach is looking for such features that
are representable in natural language with a perceptual interpretation. For example, the values of area and perimeter features might be useful for statistical
analysis or classiﬁcation tasks, but these features do not carry meaningful information to describe and distinguish the leaf observations. In contrast, a feature
like elongation meaningfully describes a perceptual feature of a leaf observation.
Besides the leaf samples in different species, Silva et al. [206] have provided
a set of attributes that describe the shape and texture features of leaves. Among
the semantic attributes, the following features and used in the model as the
initial set of features Fl = {Xi : HXi , IXi }:

The leaf data set includes 72 known leaf samples that are categorised in six
species. Formally, Dl = {o1 , . . . , o72 } and Yl = { ysa : ‘Salix Atrocinera’,
yqr : ‘Quercus Robur’, yia : ‘Ilex Aquifolium’, yno : ‘Nerium Oleander’, ytt :
‘Tilia Tomentosa’, yap : ‘Acer Palmatum’ }. Figure 5.1 shows the prototypical samples of leaf species for the leaf labels in Y, along with their popular
names.1 According to the set of class labels Yl , the set of concepts is deﬁned
as Cl = {Cia , Ctt , Cno , Cqr , Cap , Csa }. Here, the concepts are initiated, but the
representation of each concept will be formally presented later.
The ﬁrst step to build a conceptual space of leaves is to specify the initial set
of features that characterises the leaves. The primary criterion while initialising
the features is how descriptive or interpretable the chosen features are in the
linguistic form. In other words, this approach is looking for such features that
are representable in natural language with a perceptual interpretation. For example, the values of area and perimeter features might be useful for statistical
analysis or classiﬁcation tasks, but these features do not carry meaningful information to describe and distinguish the leaf observations. In contrast, a feature
like elongation meaningfully describes a perceptual feature of a leaf observation.
Besides the leaf samples in different species, Silva et al. [206] have provided
a set of attributes that describe the shape and texture features of leaves. Among
the semantic attributes, the following features and used in the model as the
initial set of features Fl = {Xi : HXi , IXi }:

5.1 Constructing a Conceptual Space of Leaves
Figure 5.1: Six species as the known leaves in the leaf data set. The ﬁrst row of
labels shows the scientiﬁc names [206], and the second row of labels shows the
common names [231].
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1 Note that in the model, the scientiﬁc names of the leaves have been applied as labels used in the
original data set [206]. However, in the ﬁnal descriptions for the evaluation, the common names of
leaves are used [231] which were more familiar to the general users.
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• Domain δ2 = Q(δ2 ), C(δ2 ), ωδ2 , wherein
Q(δ2 ) = {qso , qif },
C(δ2 ) = {Cqr , Cap }.
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• Domain δ1 = Q(δ1 ), C(δ1 ), ωδ1 , wherein
Q(δ1 ) = {qar , qel , qec },
C(δ1 ) = {Cia , Ctt , Cno }.

Figure 5.2: The bipartite graph presenting the relevance of features and labels
in leaf data set. Also, three chosen bicliques (as the domains) are highlighted
with blue, red, and grey edges.

The chosen bicliques (with the highest scores) determine the three domains
Δl = {δ1 , δ2 , δ3 }, where each domain is speciﬁed as follows:

Xec : ‘Eccentricity’, [0, 1] (eccentricity of the ellipse),
Xar : ‘Aspect Ratio’, [1, inf) (values close to 1 indicate an elongated shape),
Xel : ‘Elongation’, [0, 1] (minimum is achieved for a circular region),
Xso : ‘Solidity’, (0, 1), (how well the leaf ﬁts a convex shape),
Xif : ‘Isoperimetric Factor’, [1, inf) (curvy intertwined contours yield low
values),
Xlo : ‘Lobedness’, (0, inf) (characterises how lobed a leaf is),
Xmi : ‘Maximal Indentation Depth’, (0, 1), (how deep are the indentations),
Xsc : ‘Stochastic Convexity’, [0, 1] , (probability of a random segment in a
leaf to be fully contained).

The values of these features for every observation are acquired from [206]. After that, the construction of the conceptual space is performed with the inputs
of the labelled observations Dl , label set Yl , and feature set Fl . The algorithm
ﬁrst applies the feature ﬁltering approach, i.e. MIFS (Algorithm 3.1) to provide a ranking matrix which shows the mutual relations of features and labels.
Then, using Algorithm 3.2, a feature subset grouping is performed. Figure 5.2
illustrates the created bipartite graph, which leads to determining the domains
and quality dimensions.

5.1.1 Domain Speciﬁcation for Leaf Data set
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• Domain δ1 = Q(δ1 ), C(δ1 ), ωδ1 , wherein
Q(δ1 ) = {qar , qel , qec },
C(δ1 ) = {Cia , Ctt , Cno }.
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Figure 5.3: The conceptual space of leaf data set: a graphical presentation of the
determined domains with the corresponding quality dimensions and concepts.

2 It is notable that the values of weights, calculating with ﬁlter method (MIFS), are not interpretable individually. However, they are involved in the model, since they are helpful to compare
and measure the similarities between the concepts and instances.

Figure 5.3 depicts a graphical presentation of the determined domains
with the corresponding quality dimensions and concepts. As an example, domain δ2 is speciﬁed by two quality dimensions ‘solidity’ and
‘isoperimetric factor’, and is associated with two concepts ‘Quercus’ and
‘Acer’. An example of calculated weights in a domain is ωδ2 (Cap , qso ) = 0.61,2 ,
which shows the salience of the relation between leaf concept ‘Acer’ and quality
dimension ‘solidity’ within δ2 . Although the process of deriving the domains
is data-driven, there may be an interpretation of each speciﬁed domain. For instance, one can say that δ1 illustrates the convexity of the known leaves, while
δ2 shows the indentation of the known leaves (see Figure 5.3).
As an output of the domain speciﬁcation phase for the conceptual space
of leaves, the set of quality dimensions is Ql = {qar , qel , qec , qso , qif , qlo },
and the set of instances is Γ l = ∪y∈Y Γ (y), where |Γ l | = |Dl |. Each γ ∈ Γ l
corresponds to a known leaf sample o ∈ Dl , and consists of three points (one
in each domain).

• Domain δ3 = Q(δ3 ), C(δ3 ), ωδ3 , wherein
Q(δ3 ) = {qlo },
C(δ3 ) = {Csa , Cap }.
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and measure the similarities between the concepts and instances.

76

CHAPTER 5. RESULTS: LEAF CASE STUDY

CHAPTER 5. RESULTS: LEAF CASE STUDY

6ROLGLW\

(FFHQWULFLW\

76

$VSH
FW5
DWLR

RQ
JDWL
(ORQ

,VR)DFWRU

/REHGQHVV

Figure 5.3: The conceptual space of leaf data set: a graphical presentation of the
determined domains with the corresponding quality dimensions and concepts.

2 It is notable that the values of weights, calculating with ﬁlter method (MIFS), are not interpretable individually. However, they are involved in the model, since they are helpful to compare
and measure the similarities between the concepts and instances.

Figure 5.3 depicts a graphical presentation of the determined domains
with the corresponding quality dimensions and concepts. As an example, domain δ2 is speciﬁed by two quality dimensions ‘solidity’ and
‘isoperimetric factor’, and is associated with two concepts ‘Quercus’ and
‘Acer’. An example of calculated weights in a domain is ωδ2 (Cap , qso ) = 0.61,2 ,
which shows the salience of the relation between leaf concept ‘Acer’ and quality
dimension ‘solidity’ within δ2 . Although the process of deriving the domains
is data-driven, there may be an interpretation of each speciﬁed domain. For instance, one can say that δ1 illustrates the convexity of the known leaves, while
δ2 shows the indentation of the known leaves (see Figure 5.3).
As an output of the domain speciﬁcation phase for the conceptual space
of leaves, the set of quality dimensions is Ql = {qar , qel , qec , qso , qif , qlo },
and the set of instances is Γ l = ∪y∈Y Γ (y), where |Γ l | = |Dl |. Each γ ∈ Γ l
corresponds to a known leaf sample o ∈ Dl , and consists of three points (one
in each domain).

• Domain δ3 = Q(δ3 ), C(δ3 ), ωδ3 , wherein
Q(δ3 ) = {qlo },
C(δ3 ) = {Csa , Cap }.

• Domain δ3 = Q(δ3 ), C(δ3 ), ωδ3 , wherein
Q(δ3 ) = {qlo },
C(δ3 ) = {Csa , Cap }.
Figure 5.3: The conceptual space of leaf data set: a graphical presentation of the
determined domains with the corresponding quality dimensions and concepts.
/REHGQHVV
$VSH
FW5
DWLR

(FFHQWULFLW\

76

,VR)DFWRU

RQ
JDWL
(ORQ
6ROLGLW\

Figure 5.3 depicts a graphical presentation of the determined domains
with the corresponding quality dimensions and concepts. As an example, domain δ2 is speciﬁed by two quality dimensions ‘solidity’ and
‘isoperimetric factor’, and is associated with two concepts ‘Quercus’ and
‘Acer’. An example of calculated weights in a domain is ωδ2 (Cap , qso ) = 0.61,2 ,
which shows the salience of the relation between leaf concept ‘Acer’ and quality
dimension ‘solidity’ within δ2 . Although the process of deriving the domains
is data-driven, there may be an interpretation of each speciﬁed domain. For instance, one can say that δ1 illustrates the convexity of the known leaves, while
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5.1.2 Concept Representation for Leaf Concepts
According to the output of concept representation, each leaf concept in Cl appears in only one domain and thus has exactly one sub-concept, except concept Cap which has two sub-concepts in two different domains. Using Algorithm 3.3, the elements of the sub-concepts for each known leaf concept in C is
calculated as follows.
• Leaf concepts ‘Ilex’, ‘Tilia’, and ‘Nerium’ are represented in δ1 as, respectively:
Cia = {c1ia : η1ia , φ1ia },
Ctt = {c1tt : η1tt , φ1tt },
Cno = {c1no : η1no , φ1no }.

Inference step aims to derive a semantic description for unknown observations using the developed conceptual space. The utility of the conceptual space
of leaves is presented using a set of unknown leaf samples from the plant
species. Figure 5.4 presents the selected set of unknown leaf samples to be
represented. Here, It is shown how to apply the inference approach on one
the samples (e.g., leaf (a) in Figure 5.4). According to the inference process,
an unknown observation like (a) is ﬁrstly vectorised to an instance γa . Then
a linguistic description for a is inferred in two phases: setting symbol vectors
by inferring in conceptual space and setting the lexical items by inferring in
symbol space. Instance γa is a set of points within the domains Δl (γa ) de1
2
3
noted by γa = {pγ
, pγ
, pγ
}, where the numeric values of each point are
a
a
a
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According to the output of concept representation, each leaf concept in Cl appears in only one domain and thus has exactly one sub-concept, except concept Cap which has two sub-concepts in two different domains. Using Algorithm 3.3, the elements of the sub-concepts for each known leaf concept in C is
calculated as follows.
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an unknown observation like (a) is ﬁrstly vectorised to an instance γa . Then
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In these representations, for example, η2qr shows the 2D convex polygon
of leaf concept ‘Quercus’ within δ2 (see Figure 5.3). Also, as an example
for the weights, φ2qr = {ωδ2 (Cqr , qso ), ωδ2 (Cqr , qif )} shows the salience
between leaf concept ‘Quercus’ and two quality dimensions ‘solidity’ and
‘isoperimetric factor’ within δ2 . In Figure 5.3, the graphical presentation of
leaf concepts is shown by illustrating the convex hulls of their corresponding
sub-concepts.
Now, with the provided elements, the conceptual space of the leaf data set
is presented as: Sleaf =  Ql , Δl , Cl , Γ l .
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According to the output of concept representation, each leaf concept in Cl appears in only one domain and thus has exactly one sub-concept, except concept Cap which has two sub-concepts in two different domains. Using Algorithm 3.3, the elements of the sub-concepts for each known leaf concept in C is
calculated as follows.
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the feature values of (a) for each quality dimension in Sleaf . For example in δ2 ,
p2γa =qso (a), qif (a)=0.86, 0.45.

5.2.1

Inference in Conceptual Space of Leaves

Here, it is determined whether γa is included in any deﬁned concept’s regions,
and then infer the semantic labels based on the inclusion of the instance to
the regions. Considering the leaf sample (a) in Figure 5.4, γa belongs to the
sub-concept c1tt in δ1 , however, it does not belong to any sub-concept in δ2
and δ3 . Thus, based on Algorithm 4.1, the symbol vector for γa is set as follows: In the concept layer, using the graded membership function (deﬁned in
Deﬁnition 4.2): Vγa ,C (Ctt ) = (‘Tilia Tomentosa’, 0.85). In the quality layer,
for the quality dimensions of δ2 and δ3 , using the graded quality function (deﬁned in Deﬁnition 4.3): Vγa ,Q (q2if ) = (‘tipped/toothed’, 0.75), Vγa ,Q (q2so ) =
(‘smooth edges/entire’, 0.86), and Vγa ,Q (q3lo ) = (‘low lobedness’, 0.6).

5.2.2 Inference in Symbol Space of Leaves
By retrieving the information of the symbol vector V(γa ), it is possible to
verbalise the elements of symbol vectors into a set of natural language descriptions. As mentioned in Section 4.2.2, γa is annotated using the values
of Vγa ,C , and characterised by the values of Vγa ,Q . In particular, the annotation set is TC (γa ) = {‘Tilia Tomentosa’}, and the characterisation set will
be TQ (γa ) = { ‘tipped’, ‘smooth edges’, ‘low lobedness’ }. Then the realisation for γa is as follows: Tγa = ‘like Tilia Tomentosa(Silver Lime),
also with smooth and tipped edges, and low lobedness’.
The same approach is applicable for other unknown leaf samples (shown in
Figure 5.4) to describe them in natural language. Table 5.1 presents the generated descriptions derived from the semantic inference.

5.3 Empirical Evaluation: Design and Procedure for
Leaf Samples
Finding a direct solution for assessing the applicability of the proposed conceptual space representation is not a trivial problem. Instead, the usefulness of
the constructed conceptual spaces for the case study of leaves is evaluated via
the linguistic descriptions derived from such spaces. The experiment evaluates
the following aims: (1) to measure the feasibility of deriving accurate descriptions to distinguish unknown observations, and (2) to assess the goodness of
the descriptions derived from conceptual spaces in comparison to the descriptions derived from other base-line models. To these ends, a survey has been
conducted in which the participants were asked to
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Table 5.1: The linguistic descriptions derived for the unknown leaf samples in
Figure 5.4.
This leaf is like Oleander, and it is also tipped.
G

Fig. 5.4(j)

F

This leaf is like English Holly, but it is tipped with serrated
margin.

E

Fig. 5.4(i)

D

This leaf is not like any known leaf species, but it is round with
toothed and lobed margin.

M

Fig. 5.4(h)

L

This leaf is like Silver Lime, also it is tipped with low lobed and
toothed margin.

K

Fig. 5.4(g)

J

This leaf is not like any known leaf species, but it is oval and
tipped with toothed margin.

I

Fig. 5.4(f)

Figure 5.4: A set of unknown leaf samples.

This leaf is like Grey Willow, but it is round and tipped.

Linguistic Description
This leaf is like Grey Willow, but it is round with a slightly
serrated margin.

Fig. 5.4(e)

Leaves
Fig. 5.4(a)

This leaf is not like any known leaf species, but it is linear and
elongated with entire margin.

This leaf is like Japanese Maple, but it is oval with lobed margin.

Fig. 5.4(d)

Fig. 5.4(b)

This leaf is like Silver Lime, but it is tipped with a slightly
toothed margin.

This leaf is like Silver Lime, but it is tipped with a slightly
toothed margin.

Fig. 5.4(c)

Fig. 5.4(c)

This leaf is like Japanese Maple, but it is oval with lobed margin.

This leaf is not like any known leaf species, but it is linear and
elongated with entire margin.

Fig. 5.4(b)

Fig. 5.4(d)

Linguistic Description
This leaf is like Grey Willow, but it is round with a slightly
serrated margin.

This leaf is like Grey Willow, but it is round and tipped.
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tipped with toothed margin.
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This leaf is like English Holly, but it is tipped with serrated
margin.
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Table 5.1: The linguistic descriptions derived for the unknown leaf samples in
Figure 5.4.
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1. identify speciﬁc leaf based on their linguistic description derived from the
conceptual space, and
2. rate the goodness of descriptions produced by different models on a Likert scale.

survey can be accessed at https://survey.bana.ee
exact number of individuals is unknown since each participant could decide to perform
one of the data sets each time or even redo it with a new set of random questions.
4 The
3 The

The survey was conducted online3 . After an introduction to the used vocabulary, the participants self-evaluated their familiarity with the terminology. The
main body of the survey was composed of two parts.
The ﬁrst part is designed as a set of 4 multiple choices questions wherein
the participants have been asked to read the conceptual space description of a
randomly selected sample (among 15 leaves) and to choose the corresponding
image of the leaf from four shown options. The three incorrect options were
also randomly selected from a pool of unknown examples. This task-based
(or extrinsic) evaluation [183] allowed evaluation process not only to measure
how well the participants can connect a description of an unknown sample to
its correct image, but to investigate the incorrectly identiﬁed examples and their
relation in the conceptual space.
For the second part, a set of rating scale questions has been designed, again
using four questions per participant. In each question, an image of one unknown observation is randomly selected and shown to the participants, along
with the three generated descriptions for that observation from three different
models. Participants then are asked to rate each text from 1 to 5 (Likert-scale
scoring) concerning how well each of the descriptions helps them to refer to
the image. This simultaneous human-rating (or intrinsic) evaluation [183] of
descriptions enables the evaluation process to compare the approaches relative
to each other, as well as to evaluate the absolute goodness of each approach.
In total 207 responses have been received4 , out of which 102 valid responses
have been considered for the leaf data set.The survey was publicly distributed
online to anyone who was interested in participating. However, the outcome
for both data sets showed that most of the participants were in the range of 2544 years old and they are mostly educated in computer science or equivalent.
Besides, most of the participants were ﬂuent in English speaking. About the
expertise level of the participants, The participants were not quite familiar with
the terminology that has been used for the leaf data. From the responses, 20%
of the participants knew none of the lexical items, 70% knew few or some of
them, and just 10% knew almost all of them.

5.3.1 Survey: Design and Procedure
2. rate the goodness of descriptions produced by different models on a Likert scale.
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of the participants knew none of the lexical items, 70% knew few or some of
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one of the data sets each time or even redo it with a new set of random questions.
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Figure 5.5: The screenshots from two types of questions designed for the survey:
(a) An example of multi choice question that shows a generated description,
and it asks the participants to identify which given image of leaf (from the
choices) is related to the description, (b) An example of rating scale question
that shows three different descriptions generated for a single leaf image, and it
asks the participant to rate the goodness of each given descriptions.
(b) A rating scale question

(a) A multi choice question
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(b) A rating scale question
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Participants were able to successfully identify all the unknown observations (15
leaves) with the help of the corresponding conceptual space descriptions. The
success rate to identify the correct image for each description in the leaf data
set was 73% ± 13%.
For further investigation of the incorrectly identiﬁed (i.e., misidentiﬁed) examples, the geometrical similarity of these answers was calculated in order to
the correct one in the conceptual space (multi-domain). According to [86], the
similarity in conceptual spaces can be calculated by applying Euclidean distance with the domains and city-block distance between them. To assess of the
similarities in conceptual space, the geometrical similarity of the same instances
is also calculated, but in a full feature space (single-domain) by applying Euclidean distance. Two interesting results have been obtained: First, the misidentiﬁed examples are not uniformly distributed between all possible choices, but
instead, participants tended to make similar mistakes. Second, the common
misidentiﬁed examples are most of the times (73% leaves) the closest instance
to the correct one in the conceptual space. In the full feature space, this was
only occasionally true (46% leaves). This shows that the confused examples
with each other are commonly the nearest instances within the multi-domain
conceptual space, which is mostly not true in the full feature space. One example regarding this outcome is illustrated in Figure 5.6.
The results from the ﬁrst part of the survey show that the proposed conceptual space representation a) is applicable to derive semantic descriptions for
unknown observations, and b) is suitable to represent the cognitively similar
observations among the multiple domains.

5.3.2

Identifying Leaf Observations from Linguistic
Descriptions

Figure 5.6: The description of leaf (a) has been shown 31 times to the participants. In 19 responses, the correct image of leaf (a) is chosen by the participants
(61%). The most common misidentiﬁed example (7 responses, 23%) was the
image of leaf (x), which subjectively is quite similar, and interestingly, it is the
closest instance to the leaf (a) in the conceptual space. However, the closest
instance to leaf (a) in the full feature space is leaf (y) that its image is rarely
misidentiﬁed by the participants (only 1 response, 3%).
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Table 5.2 shows the statistical summary of the rating scores received for the
descriptions derived from each of the approaches in leaf data set. Also, these
scores are depicted in the form of boxplots in Figure 5.6.
An ANOVA test has been applied to show that the conceptual space description (Conceptual) is signiﬁcantly preferable rated than the two alternatives (Generative and Discriminative). Here, the Likert-scale scores were used

5.3.3 Rating Various Linguistic Descriptions of a Leaf
Observation

• Discriminative: “This leaf is similar to English Holly, also has some similarity to Grey Willow.”

In the results of the rating scale questions, the description derived from the
conceptual space model is compared with the descriptions derived from the
two models of concept formation within the full feature space, one using a generative model and the other a discriminative model [122, 162]. The generative
model forms the concepts by modelling the distribution of individual classes
(i.e., bound each of them with a convex region). Then a new observation either
belongs to an existing class or none of them. On the other hand, the discriminative model forms the concepts by learning the (hard or soft) boundary between
classes (i.e., divide them into Voronoi regions). Hence, a new observation always belongs to at least one class label.
Concerning these two models of concept formation, two base-line approaches have been developed to generate linguistic descriptions. Inspired by
the idea of fuzzy sets for the linguistic description of data [177, 180], the generative and discriminative models have been extended to quantify the inclusion
of new observations within the full feature space. This will allow the model
to verbalise the numeric output of the models with linguistic descriptions. In a
generative model, fuzzy sets are employed to quantify the numeric values of the
features within the full-feature space. the same semantic inference algorithm is
applied (Chapter 4) on this model to derive such descriptions that most likely
involves only the quantiﬁed terms of the characteristic features. In a discriminative model, with the help of fuzzy sets, the model is extended to multi-label
classiﬁcation [211], which quantiﬁes the membership of the instances to the
concepts. The inference algorithm is applied to this model to derive descriptions that involve only the assigned labels of concepts with a quantiﬁcation of
their membership degrees.

• Generative: “This leaf is round, wide, connected and entire, with smooth
margin and no indentation.”

Example 5.1. For leaf (a) in Figure 5.4, here are the output descriptions from
three various approaches:

• Conceptual: “This leaf is like Grey Willow, but it is round with slightly
serrated margin.”
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Table 5.2: The overall scores calculated from rating responses to the different
models in leaf data set. The numbers show average scores (and standard deviations) in the range of 1 to 5.
Conceptual
Generative
Discriminative

Mean (SD)
3.62 (1.19)
3.27 (1.33)
2.72 (1.24)

as the dependent variable, and the models were used as the independent variables (groups). Then, the Post-hoc Tukey test was employed to identify the
signiﬁcant difference between the models. The one-way ANOVA test showed a
signiﬁcant effect of the models on the scores. For leaf data set, Conceptual has
the mean signiﬁcantly different from Generative and Discriminative, p < .0001
(two-tailed). The details of the test has been shown in Table 5.3.
Moreover, since the ratings are ordinal, also a non-parametric test (i.e.,
Wilcoxon Test) has been carried out to identify the signiﬁcant differences between ratings by comparing each pair of the scores. Table 5.3 shows the pvalues of this method for each pair of models. The output showed that Conceptual model is signiﬁcantly different from Generative and Discriminative models
(p < .0001).
Overall, the results from this part of the survey show that the proposed
conceptual space representation a) is an appropriate semantic inference model
Figure 5.7: The box plot of the rating scores received for each of the models,
deriving descriptions in leaf data set.
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Table 5.3: Summary of the one-way ANOVA and Wilcoxon tests for the rating
scores with respect to the models deriving descriptions.
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ANOVA Test

leaf data set
F(2, 1221)=52.82,
p<10−21
p<10−4
p<10−23
p<10−07

Table 5.3: Summary of the one-way ANOVA and Wilcoxon tests for the rating
scores with respect to the models deriving descriptions.
5.4. DISCUSSION
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Generalisation: While the proposed approach has been tested on two case
studies to verify its plausibility, it would be necessary to identify a general class
of problems that the proposed approach can address. Many AI problems dealing with numeric data as the input of learning systems require semantic interpretation for these data, which is needed for interaction with humans. However, in most of the cases, there is no a priori or expert knowledge to explain the

Conceptual vs.
Generative & Discriminative
Conceptual vs. Generative
Conceptual vs. Discriminative
Generative vs. Discriminative

Multi-domain representation: The evaluation results indicate that a multidomain representation of concepts (i.e., conceptual spaces) can lead to a better
presentation of output descriptions in comparison to a single-domain representation, since the multi-domain spaces preserve the various semantic aspects of
the attributes for a concept, while the others combine all the attributes into a
single space.

Wilcoxon Test

In this chapter, the feasibility of the approach has been demonstrated in a case
study of the real-world numerical data set. But it is notable that the framework
proposed in this work is introduced for general use in any numeric data sets
wherein the known features and categories are available, but the perceptual
domains and the concept formation need to be determined. By performing an
empirical evaluation, it has been assessed how well linguistic descriptions that
are generated based on the derived conceptual space enable human users ﬁrst
to identify the unknown observations. This followed by a comparison between
different semantic models of generating linguistic descriptions to show how
well human users prefer the descriptions from the conceptual space model to
refer to unknown observations. Following, a number of issues related to the
inference approach are discussed.

to derive linguistic descriptions for unknown observations, and b) successfully
derives descriptions (from multi-domain space) that are naturally preferred by
participants, in comparison to the other alternative models (from single-domain
space).
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Table 5.3: Summary of the one-way ANOVA and Wilcoxon tests for the rating
scores with respect to the models deriving descriptions.

Generalisation: While the proposed approach has been tested on two case
studies to verify its plausibility, it would be necessary to identify a general class
of problems that the proposed approach can address. Many AI problems dealing with numeric data as the input of learning systems require semantic interpretation for these data, which is needed for interaction with humans. However, in most of the cases, there is no a priori or expert knowledge to explain the
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aspects of the input observations. This is more problematic when connectionist approaches are applied since they cannot explain what the learnt emerging
model represents. Hence, the introduced framework to construct and utilise
conceptual spaces is generally applicable for those AI applications wherein: (1)
there is a need for concept learning and concept description only based on the
known available observations, and (2) there is a lack of interpretability while
creating a learning model, as well as the lack of explainability while testing the
model by completely unknown observations.
In sum, Part I of this thesis is concluded with the investigation on how the
semantic representations proposed in Chapter 3 and Chapter 4 can be applied
to a real-world data set, and the utility of this representation for describing new
observations.
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Part II of this thesis focuses on the full framework of describing the numerical
data, speciﬁcally considering physiological sensor data. This part shows how to
mine physiological patterns from sensor data, and how to use the semantic representations proposed in Part I to linguistically describe such patterns. First, the
state of the art on data mining approaches for sensor data is discussed (Chapter 6). After mining unseen but interesting time series patterns (Chapter 7) and
temporal rules between the patterns (Chapter 8), it is shown how the proposed
semantic model in Part I can be applied to linguistically describe these patterns
(Chapter 9).
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“Without data you’re just another person with an
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Physiological Sensor Data

s noted in chapter 1, a framework to deal with the problem of representing
and describing numerical data needs ﬁrst to acquire a proper set of raw
data. Subsequently, the framework needs to turn this data into information that
is suitable to be fed to a semantic representation or any other data to text system. The second part of the thesis presents the task of mining and analysing the
raw measured physiological data in order to provide a set of valuable information for the semantic model. For this reason, before going through the proposed
methods for analysing physiological data and extracting valuable information,
this chapter presents an overview of current health monitoring systems within
mining physiological sensor data. This overview gives a better understanding
of the existing methods for analysing such data, along with investigating their
strengths and weaknesses to be used for the goal of data explanation in natural
language.
The past few years have witnessed an increase in the development of wearable sensors for health monitoring systems. With the increase of healthcare
services in non-clinical environments using vital signs provided by wearable
sensors, the need to mine and process physiological measurements is growing
signiﬁcantly. This increase has been due to several factors such as development
in sensor technology as well as directed efforts on political and stakeholder lev-
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els to promote projects which address the need for providing new methods for
care given challenges with an ageing population. An important aspect in such
system is how the data is treated and processed. This chapter provides a review
of the recent methods and algorithms used to analyse data from wearable sensors, which are used for monitoring of physiological vital signs in healthcare
services. More precisely, it outlines the common data mining tasks that have
been recently applied for health monitoring, such as anomaly detection, prediction and decision making when considering continuous time series measurements. Moreover, the chapter details the suitability of particular data mining
and machine learning methods used to process physiological data.
In health monitoring systems the focus has been recently shifting from
the obtaining data to developing intelligent algorithms to perform a variety
of tasks [23]. Such tasks not only include traditional pattern recognition and
anomaly detection, but also consider decision-based systems which can handle
context awareness, subject-speciﬁc models, and personalisation. As the literature in this ﬁeld is vast, the scope of this thesis has been limited to only cover
wearable sensors that measure health parameters such as vital signs for disease
management and prevention. Speciﬁcally, this review is concentrated on the
following vital sign parameters: electrocardiogram (ECG), oxygen saturation
(SpO2 ), heart rate (HR), Photoplethysmography (PPG), blood glucose (BG),
respiratory rate (RR), and blood pressure (BP).
Works such as [51] and [27] have focused on the needs of involving wearable sensors and overcoming essential bottlenecks for the use of wearable sensors such as the clinical acceptability and interoperability in health records.
Most of the recent review articles on data mining of physiological sensor
data are related to general studies for healthcare, i.e., well-known problems
in healthcare with simple and routine data mining approaches [159]. Recently,
Sow [212] categorised the main challenges of sensor data mining in ﬁve following stages: acquisition, preprocessing, transformation, modelling and evaluation. The authors in [235] and [37] have used the data mining algorithms
mainly in two categories 1) descriptive or unsupervised learning (i.e. clustering,
association, summarisation) and 2) predictive or supervised learning (i.e. classiﬁcation, regression). However, they are lacking deeper insight into the suitability of the algorithms for handling the special characteristics of the sensor data
in health monitoring systems.

6.1 Data Mining Tasks in Health Monitoring
Systems
Recently, the research area of health monitoring systems has shifted from the
pure reasoning of wearable sensor readings (like calculating the sleep hours
or the number of steps per day) to the higher level of data processing to give
more valuable information to the end users. Therefore, healthcare services have
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Anomaly detection is the task of identifying unusual patterns which do not
conform to the expected behaviour of the data [52]. Detected unusual patterns
in health parameters, especially for home monitoring systems, enables the clinicians to make accurate decisions in short time [53]. Anomaly detection techniques are often developed based on classiﬁcation methods to distinguish the
data set into the regular classes and the outliers [97]. For example, support vector machines [141], Markov models [243] and Wavelet analysis [100] are used
in healthcare systems for anomaly detection. Most of the related works using
the anomaly detection approach usually deal with short-term [118] and multivariate data sets [61] to characterise the entire the data to ﬁnd discords. Some
of the studies considered ﬁnding irregular patterns in vital signs time series such
as abnormal episodes in ECG [61, 222] and SpO2 [54], which mostly discover
unusual temporal patterns in continuous data. In online healthcare systems,
alarms as soon as detecting any anomaly in vital signs will be triggered to have
an instant reaction. Such alarm system is designed for monitoring patients in

been focusing on more in-depth data mining tasks to be achieved. Based on
the selected literature, three types of data mining tasks as the objectives of
healthcare systems are predominant. These three tasks are: 1) prediction, 2)
anomaly detection which include the subtask of raising alarms, and 3) diagnosis
as a decision making process.
Figure 6.1 provides a depiction of each task concerning three dimensions or
aspects. The ﬁrst dimension involves the setting in which the health monitoring
occurs (home/remote or clinical settings). Most monitoring applications which
consider remote settings deal predominantly with prediction and anomaly detection tasks, whereas the applications in clinical settings are typically focused
on diagnosis task [27, 216]. This fact is explained by the growing desire to
have a more preventative approach (prediction) via wearable sensors and to
consider the possibility to facilitate independent living in home environments
by increasing the sense of security (alarm). Similarly, in clinical settings much
more information is available to provide diagnosis and assist in decision making [37]. The second dimension in the ﬁgure shows the type of subjects that are
under observation (healthy or patient). For patients with known disease and
medical records, both diagnosis and precisely the possibility to raise alarms are
the essential tasks. For health monitoring which typically include healthy individuals who want to ensure the maintenance of good health, prediction and
anomaly detection are the considered tasks in the literature [158]. The ﬁnal dimension depicted in the ﬁgure considers how the acquired data sets have been
processed (online/ofﬂine). For all three mentioned tasks, the data sets have been
addressed both online and ofﬂine manners. However, most of the alarm-related
tasks are naturally investigated in the context of online and continuous monitoring [212].
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the selected literature, three types of data mining tasks as the objectives of
healthcare systems are predominant. These three tasks are: 1) prediction, 2)
anomaly detection which include the subtask of raising alarms, and 3) diagnosis
as a decision making process.
Figure 6.1 provides a depiction of each task concerning three dimensions or
aspects. The ﬁrst dimension involves the setting in which the health monitoring
occurs (home/remote or clinical settings). Most monitoring applications which
consider remote settings deal predominantly with prediction and anomaly detection tasks, whereas the applications in clinical settings are typically focused
on diagnosis task [27, 216]. This fact is explained by the growing desire to
have a more preventative approach (prediction) via wearable sensors and to
consider the possibility to facilitate independent living in home environments
by increasing the sense of security (alarm). Similarly, in clinical settings much
more information is available to provide diagnosis and assist in decision making [37]. The second dimension in the ﬁgure shows the type of subjects that are
under observation (healthy or patient). For patients with known disease and
medical records, both diagnosis and precisely the possibility to raise alarms are
the essential tasks. For health monitoring which typically include healthy individuals who want to ensure the maintenance of good health, prediction and
anomaly detection are the considered tasks in the literature [158]. The ﬁnal dimension depicted in the ﬁgure considers how the acquired data sets have been
processed (online/ofﬂine). For all three mentioned tasks, the data sets have been
addressed both online and ofﬂine manners. However, most of the alarm-related
tasks are naturally investigated in the context of online and continuous monitoring [212].
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Figure 6.1: A schematic overview of the position of the main data mining tasks
(anomaly detection, prediction, and diagnosis/decision making) concerning the
different aspects of wearable sensing in the health monitoring systems.
clinical units [54]. However, anomaly detection task can be obtained by ofﬂine
techniques in a sense to detect abnormal readings for subjects based on their
historical measurements [243].
Prediction

Prediction task has been widely considered in data mining ﬁeld that identiﬁes
the upcoming events based on the previously recorded information. This approach is getting more interesting for the healthcare providers in the medical
domain since it prevents further chronic problems [37] and leads to make decisions about prognosis [38]. The role of the predictive data mining considering
wearable sensors is non-trivial due to the requirement of modelling sequential
patterns acquired from vital signs. This approach is also known as a supervised
learning model [235]. As the typical examples of the predictive models, authors
in [205, 218] presented a method which predicts the further stress levels of a
subject. A similar case of using predictive models in healthcare are blood glucose level prediction [55], mortality prediction by clustering electronic health
data [153], and a predictive decision making system for dialysis patients [234].
Recently, there are new studies concerning prediction tasks, which have used
experimental wearable sensor data to perform in non-clinical settings [60, 97].
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Diagnosis/Decision Making

Decision making in diagnosis is one of the main tasks of clinical monitoring
systems which is often based on retrieved knowledge using vital signs, and
also other information such as electronic health records and metadata [210].
Some examples of recent works on diagnosis/decision making tasks consist
of: estimating the severity of health episodes of patients suffering chronic disease [40, 41, 101], sleep issues such as polysomnography and apnea [43, 232],
estimation and classiﬁcation of health conditions [169, 226], and emotion
recognition [81]. Most of these studies have used online databases with annotated episodes to have sufﬁcient and trustable real-world disease labels to
evaluate the decision making process. Considering the complexity of the data
to infer diagnosis, some researchers frequently used classiﬁcation methods such
as neural network [128] and decision trees [81] on short-term clinical data sets.

In health monitoring systems, the role of data analysis is to extract information
from the low-level sensor data and bridge them to the high-level knowledge
representation. For this reason, recent health monitoring systems have given
more attention to the data processing phase to catch more valuable information based on the expert user requirements. Data mining techniques that have
been applied to wearable sensor data in health monitoring systems have varied,
and it is also not uncommon that several techniques are used within the same
architecture.
Regardless of the data mining technique used, the most standard and widely
used approaches to mining information from sensor data sets are given in Figure 6.2. Acquiring the data sets as the input of the architecture is discussed
in Section 6.3, and the data mining tasks as the goals of the architecture are
presented in Section 6.1. The main steps of the data mining approach consist
of 1) data preprocessing, 2) feature extraction, and 3) modelling and learning
the information (considering expert knowledge and metadata) to perform the
deﬁned tasks.
It should be noted that parameters such as expert knowledge, historical data measurements, electronic health records, and stable parameters (e.g.
sex, age) are essential in a data mining method. These parameters (metadata)
provide contextual analysis and improve the process of knowledge extraction [100, 227]. One example is that every healthcare system, that uses HR
sensor data, needs to investigate the effect of metadata such as age, sex, weight,
and medicine in order to have meaningful reasoning in order to ﬁnd i.e., basic
abnormal heart rates or to personalise the critical pulses based on the mentioned metadata [98, 115].
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Figure 6.2: A generic architecture of the primary data mining approach for
wearable sensor data.

6.2.1 Preprocessing
Due to the occurrence of noise, motion artefacts, and sensor errors in any wearable sensor networks, preprocessing of the raw data is necessary. Preprocessing in the healthcare domain involves 1) ﬁlter unusual data to remove artefacts [22, 152, 208], and 2) remove high frequency noise [81, 117, 137]. The
main challenges of the preprocessing phase in healthcare systems are addressed
in [212] which includes data formatting, data normalisation, and data synchronisation. Since the gathered sensor data is often unreliable and massive, studies
working with large-scale and continuous data have necessarily employed a preprocessing step [101].

6.2.2 Feature Extraction/Selection
According to the magnitude and complexity of the raw data, feature extraction
provides a representation of the sensor data which can formulate the relation
of raw data with the expected knowledge for decision making [39]. Moreover,
reducing the amount of sensor data is another task in feature extraction and
selection phases which leads to having an arranged vector of features as an
input of data mining techniques like classiﬁer methods [101, 152].
Since Wearable sensor data that provide monitoring of vital sign parameters
tend to be continuous time series readings, most of the considered features
are related to the properties of time series signals [60]. Two main aspects of
analysing signals are time domain and spectral domain [24]. In physiological
data, the time-domain features are common, because the traditional decision
making frameworks on vital signs have relied on the observable trends in the
signal [54]. However, for extra knowledge about the periodic behaviour of time
series, research in the medical ﬁeld has given more attention to the features
acquired from frequency-domains [100, 101]. Table 6.1 summarises the most
appeared features in the literature that extracted from wearable sensor data.
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spectral energy [117, 141],
power spectral density [222],
low-pass ﬁlter [101],
low/high frequency [39, 218]

mean R-R, std R-R, mean
HR, std HR [218], number
of R-R interval [141], mean
R-R, std R-R interval [39]

ECG

Spectral Domain

Time Domain

drift from normality range [22], entropy [152]
-

Neural networks Neural Network (NN) is an artiﬁcial intelligence approach
which is widely used for classiﬁcation and prediction [168]. Due to the predictive performance of NN, it is presently the most popular data modelling
method used in the medical domain [38]. The NN is able to profoundly model
nonlinear systems such as physiological records where the correlation of the
input parameters is not easily detectable [21]. A wide range of the diagnosis and decision making tasks has been done by NN in the healthcare sys-

energy, low frequency [152]

Appropriate data processing techniques are essential, in order to make sense
of the data [212]. This section brieﬂy outlines the most common data mining
algorithms used for modelling and learning sensor data.

mean, zero crossing counts,
entropy [232], mean,
slope [22],
self-similarity [152]

6.2.3 Modelling and Learning Methods

SpO2

Table 6.1: The summarisation of the most commonly used features of each
wearable sensor data in the literature.

HR

bandwidth,
peaks
count
(GSR) [208].

Drift from normality range [22],
Entropy,
Cooccurrence coefﬁcients [152]

spectral energy (EEG) [141],
median and mean frequency,
spectral energy
(EMG) [175], energy
(GSR) [208].

Other Features
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tems [143, 167]. Since the progress of learning in NN is to some extent complicated, the method is commonly used in clinical conditions with large and complicated data sets [101]. Also, as the modelling in NN is a black box progress,
NN methods need to be adjusted for different input data [55].
Decision trees Decision tree is a vital learning technique which provides an
efﬁcient representation of rule classiﬁcation [81]. The decision tree is a reliable technique to use in different areas of the medical domain in order to
make a right decision [150, 173]. Nowadays, upon dealing with complex and
noisy sensor data, the C4.5 algorithm is the used characteristic version of this
method [234]. More attention has been given to decision trees in the medical domain when short-term data with few numbers of subjects have been
used [40, 97, 100]. This method is also suitable for handling multivariate sensors due to the construction of independent levels in the decision tree [218].
Support vector machines Support vector machine (SVM) is a statistical learning method to classify unseen information by deriving a high dimensional hyperplane for the features in order to make a decision model [63]. Common
health parameters considered by SVM methods are ECG, HR, and SpO2 which
are mostly used in the short-term and annotated form [117, 141, 222]. In
general, SVM techniques are often proposed for anomaly detection and decision making tasks in healthcare services. However, SVM is not an appropriate
method to integrate domain knowledge in order to use metadata or symbolic
knowledge seamlessly with the sensor measurements [141].
Gaussian mixture models Gaussian mixture model (GMM) is a statistical approach that used for classiﬁcation and pattern recognition [227]. Studies using
GMM usually deal with annotated medical data in order to assess the performance of the model [61, 227]. Despite the fact that the GMM method can
detect unseen information in physiological data, it has rarely been used for
prediction tasks because the computation time of the constructing models is
relatively high [101].
Other methods Out of the considered methods, there are other data mining
techniques, which are roughly used in physiological data analysis. Some examples are: Hidden Markov Models for anomaly detection task [26,243], Bayesian
networks for prediction task [97, 143], Rule-based reasoning for anomaly
(event) recognition [16,127], Fourier and wavelet transforms for mostly feature
selection [100, 128] and noise reduction in physiological data [74, 195], and ﬁnally Association rule mining for prediction and diagnosis tasks [114, 234].
More details can be found in a literature review article [28] that have been
done by the author of this thesis.
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Simulated sensor data: For the sake of having a comprehensive controlled
analysis system, few works have designed and tested their data mining
methods through simulated physiological data [226]. Data simulation
would be useful when the focus of data processing method is on the
efﬁciency and the robustness of the information extraction [227, 243],
rather than on handling real-world data including artefact and errors.

6.3 Data Sets: Acquisition and Properties

Clinical or online databases of sensor data: Despite the attention of the literature is on the role of data mining on vital signs in health monitoring, several studies in this area have used the stored clinical data
sets [61, 195]. The most of the works used categorised and complex
multivariate data sets with formal deﬁnitions and annotations by domain expert [101, 118, 153]. One common online database is the PhysioNet [4, 105] that consists a wide range of physiological data sets
with categorised and robust annotations for complex clinical signals.
Several studies in the literature have used two main data sets in PhysioNet bank, MIMIC data sets (e.g. [22, 152, 161]) and MIT data sets
(e.g. [74, 141, 170]) that contain the time series of patients vital signs
obtained from hospital medical information systems.

In any health monitoring system, having a robust data processing stage requires
adequate information about the data itself. Knowing about the way of collecting data and its properties while recording process will allow the data analysis
system to perform the tasks such as selecting the proper data mining approach,
designing new methods, and tuning the parameters. This section examines the
types of data and the methods for acquiring data that have been used in different experimental validations in the literature. This information gives the opportunity to distinguish the data processing methods that are applied based on
the type of sensor data.

Experimental wearable sensor data: Studies developed health monitoring systems have mostly used their own data gathering experiments to design,
model and test the data analysis step [97,200,205]. In this case, the gathered data are usually obtained based on the predeﬁned scenarios due to
the test and evaluate the performed results [208]. But usually, these studies do not provide the precise annotations and meaningful labels on physiological signals.

6.3.1 Sensor Data Acquisition

Several input sources and data acquisition methods have been considered in the
literature for wearable sensor data in health monitoring systems. Here, three
major data gathering approaches have been identiﬁed:
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Another reason to create and use simulated data is the lack of long-term
and large-scale data sets [243], where simulated data helps the proposed
data mining systems to work with huge amount of data.

6.3.2 Sensor Data Properties
In addition to data acquisition methods, the following properties of wearable
sensor data have been collected from the literature. These properties present
which kind of data sets are usually used in healthcare systems.
Time horizon (long-term/short-term): The length of time for considering data
set measurements is a particular challenge for wearable sensor data in
order to orientate data mining techniques and the manner of data interpretation. Here, the time horizon of considered sensor data is categorised
to short-term and long-term data. Some data analysis systems in healthcare were designed to process short signals such as a few minutes of ECG
data [123, 170], a few hours of heart rate or oxygen saturation [22, 152]
or the measurement of blood pressures over a day [13]. On the other
hand, dealing with long-term data is a signiﬁcant portion of some data
mining methods for handling and processing. This period could be longer
than a number of days or even a year of measurements. Blood glucose
monitoring is an example of long-term data analysis for the sake of right
decision making [55, 243].
Scale (large/small): A big challenge of data analysis in any health monitoring system is the examination of the proposed method on more than an
individual. Depending on the design of sensor network, data gathering,
and the goal of decision making, the scale of subjects in the frameworks
would differ. Here, the studies considering 50 or more subjects (patient
or healthy) are counted as large-scale studies [118], which can handle the
same data modelling for large-scale of monitoring [61].
Labelling (annotated/unlabelled): Health monitoring systems need to evaluate their results to show the correctness of the decision making process.
Due to having signiﬁcant data analysis step, the attention of the most research is given to annotated data. By considering the behaviour of vital
signs the domain expert is able to mark the data with several annotations such as arrhythmia disease [141], sleep discords [43], the severity of
health [22], stress levels [208], and abnormal pulse in ECG [222]. These
annotations also acquired using another source of knowledge like electronic health record (EHR), coronary syndromes, and also the history
of vital signs [153]. On the other hand, working with unlabelled data
leads to having unsupervised learning methods to extract unseen knowledge among raw sensor data. Some studies have been done on unlabelled
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6.3.2 Sensor Data Properties
Another reason to create and use simulated data is the lack of long-term
and large-scale data sets [243], where simulated data helps the proposed
data mining systems to work with huge amount of data.
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Scale (large/small): A big challenge of data analysis in any health monitoring system is the examination of the proposed method on more than an
individual. Depending on the design of sensor network, data gathering,
and the goal of decision making, the scale of subjects in the frameworks
would differ. Here, the studies considering 50 or more subjects (patient
or healthy) are counted as large-scale studies [118], which can handle the
same data modelling for large-scale of monitoring [61].
Labelling (annotated/unlabelled): Health monitoring systems need to evaluate their results to show the correctness of the decision making process.
Due to having signiﬁcant data analysis step, the attention of the most research is given to annotated data. By considering the behaviour of vital
signs the domain expert is able to mark the data with several annotations such as arrhythmia disease [141], sleep discords [43], the severity of
health [22], stress levels [208], and abnormal pulse in ECG [222]. These
annotations also acquired using another source of knowledge like electronic health record (EHR), coronary syndromes, and also the history
of vital signs [153]. On the other hand, working with unlabelled data
leads to having unsupervised learning methods to extract unseen knowledge among raw sensor data. Some studies have been done on unlabelled
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• The properties of the data set and experimental condition also inﬂuence
the choice of method. Data mining methods (e.g., rule-based, decision
tree) have been used in the clinical situation with the controlled conditions and clear data sets, but the efﬁciency of them are not tested in
real experiments of healthcare services. In contrast, NN, HMM, and frequency techniques have been used to handle complex physiological data
and discover the unexpected patterns in real-world situations.

data to consider uncontrolled situations for especially experimental data
sets [41, 200, 218].

• The requirements for a real-time system should guide the selection of the
data mining methods. To design a real-time health monitoring system,
such methods like NN, GMM, and frequency analysis are not efﬁcient for
the sake of their computational complexities. But simple methods such as
rule-based, decision tree and statistical techniques can quickly handle the
online data processing requirements.

Single Sensor/Multiple Sensors: Commonly, single sensor data have been used
for speciﬁc analysis on individual physiological data such as ECG signal
analysis [74, 170, 222] or blood glucose monitoring [55, 243]. Besides,
some of the researchers have used several sensors [41, 118, 144, 153]
to have global reasoning in health monitoring. Although using several
wearable sensors in health monitoring frameworks are common, but few
pieces of research have performed the multivariate data analysis to extract useful information through multi sensor data [118].

• The selected data mining technique is highly dependent on which data
mining task is in focus. According to the data mining tasks mentioned
in Section 6.1, for anomaly detection task, SVM, HMM, statistical tools
and frequency analysis are more commonly applied. Prediction tasks have
often used decision tree methods as well as other supervised techniques.
But rule-based methods, GMM, and frequency analysis have not been
employed for prediction due to the shortcoming in modelling the data
behaviours. Finally, any decision making task needs a modelling and
inferring system with considering the contextual information. So, nonstatistical methods like SVM, NN, and decision tree techniques have usually applied with success.

6.4 Discussion and Challenges

This chapter has presented an overview of the data mining approaches used
for analysing the measured vital signs from the wearable sensing devices. For
each approach, a reﬂection of its suitability for health monitoring was provided. From these reﬂections, the following guidelines for applying data mining
methods were extracted:
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• The level of supervision and labelled data is a crucial factor. Methods
like SVM, NN, and GMM have been designed and justiﬁed to model
long-term data. However, they could not deal with the unlabelled data to
model the raw data in an unsupervised manner. For multivariate analysis
of sensor data, the methods such as rule-based, decision tree, and statistical tools are more usable, while, e.g., GMM and HMM cannot play this
role in healthcare systems.
While these guidelines can assist implementing technical systems to select
appropriate methods for data analysis, the ﬁeld is still challenged by some factors which have been discussed below. These are general challenges in the area
of health monitoring and have been emerged from the literature studies investigated in this chapter. They include:
Need for large-scale monitoring: One challenge is still many applications using more massive data sets, and also still consider the monitoring task in the
clinical contexts. This challenge will become more important for applications
which examine target groups such as elderly, healthy persons etc. to make the
signiﬁcant effort in collecting reliable data sets for processing.
Dealing with annotated data sets: Data mining approaches gain increasing
attention in this ﬁeld, open data sets, as well as benchmark data sets, become
essential to validate different approaches. Still however in this area, few benchmark data sets are available. The last mentioned point raises a second challenge
of how data annotation (labelling) can be best done for such target groups. The
process of annotating data is expensive, time-consuming and non-trivial considering long-term continuous data. To confront this challenge, an exciting avenue of study will be the efﬁcacy of data mining in unsupervised contexts using
unlabelled data sets. This type of data mining applies both to the modelling as
well as eventual preprocessing of data, where for example, unsupervised feature
learning techniques [136] for time series data could show promise.
Multiple measurements: Another challenge in this ﬁeld is to exploit the multiple measurements of vital signs simultaneously. In particular, sensor fusion
techniques which are able to consider dependencies and correlations between
different vital sign parameters could assist in performing the primary data mining tasks of prediction, decision making and anomaly detection. Some attention
to this issue has been given in the literature such as [118].
Contextual information: The usage of contextual information to assist in data
mining is of ever increasing importance. Such contextual information could
include meta information about subjects such as weight, height, age, sex, history of vital signs, as well as the history of previous decisions. It is also pos-
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sible to automate the retrieval of high-level information via available ontologies [17, 132] and link this information to the data.
Discovering of unseen features: Still, important features of the data which
may be unintuitive, e.g., frequency domain features may be needed for providing proper analysis and uncovering essential characteristics from the data which
cannot be obtained by hand-engineered features. It is also worth noting that in
real-world system such as home monitoring, it would be difﬁcult to model the
unexpected features with straightforward techniques.
Post-processing and representation: As a result of healthcare systems, an
upcoming approach could use classical data mining techniques together with
methods such as natural language generation which uncover trends in the data
but also explain the process to both expert and non-expert users. Works such
as [29,119] have demonstrated the possible uses of such systems in both clinical
and experimental contexts.
In sum, this chapter has provided an overview of the current trends and
challenges of mining physiological sensor data within health monitoring systems. The chapter investigated 1) the main data mining tasks in health monitoring systems, 2) the dominant data mining approaches that have been used,
and 3) various data types and their properties.
In relation to the rest of this thesis, this chapter has shown the need of considering new data analysis approaches to extract valuable information from the
data beyond expert knowledge. This need of data-driven mining of sensor data
is then performed in chapters 7 and 8, as the ﬁrst step within the framework of
describing physiological sensor data.
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in order to extract trends and patterns. This kind of information is then used
for the tasks of creating semantic representations and linguistic descriptions for
physiological sensor data (chapter 9).
With the increase of wearable sensor technology in both clinical and at
home settings, the accumulation of physiological sensor data requires a concentrated effort on the analysis and modelling of this data [58]. Via sensor
data analysis and modelling, it is possible to achieve a deeper understanding
of the correlations between long-term measurements of physiological parameters and medical conditions. Typically, this process involves diverse data mining techniques on sensor data to acquire patient-speciﬁc models [28, 213]. In
general, such approaches are either knowledge-driven or data-driven. Using a
knowledge-driven approach leads to a supervised model of information extraction, but information is restricted to expert domain knowledge [235]. On the
other hand, data-driven methods enable a system to discover hidden and potentially useful information through the physiological sensor data and to build
models based on the experimental data [28]. In order to leverage from datadriven approaches, a solution whereby hidden patterns can be captured and
made explicit in human consumable terms, i.e., semantics, is beneﬁcial. Such
an approach would not only facilitate automatic monitoring but contribute to
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other hand, data-driven methods enable a system to discover hidden and potentially useful information through the physiological sensor data and to build
models based on the experimental data [28]. In order to leverage from datadriven approaches, a solution whereby hidden patterns can be captured and
made explicit in human consumable terms, i.e., semantics, is beneﬁcial. Such
an approach would not only facilitate automatic monitoring but contribute to
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1 This speciﬁc product is now available on the provider’s web page with another commercial
name: Zephyr™ Strap [6].

Figure 7.1: The wearable sensor, Bioharness3 [5], worn on the chest is able to
locally store the measured data or wirelessly transmit it via Bluetooth.
a deepening and betterment of our knowledge in understanding the relationship
between speciﬁc ailments and large-scale physiological time series and continuous data. This chapter aims to present some of data mining models to ﬁnd such
patterns in physiological sensor measurements.

7.1 Input Time Series Sensor Data: Collection and
Acquisition
This section describes the process of collecting and acquiring sensor data in
non-clinical and clinical conditions. In this thesis, the collected non-clinical data
is used for the trend detection and trend descriptions. The acquired clinical data
tough is used wider for pattern abstraction, and later on in chapters 8 and 9
for linguistic description of such patterns.

7.1.1 Wearable Sensors, Non-clinical Data
The proposed approach here is designed to consider several continuous health
parameters which are collected by wearable sensors or clinical records of physiological data. In this work, a wearable sensing device called Bioharness3 [5] is
used which records various vital signs of the body including heart rate, respiration rate, skin temperature, activity, and electrocardiogram (ECG).1 This sensor
is worn on the chest and is able to locally store data or wirelessly transmitting
it via Bluetooth (Figure 7.1). In this process of data analysis, the input data is
continuous measurements which include physiological time series signals for a
speciﬁc period.
Within the non-clinical condition, focus is primarily given to health parameters heart rate (HR) and respiration rate (RR), which are common vital signs
in the health monitoring domain [28]. In this study, each health parameter is
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considered independently. An example of the input measurements is shown in
Figure 7.2. The data in this ﬁgure has been recorded for thirteen continuous
hours during the sequential activities such as exercising, walking, watching TV,
and sleeping.

7.1.2 Clinical Physiological Data
A challenge in the evaluation is to ﬁnd reliable data sets consisting of longterm measurements of physiological parameters (vital signs) where such sensor data is annotated with ground truth information about patients’ conditions. Although the proposed approach is applicable to a variety of settings
(Intensive care unit or ICU, ambulatory, and at-home monitoring), established
benchmarks are more readily available from sensor data sets in a clinical
setting. Thus, a data set of physiological sensor data from the online PhysioNet database is used [105]. In particular, a numeric data set within this
database called MIMIC (multi parameter intelligent monitoring for intensive
care) database [3] in considered. This data set contains periodic numeric measurements of physiological variables, such as heart rate, blood pressure, respiration rate, and oxygen saturation, obtained from bedside ICU monitors [156].
The entire database includes multiple recordings with various lengths of measurements (from 1 hour to 77 hours) which are acquired from 90 subjects (pa-
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Figure 7.2: An example of non-clinical measurements depicting thirteen hours
of heart rate (HR, top) and respiration rate (RR, down) during sequential activities. The unit bpm is used for both signals (beats per minute for heart rate
and breaths per minute for respiration rate).
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Table 7.1: Clinical conditions and their subjects in mimic database, after removing unreliable measurements.
Clinical
conditions

No. of
subjects
(records)

No. of
male/female

Age:
[min,max],
average

Average
length of
records

Resp. failure
Bleed
CHF
Brain injury
Sepsis
MI
Angina
Post-op Valve
Post-op CABG

10 (17)
2 (4)
13 (17)
2 (3)
4 (5)
6 (8)
2 (4)
2 (5)
3 (3)

7/3
1/1
6/7
1/1
3/1
2/4
1/1
0/2
1/2

[38,90], 67
[45,70], 57
[54,92], 75
[68,75], 70
[27,88], 64
[63,80], 68
[67,68], 67
[49,67], 58
[49,80], 66

32h25m
44h45m
33h15m
21h30m
31h20m
42h35m
41h10m
40h45m
40h20m

tients) with different ages and genders. The subjects in this database have been
manually labelled different clinical categories related to their medical problems.
In this work, the numeric records of the subjects from nine major clinical conditions have been selected to be analysed and modelled. The considered clinical
conditions include Respiratory failure, Bleed (loss of blood from the circulatory system), CHF (chronic heart failure), Brain injury, Sepsis, MI (myocardial
infarction, i.e. heart attack), Angina, Post-op Valve (heart valve surgery), and
Post-op CABG (coronary artery bypass grafting surgery). General properties of
the nine clinical conditions and the information about the selected subjects are
listed in Table 7.1.
Here, the subjects with records consisting of at least 12 hours of continuous
readings are considered to facilitate the identiﬁcation of patterns over longer
time horizons. Three physiological variables have been chosen to be processed:
heart rate (HR), means of blood pressure (BP), and respiration rate (RR). Each
measurement consists of long-term sequential data (i.e. time series) with a resolution of 1Hz. As an example, Figure 7.3 shows seven hours of sensor readings
from the raw sensor data of a patient suffering from the CHF condition for
variables HR, BP, and RR.
Working with the clinical measurements in the MIMIC database is challenging, due to dealing with incomplete, sparse, non-uniform, and irregular raw
data [154]. Before analysing the records of the subjects, the measurements are
cleaned in the following steps:
1. All records that include three mentioned physiological variables are
picked for analysis,

1. All records that include three mentioned physiological variables are
picked for analysis,
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Mining of physiological time series data is signiﬁcant not only to model but also
to detect speciﬁc health-related vital signs. One of the main challenges in the
healthcare area is how to analyse physiological data such that valuable information can help the end user (physician or layman). The data analysis module
aims to detect and represent the principal events and signiﬁcant trends which
are relevant for the end user. The proposed data processing method is unsupervised i.e., without expert knowledge or pre-deﬁned rules, and can discover
information which is not necessarily recognisable by an expert at ﬁrst glance.
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2. Measurements with short episodes (less than 12 hours) were discarded,
because ﬁnding meaningful patterns in a short period of data is not reasonable,
3. Since the data is collected in a clinical environment with wearable sensors, the signal readings involve plenty of artefacts and noise. To avoid
processing incorrect information

7.2 Partial Trend Detection in Physiological Time
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(a) Sensor readings with unreliable values (e.g. zero value for heart rate)
are discarded2 ,
(b) A local regression method (LOESS) as a smoothing function [99] is
applied on readings to reduce the amount of noisy data.
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The data analysis module includes preprocessing and segmentation steps which
help the system to perform statistical information and trend detection components.
Preprocessing
In comparison with clinical data, noise and artefacts (i.e., disturbances or abnormalities within the signals) are more predominant in the signal from wearable sensors. Thus, the preprocessing of signals is a necessary task. In this work,
artefacts are eliminated heuristically by setting some thresholds for each health
parameter. Then, the local regression method (LOESS) has been applied to reduce the noise in signals. This method is a non-parametric regression method
which is commonly used as smoothing function [149]. Figure 7.4b shows an
example of the LOESS smoothing model for heart rate and respiration rate
for the raw data presented in Figure 7.4a. The bandwidth parameter in this
method is adapted depending on the requirements of the output for resolution
of information. The output of this step is a prepared time series data for further
analysis.
Signal Segmentation
After the smoothed signals are generated, a representation for each time series
that captures temporal changes in the data is generated. Several methods have
been introduced such as Fourier and Wavelet transforms, Symbolic Mappings,
and Piecewise Linear models etc. [148] to represent the primary apparent attributes of the signals. Here, piecewise linear approximation (PLA) [130] as a
segmentation method is selected for this system which can make a signiﬁcant
representation of the time series simply and efﬁciently. The output of the PLA
method on a time series with length n is a set of linear segments with size
m (m  n). The most popular approach to calculate the PLA is Bottom-up
method. This approach starts with n/2 segments and merges the two next segments which have minimum distance error after merging. This process repeats
till some stopping criteria are satisﬁed. The criteria could be setting a threshold
on the maximum distance error and on the number of segments.
There are several methods to ﬁnd the optimal number of segments [82]. In
this work, the threshold parameter is heuristically tuned based on the requested
resolution of the output trends.
Figure 7.4c and Figure 7.4d show the examples of output of PLA method for
the smoothed heart rate and respiration rate time series presented in Figure 7.4b
with m=10 and m=25, respectively. Based on the request from the end user, it
is possible to provide all the details of events during the measurements or just
reporting the major trends and changes with tuning the number of segments.
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Trends are the essential features to detect in physiological time series data as
it can provide indications at an early stage of potential health issues and facilitate prevention. The acquired segments from the PLA approach are used to
detect trends by applying a trend detection algorithm. The aim of this method
is ﬁnding speciﬁc trends such as dropping, rising, or unstable changes in the
measurements. Several studies have previously examined partial trends on time
series segmentation [45, 124]. However, the challenge here is to determine
which number of segments corresponds to signiﬁcant events in the data. In
other words, if the number of generated segments is high and each corresponds
to a human understandable event, then the approach will produce too many
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events and overburden the user. In contrast, if the number of segments is low,
then valuable information about meaningful events could be lost.
To ﬁnd a proper solution to represent the trends, a partial trend is considered to be a subset of segments, which has a similar tendency as the segments
and relates to the orientation of data. Each time series is therefore represented
as a collection of partial trends. The preliminary step of the algorithm is to
normalise both axes of data by scaling them between 0 and 1. With this normalisation, the features of detected trends will be independent of the duration
and range of the data (either long-term or short-term data).
The set of segments obtained from the previous step is considered as the input of the proposed trend detection method. After normalising, this method
characterises the main attributes of the segments, which are longitude and
gradient. For each segment si , the length of segment (lensi ) and its gradient (gradsi ), the trend detection algorithm starts with a set of segments,
S = {s1 . . . sm }. Based on the deﬁned parameters, the algorithm decides for
the segment si : keep it and concatenate it with the current trend, keep it as
the ﬁrst segment of a new trend, or ignore it. The following function has been
deﬁned to make a balance between the features of si :
f(gradsi , lensi ) = (α − gradsi ) − 1/(λ − lensi ) × k

(7.1)

where the α and λ are the heuristic thresholds for gradient and length, respectively and k is a coefﬁcient to adjust the dependency of features. In this function,
if f(gradsi , lensi ) is more than zero then si is kept, otherwise it will be eliminated (except some conditions related to length of si and the gradients of its
adjacent). Algorithm 7.1 illustrates the trend detection method with showing
in which cases the algorithm makes a new trend or merges the segments in the
current trend. Figure 7.5 presents an output of trend detection algorithm for the
segmented heart rate and respiration signals. The annotations on the detected
trends will be described in Section 8.2.
Depending on the end user requirements, the proposed system supports
multi-resolution processing of the input signal and is able to summarise both
long and short-term measurements. Figure 7.6 shows the output of the trend
detection algorithm for two different resolutions of one measurement on heart
rate. The ﬁrst one is long-term data in 22 hours (Figure 7.6, top) and the second
one is short-term data in 4.5 hours (Figure 7.6, bottom). The algorithm has detected several partial trends in the second diagram within 4.5 hours. However,
the same portion of data has been identiﬁed as a single partial trend within 20
hours of time series data in the ﬁrst diagram.
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(7.1)

events and overburden the user. In contrast, if the number of segments is low,
then valuable information about meaningful events could be lost.
To ﬁnd a proper solution to represent the trends, a partial trend is considered to be a subset of segments, which has a similar tendency as the segments
and relates to the orientation of data. Each time series is therefore represented
as a collection of partial trends. The preliminary step of the algorithm is to
normalise both axes of data by scaling them between 0 and 1. With this normalisation, the features of detected trends will be independent of the duration
and range of the data (either long-term or short-term data).
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gradient. For each segment si , the length of segment (lensi ) and its gradient (gradsi ), the trend detection algorithm starts with a set of segments,
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Algorithm 7.1: Partial Trend Detection
Input: Set of segments, S = {s1 . . . sm }
Output: Set of trends, A = {a1 . . . al }, l  m
A←∅
new trend a
foreach si ∈ S do
if f(gradsi , lensi ) > 0 then
if si and si−1 are in different gradient then
add a to A
new trend a
add si to a
else
if lensi < λ then
if si and si−1 are in different gradient then
if si and si+1 are in same gradient then
add a to A
new trend a
add si to a
else
add si to a
else if gradsi < α then
add a to A
new trend a

Dealing with large time series with high granularities is typically a challenge [134]. One of the objectives of this section is to ﬁnd prototypical patterns in sequential data. This is mainly related to the general task of pattern
abstraction [82]. The main goal of prototypical pattern abstraction is to provide a set of representative patterns from raw time series data, which includes
two phases: 1) discretisation and 2) clustering.
Discretisation or segmentation is a solution to transform a time series
t = (t1 ,· · · , tn ) with n time points into a discrete sequence of segments
S(t) : s1 s2 · · · sm , where generally m  n. Within different approaches for
time series discretisation [82], a sliding window method is the most commonly
used algorithm. In a sliding window approach, a time series t is discretised to a
set of segments S(t) by sliding a window of size w with a given overlap on two
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Figure 7.5: The output of partial trend detection algorithm for two segmented
time series (HR on top and RR on bottom).
consecutive windows. Each segment si = (ti1 ,· · · , tiw ) is a subsequence of the
time series t, (1  i  m). The provided segments are potentially the candidate
to describe the unique attributes of the input data.
Clustering techniques are used for categorising the subsequences of time series, in order to exploit a reasonable number of representative patterns from
numerous segments. The advantage of using a clustering algorithm is that the
prototypical patterns are provided in a data-driven way without involving any
domain knowledge to customise the typical patterns. Applying a mean normalisation on each segment is a part of clustering progress to minimise the effect
of amplitudes of segments. Clustering subsequences of time series is a challenging matter discussed in the literature [71] and dependent on the discretisation
algorithm and distance method. Several clustering algorithms (e.g. k-means,
hierarchical, DBscan, etc.) along the various distance measures [145] can be
applied on the data to cluster all the subsequences si ∈ S(t) of time series t into
a speciﬁc number of clusters (k). Cluster centres are considered as the prototypical patterns of the time series. In other words, these patterns are captured
by averaging on the subsequences of clusters. Suppose Ct = {c1 ,· · · , ck } is the
set of prototypical patterns (clustering centres) of time series t, in which a prototypical pattern cj = (tj1 ,· · · , tjw ) is not necessarily an exact subsequence of
time series t. Thus, in the sequence of segments S(t), by replacing each segment
si with its cluster centre, the corresponding sequence of prototypical patterns
P(t) is generated as: P(t) : p1 · · · pm , where pi ∈ Ct .
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Discretisation: In order to provide the sequence of prototypical patterns for
each time series, the ﬁrst step is a discretisation method, introduced in Section 7.3.1. Discretisation of time series data needs ﬁrst to determine the size
of sliding window (w). Since this approach aims to provide a set of descriptive
rules based on the patterns, a meaningful range of values for the size of the sliding window (w) is tested. The length of overlap of two consecutive windows is
set to half of the window’s size, in order to avoid certain breaks in the signals
that might lead to losing a segment involving prototypical patterns. By applying
the discretisation method to the time series tHR , tBP , and tRR , the sequences of
The considered measurement for each condition includes three mentioned variables HR, BP, and RR. Suppose three time series tHR , tBP , and tRR , with the
same length of n corresponds to the measurements in HR, BP, and RR, respectively.

7.3.2 Prototypical Pattern Abstraction
Figure 7.6: An example of trend detection outputs for two different resolutions
of heart rate data. Top: 22 hours data with detected trends. Bottom: 4.5 hours
data captured from the last trend in the ﬁrst diagram.
Figure 7.6: An example of trend detection outputs for two different resolutions
of heart rate data. Top: 22 hours data with detected trends. Bottom: 4.5 hours
data captured from the last trend in the ﬁrst diagram.
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of sliding window (w). Since this approach aims to provide a set of descriptive
rules based on the patterns, a meaningful range of values for the size of the sliding window (w) is tested. The length of overlap of two consecutive windows is
set to half of the window’s size, in order to avoid certain breaks in the signals
that might lead to losing a segment involving prototypical patterns. By applying
the discretisation method to the time series tHR , tBP , and tRR , the sequences of
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segments will be obtained for physiological variables as S(tHR ), S(tBP ), and
S(tRR ), where |S(tv )| = 2 × (n/w) − 1, and v ∈ {HR, BP, RR}.
Clustering: The next phase is to extract the prototypical patterns of each
time series using clustering methods. Here, a k-means clustering is applied to
each set of segments, to categorise the segments into a set of clusters (k). In
this algorithm, k segments are selected as initial centres. Then other segments
are assigned to these centres based on their similarity, and the centre of each
cluster is updated. This process is repeated until the centres do not change
[106]. To optimise the number of clusters [121], a range of values is validated
by considering the modelling results while the clustering approach is used for
temporal rule mining task (this will be described in Section 8.1.4).
Before applying clustering, each subsequence is prepared as follows: If there
are several artefacts in a subsequence, then this subsequence is not considered
for further processing. The maximum number of allowed artefacts in a subsequence should be less than half of the length of the subsequence. If the number
of artefacts in the segment’s values exceeds a deﬁned threshold, the segment
si is removed from S(tv ). Otherwise, the artefacts will be replaced with the
values given by an interpolation method (i.e. cubic interpolation). After that,
each segment si ∈ S(tv ) (with the average value μsi ) is normalised to get zero
mean by subtracting the μsi from all values of si . This normalisation will invalidate the amplitude of segment values. So, the focus will be given to the trends
of segments while clustering applies. The normalisation is crucial, because the
segments with the same shape and trend need to be categorised in the same
cluster, rather than the segments with a similar range of values. The k-means
algorithm classiﬁes the pre-processed segments of S(tv ) into k clusters, with the
set of centres Ctv . Then the corresponding sequence of the prototypical patterns
P(tv ) is deﬁned as: P(tv ) : p1 · · · p|S(tv )| , where pi ∈ Ctv and 1  i  |S(tv )|.
It is worth noting that applying various distance functions implies the various amount of computational effort. The Euclidean distance is employed in
the clustering algorithm since it provides an efﬁcient computation of the distances between segments. Moreover, different clustering algorithms with various distance functions (e.g. Euclidean distance, dynamic time warping, etc.)
will provide distinct clusters and construct multiple prototypical patterns [172].
However, due to the time complexity of the other algorithms on big data, the kmeans algorithm with Euclidean distance is employed in the clustering progress,
which is not guaranteed to be the optimal, but sufﬁcient for the goal of ﬁnding
meaningful patterns.
An example of abstracted prototypical patterns from a sensor reading is
shown in Figure 7.7a, which depicts the cluster centres obtained from HR sensor data in CHF condition (w = 180, k = 7). Figure 7.7b presents the sequence
of prototypical patterns (PtHR ) for the ﬁrst two hours of HR data shown in
Figure 7.3.
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each segment si ∈ S(tv ) (with the average value μsi ) is normalised to get zero
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of segments while clustering applies. The normalisation is crucial, because the
segments with the same shape and trend need to be categorised in the same
cluster, rather than the segments with a similar range of values. The k-means
algorithm classiﬁes the pre-processed segments of S(tv ) into k clusters, with the
set of centres Ctv . Then the corresponding sequence of the prototypical patterns
P(tv ) is deﬁned as: P(tv ) : p1 · · · p|S(tv )| , where pi ∈ Ctv and 1  i  |S(tv )|.
It is worth noting that applying various distance functions implies the various amount of computational effort. The Euclidean distance is employed in
the clustering algorithm since it provides an efﬁcient computation of the distances between segments. Moreover, different clustering algorithms with various distance functions (e.g. Euclidean distance, dynamic time warping, etc.)
will provide distinct clusters and construct multiple prototypical patterns [172].
However, due to the time complexity of the other algorithms on big data, the kmeans algorithm with Euclidean distance is employed in the clustering progress,
which is not guaranteed to be the optimal, but sufﬁcient for the goal of ﬁnding
meaningful patterns.
An example of abstracted prototypical patterns from a sensor reading is
shown in Figure 7.7a, which depicts the cluster centres obtained from HR sensor data in CHF condition (w = 180, k = 7). Figure 7.7b presents the sequence
of prototypical patterns (PtHR ) for the ﬁrst two hours of HR data shown in
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segments will be obtained for physiological variables as S(tHR ), S(tBP ), and
S(tRR ), where |S(tv )| = 2 × (n/w) − 1, and v ∈ {HR, BP, RR}.
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physiological sensor data sets. This process involved collecting data from wearable sensors as well as acquiring proper physiological sensor data from clinical
conditions. Afterwards, this chapter has provided two main processes to analyse time series sensor data to catch the crucial behaviours of data. First, a trend
detection method has been presented to capture the partial trends among the
time series. Then, a pattern abstraction approach is introduced to extract the
prototypical patterns throughout the time series. These prototypical patterns
are the representative abstractions of the all possible time series subsequences
within the data. The importance of extracting such prototypical patterns is to
be able to determine which behaviours repeatedly occur in the time series. This
information is data-driven in a sense that there is no prior knowledge about
the patterns or no expert knowledge to deﬁne them beforehand. Also, detecting
such prototypical patterns is not a trivial task for an expert such as clinicians
or doctors by just exploring the recorded time series data. Therefore, these prototypical patterns are beneﬁcial for further investigations.
There are some limitations related to the data preprocessing and data cleaning methods. For both trend detection and pattern abstraction algorithms, sev-
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eral parameters have been set (either learned or just selected heuristically) that
are dependent on the input recorded data. For example, in the pattern abstraction approach, an automatic approach has been suggested to select the parameters of window size and number of clusters by using the given set of data.
However, providing a general method to automatically perform the parameter
selection task for any input data set is not investigated in this study. Besides,
the computational cost of the proposed algorithms (especially for pattern abstraction) is not optimised. There is a lack studying the suitable mechanism to
minimise the computational cost of the approaches. This point will be critical
if the size of input data grows.
In sum, this chapter shows how the raw numerical sensor data can be prepared and processes in order to either 1) be used for more complex data minings such as temporal rule mining among the patterns (Section 8.1), 2) be directly mapped to linguistic descriptions using template-based approaches (Section 8.2), or 3) be fed as perceived information to a semantic representation to
be turned to linguistic descriptions using the semantic inference (Chapter 9).
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tion approaches on physiological patterns, this chapter considers, mining more
complex information, and using template-based NLG approaches to map the
numerical data to the linguistic descriptions directly.
The output trends and patterns from data analysis can be considered as
input for different aspects of the work on the application side. Two sections
of this chapter present two aspects of data processing and interpreting such
prepared patterns and trends. 1) The ﬁrst section introduces a data processing
upon the abstracted patterns by automatically mining temporal rules from the
physiological sensor data in clinical conditions. This mining of temporal rules
will enrich the processed information into more useful knowledge. 2) The second section proposes simple linguistic description approaches to interoperate
the mind information in natural language, for all the processed information:
detected trends, abstracted patterns, and temporal rules.
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8.1 Mining Temporal Rules in Physiological Sensor
Data
This section is dedicated to present temporal rule mining as a data-driven analysis of the abstracted patterns. The generated set of rules captures the temporal
relationships between patterns of physiological data. This rule mining approach
is presented in this thesis to be used later in a template-based linguistic description approach (explained in Section 8.2). This section ﬁrst presents an overview
of association rule mining methods in general and mining temporal rules in the
medical domain. Afterwards, it gives details on the proposed approach to extract temporal rules from multi-channels of physiological time series data. The
output rules for clinical conditions are then compared using a rule similarity
measure that highlights the uniqueness of the rules in each condition.

8.1.1 Background on Temporal Rule Mining
Temporal rule mining is a promising approach to generate meaningful association rules from sequential data [197]. This section ﬁrst describes the standard
association rule mining method. Then it reviews rule mining approaches for
temporal data in the medical domain.
Association Rule Discovery
Suppose I = {i1 ,· · · , id } is a set of items (e.g. all the products in a store), and
D = {d1 ,· · · , dN } is a transactional database with N transactions (e.g. all the
shopping lists in a year). The support of an itemset A ⊂ I is the frequency of
the occurrence of A in all the transactions of D. The standard association rule
mining provides a set of rules in form of A ⇒ B. In this rule, A is antecedent and
B is the consequent, which are disjoint itemsets. Generally, a rule like A ⇒ B
means if the items of A occur in a transaction di , then the items of B also
will plausibly appear in di . Typical measures to show the strength of a rule
are support (sup) and conﬁdence (conf). Support of a rule shows how often
the rule itemsets occur in the database. Further, the conﬁdence of rule A ⇒ B
determines how frequently the itemset B occurs in transactions which contain
itemset A. Let PD (A) be the probability of the occurrence of an itemset A in D.
Then, support and conﬁdence of the rule A ⇒ B are deﬁned as [220]:
sup(A ⇒ B) = PD (A ∪ B),

(8.1)

conf(A ⇒ B) = pD (A|B) = sup(A ⇒ B)/pD (A)

(8.2)

The rules with sufﬁcient support and conﬁdence are typically known as
strong rules. The values of minsup and minconf are speciﬁed as the thresholds
for strong and meaningful rules. Association rules with low support may have
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Recently, temporal association rule mining methods have been applied on the
clinical data stream to identify complex relationships of the physiological sensor observations. Sacchi et al. [192] presented a knowledge-based approach for
rule mining from labelled temporal patterns in biomedical data. In [62], the
authors present temporal rule extraction for physiological data and address the
problem of visually analysing this kind of data. The study in [113] proposes a

occurred accidentally that will not be interesting as signiﬁcant rules. Similarly,
a rule with low conﬁdence cannot represent the frequent relations. Thus, the
thresholds minsup and minconf given by the user can avoid involving the ineffective rules in the result.

Temporal Rule Mining in Clinical Settings

Temporal Relations in Association Rules

Several versions of association rule mining algorithms have been introduced
to deal with non-transactional data which consist sequential items (i.e., time
series) to give temporal rules [134]. These algorithms adapt the deﬁnition of
elements in association rules based on the time-stamped data to involve temporal constraints between the antecedent and the consequent of a rule. As in
T
⇒ B, which intends “If A happens, B will happen within time
the case of A =
T ” [67]. Deﬁning the temporal rules needs a reasonably good understanding of
time-dependent relations between the temporal observations (items) [193].
Based on the Allen’s temporal logic [18], 13 possible relationships between
each pair of temporal patterns can be speciﬁed. For association rule mining of
temporal data, the abstracted patterns from time series are deﬁned as the items.
Then the set of transactions in rule mining method is constructed by all the
combinations of Allen’s operations between temporal patterns. Then all these
combinations of related temporal patterns from single or multivariate time series build the set of transactions. For instance, suppose two time series t1 and
t2 , with the prototypical patterns Ct1 and Ct2 , also sequences of prototypical
patterns P(t1 ) : p1 · · · pm and P(t2 ) : q1 · · · qm . To ﬁnd the coincident rules between t1 and t2 , the set of items is I = Ct1 ∪ Ct2 , and the set of transactions
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occurred accidentally that will not be interesting as signiﬁcant rules. Similarly,
a rule with low conﬁdence cannot represent the frequent relations. Thus, the
thresholds minsup and minconf given by the user can avoid involving the ineffective rules in the result.

Recently, temporal association rule mining methods have been applied on the
clinical data stream to identify complex relationships of the physiological sensor observations. Sacchi et al. [192] presented a knowledge-based approach for
rule mining from labelled temporal patterns in biomedical data. In [62], the
authors present temporal rule extraction for physiological data and address the
problem of visually analysing this kind of data. The study in [113] proposes a

8.1. MINING TEMPORAL RULES

8.1. MINING TEMPORAL RULES

Recently, temporal association rule mining methods have been applied on the
clinical data stream to identify complex relationships of the physiological sensor observations. Sacchi et al. [192] presented a knowledge-based approach for
rule mining from labelled temporal patterns in biomedical data. In [62], the
authors present temporal rule extraction for physiological data and address the
problem of visually analysing this kind of data. The study in [113] proposes a

occurred accidentally that will not be interesting as signiﬁcant rules. Similarly,
a rule with low conﬁdence cannot represent the frequent relations. Thus, the
thresholds minsup and minconf given by the user can avoid involving the ineffective rules in the result.

Temporal Rule Mining in Clinical Settings

Temporal Relations in Association Rules

Several versions of association rule mining algorithms have been introduced
to deal with non-transactional data which consist sequential items (i.e., time
series) to give temporal rules [134]. These algorithms adapt the deﬁnition of
elements in association rules based on the time-stamped data to involve temporal constraints between the antecedent and the consequent of a rule. As in
T
⇒ B, which intends “If A happens, B will happen within time
the case of A =
T ” [67]. Deﬁning the temporal rules needs a reasonably good understanding of
time-dependent relations between the temporal observations (items) [193].
Based on the Allen’s temporal logic [18], 13 possible relationships between
each pair of temporal patterns can be speciﬁed. For association rule mining of
temporal data, the abstracted patterns from time series are deﬁned as the items.
Then the set of transactions in rule mining method is constructed by all the
combinations of Allen’s operations between temporal patterns. Then all these
combinations of related temporal patterns from single or multivariate time series build the set of transactions. For instance, suppose two time series t1 and
t2 , with the prototypical patterns Ct1 and Ct2 , also sequences of prototypical
patterns P(t1 ) : p1 · · · pm and P(t2 ) : q1 · · · qm . To ﬁnd the coincident rules between t1 and t2 , the set of items is I = Ct1 ∪ Ct2 , and the set of transactions
D is constructed with all pairs of di : (pi , qi ) according to the ‘equal’ operation (1  i  m). The next step would be to apply the described association
rule mining algorithm to the provided transactions D and items I. The output of rule mining is a set of temporal rules R = {r1 , r2 ,· · ·}, where each rule
ρ
ri : A =
⇒ B represents the repetitive relation of itemsets A and B along the
operation ρ, where A, B ⊂ I and ρ ∈ {‘equal’, ‘start’, ‘meet’, . . .}. While
these approaches have been applied to physiological data [62, 166], they lack
comparing the provided rule sets in various medical conditions. This comparison can reveal valuable insights about the data. The approach presented in this
chapter attempts to address this problem.

Several versions of association rule mining algorithms have been introduced
to deal with non-transactional data which consist sequential items (i.e., time
series) to give temporal rules [134]. These algorithms adapt the deﬁnition of
elements in association rules based on the time-stamped data to involve temporal constraints between the antecedent and the consequent of a rule. As in
T
⇒ B, which intends “If A happens, B will happen within time
the case of A =
T ” [67]. Deﬁning the temporal rules needs a reasonably good understanding of
time-dependent relations between the temporal observations (items) [193].
Based on the Allen’s temporal logic [18], 13 possible relationships between
each pair of temporal patterns can be speciﬁed. For association rule mining of
temporal data, the abstracted patterns from time series are deﬁned as the items.
Then the set of transactions in rule mining method is constructed by all the
combinations of Allen’s operations between temporal patterns. Then all these
combinations of related temporal patterns from single or multivariate time series build the set of transactions. For instance, suppose two time series t1 and
t2 , with the prototypical patterns Ct1 and Ct2 , also sequences of prototypical
patterns P(t1 ) : p1 · · · pm and P(t2 ) : q1 · · · qm . To ﬁnd the coincident rules between t1 and t2 , the set of items is I = Ct1 ∪ Ct2 , and the set of transactions
D is constructed with all pairs of di : (pi , qi ) according to the ‘equal’ operation (1  i  m). The next step would be to apply the described association
rule mining algorithm to the provided transactions D and items I. The output of rule mining is a set of temporal rules R = {r1 , r2 ,· · ·}, where each rule
ρ
ri : A =
⇒ B represents the repetitive relation of itemsets A and B along the
operation ρ, where A, B ⊂ I and ρ ∈ {‘equal’, ‘start’, ‘meet’, . . .}. While
these approaches have been applied to physiological data [62, 166], they lack
comparing the provided rule sets in various medical conditions. This comparison can reveal valuable insights about the data. The approach presented in this
chapter attempts to address this problem.

Temporal Relations in Association Rules

Temporal Rule Mining in Clinical Settings

occurred accidentally that will not be interesting as signiﬁcant rules. Similarly,
a rule with low conﬁdence cannot represent the frequent relations. Thus, the
thresholds minsup and minconf given by the user can avoid involving the ineffective rules in the result.

Recently, temporal association rule mining methods have been applied on the
clinical data stream to identify complex relationships of the physiological sensor observations. Sacchi et al. [192] presented a knowledge-based approach for
rule mining from labelled temporal patterns in biomedical data. In [62], the
authors present temporal rule extraction for physiological data and address the
problem of visually analysing this kind of data. The study in [113] proposes a

8.1. MINING TEMPORAL RULES

122

CHAPTER 8. MINING & DESCRIBING PHYSIO. DATA

novel multivariate association rule mining based on change detection for complex data sets including numerical data streams. The authors in [157] introduce
an approach to generate the rules automatically from the linguistic data of coronary heart disease using subtractive clustering and fuzzy inference to determine
the diagnosis. In [20], a temporal technique for discovering frequent temporal
patterns is proposed to extract well-known patterns of sleep apnea-hypopnea
syndrome.
Although these systems have used rule mining techniques for health monitoring, none of them has focused on modelling the individual behaviours, along
with a descriptive approach to represent the output of the system (i.e. generated
rules). Also, those are mostly dependent on the initial knowledge provided by
the user.

8.1.2 A New Approach for Temporal Rule Mining
To apply an association rule mining approach on each clinical condition from
the MIMIC data set, all the selected records of the subjects with the same condition are accumulated to be analysed together. In this way, a more signiﬁcant
amount of data is involved in the process of rule mining, which leads to having
more robust rules for each clinical condition. Recall from Chapter 7, the considered measurements of physiological data for each condition includes three
variables HR, BP, and RR. Suppose three time series tHR , tBP , and tRR , with
the same length of n corresponded to the measurements in HR, BP, and RR,
respectively.
The sequences of patterns P(tHR ), P(tBP ), and P(tRR ), with size of m, are
obtained from the prototypical pattern abstraction, explained in Section 7.3.
Association rule mining is a suitable approach to discover the coherence relations between the patterns occurred among the multi-variables. In this work,
the focus is on the association rules between two pairs of physiological time
series, i.e. heart rate with blood pressure (HR&BP), and heart rate with respiration rate (HR&RR), although, more compound relations are also applicable
by applying complex temporal abstraction techniques [201]. As discussed in
Section 8.1, the main requirement for association rule mining is to identify the
set of items I and the set of transactions D. While considering the relation of
HR and BP patterns, the set of items I includes all the prototypical patterns in
both CtHR and CtBP .
Different temporal relations can be deﬁned on the discovered patterns to
specify the transactions, but in this study, a modiﬁed set of relations between
the patterns in physiological data is speciﬁed. Consider two multivariate signals
HR and BP with the sequences of patterns P(tHR ) and P(tBP ), respectively. Let
P1 represents one pattern in P(tHR ) and P2 represents at most two patterns in
P(tBP ). Three temporal relations between P1 and P2 are considered: ‘P1 equals
P2 ’, ‘P1 before P2 ’, and ‘P1 after P2 ’. It is worth noting that further temporal
relations such as meets and overlaps are only slightly different with before and
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where pi ∈ P(tHR ) and qi ∈ P(tBP ). Note that the relation ‘P1 before P2 ’
is equivalent to the relation ‘P2 after P1 ’, which means the opposite relations
between BP and HR are also covered by this deﬁnition. Figure 8.1 shows the
relational positions of patterns pi , and qi−2 · · · qi+2 in their corresponding pattern sequences for three deﬁned temporal relations.
The Apriori algorithm introduced in [11] is an efﬁcient algorithm for association rule mining from a set of transactions D, which initialises all possible itemsets from the items I and then generates a set of sufﬁcient rules like
A ⇒ B based on the co-occurrence of A and B in the transactions. This algorithm is based on the symbolic order of items, which can destroy the temporal relations in sequential data. However, in this approach, the temporal
relations of the patterns are implicitly speciﬁed in the deﬁnition of the introduced transactions. In other words, the Apriori algorithm is applied, but with
an adapted set of transactions Dρ including deﬁned temporal relations as their
a
items: Dρ = {dei , db
i , di | 1  i  |P(tHR )|}. Using the deﬁned set of temporal
transactions and the set of items (prototypical patterns), the generated rule is
ρ
formulated as: r : A =
⇒ B, where the antecedent (A) and consequent (B) can
be any of two subsequences P1 and P2 that are co-occurred in Dρ . The rule r
also expresses additional information about the temporal relation ρ between p
and q, such that ρ ∈ {‘equal’, ‘before’, ‘after’}. Applying the Apriori algorithm
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with accurate values for minsup and minconf leads to have a set of temporal
rules R = {r1 , r2 ,· · · , rn } as a result. This rule set consists of the main repetitive
relations of physiological data in sensor observations.

8.1.3 Temporal Rule Set Similarity
In this work, a similarity function is proposed to compute a ratio between the
number of rules from one rule set which occur in another rule set. The provided
temporal rules can be extended to represent the individual behaviour of vital
signs in a given condition. This similarity function can evaluate the distinction
between temporal rule sets. Suppose there are two rule sets R1 = {r1 ,· · · , rn1 }
and R2 = {r1 ,· · · , rn2 } including m and n rules, respectively. The overlapping
ratio of rule sets is a primary measure to investigate the characteristic properties
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⇒ B  ∈ R2 which is sufﬁciently similar to ri . Here,
the similarity of itemsets is measured through the use of the pattern matching
algorithms to ﬁnd the best-matched patterns [59]. If rj exists, then one overlap
is found between R1 and R2 , which means A ≈ A  , B ≈ B  , and ρ = ρ  .
It is notable that the corresponding itemsets need to be approximately equal,
whereas, the temporal relations have to be the same.
Searching for the occurrence of one rule in a rule set is presented in Algorithm 8.1. This algorithm shows how to ﬁnd the most analogous rule from R
to an input rule r (with the assumption of r∈R).
/
If such a matched rule rm can
be detected in R, it derives that the rule r most likely appears in R as well.
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Suppose IR1 and IR2 are the most likely distinct sets of items (patterns) for
the temporal rule sets R1 and R2 , respectively. To ﬁnd the equivalent rule to
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ri : A =
⇒ B ∈ R1 in rule set R2 (if exists), the approach searches for the most
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Overlap(R1 , R2 ) = |R1 ∩ R2 | / |R1 ∪ R2 |.

(8.6)

In a standard rule association mining with a constant database of items,
counting the intersection of the rules in R1 and R2 is straightforward, since it
is easy to check the equivalence of rules. Two rules ri : A ⇒ B and rj :C⇒D
are equivalent if their corresponding itemsets are equal: A = C and B = D.
However, the main issue with temporal rule sets produced by this approach is
that the sets of items in different rule sets are entirely distinct. In other words,
for different cases, there are different sets of prototypical patterns (items), and
consequently different itemsets in the ﬁnal rules. Thus, ﬁnding the overlap of
temporal rule sets using Equation 8.6 utilising this function is not informative.
Here, an alternative solution is proposed.
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8.1.3 Temporal Rule Set Similarity
with accurate values for minsup and minconf leads to have a set of temporal
rules R = {r1 , r2 ,· · · , rn } as a result. This rule set consists of the main repetitive
relations of physiological data in sensor observations.
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Algorithm 8.1: RuleMatch(r, R, IR )
ρ

Data: r : A =
⇒ B, R = {r1 ,· · · , rn } with set of items IR , (r ∈
/ R).
ρ
Result: rm : Am =
⇒ Bm , where rm ∈ R and Am , Bm ⊂ IR .
Am ← best patterns matched to A from IR ;
Bm ← best patterns matched to B from IR ;
ρ
rm ← Am =
⇒ Bm ;
ρi
foreach ri : Ai =
⇒ Bi ∈ R do
if ri = rm (Ai = Am & Bi = Bm & ρi = ρ) then
return rm ;

The next step is to measure how strong a rule occurs in another rule set. The
method for checking the occurrence of a rule in another rule set leads to deﬁne
a non-symmetric similarity measure, called Occurrence R1 (R2 ), the occurrence
ratio of R1 in R2 (previously called Appearance ratio in [30]). This measure
represents how often rules with high support and conﬁdence that appear in R1
also occur in R2 , considering their strength in R2 . It means that while ﬁnding
the closest rules of R2 to the rules in R1 , the values of support and conﬁdence
of matched rules are also considered in the occurrence ratio.
Algorithm 8.2 presents computing the occurrence ratio measure, which is
scaled by the summation on the support and conﬁdence of the rules in R2 .
Evidently, if the occurrence ratio of a rule set in another is considerably high, it
shows these two rule sets are meaningfully associated. In contrast, if the ratio
is considerably low, it indicates of few connections between rule sets, in a sense
that two rule sets are distinct.

return ∅; //rule not found
Algorithm 8.2: Occurrence(R1 , R2 , IR2 )
Data: Rule set R1 , and rule set R2 with set of items IR2 .
Result: ratioR1 inR2 : Occurrence ratio of R1 in R2 .
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weightR1 inR2 ← weightR1 inR2 + supR2 (r  ) × confR2 (r  );
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8.1.4 Results: Distinctive Rules in Clinical Settings
This section presents the experimental results of the rule sets in clinical settings
from MIMIC database records. As discussed in Section 7.1.2, the raw data is
fetched from the online MIMIC database. This data set includes a set of physiological measure nets that each belongs to a subject (i.e., patient) with a certain
type of clinical condition. In this data set, only records that include three health
parameters heart rate (HR), blood pressure (BP) and respiration rate (RR) are
considered. The average length of all the measurements for a clinical condition
in the data set is about 250 hours, and this average for a subject is around 50
hours. For each of the nine clinical conditions described in Table 7.1, temporal rule mining approach is applied to two pairs of sensor data: HR&BP and
HR&RR. The output model of the rule mining approach is thus a collection of
rule sets for clinical conditions.
Parameter Selection
To select the optimal values during pattern abstraction and rule mining phases,
a voting approach is used considering the strength of the generated rules. Four
parameters are optimised: window size, number of clusters, and the best thresholds for support and conﬁdence. The window size is applied between 1 to 5
minutes, and the number of clusters is set between 5 to 9. Due to the small
number of patients in the data set, optimising the parameters by applying rule
mining on the entire measurements will lead to overﬁtting the model, and it
does not indicate how well the method will generalise to unknown data sets. So,
to avoid overﬁtting the model, a leave-one-out cross-validation approach [50] is
used for ﬁnding the best parameters. For each clinical condition, this approach
leaves out a patient’s records in each fold of the validation as the hold-out set
and applies the modelling on the rest of the patients as the training set.
After preparing the data for both training and hold-out sets for each combination of parameters, the validation of parameters are examined with two
measures: Interest and J-measure. These measures indicate the quality of rules
in different aspects [221].
By voting between the top rules with the highest values in these measures
on the hold-out sets in all the iterations (folds), this approach is able to ﬁnd the
parameters that achieve the best average results. More precisely, with different
values of w and k, all the models (on the train and test data sets) are generated in each clinical condition. Then, with different thresholds on support and
conﬁdence, the measures Interest and J-measure are calculated.
By voting again on the highest results of measures in the entire models, the
best values of parameters are selected as w = 180 and k = 7. These values
are obtained with the best cut-off values minsup = 0.05 and minconf =
0.45. Figure 8.2 depicts an example of applying the cross-validation approach
for the MI clinical condition. This run includes six iterations (folds) for six
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values of w and k, all the models (on the train and test data sets) are generated in each clinical condition. Then, with different thresholds on support and
conﬁdence, the measures Interest and J-measure are calculated.
By voting again on the highest results of measures in the entire models, the
best values of parameters are selected as w = 180 and k = 7. These values
are obtained with the best cut-off values minsup = 0.05 and minconf =
0.45. Figure 8.2 depicts an example of applying the cross-validation approach
for the MI clinical condition. This run includes six iterations (folds) for six
Parameter Selection
This section presents the experimental results of the rule sets in clinical settings
from MIMIC database records. As discussed in Section 7.1.2, the raw data is
fetched from the online MIMIC database. This data set includes a set of physiological measure nets that each belongs to a subject (i.e., patient) with a certain
type of clinical condition. In this data set, only records that include three health
parameters heart rate (HR), blood pressure (BP) and respiration rate (RR) are
considered. The average length of all the measurements for a clinical condition
in the data set is about 250 hours, and this average for a subject is around 50
hours. For each of the nine clinical conditions described in Table 7.1, temporal rule mining approach is applied to two pairs of sensor data: HR&BP and
HR&RR. The output model of the rule mining approach is thus a collection of
rule sets for clinical conditions.

8.1.4 Results: Distinctive Rules in Clinical Settings
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in patterns of HR and the other two variables has been considered. The results of this version are published in [30]), but not detailed in this chapter. The
explained approach in this chapter (published in [32]) is the extension of the
early version to consider more temporal relations. It is worth mentioning that
the number of temporal relations is just one aspect of the distinctions between
these two approaches. To compare the results of the extended version with the
previous one, let’s call the ﬁrst approach TRM-ρ1 (temporal rule mining with
one relation), and the extended approach TRM-ρ3 (temporal rule mining with
three relations). Figure 8.3 shows the number of rules provided in both TRM-ρ1
and TRM-ρ3 approaches concerning the multivariate time series HR&BP and
HR&RR in each clinical condition. The output sets of temporal rules indicate
a collection of data-driven features which are independently able to describe
their corresponding clinical conditions. To illustrate the variation of prototyp-
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the mentioned values of w and k for a selected hold-out set.
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As an example of output ratios, the matrix in Table 8.1 shows the obtained
values of the occurrence ratio for temporal rule sets in HR&RR time series.
Since the occurrence ratio is a non-symmetric similarity function, the values in
Table 8.1 are not symmetric. For instance, the Occurrence RMI (RCHF ) is 27%,
whereas Occurrence RCHF (RMI ) is 16%. The main reason for this variation is
that the occurrence ratio is a weighted function which is calculated based on
the support and conﬁdence of the rules in only the second rule set. So, a subset
of temporal rules with strong support and conﬁdence values in their own rule
set may appear in another rule set with weak corresponding support and conﬁdence in the second one. The results in the matrix show the low occurrence
ratios between the rule sets of clinical conditions.
In comparison with the former method TRM-ρ1 , the proposed approach for
temporal rule mining TRM-ρ3 is also providing much lower values of occurrence ratios between clinical conditions since the temporal rules are more specialised using the extra temporal relations. Figure 8.5 depicts a graphical comparison between the results of the occurrence ratios based on two approaches
TRM-ρ1 and TRM-ρ3 in a box plot diagram. This ﬁgure shows most of the ratio
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Table 8.1: Occurrence ratios of rule sets for each pair of clinical conditions in
multivariate time series HR&RR, using TRM-ρ3 .

3%
3%
0%
2%
0%
32%
3%
65%

7%
0.5%
38%
13%
0%
15%
27%
55%
-
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rich similarity between the rule sets of the subject and its corresponding clinical
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conditions can indicate the correctness of the proposed evaluation.
Table 8.2 shows the three signiﬁcant clinical conditions, with the number of
subjects in each of them, in which their clinical labels have been revealed as one
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Table 8.2: Subjects with the same condition in their nearest rule sets.
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numerical information to linguistic characterisations. These approaches are applied to three sets of information derived from data analysis methods: partial
trends, prototypical patterns, and temporal rules of patterns. It is notable that
the proposed approaches here are heuristic and are the ﬁrst attempt to generate
natural language text for derived numerical information. It will be shown in
Chapter 9 that how semantic representations can be involved in the process of
text generation in order to enrich the ﬁnal description of such information.

8.2.1 Trend and Pattern Description
A text generation method proposed in [29] provides a framework to detect
and represent partial trends in sequential patterns. The method ﬁrst detects the
partial trends of an input time series based on their numeric features such as
slope and duration. Then it characterises the partial trends in a textual form
using a mapping function between numeric and symbolic terms such as sudden
increase, steady decay, much ﬂuctuated, and so on. By employing this method,
the patterns in a temporal rule can be described based on their partial trends.
The beneﬁt of using natural language generation to represent the trends is that
all the temporal events from a set of physiological time series data could be
summarised in a textual output, which helps the end user to get a global perspective of the repetitive patterns and their temporal correlations in a massive
amount of measurements.
The linguistic description approach applied for trend characterisation is inspired by the NLG architecture proposed by Reiter and Dale [185]. As presented in Chapter 2, this architecture includes the steps of data interpretation,
document planning, microplanning and realisation (See Section 2.3.2 for more
details). This section describes the linguistic characterisation of the detected
trends only in the data analysis phase which is a part of microplanning module. For other tasks in NLG system, the framework follows the developed NLG
methods in [185] or more recently in [119].
While extracting partial trends from time series data to represent them in
natural language, the orientation of detected trends is interpreted in linguistic
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One descriptive way of representing the rules is to generate a textual representation of them for the end user of the system. A simple representation of
a typical rule, r : A ⇒ B in natural language text is to put the relation and
the deﬁnition of the itemsets as the antecedent and consequent in a textual format such as: “When (If/while) A occurs (happens), then (after that, at the same
time) B will occur”. For instance, in the example of market basket [207], a rule
could be explained as: “Customers who buy bread and cheese are likely to buy
milk.” The main challenge in the textual representation of the temporal rules
ρ
r:A=
⇒ B is to involve the temporal relation (ρ) into the rule representation.
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terms. For this reason, two following features of each trend are considered:
(1) the duration of trend and (2) the range of values that trend belongs to. To
meet the requirements of the end user and domain speciﬁcity, the system uses
a fuzzy granulation. A heuristic method is used to map between the mentioned
features and the linguistic terms considering the following behaviours of trends:
the duration of the trend to be represented (short, medium, long), and the range
of trend would be represented (small, medium, big). Note that depending on
some criteria like the goal of the system, the end user’s needs and the type of
input health parameter, the function of identifying these terms may vary.
With this categorisation, the system can fetch the linguistic terms to describe
each trend (with speciﬁed duration and range) in natural language sentences.
These sentences include particular portions such as subject, verb, adverb etc.
which have to be clariﬁed by the system. An example of deﬁned lexicons for the
trend’s behaviour is illustrated in Table 8.3 which includes a set of suggestions
for the proper verbs and adverbs in each combination of speciﬁed duration and
range. Figure 8.6 shows some instances of linguistic terms for extracted trends
in HR (top) and RR (down) signals.
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could be explained as: “Customers who buy bread and cheese are likely to buy
milk.” The main challenge in the textual representation of the temporal rules
ρ
r:A=
⇒ B is to involve the temporal relation (ρ) into the rule representation.
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terms. For this reason, two following features of each trend are considered:
(1) the duration of trend and (2) the range of values that trend belongs to. To
meet the requirements of the end user and domain speciﬁcity, the system uses
a fuzzy granulation. A heuristic method is used to map between the mentioned
features and the linguistic terms considering the following behaviours of trends:
the duration of the trend to be represented (short, medium, long), and the range
of trend would be represented (small, medium, big). Note that depending on
some criteria like the goal of the system, the end user’s needs and the type of
input health parameter, the function of identifying these terms may vary.
With this categorisation, the system can fetch the linguistic terms to describe
each trend (with speciﬁed duration and range) in natural language sentences.
These sentences include particular portions such as subject, verb, adverb etc.
which have to be clariﬁed by the system. An example of deﬁned lexicons for the
trend’s behaviour is illustrated in Table 8.3 which includes a set of suggestions
for the proper verbs and adverbs in each combination of speciﬁed duration and
range. Figure 8.6 shows some instances of linguistic terms for extracted trends
in HR (top) and RR (down) signals.
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Figure 8.6: The output of the partial trends for two segmented time series (HR
on top and RR on bottom), shown in Figure 7.5.
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As mentioned before, for two subsequences of patterns P1 and P2 with the reρ
ρ
lation ρ, both temporal rules P1 =
⇒ P2 and P2 =
⇒ P1 can be generated through
the association rule mining method. Although the temporal relation is same for
these two rules, the meaning and interpretation of them are practically different, because the roles of antecedent and consequent have been swapped. For
this reason, a linguistic mapping from temporal rules to their messages should
be deﬁned. Table 8.4 illustrates a mapping for these two rules with the itemsets
P1 and P2 while considering the deﬁned temporal relations ρ ∈ {‘equal’, ‘before’,
‘after’}.
Another challenge of textual rule representation while dealing with patterns is how to explain the antecedent and consequent patterns as temporal
subsequences in a meaningful way. Since a data-driven approach extracts the
prototypical patterns, there is no predeﬁned characterisation of them by the
expert. Therefore, a linguistic description of the prototypical patterns of the
subsequences P1 and P2 should be generated in the place-holders denoted by
[P1 ] and [P2 ] in Table 8.4. For instance, an output text like “After a gradual
decrease in pattern P1 , then pattern P2 has a big rise and then a sharp drop”
is understandable, to interpret the behaviour of patterns in discovered rules for
the end user.
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these two rules, the meaning and interpretation of them are practically different, because the roles of antecedent and consequent have been swapped. For
this reason, a linguistic mapping from temporal rules to their messages should
be deﬁned. Table 8.4 illustrates a mapping for these two rules with the itemsets
P1 and P2 while considering the deﬁned temporal relations ρ ∈ {‘equal’, ‘before’,
‘after’}.
Another challenge of textual rule representation while dealing with patterns is how to explain the antecedent and consequent patterns as temporal
subsequences in a meaningful way. Since a data-driven approach extracts the
prototypical patterns, there is no predeﬁned characterisation of them by the
expert. Therefore, a linguistic description of the prototypical patterns of the
subsequences P1 and P2 should be generated in the place-holders denoted by
[P1 ] and [P2 ] in Table 8.4. For instance, an output text like “After a gradual
decrease in pattern P1 , then pattern P2 has a big rise and then a sharp drop”
is understandable, to interpret the behaviour of patterns in discovered rules for
the end user.
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ρ
lation ρ, both temporal rules P1 =
⇒ P2 and P2 =
⇒ P1 can be generated through
the association rule mining method. Although the temporal relation is same for
these two rules, the meaning and interpretation of them are practically different, because the roles of antecedent and consequent have been swapped. For
this reason, a linguistic mapping from temporal rules to their messages should
be deﬁned. Table 8.4 illustrates a mapping for these two rules with the itemsets
P1 and P2 while considering the deﬁned temporal relations ρ ∈ {‘equal’, ‘before’,
‘after’}.
Another challenge of textual rule representation while dealing with patterns is how to explain the antecedent and consequent patterns as temporal
subsequences in a meaningful way. Since a data-driven approach extracts the
prototypical patterns, there is no predeﬁned characterisation of them by the
expert. Therefore, a linguistic description of the prototypical patterns of the
subsequences P1 and P2 should be generated in the place-holders denoted by
[P1 ] and [P2 ] in Table 8.4. For instance, an output text like “After a gradual
decrease in pattern P1 , then pattern P2 has a big rise and then a sharp drop”
is understandable, to interpret the behaviour of patterns in discovered rules for
the end user.
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As mentioned before, for two subsequences of patterns P1 and P2 with the reρ
ρ
lation ρ, both temporal rules P1 =
⇒ P2 and P2 =
⇒ P1 can be generated through
the association rule mining method. Although the temporal relation is same for
these two rules, the meaning and interpretation of them are practically different, because the roles of antecedent and consequent have been swapped. For
this reason, a linguistic mapping from temporal rules to their messages should
be deﬁned. Table 8.4 illustrates a mapping for these two rules with the itemsets
P1 and P2 while considering the deﬁned temporal relations ρ ∈ {‘equal’, ‘before’,
‘after’}.
Another challenge of textual rule representation while dealing with patterns is how to explain the antecedent and consequent patterns as temporal
subsequences in a meaningful way. Since a data-driven approach extracts the
prototypical patterns, there is no predeﬁned characterisation of them by the
expert. Therefore, a linguistic description of the prototypical patterns of the
subsequences P1 and P2 should be generated in the place-holders denoted by
[P1 ] and [P2 ] in Table 8.4. For instance, an output text like “After a gradual
decrease in pattern P1 , then pattern P2 has a big rise and then a sharp drop”
is understandable, to interpret the behaviour of patterns in discovered rules for
the end user.
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Table 8.4: A template-based textual representation of rules with temporal relations.

As described in Section 8.2.2, the signiﬁcant tasks in temporal rule representation are 1) characterising the main trends in each of antecedent and consequent
as patterns and 2) realising the form of temporal relation in a provided rule
(Table 8.4). The partial trends in the patterns of a temporal rule are textually
represented based on their numeric features and conduct, which is proposed
in Section 7.2. The linguistic demonstrations of the temporal relation between
the antecedent (here, HR) and consequent (here, BP and RR) of a rule are provided by a variety of words which are employed from expert knowledge. For
instance, the equal relation is presented with the terms “at the same time, simultaneously, concurrently, etc.” or the relations before and after are shown
with “before that, earlier, just after that, later, afterwards, etc.”. Moreover, the
strength of a temporal rule based on its support and conﬁdence values can be
also represented in the corresponding sentence. It provides a meaningful impression on the rule strength for the reader of the textual messages. Various
terms and phrases for the values of support and conﬁdence can be used. As an
example the sentence of a temporal rule with a high conﬁdence value is started
with the terms like: “most of the time” or “commonly”. In this work, since
the rules are generated to show the sequential happenings in the entire data,
the general conditional (if-then) sentence is implemented to characterise the antecedent and consequent of rules. It is worth to note that to make the ﬁnal text
more natural, different templates of conditional sentences have been applied
(e.g. using “when” or “after”, instead of “if ”).
Table 8.5 shows the generated textual representation of the acquired temporal rules in Figure 8.4. In these output examples, each sentence describes a
discovered temporal rule to specify the temporal relation inside the rule with
the partial trends in each of the appeared prototypical patterns, followed by
the corresponding clinical condition. An advantage of generating ﬁnal output
in natural language is a textual description that is understandable and interpretable by the end user of the system.
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more natural, different templates of conditional sentences have been applied
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example the sentence of a temporal rule with a high conﬁdence value is started
with the terms like: “most of the time” or “commonly”. In this work, since
the rules are generated to show the sequential happenings in the entire data,
the general conditional (if-then) sentence is implemented to characterise the antecedent and consequent of rules. It is worth to note that to make the ﬁnal text
more natural, different templates of conditional sentences have been applied
(e.g. using “when” or “after”, instead of “if ”).
Table 8.5 shows the generated textual representation of the acquired temporal rules in Figure 8.4. In these output examples, each sentence describes a
discovered temporal rule to specify the temporal relation inside the rule with
the partial trends in each of the appeared prototypical patterns, followed by
the corresponding clinical condition. An advantage of generating ﬁnal output
in natural language is a textual description that is understandable and interpretable by the end user of the system.
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Table 8.5: Textual representation of the acquired rules in Figure 8.4.
Rules

Linguistic Description

Fig. 8.4 (a)

In the Bleed condition, occasionally when the heart rate
normally rises (7 beats) and steadily decreases (4 beats), at
the same time the blood pressure normally rises (10 units).

Fig. 8.4 (b)

In the MI condition, usually when the respiration rate decays and then rises in a very small range, simultaneously
the heart rate decays and rises very slowly.

Fig. 8.4 (c)

In the Angina condition, most frequently if the heart rate
sharply decreases (10 beats) and suddenly rises (13 beats),
later, the blood pressure reduces very slowly.

Fig. 8.4 (d)

In the Post-op Valve condition, most of the time the respiration rate sharply increases (7 breaths) and steadily reduces
(3 breaths, just before that, the heart rate decreases in a
very small range.

Fig. 8.4 (e)

In the MI condition, usually after the heart rate steadily increases (5 beats) and normally reduces (2 beats), the blood
pressure ﬂuctuates in a very small range.

Fig. 8.4 (f)

In the Sepsis condition, most of the time before the respiration rate normally rises (2 breaths) and suddenly decreases
(5 breaths), the heart rate steadily decreases (6 breaths).

The approach introduced in the ﬁrst section of this chapter presents a descriptive model of temporal rule mining to generate meaningful rules for physiological sensor data in a clinical setting. This modelling also underlies the uniqueness
of the rule sets for considering cases, which means each provided rule set contains distinct rules that are unique to their model. The advantage of providing
distinctive rules for clinical conditions is to enable physicians to discover speciﬁc behaviours of vital signs, which are not necessarily recorded in medical
ontologies. The proposed approach is able to exploit unseen and distinctive information per patient or condition. This information can assist the clinicians in
individual decision making.
The second section of this chapter introduces the approaches to describe
the mind information linguistically. First, it is shown how linguistic terms can
annotate the partial trends and prototypical patterns (extracted in data analysis
phase in Chapter 7). Then, with the use of the annotated trends and patterns, a

8.3 Discussion and Summary
In the Sepsis condition, most of the time before the respiration rate normally rises (2 breaths) and suddenly decreases
(5 breaths), the heart rate steadily decreases (6 breaths).

Fig. 8.4 (f)

In the MI condition, usually after the heart rate steadily increases (5 beats) and normally reduces (2 beats), the blood
pressure ﬂuctuates in a very small range.

Fig. 8.4 (e)
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distinctive rules for clinical conditions is to enable physicians to discover speciﬁc behaviours of vital signs, which are not necessarily recorded in medical
ontologies. The proposed approach is able to exploit unseen and distinctive information per patient or condition. This information can assist the clinicians in
individual decision making.
The second section of this chapter introduces the approaches to describe
the mind information linguistically. First, it is shown how linguistic terms can
annotate the partial trends and prototypical patterns (extracted in data analysis
phase in Chapter 7). Then, with the use of the annotated trends and patterns, a
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very small range.
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the heart rate decays and rises very slowly.

Fig. 8.4 (b)

In the Bleed condition, occasionally when the heart rate
normally rises (7 beats) and steadily decreases (4 beats), at
the same time the blood pressure normally rises (10 units).

Fig. 8.4 (a)
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distinctive rules for clinical conditions is to enable physicians to discover speciﬁc behaviours of vital signs, which are not necessarily recorded in medical
ontologies. The proposed approach is able to exploit unseen and distinctive information per patient or condition. This information can assist the clinicians in
individual decision making.
The second section of this chapter introduces the approaches to describe
the mind information linguistically. First, it is shown how linguistic terms can
annotate the partial trends and prototypical patterns (extracted in data analysis
phase in Chapter 7). Then, with the use of the annotated trends and patterns, a
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Linguistic Description

Rules

Table 8.5: Textual representation of the acquired rules in Figure 8.4.
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text, the limitation of this approach is the richness of the provided annotations
and labels for the partial trends and patterns. This method has been only relying on the shape and the trends of the time series patterns. So, an alternative
pass to describe unknown patterns and temporal rules is to describe them by a
model that is constructed on the basis of the known annotated patterns. Semantic representations that are presented in Part I can play this role in a linguistic
description method.
In sum, this chapter provides a more in-depth analysis of the extracted patterns of physiological data to ﬁnd temporal rules among those patterns. After,
it presented linguistic description approaches to turn patterns and rules into
natural language texts. Chapter 9 shows how a semantic representation can
help the linguistic description approaches to enrich the ﬁnal text, and how it
can help to describe further (and possibly unknown) observations.
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“Long before worrying about how to convince others, you
ﬁrst have to understand what’s happening yourself.”

T

Linguistic Descriptions for
Time Series Patterns using
Conceptual Spaces

his chapter presents the application of the proposed semantic representations in Part I in the area of physiological sensor data. As mentioned in
Part I, the input of a semantic representation needs to be a set of perceived
information with certain attributes (namely involving labels and features for
observations). This thesis has employed data analysis approaches to extract
meaningful and interesting information. These approaches have already been
widely discussed in chapters 7 and 8. The abstracted patterns from sensor data
are now used in a semantic representation, and then be utilised to infer linguistic descriptions, as will be presented in this chapter. The distinctive approach
presented here is the ability of modelling and interpreting new observations
that are could be unknown (i.e., not pre-deﬁned) for the system.
Within the ﬁeld of time series data mining, the perception-based analysis of
patterns attempts to formalise knowledge and simulate human reasoning [35].
Linguistic descriptions can represent the perceptions (i.e., words such as low,
increasing, most of the time, etc.) of time series patterns. A time series pattern is a subsequence of a univariate time series containing a meaningful behaviour or trend of the data. Many studies consider the problem of qualitative
analysis of time series patterns and its manipulation with linguistic information [32, 36, 124, 165, 237]. However, in most of them, the required linguistic
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information is limited by the expert or domain knowledge. In other words, the
developed systems are designed to cover speciﬁc trends and shapes of patterns
with a particular set of the requested linguistic characterisations as the general
vocabulary. For example, Yu et al. [237] developed a natural language generation (NLG) framework to summarise the patterns in large time series in a few
sentences. This framework uses an ontology of patterns as general vocabulary
like a spike, a step, etc. to comply with the linguistic requirements. The major
drawback of such a system is that any other observation (pattern) which is not
matched with the provided vocabulary cannot be described and reported in the
ﬁnal summary.
Here, the conceptual spaces theory is used to represent the linguistic characterisation of time series patterns in a semantic model. According to the proposed approach in Part I, this model provides a symbolic representation of both
known and unknown patterns. This chapter shows how to construct such conceptual space for a given set of time series patterns, also shows how to inference
in the conceptual space for the linguistic characterisation of time series patterns.

9.1 Constructing a Conceptual Space of Time Series
Patterns
Assume that there is a set of time series patterns with varying lengths, which
are labelled with a set of linguistic terms (See Figure 9.1). Here, the same set of
physiological patterns that are extracted from the MIMIC data set (explained in
Chapter 7) are used. The time series patterns are exploited from heart rate and
respiration rate recorded in several clinical conditions [32]. From this data set,
78 patterns are used as known observations with varying time durations, which
are categorised (i.e., labelled by experts) into four known classes: increasing,
decreasing, spike, and oscillation. These class labels of time series patterns are
acquired from the common behavioural labels used in the literature of mining
and linguistic characterisation of shapes and trends in time series data [35,107,
165, 236].
Formally, the data set and the labels of the patterns are deﬁned as: Dp =
{o1 , . . . , o78 } and Yp = { yin : ‘Increasing’, yde : ‘Decreasing’, ysp : ‘Spike’,
yos : ‘Oscillation’ }. Although there many other types of behaviours for time
series patterns, these four classes are primarily chosen to simplify the process
of conceptualising the patterns. Figure 9.1 shows the typical examples of such
patterns for each of the mentioned classes of the data set. Regarding the set of
class labels Yp , the set of concepts is deﬁned as: Cp = {Cin , Cde , Csp , Cos }.
Initialising the primitive set of characteristic features is another input to
build the conceptual space of time series patterns. There are many characteristic features for analysing and modelling time series data, from simple
statistical features to frequency related ones. As mentioned in the leaf data
set, the criterion is how describable or interpretable the features are in lin-
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in the conceptual space for the linguistic characterisation of time series patterns.
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1 For some features, I needs to be set manually based on a mapping function from feature’s
i
values to one value in an interval. For example, the outputs of Fourier transform (fft) function of a
pattern is mapped to the values in the interval [0.1], likewise for ﬁrst and second derivatives

After calculating all these features for every known observation, the conceptual
space construction approach has been applied with the inputs of known labelled observations Dp , label set Yp , and feature set Fp . The approach ﬁrst

9.1.1 Domain Speciﬁcation for Time Series Pattern Data Set
Figure 9.1: Four sets of time series patterns, presenting the known classes of
patterns in the data set.

Xα : ‘Slope’, (−π, π) (the slope of pattern),
XΔmm : ‘Min − Max Diff’, [0, inf) (absolute difference between min and max
values),
XΔse : ‘Start − End Diff’, [0, inf) (difference between start and end values),
XΔt : ‘Time interval’, (0, inf) (time duration of pattern),
Xen : ‘Entropy’, [0, inf) (how chaotic is the pattern),
Xfft : ‘Frequency’, [0, 1]1 ,
X∂x : ‘First Derivative’, [0, 1],
X∂∂x : ‘Second Derivative’, [0, 1],
Xσ : ‘Standard Deviation’, [0, inf).

guistic form. For example, in time series pattern data set, the values of integral or mean features can be useful for analytical tasks in time series mining, but these values are meaningless to the end user of the system to visualise or distinguish it from other patterns. In contrast, a feature like slope of a
pattern is perceptually interpretable for the user in natural language. Among
the various features in the literature of feature-based time series data mining [83,107,160,203], the following features have been chosen as the initial set
of features Fp = {Xi = HXi , IXi }:
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Figure 9.2: The bipartite graph presenting the relevance of the features and the
labels in data set of time series patterns. Also, two chosen bicliques (as the
domains) are highlighted with the blue and red edges.
utilises the feature ﬁltering approach, i.e. MIFS (Algorithm 3.1) to provide
a ranking matrix which shows the mutual correlation of features and labels.
Then, the feature subset grouping determines which subsets of features as domains represent which labels as concepts using the Algorithm 3.2. Figure 9.2
illustrates the created bipartite graph, which presents the speciﬁed domains and
quality dimensions. Two selected maximum bicliques determines two domains
Δ = {δ1 , δ2 }, where each domain is speciﬁed as follows:
• Domain δ1 = Q(δ1 ), C(δ1 ), ωδ1 , wherein
Q(δ1 ) = {qα , qΔse },
C(δ1 ) = {Cin , Cde }.
• Domain δ2 = Q(δ2 ), C(δ2 ), ωδ2 , wherein
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C(δ2 ) = {Csp , Cos }.
Figure 9.3 depicts a graphical presentation of the determined domains
with the corresponding quality dimensions and concepts for the known
time series patterns. As an example, δ1 is speciﬁed by two quality dimensions ‘start − end diff’ and ‘slope’, and is associated with two concepts
‘Increasing’ and ‘Decreasing’. An example of the calculated weights in a domain is ωδ1 (Cin , qα ) = 0.62, which shows the salience of the relation between
pattern concept ‘Increasing’ and quality dimension ‘slope’ within δ1 . Similar
to the leaf conceptual space, although the process of specifying the domains is
data-driven, there may be an interpretation for each determined domain. Here,
the interpretation of perceived domains is more sensible. For instance, one can
say that δ1 illustrates the trend direction of the known patterns, while δ2 shows
the shape of the known patterns (see Figure 5.3). As the output of the domain speciﬁcation phase for the conceptual space of patterns, the set of quality
dimensions will be Qp = {qα , qΔse , qΔt , qΔmm , qfft }. Moreover, the set of
instances is deﬁned as: Γ p = ∪y∈Y Γ (y), where |Γ p | = |Dp |.
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In these representations, for example, ηinc
shows the 3D convex polytope
of pattern concept  Spike  within δ2 (see Figure 9.3). Also, as an example
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= {ωδ2 (Csp , qΔt ), ωδ2 (Csp , qΔmm ), ωδ2 (Csp , qfft )} shows
for the weights, φsp
the salience between pattern concept ‘Spike’ and three quality dimensions
‘time interval’, ‘min − max diff’, and ‘frequency’ within δ2 . In Figure 9.3,
the graphical presentation of time series pattern concepts is shown by illustrating the convex hulls of their corresponding sub-concepts.
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Figure 9.3: The conceptual space of time series pattern data set: a graphical
presentation of the determined domains with the corresponding quality dimensions and concepts.
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Regarding the output of the domain speciﬁcation process, each concept in Cp
appears in only one domain (has precisely one sub-concept), as Cy = {cy }. By
applying Algorithm 3.3, the elements of the sub-concept for each concept in Cp
is derived as follows.
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In task of this phase is basically to check whether or not the new instance γa is
included in any deﬁned concept’s regions, and then infer semantic descriptions
based on the closeness of its values to the regions. Considering the pattern sam1
ple (a) in Figure 9.1, γa belongs to the sub-concept cde
in δ1 , but it does not
belong to any sub-concept in δ2 . Based on Algorithm 4.1, the symbol vector
for γa is set as follows: In the concept layer, using the graded membership
function (deﬁned in Deﬁnition 4.2): Vγa ,C (Cde ) = (‘Decreasing’, 1). In the
quality layer, for the quality dimensions of δ2 , using the graded quality func2
2
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9.2.1 Inference in Conceptual Space of Patterns
Figure 9.4: A set of unknown samples of time series patterns.
Now, with the provided elements, the conceptual space of the time series
pattern data set is presented as: Spatterns =  Qp , Δp , Cp , Γ p .

9.2 Semantic Inference for Unknown Patterns
The aim is to derive a linguistic description for unknown time series patterns.
Figure 9.4 shows a number of examples of unknown patterns that are chosen to
be considered. According to the proposed inference process, an unknown pattern sample (e.g., pattern (a) in Figure 9.4) is ﬁrst vectorised to an instance γa .
Then, a linguistic description for (a) is inferred in two phases: set the values of
symbol vector and set the lexicons, by inferring in conceptual space and symbol space, respectively. γa is a set of points within Δp (γa ) as: γa = {p1γa , p2γa },
where the numeric values of each point are the feature value of (a) for each
quality dimension. For example, in δ1 : p2γa =qα (a), qΔse (a)=0.34, 0.28.

The aim is to derive a linguistic description for unknown time series patterns.
Figure 9.4 shows a number of examples of unknown patterns that are chosen to
be considered. According to the proposed inference process, an unknown pattern sample (e.g., pattern (a) in Figure 9.4) is ﬁrst vectorised to an instance γa .
Then, a linguistic description for (a) is inferred in two phases: set the values of
symbol vector and set the lexicons, by inferring in conceptual space and sym1
2
, pγ
},
bol space, respectively. γa is a set of points within Δp (γa ) as: γa = {pγ
a
a
where the numeric values of each point are the feature value of (a) for each
2
quality dimension. For example, in δ1 : pγ
=qα (a), qΔse (a)=0.34, 0.28.
a

9.2 Semantic Inference for Unknown Patterns
Now, with the provided elements, the conceptual space of the time series
pattern data set is presented as: Spatterns =  Qp , Δp , Cp , Γ p .
Figure 9.4: A set of unknown samples of time series patterns.

9.2.1 Inference in Conceptual Space of Patterns
In task of this phase is basically to check whether or not the new instance γa is
included in any deﬁned concept’s regions, and then infer semantic descriptions
based on the closeness of its values to the regions. Considering the pattern sample (a) in Figure 9.1, γa belongs to the sub-concept c1de in δ1 , but it does not
belong to any sub-concept in δ2 . Based on Algorithm 4.1, the symbol vector
for γa is set as follows: In the concept layer, using the graded membership
function (deﬁned in Deﬁnition 4.2): Vγa ,C (Cde ) = (‘Decreasing’, 1). In the
quality layer, for the quality dimensions of δ2 , using the graded quality function (deﬁned in Deﬁnition 4.3): Vγa ,Q (q2Δt ) = (‘long’, 0.75), Vγa ,Q (q2Δmm ) =
(‘medium range’, 0.62), and Vγa ,Q (q2fft ) = (‘fluctuate’, 0.7).

144

CHAPTER 9. LINGUISTIC DESCRIPTIONS FOR PATTERNS

144

CHAPTER 9. LINGUISTIC DESCRIPTIONS FOR PATTERNS

In task of this phase is basically to check whether or not the new instance γa is
included in any deﬁned concept’s regions, and then infer semantic descriptions
based on the closeness of its values to the regions. Considering the pattern sam1
ple (a) in Figure 9.1, γa belongs to the sub-concept cde
in δ1 , but it does not
belong to any sub-concept in δ2 . Based on Algorithm 4.1, the symbol vector
for γa is set as follows: In the concept layer, using the graded membership
function (deﬁned in Deﬁnition 4.2): Vγa ,C (Cde ) = (‘Decreasing’, 1). In the
quality layer, for the quality dimensions of δ2 , using the graded quality func2
2
) = (‘long’, 0.75), Vγa ,Q (qΔmm
) =
tion (deﬁned in Deﬁnition 4.3): Vγa ,Q (qΔt
2
) = (‘fluctuate’, 0.7).
(‘medium range’, 0.62), and Vγa ,Q (qfft

9.2.1 Inference in Conceptual Space of Patterns
Figure 9.4: A set of unknown samples of time series patterns.
Now, with the provided elements, the conceptual space of the time series
pattern data set is presented as: Spatterns =  Qp , Δp , Cp , Γ p .

9.2 Semantic Inference for Unknown Patterns
The aim is to derive a linguistic description for unknown time series patterns.
Figure 9.4 shows a number of examples of unknown patterns that are chosen to
be considered. According to the proposed inference process, an unknown pattern sample (e.g., pattern (a) in Figure 9.4) is ﬁrst vectorised to an instance γa .
Then, a linguistic description for (a) is inferred in two phases: set the values of
symbol vector and set the lexicons, by inferring in conceptual space and symbol space, respectively. γa is a set of points within Δp (γa ) as: γa = {p1γa , p2γa },
where the numeric values of each point are the feature value of (a) for each
quality dimension. For example, in δ1 : p2γa =qα (a), qΔse (a)=0.34, 0.28.

The aim is to derive a linguistic description for unknown time series patterns.
Figure 9.4 shows a number of examples of unknown patterns that are chosen to
be considered. According to the proposed inference process, an unknown pattern sample (e.g., pattern (a) in Figure 9.4) is ﬁrst vectorised to an instance γa .
Then, a linguistic description for (a) is inferred in two phases: set the values of
symbol vector and set the lexicons, by inferring in conceptual space and sym1
2
, pγ
},
bol space, respectively. γa is a set of points within Δp (γa ) as: γa = {pγ
a
a
where the numeric values of each point are the feature value of (a) for each
2
quality dimension. For example, in δ1 : pγ
=qα (a), qΔse (a)=0.34, 0.28.
a

9.2 Semantic Inference for Unknown Patterns
Now, with the provided elements, the conceptual space of the time series
pattern data set is presented as: Spatterns =  Qp , Δp , Cp , Γ p .
Figure 9.4: A set of unknown samples of time series patterns.

9.2.1 Inference in Conceptual Space of Patterns
In task of this phase is basically to check whether or not the new instance γa is
included in any deﬁned concept’s regions, and then infer semantic descriptions
based on the closeness of its values to the regions. Considering the pattern sample (a) in Figure 9.1, γa belongs to the sub-concept c1de in δ1 , but it does not
belong to any sub-concept in δ2 . Based on Algorithm 4.1, the symbol vector
for γa is set as follows: In the concept layer, using the graded membership
function (deﬁned in Deﬁnition 4.2): Vγa ,C (Cde ) = (‘Decreasing’, 1). In the
quality layer, for the quality dimensions of δ2 , using the graded quality function (deﬁned in Deﬁnition 4.3): Vγa ,Q (q2Δt ) = (‘long’, 0.75), Vγa ,Q (q2Δmm ) =
(‘medium range’, 0.62), and Vγa ,Q (q2fft ) = (‘fluctuate’, 0.7).

144

CHAPTER 9. LINGUISTIC DESCRIPTIONS FOR PATTERNS

9.2. SEMANTIC INFERENCE FOR UNKNOWN PATTERNS

145

9.2.2 Inference in Symbol Space of Patterns
By retrieving the information of symbol vector V(γa ), it is possible to verbalise the elements of symbol vectors into a set of natural language descriptions. As mentioned in Section 4.2.2, γa is annotated by the values of Vγa ,C ,
and characterised by the values of Vγa ,C . In particular, the annotation set is
TC (γa ) =‘Decreasing’, and the characterisation set will be TQ (γa ) = { ‘long’,
‘medium range’, ‘fluctuate’ }. Then the realisation for γa is as follows: Tγa =
‘Decreasing, also fluctuates and it is long with medium range’. Table 9.1
present more results derived from the semantic inference in the conceptual
space for the time series patterns shown in Figure 9.4.
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Patterns
Fig. 9.4(a)

Linguistic Description
This pattern is an Increasing pattern, but it is smooth and very
short, within a medium range of values.

Fig. 9.4(q)

Fig. 9.4(b)

This pattern is like a Spike pattern, but it is very short and smooth,
within a high range of values

This pattern is like a Spike pattern, but it is noisy with a sharp
decreasing trend in a high range of values.

Fig. 9.4(p)

Fig. 9.4(c)

This pattern is like Decreasing Oscillation pattern.

Fig. 9.4(o)

This pattern is an Oscillation pattern, within a very short range of
values.

Fig. 9.4(d)

This pattern is an Increasing pattern, but it ﬂuctuates in a very long
duration, within a large range of values.

Fig. 9.4(e)

This pattern is an Increasing pattern, but it ﬂuctuates within a
medium range of values.

Fig. 9.4(f)

This pattern is not like any known pattern, but it ﬂuctuates within
a high range of values.

Fig. 9.4(g)

This pattern is an Increasing pattern, but it is long, within a
medium range of values.

Fig. 9.4(h)

This pattern is like Decreasing Spike pattern, in a short duration.

Fig. 9.4(i)

This pattern is like a Spike pattern, but it has a sharp rise and
ﬂuctuation, within a medium range of values.

Fig. 9.4(j)

This pattern is a Decreasing pattern, but it ﬂuctuates in a long
duration, within a medium range of values.

Fig. 9.4(k)

This pattern is a Spike pattern, with the same start and end values.

Fig. 9.4(l)

This pattern is like a Spike pattern, but it has a smooth and slow
increasing trend, within a medium range of values.

Fig. 9.4(m)

This pattern is not like any known pattern, but it wavy within a
medium range, and very long duration. Also, it has the same start
and end values.

Fig. 9.4(n)

This pattern is not like any known pattern, but it has a normal
decreasing trend in a very long duration. Also, it is very ﬂuctuating
in a large range of values.

Fig. 9.4(o)

This pattern is like Decreasing Oscillation pattern.

Fig. 9.4(c)

Fig. 9.4(p)
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This pattern is an Oscillation pattern, within a very short range of
values.
This pattern is like a Spike pattern, but it is noisy with a sharp
decreasing trend in a high range of values.
Linguistic Description
This pattern is an Increasing pattern, but it is smooth and very
short, within a medium range of values.
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This pattern is an Oscillation pattern, within a very short range of
values.
This pattern is like a Spike pattern, but it is noisy with a sharp
decreasing trend in a high range of values.
Linguistic Description
This pattern is an Increasing pattern, but it is smooth and very
short, within a medium range of values.
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9.3.2 Identifying Pattern Observations from Linguistic
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As described in Section 5.3 in Part I, assessing the beneﬁts of the proposed
conceptual space representation directly is not a trivial problem. Instead, the
usefulness of the constructed conceptual space of the time series patterns has
been evaluated via the linguistic descriptions derived from such space. Again,
the experiment evaluates the following aims: (1) to measure the feasibility of deriving accurate descriptions to distinguish unknown pattern observations, and
(2) to assess the goodness of the descriptions derived from conceptual spaces in
comparison to the descriptions derived from other base-line models. To these
ends, a survey was conducted in which participants were asked to

Similar to the survey used for leaf data set, the main body of the survey for patterns was composed of two parts, with the same designs of questions explained
in Section 5.3.1. Here, it is worth to mention that the evaluation considered
the results of 17 unknown patterns from a pool of unknown pattern examples.
Moreover, among all responses to the survey, 89 valid responses have been studied for the pattern data set. Most of the participants were in the range of 25-44
years old, and they were mostly educated in computer science or equivalent.
Besides, most of the participants were ﬂuent in English speaking.
About the expertise level of the participants, the results show that the participants were more familiar with the terminology that have been used for pattern
data set, rather than leaf. As shown in Figure 9.5, for the leaf data set, 20%
of the participants knew none of the lexical items, 70% knew few or some of
them, and only 10% almost all of them (See Figure 9.5a). But for the pattern
data set, 30% of the participants knew few, or some of the lexical items, more
than 40% knew most of them, and more than 25% knew all the introduced terminology (See Figure 9.5b). Comparing the percentages of the expertise level
shows that the lexicon used in the descriptions of the patterns was more familiar to the participants.

1. identify speciﬁc time series pattern based on their linguistic description
derived from the conceptual space, and
2. rate the goodness of descriptions produced by different models on a Likert scale.
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(a) familiarity with leaf terminology.

(b) familiarity with pattern terminology.

Figure 9.5: Pie charts, showing the expertise level of the participants by measuring how familiar they are with the introduced terminology for class labels
and features in (a) leaf and (b) pattern data sets. Participants’ choices were: I
am familiar with none/a few/some/most/all of the terminology.
The success rate to identify the correct image for each description in the pattern
data set was 79% ± 11%. As mentioned in Section 5.3, this success rate for leaf
data set was 73%±13%. The difference is reasonable to assume that the higher
familiarity of participants with the pattern data set is a possible explanation for
the better success rates.
For further investigation of the incorrectly identiﬁed (i.e., misidentiﬁed) examples, the geometrical similarity of these answers to the correct one is calculated in the conceptual space (multi-domain). According to [86], the similarity
in conceptual spaces can be calculated by applying Euclidean distance with the
domains and the city-block distance between them. To assess the similarities in
conceptual space, also the geometrical similarity of the same instances is calculated but in a full feature space (single-domain) by applying Euclidean distance.
Two interesting results have been obtained: First, the misidentiﬁed examples are
not uniformly distributed between all possible choices, but instead, participants
tended to make similar mistakes. Second, the common misidentiﬁed examples
are most of the times (76% for patterns) the closest instance to the correct one
in the conceptual space. In the full feature space this was only occasionally true
(29% for patterns). This shows that the confused examples with each other
are commonly the nearest instances within the multi-domain conceptual space,
which is mostly not true in the full feature space.
The results from the ﬁrst part of the survey show that the proposed conceptual space representation a) is applicable to derive semantic descriptions for
unknown pattern observations, and b) is suitable to represent the cognitively
similar pattern observations among the multiple domains.
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Table 9.2: The overall scores calculated from the rating responses to the different models in pattern data set. The numbers show average scores (and standard
deviations) in the range of 1 to 5.
Conceptual
Generative
Discriminative

Mean (SD)
3.76 (1.07)
3.18 (1.29)
3.36 (1.22)

In the results of the rating scale questions, the description derived from the conceptual space model is compared with the descriptions derived from the two
other semantic models that are explained in details in Section 5.3.3. Table 9.2
shows the statistical summary of the rating scores received for the descriptions
derived from each of the approaches (Conceptual, Generative and Discriminative) in pattern data set. Also, these scores are depicted in the form of box plot
in Figure 9.6.
Similar to the analysis for leaf data set, an ANOVA test has been applied to
show that the conceptual space description (Conceptual) is signiﬁcantly preferable rated than the two alternatives (Generative and Discriminative). The oneway ANOVA test showed a signiﬁcant effect of the models on the scores. For
the pattern data set, Conceptual has the mean signiﬁcantly different from Gen-
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Table 9.3: Summary of the one-way ANOVA and Wilcoxon tests for the rating
scores with respect to the models deriving descriptions.

ANOVA Test
Wilcoxon Test

Conceptual vs.
Generative & Discriminative
Conceptual vs. Generative
Conceptual vs. Discriminative
Generative vs. Discriminative

pattern data set
F(2, 1173) = 23.72,
p < 10−13
p < 10−12
p < 10−07
p > 0.05 (∗)

erative and Discriminative, p < .0001 (two-tailed). The details of the test has
been shown in Table 9.3.
Moreover, since the ratings are ordinal, also a non-parametric test (i.e.,
Wilcoxon Test) is carried out to identify the signiﬁcant differences between ratings by comparing each pair of the scores. Table 9.3 shows the p-values of this
method for each pair of models. The output showed that Conceptual model is
signiﬁcantly different from Generative and Discriminative models (p < .0001).
Beside the signiﬁcant difference of conceptual model, an interesting outcome
of the tests is the scores of Generative and Discriminative for two data sets.
In the leaf data set, participants have given higher scores to Generative than
Discriminative (p < .0001). But in the pattern data set, there is no signiﬁcant
difference between these two models (p > .05). It can be interpreted that beside
Conceptual which is the most preferred description, subjects preferred to see all
the features as the description for leaf samples. But about the pattern samples,
there is no preference between the descriptions including either the features or
the concept labels related to the shown patterns.
Overall, the results from this part of the survey show that the proposed
conceptual space representation a) is an appropriate semantic inference model
to derive linguistic descriptions for unknown pattern observations, and b) successfully derives descriptions (from multi-domain space) that are naturally preferred by participants, in comparison to the other alternative models (from
single-domain space).

9.4 Discussion and Summary
This chapter has presented the process of applying the semantic representation proposed in Part I on the physiological pattern data sets. This process
automatically constructs the conceptual space of the abstracted physiological
patterns, and then, it infers semantic descriptions for a set of unknown patterns. The constructed conceptual space of patterns involves two domains that
include ﬁve quality dimensions in total. This space represents four class of patterns: Increasing, Decreasing, Spike, and Oscillation. As it was expected before
applying the data-driven approach to construct the conceptual spaces, the concepts of increasing and decreasing have been represented in the same domain.
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Table 9.3: Summary of the one-way ANOVA and Wilcoxon tests for the rating
scores with respect to the models deriving descriptions.
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diff ’) to represent these concepts was not the obvious choice. However, it seems
that the values of this feature were dominant enough to play the distinguish the
Increasing and Decreasing concepts from the rest of the concepts. The other
domain that represents Spike and Oscillation concepts also contains interesting quality dimensions. The ‘time interval’, ‘min-max diff ’, and ‘frequency’ are
the features that are more or less the obvious choices to distinguish or describe
these two concepts. However, as one can see, some features like ‘entropy’ or
‘standard deviation’ have not been appeared in the conceptual space, meaning
that their values were not good enough (in comparison with the other features)
to separate any concept from the rest.
Furthermore, this chapter has performed an empirical evaluation, similar to
the assessment presented in Chapter 5, to show the goodness of the conceptual
space of the patterns used for text generation. This assessment has conducted
a survey by asking the human subjects to identify the instances by reading the
generated texts by conceptual spaces model, along with rating three different
generated texts by different semantic models to compare the output text of the
physiological patterns.

In sum, this chapter has shown the ability of the semantic representation
approach proposed in Part I to infer linguistic descriptions for physiological
sensor patterns, which are not necessarily known for the end user. An empirical
evaluations was performed to evaluate the goodness of the generated texts.
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This thesis has ﬁrst introduced a data-driven approach to automatically construct conceptual spaces based on the input observations and their semantic
attributes (Chapter 3). The following contributions have addressed the task of
constructing a conceptual space:

Chapter 10

10.1.1 Construction of Conceptual Spaces (C1)

Conclusions

The overall contribution of this thesis has been to provide different data-driven
strategies for mining and representing numerical data into a semantic representation and then generate linguistic descriptions for such information. The
process, in summary, has been presented in three steps: 1) extracting and mining numerical information (e.g., physiological sensor data), 2) modelling the
information in a semantic representation, and 3) generating linguistic descriptions for such information.
To present the achievements of this thesis, the rest of this section revisits the introduced contributions (C1 to C4), given in Chapter 1 by explaining
how each of the contributions has been accomplished using the proposed approaches.

“And you may ask yourself: Well, how did I get here?”
— Talking Heads (1975–1991)
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1) The speciﬁcation of domains and quality dimensions was presented using
feature selection and feature grouping methods, which exploit the relevance of
the selected features to the known concepts. The approach has applied a feature
selection method based on mutual information for feature selection (MIFS) to
rank the relevance of features and concepts. This ranking algorithm has been
applied to each concept individually by applying the MIFS method on the input
data set. After that, grouping the selected features has been introduced through
ﬁrst constructing a bipartite graph representation of the feature-concept associations, and then exploiting the most representative subsets of features as the
domains by ﬁnding the best bicliques in such graph.
2) The concept representation was described in an instance-based manner.
To form the concepts within the speciﬁed domains, the approach has calculated
the convex regions of concepts and the salient weights of concept in relation to
the quality dimensions of the domains. Note that this calculation was entirely
formulated based on the associated observations to the concepts, without involving external knowledge.
A key ﬁnding in this contribution is that the proposed approach to construct
conceptual spaces provides a generalisation for concept representation, where
this representation can be derived from different types of input instances.

10.1.2 Semantic Inference in Conceptual Spaces (C2)
This thesis has introduced a semantic inference process to linguistically represent a new observation within the built conceptual space (Chapter 4). The
following contributions have addressed the task of semantic inferring in a conceptual space:
1) A symbol space was introduced as the complementary space to the conceptual space, which includes the semantics of the corresponding concepts and
quality dimensions. This space enables the approach to determine the relevant
symbolic terms to represent a new observation.
2) The inference process to generate linguistic descriptions for an unknown
observation was presented in two phases: To determine associated concepts and
quality dimensions of an unknown instance, its location within the constructed
conceptual space has been investigated. This determination has been done by
considering the inclusion of the instance in the regions of the space and the use
of similarity measures in such space. After that, the lexicalisation of the instance
has been induced by extracting the semantic labels of the associated concepts
and quality dimensions. Finally, microplanning and realisation techniques have
been applied in order to generate natural language descriptions.
One advantage of such inference model is that the proposed approach concerns which features and concepts should be inferred as the most suitable set of
interpretable contents to describe an unknown observation.

This thesis has introduced a semantic inference process to linguistically represent a new observation within the built conceptual space (Chapter 4). The
following contributions have addressed the task of semantic inferring in a conceptual space:
1) A symbol space was introduced as the complementary space to the conceptual space, which includes the semantics of the corresponding concepts and
quality dimensions. This space enables the approach to determine the relevant
symbolic terms to represent a new observation.
2) The inference process to generate linguistic descriptions for an unknown
observation was presented in two phases: To determine associated concepts and
quality dimensions of an unknown instance, its location within the constructed
conceptual space has been investigated. This determination has been done by
considering the inclusion of the instance in the regions of the space and the use
of similarity measures in such space. After that, the lexicalisation of the instance
has been induced by extracting the semantic labels of the associated concepts
and quality dimensions. Finally, microplanning and realisation techniques have
been applied in order to generate natural language descriptions.
One advantage of such inference model is that the proposed approach concerns which features and concepts should be inferred as the most suitable set of
interpretable contents to describe an unknown observation.

10.1.2 Semantic Inference in Conceptual Spaces (C2)
1) The speciﬁcation of domains and quality dimensions was presented using
feature selection and feature grouping methods, which exploit the relevance of
the selected features to the known concepts. The approach has applied a feature
selection method based on mutual information for feature selection (MIFS) to
rank the relevance of features and concepts. This ranking algorithm has been
applied to each concept individually by applying the MIFS method on the input
data set. After that, grouping the selected features has been introduced through
ﬁrst constructing a bipartite graph representation of the feature-concept associations, and then exploiting the most representative subsets of features as the
domains by ﬁnding the best bicliques in such graph.
2) The concept representation was described in an instance-based manner.
To form the concepts within the speciﬁed domains, the approach has calculated
the convex regions of concepts and the salient weights of concept in relation to
the quality dimensions of the domains. Note that this calculation was entirely
formulated based on the associated observations to the concepts, without involving external knowledge.
A key ﬁnding in this contribution is that the proposed approach to construct
conceptual spaces provides a generalisation for concept representation, where
this representation can be derived from different types of input instances.
154

CHAPTER 10. CONCLUSIONS

154

CHAPTER 10. CONCLUSIONS

1) The speciﬁcation of domains and quality dimensions was presented using
feature selection and feature grouping methods, which exploit the relevance of
the selected features to the known concepts. The approach has applied a feature
selection method based on mutual information for feature selection (MIFS) to
rank the relevance of features and concepts. This ranking algorithm has been
applied to each concept individually by applying the MIFS method on the input
data set. After that, grouping the selected features has been introduced through
ﬁrst constructing a bipartite graph representation of the feature-concept associations, and then exploiting the most representative subsets of features as the
domains by ﬁnding the best bicliques in such graph.
2) The concept representation was described in an instance-based manner.
To form the concepts within the speciﬁed domains, the approach has calculated
the convex regions of concepts and the salient weights of concept in relation to
the quality dimensions of the domains. Note that this calculation was entirely
formulated based on the associated observations to the concepts, without involving external knowledge.
A key ﬁnding in this contribution is that the proposed approach to construct
conceptual spaces provides a generalisation for concept representation, where
this representation can be derived from different types of input instances.

10.1.2 Semantic Inference in Conceptual Spaces (C2)
This thesis has introduced a semantic inference process to linguistically represent a new observation within the built conceptual space (Chapter 4). The
following contributions have addressed the task of semantic inferring in a conceptual space:
1) A symbol space was introduced as the complementary space to the conceptual space, which includes the semantics of the corresponding concepts and
quality dimensions. This space enables the approach to determine the relevant
symbolic terms to represent a new observation.
2) The inference process to generate linguistic descriptions for an unknown
observation was presented in two phases: To determine associated concepts and
quality dimensions of an unknown instance, its location within the constructed
conceptual space has been investigated. This determination has been done by
considering the inclusion of the instance in the regions of the space and the use
of similarity measures in such space. After that, the lexicalisation of the instance
has been induced by extracting the semantic labels of the associated concepts
and quality dimensions. Finally, microplanning and realisation techniques have
been applied in order to generate natural language descriptions.
One advantage of such inference model is that the proposed approach concerns which features and concepts should be inferred as the most suitable set of
interpretable contents to describe an unknown observation.

This thesis has introduced a semantic inference process to linguistically represent a new observation within the built conceptual space (Chapter 4). The
following contributions have addressed the task of semantic inferring in a conceptual space:
1) A symbol space was introduced as the complementary space to the conceptual space, which includes the semantics of the corresponding concepts and
quality dimensions. This space enables the approach to determine the relevant
symbolic terms to represent a new observation.
2) The inference process to generate linguistic descriptions for an unknown
observation was presented in two phases: To determine associated concepts and
quality dimensions of an unknown instance, its location within the constructed
conceptual space has been investigated. This determination has been done by
considering the inclusion of the instance in the regions of the space and the use
of similarity measures in such space. After that, the lexicalisation of the instance
has been induced by extracting the semantic labels of the associated concepts
and quality dimensions. Finally, microplanning and realisation techniques have
been applied in order to generate natural language descriptions.
One advantage of such inference model is that the proposed approach concerns which features and concepts should be inferred as the most suitable set of
interpretable contents to describe an unknown observation.

10.1.2 Semantic Inference in Conceptual Spaces (C2)
1) The speciﬁcation of domains and quality dimensions was presented using
feature selection and feature grouping methods, which exploit the relevance of
the selected features to the known concepts. The approach has applied a feature
selection method based on mutual information for feature selection (MIFS) to
rank the relevance of features and concepts. This ranking algorithm has been
applied to each concept individually by applying the MIFS method on the input
data set. After that, grouping the selected features has been introduced through
ﬁrst constructing a bipartite graph representation of the feature-concept associations, and then exploiting the most representative subsets of features as the
domains by ﬁnding the best bicliques in such graph.
2) The concept representation was described in an instance-based manner.
To form the concepts within the speciﬁed domains, the approach has calculated
the convex regions of concepts and the salient weights of concept in relation to
the quality dimensions of the domains. Note that this calculation was entirely
formulated based on the associated observations to the concepts, without involving external knowledge.
A key ﬁnding in this contribution is that the proposed approach to construct
conceptual spaces provides a generalisation for concept representation, where
this representation can be derived from different types of input instances.
154

CHAPTER 10. CONCLUSIONS

10.1. SUMMARY OF CONTRIBUTIONS

155

10.1.3 Mining Prototypical Patterns and Temporal Rules in
Physiological Sensor Data (C3)

From the application point of view, this thesis has focused on the ﬁeld of healthcare monitoring to analyse the physiological sensor data. The data analysis
phase has addressed the task of mining partial trends, prototypical patterns and
distinctive temporal rules using data-driven approaches. The following contributions have addressed the task of mining physiological sensor data:
1) A literature review on mining physiological sensor data was presented.
This review has considered several health monitoring systems that use wearable
sensors to monitor the vital signs. Different data mining tasks for healthcare
systems have been studied, as well as various machine learning techniques to
address such tasks (Chapter 6).
2) This thesis has introduced an unsupervised approach to extract prototypical patterns from a physiological time series data. This approach has been
designed based on desensitising the time series and clustering the sub-sequences
of data to exploit the ﬁnal patterns. Besides, a partial trend detection method
has also been proposed to capture the partial behaviours of a time series concerning the shape and trend of the data (Chapter 7).
3) The central data analysis part of this work was the process of mining
temporal rules from various channels of sensor data in clinical conditions. This
process has introduced a new temporal rule mining method to extract the repeated co-occurrences of the physiological patterns in a set of long recorded
sensor data. The signiﬁcant output of such temporal rule mining was the fact
that the extracted rules from the data of each clinical condition are distinguishable from the temporal rules that are derived from other conditions. A new
approach proposed to compare temporal rules has conﬁrmed this uniqueness
of rules in each condition (Chapter 8).
The key outcome of the data analysis phase in this thesis is that the entire
process relies on the measured data itself to express the valuable information.
The proposed data-driven approaches have shown that there are some aspects
of the sensor data (i.e., unseen patterns and temporal rules) that are not known
or not readily observable by the domain experts, but they are still interesting to
be extracted and moreover are valuable to be interpreted.

After data analysis phase, this thesis considered the task of representing numerical information into linguistic descriptions. This representation has been done
using both template-based approaches and the proposed semantic representation based on data-driven conceptual spaces. The following contributions have
addressed the task of describing physiological sensor data:

10.1.4 Linguistic Description of Time Series Patterns using
Semantic Representations (C4)
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process has introduced a new temporal rule mining method to extract the repeated co-occurrences of the physiological patterns in a set of long recorded
sensor data. The signiﬁcant output of such temporal rule mining was the fact
that the extracted rules from the data of each clinical condition are distinguishable from the temporal rules that are derived from other conditions. A new
approach proposed to compare temporal rules has conﬁrmed this uniqueness
of rules in each condition (Chapter 8).
The key outcome of the data analysis phase in this thesis is that the entire
process relies on the measured data itself to express the valuable information.
The proposed data-driven approaches have shown that there are some aspects
of the sensor data (i.e., unseen patterns and temporal rules) that are not known
or not readily observable by the domain experts, but they are still interesting to
be extracted and moreover are valuable to be interpreted.
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1) A template-based linguistic description approach was presented to turn
the partial trends and patterns into a set of natural language terms. Also, for
the extracted temporal rules, this thesis has applied a fuzzy mapping method
to annotate the co-occurrence of the patterns and also the frequency of their
happening using linguistic terms, and then it has generated natural language
sentences for the rules in each clinical condition (Chapter 8).
2) Applying the proposed semantic representation using data-driven conceptual spaces was one of the leading contributions for describing time series
patterns. The proposed approach in the ﬁrst part of this thesis has been applied
to a collection of processed known time series patterns as input numerical information. Then, using the constructed conceptual space of time series patterns,
the inference process has generated linguistic descriptions for a set of unknown
time series patterns. The presented empirical evaluation has shown the goodness of the generated texts using the proposed semantic over the introduced
generative and descriptive models (Chapter 9).
The advantage of applying the semantic model to the physiological data is
to be able to interpret data-driven extracted patterns that are unknown by definition. Involving semantic representation helps the system to not be restricted
to analyse and mine only the pre-deﬁned patterns requested by the domain expert, but to search for any interesting information and be sure that the semantic
model can generate a description for such information.

10.2 Limitations
The approaches proposed in both parts of this thesis have presented data-driven
strategies (numerically, and semantically) for linking numerical information to
linguistic descriptions. The discussions given at the end of each chapter have
shown the key points and critical issues of the contributions. In this section, a
list of more general issues and limitations related to the accomplished contributions are discussed.
Construction of conceptual spaces Regarding the proposed approach for construction of conceptual spaces, one limitation is the assumption of having semantic features as inputs. These features are assumed to be understandable or
be interpretable by the human, which means they can be used as semantic terms
in the ﬁnal linguistic descriptions. Besides, another assumption for the input of
constructing conceptual spaces is the set of labelled or annotated observations
with known classes or concepts. With this assumption, the process of concept
forming can be categorised as a supervised modelling, since the labelled data
leads the process of the domain speciﬁcation and concept representation.1
1 Note that regardless of being supervised or not, still the approach is data-driven in a sense that
there is no extra knowledge rather than the known input instances to inﬂuence the processes of
constructing the space.
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there is no extra knowledge rather than the known input instances to inﬂuence the processes of
constructing the space.
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Case study and evaluation: Regarding the evaluation of the semantic representation approach, it is not trivial to ﬁnd a general solution to evaluate each component or step of the approach, separately. For the construction part, there is
not yet a measure to compare the constructed conceptual spaces in term of applicability or sufﬁciency. Moreover, the inference process within the conceptual
space cannot be isolated and be evaluated individually. Therefore, this thesis

Another limitation of constructing conceptual spaces is related to the proposed algorithms. The algorithms for the domain and quality dimension speciﬁcation have been introduced heuristic approaches to ﬁlter and to group the
features, which are not the optimal ways to do so. Therefore, there is a lack
of studying on how to measure the goodness of the speciﬁed domains in comparison with other non-greedy approaches. It is worth mentioning that these
algorithms have not aimed to perform classiﬁcation task to discriminate the
classes of data with high accuracy. Instead, they have attempted to select the
most distinctive features for each class of data to enrich the descriptivity of the
model by presenting multi-domain space. Therefore, it might be meaningless
to apply classiﬁcation measures like recall or precision in order to measure the
goodness of the model.

Semantic inference in conceptual spaces: Regarding the semantic inference in
conceptual spaces, the structure of the introduced symbol space is dependent
on domain knowledge, which is the set of linguistic annotations and symbols
of the input features and concepts. An important point to mention is that there
is no inference to exploit or generate a new semantic label or term by reasoning
among the relation of the provided symbols or words based on any knowledgebased system (e.g., ontologies). Instead, the inference process chooses the most
representative terms and labels for a new unknown observation among all the
already provided information.
Another constraint in the inference process is related to the unknown observations as the inputs. The unknown observations should have the same properties that the known observations have. More precisely, the unknown observations should be able to be vectorised within the constructed conceptual space.
Thus, any unknown observation with missing data or out-of-range values will
be problematic in the current version of the proposed inference approach.
The linguistic description task in the inference process has also some limitations. The main one is that the semantic role of the concepts, sub-concepts, and
quality dimensions are reduced or simpliﬁed to some speciﬁc linguistic roles in a
sentence. The concepts are restricted to be the nouns and sub-concepts or properties are constrained to be the adjectives in the ﬁnal realisation task. Regarding
the quality of the inferred descriptions, one limitation is that the generated text
is subject to questions related to some criteria such as conciseness versus verbosity of the descriptions, the target audience of the system, and the ultimate
aim the text is expected to support.
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has assessed the ﬁnal output of the inference step in order to evaluate the goodness of multi-domain model in comparison with the single-domain models. This
comparison accesses the idea of constructing multi-domain conceptual spaces
out of numerical data, but not the individual components of the construction
process.
Mining physiological sensor data: There are some limitations related to data
analysis of physiological data. First of all, the source of data itself is a challenge. There are few available data sets including the vital signs recorded for
a long time from different subjects. This limitation has made the constraint to
only test the approach on open access data sets, rather than collecting data via
wearable sensors (e.g., within a controlled environment). The main reason to
rely on long-term data is that the proposed algorithms for pattern abstraction
and temporal rule mining will return meaningful information when the input is
a long stream of the sensor data with minimum interruptions or noises.
Regarding the temporal rule mining, the presented approach has considered the frequency of the co-occurrence of the patterns throughout the different
channels of data. The current approach has only provided rules which are temporal correlations of the patterns from the co-occurrence aspects. Thus, there is
a lack of considering other ways of analysing data to capture more meaningful
information, such as the causes and effects of the patterns.
Linguistic description of physiological patterns: The main limitation of the proposed approach for describing time series patterns is the richness of the provided features. In general. there is a limited number of semantic features, representing the behaviour of the time series patterns, in the literature. In addition,
most of the features to analyse the time series are complicated to be interpreted
or are not relevant to the context. For example, wavelet coefﬁcients are the
useful features for numerical time series analysis, but they are complex to be
translated into understandable natural language terms. Some features like the
area under the signal might be explainable but are not interpretable or meaningful when e.g., the shape and the trend of the time series are in the focus. So,
the proposed conceptual space of the patterns is limited to a small number of
input features which are more or less understandable by the human subjects to
show the behaviour of the time series.

10.3 Societal and Ethical Impacts
Nowadays sensors are everywhere to collect various kinds of information. Understanding and interpreting this information is a signiﬁcant challenge, especially when the information is related to crucial aspects of people’s life. This
thesis has provided a system to process and describe unknown observations derived from sensor data. Within a society, this research might be applicable in
different scenarios. In any situation that the perceived information is not explic-
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thesis has provided a system to process and describe unknown observations derived from sensor data. Within a society, this research might be applicable in
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One possible direction of the future work is to focus on acquiring semantic
features that are contextually understandable by the human and are able to
differentiate distinct concepts in the domain [77, 96, 217]. There has been a
preliminary ongoing study on this topic by the author of this thesis, which
needs to be extended and be evaluated. Two possible approaches can be applied for the task of semantic feature acquisition. One way is to specify the
attributes coming from the human perceptions of instances that bridges be-

itly recognisable, the proposed system can help to interpret those observations.
An example of the usage of the system in society could be to help particular groups of people (e.g., children, persons with disabilities) in order to make
sense about the observations around them. This goal can be achieved by coupling the approach with other perception or/and decision making systems. The
impact of the proposed approach will be more critical in the medical domain
since it can help the patients of clinicians to see new aspects of the perceived
information that have been unknown beforehand.
Besides the societal impacts of this research, several ethical impacts must be
considered. The ethical issues in this thesis can be seen from three perspectives:
input data, proposed approach, and output text. Regarding the input data, the
primary ethical challenge (especially in the medical domain) is the anonymity
of the subjects who use the sensors. Systems that use the recorded data from
users should ensure to protect the privacy of them under regulations such as
the General Data Protection Regulation (GDPR) [2]. In this thesis, all the acquired physiological sensor data have been kept anonymous. The ethical issue
related to the approach is the problem of blindly applying data-driven strategies. A potential risk within the data-driven approaches is that the constructed
models ((e.g., learning or decision making models) can be easily biased if the
input observations are biased. Thus, one might think about which observations
are suitable to be fed to such blind models. Last but not least, ethical issues
are related to the output linguistic descriptions. A generated text for a speciﬁc
end-user might involve ambiguous, inadequate content, or even might misplace
the provided contents in the sentence. These problems can lead to critical issues
such as misinterpreting the content of the text, and consequently making inaccurate or incorrect decisions. This thesis has not directly addressed this ethical
issue in its case studies, but it is worth to keep it in mind for further developments upon such a framework.
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Figure 10.1: Human-speciﬁed semantic features for animal domain.

tween low-level features and linguistic words [204]. Directly asking the experts
or users to specify the attributes is an obvious way to provide both understandable and discriminative features. As an example one can differ between different animals by specifying the semantic features like hair type, domestic/wild, or
having horns (See Figure 10.1 for some examples of human-speciﬁed semantic
features). Another way is to verify the attributes that are scientiﬁcally measurable and potentially interpretable in natural language but are not obvious to
specify by humans in the ﬁrst glance. Such examples of these features for animal domain are agility or hibernation which are discriminative features for
categorising animal species [135]. These ways of acquiring semantic features
then guarantee that the input features to the construction of conceptual spaces
are human explainable information that can be later used for inferring linguistic
descriptions of unknown observations as well.
Construction of conceptual spaces has the advantage of using labelled input
observations to form the concepts. Another way to look at the problem of
turning numerical data into the conceptual spaces is to deal with unlabelled
data sets. In this case, there will be no pre-deﬁned classes or concepts for the
data. An unsupervised approach to specify the domains and quality dimensions
can be a new way to build a data-driven conceptual space. This suggestion
might need to use clustering methods and clustering index criteria to form the
clusters of data as concepts that are not labelled by any speciﬁc term, but still
are explainable by their quality dimensions.
Moreover, the proposed concept representation provides a set of geometrical domains, which has been used in the inference process. This representation
has the potential to be utilised for other cognitive tasks such as concept combination, inductive inference, and property reasoning. This would be a promising
research direction, especially when it comes to data-driven representations of
the cognitive architectures.
While evaluating the proposed approach, a new hypothesis has been raised
related to the topic of referring expression generation in the NLG area. The idea
of comparing the descriptions from multi-domain spaces versus from singleFigure 10.1: Human-speciﬁed semantic features for animal domain.
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Turning to the data analysis of the physiological sensor data, there are many
future research directions to improve or extend the proposed approaches. One
of the critical updates might be to extend the pattern abstraction approach to
deal with newly recorded data in a streaming data set. In the current version,
the prototypical patterns are abstracted by analysing the entire time series at
once. It could be interesting to extend the algorithm to incrementally update
the patterns using the new bunch of recorded data. This extension will also
help to handle any large-scale recording sensor data that is crucial for rule
mining approach.
Additionally, involving the causality to the process of rule mining is another
direction of research, which impacts profoundly on the level of explainability
of the derived information. One extension would be to use data-driven ways
to identify causes and effects of the patterns’ behaviours using causal inference
approaches and then describing them in the form of e.g., if-else statements.
This identiﬁcation will help the system to obtain more enriched (still unseen,
but more interesting) information.
The proposed approach for generating linguistic descriptions of the physiological patterns has the ability to be improved in future research. First, it
would be worth to compare the generated text by conceptual spaces with the
template-based generated text. Although these two approaches aim to capture
the same behaviours of the pattern, still they might be differently accepted or
used by the end user. Second, there is a lack of extrinsic evaluation of the framework in a real-world application within the medical domain to see the actual

domain spaces brings up the question of referring to an unknown object by
whether describing its features or mentioning its closest known concepts. From
the cognitive point of view, one question is how humans prefer to use the features in order to refer to an object. One possible solution is to to use a mixture
of known associated concepts and the relevant descriptive features. For example, in the domain of animals, one can describe a Unicorn (an unknown animal
let’s say) as “This animal is like a Horse (a known class of animals), but it has
a single large horn (a feature for animals) on its head.” Throughout the evaluation of this work, some textual results have been provided to support this
hypothesis, along with some comparisons using an empirical evaluation. However, this hypothesis is not formalised as a new aspect of referring expression
generation in NLG.
Another direction for the future work would be to assess the quality of
the automatically derived domains and dimensions. As Gärdenfors discussed
in [88], there is a need to determine evaluation criteria to choose among competing conceptual spaces. The proposed framework has the potential to address
this need by deﬁning statistical measures to compare the speciﬁed domains in a
data-driven manner.
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the same behaviours of the pattern, still they might be differently accepted or
used by the end user. Second, there is a lack of extrinsic evaluation of the framework in a real-world application within the medical domain to see the actual
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impact of the generated text to experts such as clinicians, medical doctors, or
even caregivers. This task-based evaluation is needed to assess the usability of
the generated text for patterns in the real-world, meaning that how much this
data-driven information (in the form of natural language) are interesting or/and
helpful to the end users for any further decision making task. Here, the focus
in the evaluation studies has largely been on identiﬁcation of the observations,
but adapting the proposed methods to other uses, such as decision support in a
medical setting, or other audiences, such as experts versus non-experts, would
be an interesting road for future work.
In a more general perspective, the approaches for generating linguistic descriptions and natural language generation can be more involved in the ﬁeld of
healthcare monitoring. Besides considering the wearable sensor data, there is
much other information within a healthcare system that will be more acceptable by using the natural language to explain them. This information such as
medical history, environmental sensors, activity records, personal reports, etc.
(which are often ontological knowledge) can be merged with the data-driven
information in order to analyse the health monitoring scenarios and to perform high-level reasoning for medical purposes. Then, it would be worth to
use approaches to generate linguistic descriptions in order to explain such inferred or reasoned information in a natural language which is understandable
by humans.
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10.5 Final Words
To conclude this thesis, let’s revisit the story of The Elephant in the Dark and
the problem of perception limitations or, as called in this thesis, the problem
of concept description. The proposed approach in this thesis made valuable
contributions to address this problem by applying data-driven methods to link
unknown perceived data to understandable linguistic descriptions. This thesis
can be called a success if a reader of the thesis will be able to “adequately”
describe an elephant to a person who has neither encountered the notion of an
elephant previously or seen one in real life. Hopefully, such a description would
be better than the one shown in Figure 10.2.

Figure 10.2: Yet another illustration for the story of The Elephant in the Dark,
adapted from [194].
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[125] Janusz Kacprzyk and Sławomir Zadrożny. Linguistic database summaries and their protoforms: towards natural language based knowledge
discovery tools. Information Sciences, 173(4):281–304, 2005. (Cited
on page 28.)
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[125] Janusz Kacprzyk and Sławomir Zadrożny. Linguistic database summaries and their protoforms: towards natural language based knowledge
discovery tools. Information Sciences, 173(4):281–304, 2005. (Cited
on page 28.)
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