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Abstract

In this paper we describe a method which uses only local data available in
a scripted scenario to match a player input to a player statement option. A
scripted scenario is a sequence of steps in a conversation with a virtual character.
At each step a virtual character talks to the player and provides one or more
statement options. A virtual character reacts to a statement option with an
emotional reaction and the conversation continues to a next step until an end
step is reached.

In our method we use the emotional reaction of a virtual character to create
a scenario specific corpus. We create a scenario specific corpus by calculating
and combining emotion vectors for a stem of a word in a response and dividing
it by the total amount of occurrences of a stem of a word in a scenario, creating
a scenario specific word vector. An emotion vector is a unit vector with a
value for at the index of an reactional emotion. The words in our method are
stemmed with an algorithmic stemmer. By utilizing a scenario specific corpus,
we calculate a statement vector by combining and averaging word vectors for
each word in a player input statement for a step in a scenario. We also calculate
a statement vector for each player statement option for that step. We compare
each player statement option vector with a player input statement by calculating
a cosine similarity score.The highest cosine similarity score of a player statement
option vector and a player input statement is considered as an possible match.

The considered player statement option is then compared with the Differen-
tial Angle method. The Differential Angle method not only compares a player
statement option with a player input statement, but also compares an emotion
vector of a player statement option with a calculated vector of an option. If
the angle between an emotion vector and a calculated vector is too large, the
emotion vector is used for comparison. The Differential Angle method also con-
siders if the player statement option is a possible match or that the best player
statement option is not good enough to be a match and that there is no match
for a player statement option.

In comparison to ReaderBench, our method performs better if there is an
option that matches a player input statement.
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Chapter 1

Introduction

Educational institutions and vocational programs train students in social and
communication skills. People often acquire communication skills through role
play to enhance inter-collegial communication [29][33]. Role play is often done
with a colleague or peer in practice, or with a virtual character.

Norgaard et al. [29] investigated the effect of communication skills train-
ing on inter-collegial communication and found a significant increase in inter-
professional communication effectiveness after an in-house training. The par-
ticipants were asked to fill a form on communication skills, before the training,
directly after the training and 6 months after. Ruyak et al. [33], who used
simulation-based learning to practice communication with both client and col-
leagues, confirm this result.

In a digital learning environment for training communication skills, a stu-
dent converses with a virtual character, while the learning environment assesses
the performance of a student on predefined learning goals for a performed con-
versation. Examples of such digital environments are Communicate! [21], Visual
SceneMaker [17] and Tactical Questioning [16].



Terminology
First we describe the terms used for this paper.

Scenario

A scenario is a sequence of subjects that are traversed until an end node is
reached in a specific context.

Subject

A subject is a directed graph of statements within a scenario, usually about a
particular theme.

Statement

A statement is a piece of text, either for a virtual character or a user

Author

An author is the creator of a scenario

Authoring tool

An authoring tool is software used by a author to create and adjust a scenario

Research Problem Description

Communicate! is a digital training environment for practising communication
skills. The system provides structured scenarios created by a domain expert. A
user converses with a virtual character via statements. Each statement is fol-
lowed by an emotional reaction from the virtual character and the system scores
a chosen statement based on predefined values by the author. Communicate!
determines a score at the end of a scenario and, if defined by an author, an
advice for a player on how to improve his/her communication skills.

The score given by Communicate! at the end of a scenario, played by a player,
is determined based on the parameters defined by an author in a scenario. An
example of a parameter is tact, the ability and sensitivity to deal with difficult
situations in a conversation. Communicate! might judge a player on her chosen
statement options and score her on her level of tact. An example of a scenario
can be found in Appendix A

A set of information defined by an author is the emotion property of a virtual
character. For each statement option an emotional reaction is set for a virtual
character. A virtual character can, for example, react happily, surprised or
angry. We will use these two sets of information (user-defined parameters and
the emotion property) to categorise a statement.

Natural Language Processing methods often use a sentiment lexicon to at-
tribute emotions to a statement. A sentiment lexicon is a collection of words
with their respective emotional and contextual values. An example of a senti-
ment lexicon is created by Hamilton et al. [19]. They extracted domain specific
sentimental values from the website reddit.com. Each domain represents a
subreddit on the website. Unfortunately, a general sentiment lexicon for smaller
languages, such as Dutch, is not freely available at the moment.


reddit.com

Communicate! uses multiple statements as options to choose from to traverse
a conversation with a virtual character. This can be seen as a sequence of mul-
tiple choice questions; given a context, what is the most appropriate response
from the defined statements? According to Krathwohls’ Cognitive Process Tax-
onomy [2], multiple choice questions test cognitive levels 1 to 5; Remembering,
Understanding, Applying, Analysing and Evaluating. The only level not tested
is Creating, cognitive level 6. To test the level of Creating, open text input
seems more suitable. Open text input allows a user to create a statement to
communicate with a virtual character. In our approach we use information from
a scenario to create a scenario specific corpus. Our research question is: Can we
use a scenario specific corpus to match an open text input to one of the player
statement options and how does it compare to other available open-source nat-
ural language processing methods?



Chapter 2

Related work

In this chapter we discuss several frameworks for text analysis and text catego-
rization, and how they relate to the requirement for our system. Here we will
discuss ReaderBench and Natural Language Toolkit (NLTK).

Reader Bench

ReaderBench is a multi-lingual framework for text analysis based on text mining
techniques [11]. It supports a range of analysis methods to deconstruct a text,
including identification of reading strategies and text complexity assessments.

One of the methods is semantic analysis of text. ReaderBench can categorize
a text on different textual levels (such as word, sentence and text level) into
different emotions. The set of emotions used by ReaderBench is the same for
all documents. The emotions used by ReaderBench are indicated with values
ranging between 0 and 1. A value of 1 for an emotion for a document translates
to that emotion being predominant. Since the emotions are always the same
set, it can be translated to a vector with each dimension having a value between
0 and 1. This method can determine if a given input text is semantically similar
to a player statement option in a step of a scenario.

ReaderBench uses the Stanford NLP [26] toolkit for calculating the semantic
values of a document. It uses the semantic values of a large dataset from online
websites.



Natural Language Toolkit

Natural Language Toolkit (NLTK) is an open source framework for natural
language processing written in Python [25]. It provides symbolic and statistical
processing modules for linguistic analysis. It was developed in conjunction with
a course for the University of Pennsylvania.

Example modules are tokenisation and tagging of natural language. It also
provides synsets for the English language. A synset is a tuple of a lemma (a
word) and a set of synonyms.

It unfortunately does not contain a semantic analysis module, but provides
methods to add a semantic analysis tool.

Due to the lack of a semantic analysis module, we will not use NLTK for
our method and we will not compare our method with NLTK.



Chapter 3

Design Space

In this section we discuss different methods for text analysis and categorization.
For our method we are looking for methods to use information in a scenario
in selecting a correct player statement option. We will be looking at chatbots,
intelligent agents and text categorization.

Chatbots

A possible way of communicating with a virtual character is via a chatbot.
According to Bayan Abu Shawar and Eric Atwell [1] the definition of a chatbot
is a machine conversation system that interacts with human users via natural
conversational language. Nowadays chatbots have found their way into homes
and allow communication with and manipulation of the environment. Examples
are Siri, Google Assistant and Amazon Echo. Augello et al. describe an overview
of several open-source chatbot technologies and their limitations [5].

A.LI.C.E.(Artificial Linguistic Internet Computer Entity) [27] uses a pat-
tern matching algorithm and a rule based template mechanism to determine a
response on user input. A.L.I.C.E. allows the use of wildcards in template rules
to allow the chatbot technology to converse on topic areas it has no knowledge
of or rules for.

Chatterbot [10] uses machine learning to determine a response to user input.
The bot will initially respond with a predefined response learned from a corpus
and a set of predefined statement-response pairs. Chatterbot compares a state-
ment from a user with statements from the learning set and finds the statement
with minimal textual distance. The chatbot then replies with the corresponding
response. After each statement Chatterbot updates its statement-response cor-
pus by increasing or decreasing the likelihood of making the same response to
the given statement, depending on a users given score. A negative score from a
user results in decreasing the possibility of responding with the same statement,
a positive score results in increased likelihood.



User: Hello, how are you?
Chatbot: I'm fine, how are you?

User: Good, thanks for asking.
Chatbot: You’re welcome.

Table 3.1: Chat session 1 - Positive user rating

User: Hello, how are you?

Chatbot: A bird landed on the porch today.
User: Was it a pretty bird?

Chatbot: It was raining outside.

Table 3.2: Chat session 2 - Negative user rating

ChatScript [35], like A.L.I.C.E., uses rules to determine which response is
best for a user input. The main difference between A.L.I.C.E. and ChatScript
is the inclusion of Natural Language Processing. ChatScript uses the stems
of the words in a given statement and uses those stems to determine which
statement is best to reply with. Furthermore, ChatScript also features a topic
control module; a system to make response rules topic specific. The system first
checks for rules within the current topic and replies with a defined response. If
a confidence value (the likelihood of being correct) is too low within the current
topic, ChatScript will search in other topics for a rule with a higher confidence
value.

Rule based methods do not work with our system, since rules are created by
hand. An author of a scenario in Communicate! is most likely not a programmer
and is unlikely able to create rules which fit the system. Another reason for not
using rule based methods is the separation of scenario creating and simulation.
An author is only responsible for the creation of a scenario and does not have
to work with the simulation of the scenario.

A restriction in these three chatbot technologies is the lack of context man-
agement. The chatbots can respond in any context, but make no difference
between topics. As long as the response from a chatbots’ database scores suf-
ficiently high, the chatbot can use that response. This is undesirable for our
system since the goal is to teach and to test a user deterministically in a spe-
cific context. A.L.I.C.E., Chatterbot and ChatScript respond to a statement
without knowing the current context. Although ChatScipt has a topic control
module, it lacks the ability to stay within a certain topic or context. A differ-
ence between our desire for our system and chatbots is, the ability to converse
confined. Chatbots converse unconfined, a chatbot conversation can go on until
a user determines the conversation is over, whereas a scenario has a beginning
and an end.



Machine learning is often used to support chatbots. The chatbots base their
responses on previously learned responses and determine their future replies
on feedback values from users. After a session with a chatbot, a user rates
the chatbot on its credibility with a grade. The chatbot processes the user
ratings to determine if the responses used in the chat session were convincing
and appropriate. Consider chat sessions 1 and 2 (Table 3.1 & 3.2). The user in
the first chat session determines the conversation positive, the responses of the
chatbot were appropriate with the statements from the user. In chat session 2
the responses of the chatbot were not appropriate responses to the statements
of the user and therefore the user rated the conversation negatively. The ratings
of the user affect the probability of using the same replies again for the same
statements. The usage probability of negatively rated responses will be lowered
and for positively rated it is increased. A result will be that the appropriate
responses will be used more often for a statement given.

Our system will not use machine learning, since we do not posses a large
dataset to train the system with. Furthermore, if an author adjusts a parameter
value or changes a emotion of a virtual character, the trained data has to be
recreated.

Intelligent agents

A different approach for interacting with a virtual character is via an intelligent
agent. According to Wooldridge and Jennings [36], an intelligent agent is a piece
of software with the following properties: autonomy, social ability, reactivity
and pro-activeness. An agent works without the interference of a human or
other system and can communicate with its surroundings both reactively and
pro-actively. An intelligent agent in our setting could interact with a player
via Communicate! and will also respond to the statements given. A difference
between a chatbot and an intelligent agent is the tracking of state. While a
chatbot is stateless and is only reacting to the input of a user, an agent keeps
track of the state of a conversation and can react pro-actively.

An example of using intelligent agents instead of chatbots is in a library.
According to Rubin and Chen [32], intelligent agents can enhance the experience
of library visitors. They conclude that agents used in libraries need to know what
kind of information a visitor wants, for example a visitor looks for educational
conversation or requires assistance with looking for a book.

Augello et al. [4] created a system similar for social learning called SALVE,
Social Agents for Learning in Virtual Environments. Using rule-based languages
and pattern matching, they created a system where conversations are defined
as rules. A rule contains a question, a pattern and a possible response. The
pattern in a rule corresponds with a response of a user. A agent will respond
to a statement of a user based on provided responses.



As described in Section Chatbots, the authoring tool in Communicate! is
created from the perspective of a social skill teacher (who is most likely a non-
programmer) with ease-of-use expressive constructs. Therefore, a rule based
system will not be implemented.

Information categorization

An aspect of Natural Language Processing (NLP) is information categorization.
Latent Semantic Analysis (LSA) [13] is a technique to analyse documents. LSA
creates vectors from documents by creating a frequency vector. A frequency
vector is a vector with for each word in a document its frequency. Each vector
has a direction in the document vector space, which is used to determine if
a specific term is associated with the document. To ensure that a document
vector does not get too large, only the most prominent words in a document are
used in the vector. The vector is then normalized by dividing it by the length
of the vector.

LSA requires full documents to create a document specific frequency vector.
A statement option in a scenario in Communicate! contains a small amount of
words and is insufficient to use with LSA.

A neural network can be used to classify and categorize text. Yu et al. [38]
have created a neural network to categorize text using LSA and support vector
machines. A support vector machine uses positive and negative training vectors
to create a multidimensional plane [20]. These vectors can represent text (such
as a bag-of-words [39]) or image information. This plane is used to categorize a
new input vector in either the positive plane or the negative plane. A vector is
in the positive plane if the vector is a positive match compared to the training
data. Yu et al. used this technique to categorize a text with the latent semantic
analysis information. Using a neural network the plane is optimized to represent
the data better. A neural network is not feasible for our problem. A neural
network requires user to converse with a scenario and we do not have a large
group of users. Furthermore if an author changes a parameter value, the test
data is not usable any more.

Vectorization of information can be used for our problem. Information vec-
tors can be analysed, such as with similarity calculations or distance calcula-
tions.



Chapter 4

Multiple choice to open text

To offer the possibility to enter open text input in Communicate! we first have to
determine which method is best for matching an open text input to a statement.
We want to answer the research question: Which of the following methods is
most accurate in matching open text input to predefined statement options
within a scenario? A method is accurate if it matches an open text input to a
predetermined best player statement option, including a non-matching option.
A non-matching option is selected if none of the predefined player statement
options can be considered a best match with an open text input. The best
option is determined by the author of an open text input.

In our approach we use information of a scripted scenario to match an open
text input to one of the possible player statement options. An advantage of
keeping the structure of a scenario is that experts can still create scenarios
without understanding complex storage structures, such as XML.

To use player input text in Communicate! we take the following steps; first
we calculate a vector from an input text and the player statement options. Then
we calculate either the distance or the angle between an input text vector and
the player statement options. The option with the smallest angle or distance
with the open text input is chosen as a possible option.

The methods we use for Scenario Specific Corpus Matching (SSCM) for
determining a best match for a text input from a student are: Euclidian distance
and Cosine similarity. We will also test which information (parameter versus
emotion) works best for determining a best match.

We chose Euclidian distance and Cosine similarity for testing the similarity
of vectors. Euclidian distance calculates the distance between two vectors and
Cosine similarity calculates the angle between vectors. Both vector measures
are used in multiple systems to calculate vector similarities [6, 8, 14, 37].

We considered to use LSA for our method, however LSA requires large quan-
tities of text to create a vector. The quantity of words in a statement in a sce-
nario is limited. The difference between two statement options can be minimal,
which is not observed by LSA since it looks at the most prominent words.
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We will test these methods against two other textual matching algorithms:
ReaderBench and FuzzyString.

ReaderBench is a multi-lingual framework for analysing text, relying on ad-
vanced Natural Language Processing techniques [12]. The system has the ability
to analyse text on sentiment on document, sentence and word level [18]. The
analysis is based on several sentiment models based on words, making it a con-
text free analysis. Matching with ReaderBench is based on the sentiment of
statements and an open text input.

The FuzzyString matching algorithm [3] calculates the number of string op-
erations that need to be performed on an open text input to match with a
statement. The lower the number of operations, the higher the score of a state-
ment. This method is fast and accurate for similar sentences, but lacks accuracy
for sentences with similar semantics with a different syntax.

First we describe how we use Natural Language Processing to filter and
substitute words in a statement to prepare for usage in matching methods.
Then we describe the methods to determine which of the statement option
given by Communicate! matches best with the statement of a player. In the last
section we describe validation methods to determine the quality of our method
in matching open text to a statement option.

Natural Language Processing

When a student enters text in Communicate, we want to determine which of the
predefined scenario options at this point matches best with the student text.
According to Liddy [23] and Feldman [15] linguistic analysis consists of the
following levels: phonology, morphology, lexical, syntactic, semantic, discourse
and pragmatic.

The phonological level describes the pronunciation of words. This linguistic
level is unimportant for our information retrieval systems, since a statement
in Communicate! is stored as a constant string of characters without audio
information. Phonetics is important for voice recognition and speech-to-text
systems.

Morphology describes the individual meaning of word components (mor-
phemes). Examples of morphemes are stems (such as parent for parenting, par-
enthood, etc.), suffixes (moving, validation) and prefixes (unpleasent, prerender).

The lexical linguistic level represents the meaning of a word. Some words
have multiple meanings (homonyms, such as fly; it represents both a name of
an animal as well as a verb of a way of transportation) and some words have the
same meaning, but different spelling (synonyms, such as beginning and start)

Syntax is the grammatical structure of a sentence. The syntax covers an
orderly representation of word structures in a correct order. A sentence can be
structured in different ways, each having a different meaning.

Semantics describes a meaning of a sentence. The semantics of a sentence is
determined by the order of a sentence (syntax) as well as the context in which
a sentence is produced.

11



Linguistic analysis on discourse level examines text and its structure to ex-
tract additional meanings. For example, a research paper contains an abstract
with important findings and conclusions, which can usually be found in the first
paragraph. Discourse level analysis extracts a specific role of a statement given
the type of document the statement is in, and its position within the document.

The pragmatic level analysis depends on knowledge outside of an analysed
document. The knowledge is not present in a document and is retrieved from
outside the document. This level of linguistic analysis is difficult to realise since
the knowledge retrieved from outside a body of text can contain references to
other knowledge bodies. If an information retrieval system follows these refer-
ences and goes deeper into its references, the amount of information increases
significantly as well as the time to process all the information. Another problem
is the usefulness of the retrieved information. A retrieved body of information
may not be useful for the analysis of the original text.

The linguistic levels that SSCM processes are the semantic and discourse
levels of words. To process these levels, we must first manipulate the statements
from a scenario to fit our process. The rules for text rewriting, as suggested by
Lie et al. [24], are:

e Deletion of irrelevant words, such as ”the”, ”a(n)” and ”to”

e Substitution of words by standard synonyms and expressions.

e Transformation of complex sentence forms into simple normal forms
e Changing the order of phrases into a predefined normal order.

For our system, we will only consider the first two rules of text rewriting:
deletion and substitution. By deleting irrelevant words (such as articles), we
remove noise from a statement. These words are irrelevant for the meanings of
words in a statement on both semantic and discourse level.

Techniques

In this section we will discuss the techniques to find a best predefined statement
option from an input text, if a best match is available. First we explain the
vectorization of words. Then we discuss the matching techniques for finding a
best match, as well as the possibility of finding no correct match.

Vectorization

To bind information values to a word, we create a vector for each unique word
in a scenario. We store an emotion property in a vector with dimensions equal
to the amount of possible emotions in a scenario and user-defined parameters in
a vector with a dimension for each parameter. We refer to an emotion property
or a user-defined parameter as an information value.

12



For each word in a statement, we store the information value in a temporary
vector T'. For example, if the emotion of a virtual character changes to ”happy”,
we add a value of 1 to T[happy]. Vector V is then created from vector T' by
dividing it by the number of occurrences for that specific word.

T
V. = — 4.1
word #occurrences (4.1)
Vector V' represent a scenario specific vector with the average parameter
change, for a word for the defined information set (emotion or parameter).
A vector for a statement is also created. For such a vector for a statement,
for example for a text input, the average of all word vectors is calculated.

Z Vword
H#words

Vstatement = (42)

Vwerken = {0257 0,0,0,0,0,0,0,0,0.5,0.25,0,0, O}
Vnooit = {]—7 07 Oa 0; 07 07 07 Oa 0; 0, 07 07 03 0}

Figure 4.1: A vector representation of the word ”werken” and "nooit”

For an example scenario (see Appendix B) the created word vector of the
words "werken” and ”nooit” are presented in Fig. 4.1. It show that the re-
actions on a statement with the word ”werken” are ”angry”, ”little sad” and
primarily ”sadness”. The reactions for the word ”"nooit” in the same scenario
for a statement is "angry”.

Vinput ={0.40581,0.02978, 0.04559, 0.06359, 0.04537,
0.07729,0.09678,0.13377,0.01218, 0.01067,
0.01029,0.04736,0.01509, 0.00340}

Voption2 ={1,0,0,0,0,0,0,0,0,0,0,0,0,0}
Voption2 ={0,1,0,0,0,0,0,0,0,0,0,0,0,0}

Figure 4.2: Two vector representations for an input text and a player option
statement.

In Fig. 4.2 two vectors are presented: one from an input text and one from
a predefined player option statement. The input text is: ”jij bent er nooit eens
een keer” and the player options are: ”jij bent er nooit op tijd en werkt slordig”
and ”hoi je hebt net de daily standup gemist kan gebeuren natuurlijk maar merk
wel dat je wat vaker moeite hebt om hier op tijd te zijn toch” The word ”een”
is ignored as part of the text rewriting rules.

The vector representations of words are stored in a scenario specific corpus,
as well as the vectors of the player statement options.

13



Similarity calculations

In this section we discuss the similarity methods we use in our approach: eu-
clidean distance and cosine similarity.

Euclidean distance

One of the methods we consider to determine which statement option is de-
scribed by the text input, is Euclidean distance. We expect that the distance
between a text input from a player and a best statement option from a scenario
is minimal. The position of the two vectors are determined by the average pa-
rameter values and the difference between the value is minimal if the values are
close to each other.

Euclidian distance D is calculated with Pythagoras’ theorem [22] between
two vectors Vipput & Voption, €ach representing a statement. Note that the
lengths of Vippur and Vipiion is the same, since both contain the same set of
information of a scenario.

D= \/Z (Voption i ‘/input i)2 (44)

The euclidean distance of the example vectors for a input and player state-
ment options as shown in Fig. 4.2 is D(Vinput, Voption1) = 0.60507
and D (Vinput, Voptionz) = 1.07251. According to the euclidean distance, the first
player statement option is considered best.

Cosine similarity

Another method to test similarity between a statement option and a text input
based on their vector representation is cosine similarity. Instead of calculating
the distance between two vectors, the angle is calculated.

Z V;)ption i‘/vinput i
\/Z Voption 1\/2 ‘/input i

Using the cosine similarity, we test if a statement option and a text input
are within a similar region. The higher the similarity, the higher the chance the
statement option is plausible to use.

The cosine similarity of the example vectors for a input and the player
statement options as shown in Fig. 4.2 is S(Vinput, Voption1) =~ 0.88590 and
S(Vinputs Voption2) = 0.06501. The calculation shows that the first player state-
ment option is considered best.

S =cos¢p = (4.5)

Validation

To answer our research question, two validation tests will be used; Some Option
Matches (SOM) and No Option Matches (NOM). The accuracy of a matching
algorithm is determined by the number of correct option selections in a test.

14



Test data

To test our method and compare it to other methods, a dataset and ’golden-
standard’ has been generated. At University Utrecht we conducted an exper-
iment with final year bachelor computer science students. The students work
in a team project to develop a software product for a real customer. In the
second semester of college year 2017 - 2018, a total of eighty two students were
assigned in eight teams. Seventy eight students gave consent to use their data
for research. The age range of the students was between twenty and twenty
eight years.

In the first round of guided-sessions with each team, students played the
scenario with multiple choice answers in Communicate!.

We conducted a 2nd round of guided sessions to gather open-text input from
students. We gathered data for the matching methods. We adapted Commu-
nicate! to gather data in the 2nd round: a student gets an open-text input box
in which she writes her response instead of choosing from the multiple choices
at each step. A student inputs her text, after which Communicate! displays
the available scripted player statement options at this step. There is also an
option No response matches displayed at each step. A student indicates which
statement is closest to her open-text input, or chooses No response matches in
case no scripted statement matches her input. If a student chooses No response
matches, Communicate! thereafter asks her to select one of the scripted state-
ment options to continue the simulation. The information gathered from the
2nd round is used for test data for our method.

We divided the test data in three sets: Training, Validation and Testing.
We use the Training and Validation test data for different configurations of
SSCM to find a best configuration. The Validation test data is used to validate
findings in results with the Training test data. We use the Testing test data as a
black box method for our final configuration for comparison with ReaderBench.
The Training and Validation test data can openly be addressed to find why a
configuration works.

Some Option Matches

SOM tests if a system finds a match in the statement options given a text input
and if it is a correct match according to the player. The SOM percentage rep-
resents the number of accurate matches, according to a user of Communicate!,
divided by the total amount of match requests for a system, such as SSCM.
A test case assumes there is a statement option that can be considered a best
match to a text input.
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No Option Matches

While testing for matches between dialogue options and a text input, it is pos-
sible a best match is not plausible enough to use. NOM tests the accuracy of a
system if no match is found, given statement options in a scenario. For NOM
tests we assume no statement option describes the text input accurately and no
option should be selected.

To test for no match occurrences, we will use a threshold. Each of the
above methods will use a different threshold. A threshold will be manually
determined by incrementing and decrementing it until a maximum is found in
the NOM score.
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Chapter 5

Results

For each configuration of SSCM we test the accuracy. A configuration consists of
a similarity method (euclidean distance or cosine similarity), an information set
(emotion or parameter) and vectorization sequence methods used. We compare
each configuration of SSCM with the same test data, the Training test data as
described in Chapter 4. The total amount of SOM’s in the Training test data
is 306 and the total amount of NOM’s is 277.

Fach configuration results in five values: SOM, NOM, SOMasNOM, NO-
MasSOM, WrongSOM. The SOM value indicates the amount of correct SOM
classification for a configuration. The NOM value indicates the amount of cor-
rect NOM classifications. The SOMasNOM value indicates the amount of tests
that a configuration should classify as a SOM, but is classified as a NOM. The
NOMasSOM value indicate the amount of tests that a configuration should clas-
sify as a NOM, but is classified as a SOM. The WrongSOM value represents the
amount of tests that a configuration classifies as a SOM and matches to the
wrong player statement option.

For each configuration we show the SOM and NOM values, as well as the
combined value of SOM and NOM, which we indicate by Total Correct. The
complete results, with the SOMasNOM, NOMasSOM and WrongSOM values,
are found in Appendix C. For each configuration a selection of results from
the Training test data is shown. The results in bold are the highest in their
respective column (SOM, NOM, Total Correct) in the complete results.

To test whether a configuration is interesting, we calculate a Fj-score. A F}-
score is a measure to test the accuracy of a configuration [34]. It considers both
the precision and the recall of a configuration for the score. The precision of a
configuration (Eq. 5.1) is calculated by dividing the number of correct positive
classifications by the total amount of positive classifications (both correct and
incorrect). The recall of a configuration (Eq. 5.2) is calculated by dividing the
number of correct positive classifications by the relevant samples (samples that
should have been classified as positive). The Fj-score is then calculated with
Eq. 5.3.
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TP

precision = TP+ FP (5.1)
TP
ll=———-— 2
reca TPLEN (5.2)
F-score = 2 % precision x recall (5.3)

precision + recall

In terms of true and false classifications for both positive and negative re-
sults, Fi-score is calculated as shown in Eq. 5.4, where 8 equal 1 (as shown in
Eq. 5.5).

(1+85)*TP
Fs- = 5.4
BT = I B2« TP + 2« FN + FP (54)
2xTP
Fy-score = - (5.5)

2xTP+ FN+ FP

A Fi-score results in a value between 0 and 1. A score of 1 is a perfect test
score, a test contains only true positive classifications and has perfect precision
and recall, while a score of 0 indicates a test contained only incorrect classifica-
tions. For each configuration we calculate a SOM and a NOM F}-score. A SOM
Fi-score indicates the accuracy of a configuration with respect to SOM classifi-
cations and player statement option matching. A NOM F}-score indicates the
accuracy with respect to NOM classifications.

For a SOM Fj-score, the true positive classifications (TP) is the value in
the Correct SOM column. The value of the false negative classifications (FN)
is presented in the SOMasNOM column. The value of the false positive classi-
fications (FP) is the combined value of the WrongSOM and the NOMasSOM
columns. False positive classifications are both the NOM classifications in the
test data classified as a SOM as well as SOM values matched to a wrong player
statement option.

We calculate a NOM Fj-score with the value in the NOM column for TP,
the value in the NOMasSOM column for FN and the value in the SOMasNOM
column represents FP.

We find a SOM Fj-score more important than a NOM Fj-score when com-
paring configurations. For a configuration we calculate a Weighted F'-score to
express this. To calculate a Weighted F-score we use Eq. 5.6.

Weighted F-score =2 SOM Fy-score+ NOM F}-score (5.6)

Base configuration

First, we create a base line of correct SOM and NOM predictions. The con-
figuration of the vector sequence method is the creation of word vectors as
described in Chapter 4 for a player input statement, player statement options
and a scenario corpus.
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Each player statement option vector is matched with the input vector with
either a euclidean distance or cosine similarity calculation as the similarity
method, resulting in a similarity score between 0 and 1.

We increment a threshold in steps of 0.025 between the values 0 and 1. We
consider a statement option with the highest similarity score for a step in a
scenario for either SOM or NOM. If the similarity score of an option is higher
than the given threshold, we consider it a SOM, otherwise it is a NOM.

We use both information sets (emotion and parameter) for the base line.
This will result in a total of 80 tests for each test data set.

For the base line we show both the highest values for the correct number of
SOM, NOM and the Total Correct, as well as the values of a threshold value of
our interest. For future configurations we only show values of interest.

Table 5.1: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score

0 167 30 197 0.499 0.211 1.208

0.5 138 60 198 0.452 0.344 1.247
0.525 136 62 198 0.448 0.350 1.246
0.550 135 65 200 0.448 0.361 1.257
0.575 133 69 202 0.446 0.375 1.266
0.600 132 76 208 0.448 0.402 1.299
0.625 131 80 211 0.449 0.416 1.313
0.650 130 88 218 0.452 0.443 1.348
0.675 129 95 224 0.455 0.466 1.376
0.700 126 103 229 0.453 0.488 1.395
0.725 122 112 234 0.449 0.511 1.410
0.750 118 120 238 0.444 0.523 1.412
0.775 115 129 244 0.443 0.544 1.431
0.800 104 139 243 0.418 0.558 1.394
0.900 60 197 257 0.303 0.615 1.221
0.975 15 225 240 0.093 0.606 0.792
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Threshold SOM NOM Total Correct

Table 5.2: Cosine Similarity - Parameter information set - Training test data

SOM F;-score

NOM F;-score

Weighted F-score

0
0.5
0.525
0.550
0.575
0.600
0.625
0.650
0.675
0.700
0.725
0.750
0.775
0.800
0.975

Threshold SOM NOM Total Correct

90
90
90
90
90
90
90
90
90
90
90
89
89
89
74

42
42
42
42
42
42
42
43
43
43
46
46
47
48
89

132
132
132
132
132
132
132
133
133
133
136
135
136
137
163

0.310
0.310
0.310
0.310
0.310
0.310
0.310
0.310
0.310
0.310
0.312
0.309
0.310
0.310
0.286

0.248
0.248
0.248
0.248
0.248
0.248
0.248
0.253
0.253
0.253
0.268
0.267
0.272
0.277
0.416

0.867
0.867
0.867
0.867
0.867
0.867
0.867
0.874
0.874
0.874
0.892
0.885
0.892
0.898
0.987

Table 5.3: Euclidean Distance - Emotion information set - Training test data

SOM Fj-score

NOM Fi-score

Weighted F-score

0
0.6
0.625
0.650
0.675
0.700
0.725
0.750
0.775
0.800
0.825
0.850
0.975

180
126
125
125
125
119
115
110
104
84
60
45
11

0
19
20
22
31
45
o8
73

108
148
184
209
227

180
145
145
147
156
164
173
183
212
232
244
254
238

20

0.505
0.394
0.392
0.393
0.399
0.392
0.390
0.386
0.393
0.358
0.293
0.244
0.069

0.000
0.125
0.131
0.143
0.194
0.259
0.311
0.365
0.479
0.557
0.595
0.614
0.606

1.010
0.913
0.914
0.929
0.991
1.043
1.091
1.137
1.265
1.274
1.181
1.102
0.745



Table 5.4: Euclidean Distance - Parameter information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0 169 0 169 0.481 0.000 0.963

0.6 169 3 172 0.484 0.026 0.993
0.625 169 3 172 0.484 0.026 0.993
0.650 169 3 172 0.484 0.026 0.993
0.675 168 3 171 0.481 0.026 0.989
0.700 166 4 170 0.478 0.034 0.989
0.725 165 6 171 0.477 0.050 1.004
0.750 161 21 182 0.478 0.161 1.118
0.775 159 26 185 0.477 0.193 1.148
0.800 158 31 189 0.479 0.224 1.181
0.825 152 38 190 0.470 0.259 1.199
0.850 145 43 188 0.457 0.279 1.193
0.975 44 198 242 0.232 0.599 1.063

Looking at the result above, the configuration with the Cosine similarity
matching method in combination with the emotion information set and a thresh-
old value of 0.775 performs best, resulting in a Weighted F-score of 1.431. The
parameter information set underperforms for both the Euclidean distance and
the Cosine similarity matching, compared to the emotion information set.

We will refer to the best configuration (emotion information set, Cosine
similarity, threshold of 0.775) in the results above as Configuration 1 for future
configurations.

Word substitution

In this configuration of SSCM, we substitute each word in a statement for their
simple form in the vectorization method. A simple form word contains lowercase
characters, contains no punctuation (such as hyphens, commas, etc.) and con-
tains no diacritic character. We substitute characters with diacritics for their
non-diacritics counterpart. For example we replace the character @ with the
character a.

Table 5.5: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750 118 118 236 0.443 0.516 1.402
0.775 115 127 242 0.441 0.539 1.422
0.800 103 141 244 0.416 0.563 1.395
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Table 5.6: Cosine Similarity - Parameter information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score
0.950 80 65 145 0.292 0.337 0.921
0.975 74 88 162 0.285 0.412 0.983
Table 5.7: Euclidean Distance - Emotion information set - Training test data
Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score
0.775 101 133 234 0.403 0.544 1.350
0.800 88 164 252 0.385 0.604 1.374
0.825 61 190 251 0.302 0.616 1.220
Table 5.8: Euclidean Distance - Parameter information set - Training test data
Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score
0.775 86 60 146 0.308 0.323 0.939
0.800 85 65 150 0.307 0.341 0.956
0.825 83 66 149 0.302 0.340 0.944

The result above show that the configuration with the cosine similarity
matching method, emotion information set and a threshold value of 0.775 per-
forms best with the word substitution method, with a Weighted F-score of 1.422
(Configuration 2). While it underperforms with compared to Configuration 1
(Weighted F-score of 1.431), Configuration 2 has the same amount of correct
SOM’s and sets up the possibility of using other methods described in later
sections.

At this point we see clear evidence that the parameter information set under-
performs compared to the emotion information set. For future configurations,
we will not use the parameter information set.

Unique word statement vector

Each statement vector in the previous configuration is constructed from all
words in a statement. In this configuration only unique words are added to a
statement vector. The purpose of this configuration is to see if a multitude of
same words decreases an intended sentiment.

Before we add each word to a statement vector, we first check a set if we
already added the information set vector of a word to a statement vector. We
only add a word if it is absent in the set.
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Table 5.9: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750 117 120 237 0.442 0.519 1.402
0.775 111 132 243 0.434 0.548 1.415
0.800 105 142 247 0.423 0.567 1.414

Table 5.10: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score

0.775 102 134 236 0.407 0.547 1.361
0.800 87 165 252 0.382 0.600 1.365
0.825 65 189 254 0.318 0.615 1.250

The configuration (Configuration 3) containing the emotion information set,
cosine similarity matching method and a threshold value of 0.775, performed
best with the unique word statements. Compared to Configuration 1 and 2, it
underperforms in SOM’s (111 versus 115), but performs better for NOM’s (132
versus 129 and 127).

We will use unique word statement vectors for future configurations as it
allows for single words in a vector to be as influential as a word with multiple
entries.

Stemming

For the next configuration, we use stems of words in the vectorization method.
We use stems for finding a word vector for a word in a statement. If a word in
a statement (both in a player statement option and a player input statement)
does not exist in our corpus, we check if its stem exist in our stem corpus. We
create a stem corpus by collecting the stems of each word in each statement in
a scenario with the corresponding information vector for that statement, only
if the stem of the word is not equal to the word itself. Since the non-stemmed
word already has an entry in the 'normal’ corpus, adding it to the stemmed
corpus adds no value. For example a stem of ’blijft’ equals ’blijven’ and a stem
of ’jij’ equals ’jij’”. We do not add the latter to our stem corpus, since the stem
of the word ’jij’ is equal to itself.

After we collected all the stems in a scenario, we average the collected in-
formation vectors and create a word vector for each stem.

We test two methods for stemming. The first method of stemming we use a
database consisting a table obtained from the website Wikitionary!'. Wiktionary
is an open-source multilingual corpus, providing synonyms and stems.

The other method is the use of a Snowball stemmer. Snowball is a small
string processing language designed for creating stemming algorithms for use in

Ihttps://www.wiktionary.org/
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information retrieval [30]. Snowball subtracts stems from a word via a pattern
matching. We use the Accord.NET framework? for our implementation, which
uses Snowball.

A difference between the two methods is a resulting stem. A Snowball stem-
mer gives different stems, as it uses a pattern to subtract a stem. The Wik-
tionary database contains stem collected from dictionaries. An example can be
found with irregular verbs. For the verb ‘gebleven’ Snowball subtracts the stem
‘geblev’; while the stem in the Wiktionary database is ‘blijven’

Wiktionary Database

Table 5.11: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score
0.750 114 123 237 0.435 0.527 1.397
0.775 109 133 242 0.428 0.551 1.407
0.800 104 141 245 0.419 0.566 1.405
Table 5.12: Euclidean Distance - Emotion information set - Training test data
Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score
0.750 109 115 224 0.414 0.503 1.331
0.775 104 132 236 0.412 0.542 1.366
0.800 85 164 249 0.374 0.596 1.345
Snowball stemmer
Table 5.13: Cosine Similarity - Emotion information set - Training test data
Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score
0.750 118 119 237 0.444 0.523 1.410
0.775 111 132 243 0.434 0.552 1.419
0.800 105 139 244 0.421 0.563 1.404
Table 5.14: Euclidean Distance - Emotion information set - Training test data
Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score
0.750 108 115 223 0.411 0.505 1.327
0.775 104 131 235 0.411 0.541 1.363
0.800 86 163 249 0.377 0.597 1.351

2http://accord-framework.net/
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In the results above, we see that for both the Wiktionary Database stemming
method and the Snowball stemmer, the cosine similarity works best as a match-
ing method. The Wiktionary Database stemming method in combination with
the cosine similarity matching method and a threshold value of 0.775 (Config-
uration 4) has a slightly higher amount of NOM’s (133 versus 132), but has a
lower amount of SOM’s (109 versus 111) compared to the same configuration
with the Snowball stemmer (Configuration 5).

We will consider stemming at future configurations, if it shows an increase
in performance with a different application.

Stem All

For this configuration we apply the stemming methods to all words in a state-
ment in the vectorization method. We substitute each word in a statement,
both player statement options and player input statements, with their stem.
We use the same stemming methods as the previous configuration: Wiktionary
Database and Snowball Stemmer.

Wiktionary Database

Table 5.15: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.725 125 104 229 0.451 0.492 1.394
0.750 120 114 234 0.445 0.515 1.405
0.775 113 120 233 0.430 0.521 1.380

Table 5.16: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.775 112 115 227 0.423 0.508 1.353
0.800 97 141 238 0.397 0.564 1.357
0.825 70 160 230 0.316 0.563 1.195

Snowball stemmer

Table 5.17: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750 114 113 227 0.427 0.502 1.356
0.775 109 128 237 0.424 0.540 1.388
0.800 103 135 238 0.411 0.549 1.371
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Table 5.18: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.775
0.800
0.825

109 124 233 0.421 0.524
102 152 254 0.422 0.586
76 180 256 0.354 0.604

Looking at the result tables, we see two configurations that have a Weighted F-
score of at least 1.400. The first configuration contains the Wiktionary Database
stemming method, cosine similarity matching method and a threshold value
of 0.750 (Configuration 6). The second configuration contains the Snowball
stemmer, the euclidean distance matching method and a threshold value of
0.800 (Configuration 7). Configuration 6 has a higher amount of SOM’s (120 vs
102), while Configuration 7 has more NOM’s (114 versus 152).

We will take this method into consideration for future configurations or
combination of methods.

Synonyms

In this configuration we use the synonyms of words in a statement in the vec-
torization method. We use the same order of selecting a corpus vector as we
did with stemming: if our corpus does not contain a corpus vector for a word,
we look if a synonym is present in our corpus and use the corresponding corpus
vector. These vectors are stored in a synonym corpus.

We use two data sets for the synonyms: Wiktionary and Open Dutch Word-
net. Open Dutch Wordnet[31] is a data set with synonyms, containing 28727
rows of a lemma and its synonym(s). We concluded that a lemma is also a
synonym of a synonym, as well as synonyms of a lemma are also synonyms of
each other.

We joined both datasets to a single database containing 314858 lemma-
synonym sets.

Table 5.19: Cosine Similarity - Emotion information set - Training test data

1.366
1.430
1.313

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750
0.775
0.800

116 116 232 0.435 0.514
110 128 238 0.427 0.539
102 141 243 0.413 0.567

Table 5.20: Euclidean Distance - Emotion information set - Training test data

1.385
1.393
1.393

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.775
0.800
0.825

101 137 238 0.406 0.558
87 168 255 0.385 0.609
62 189 251 0.305 0.611
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When comparing the results, the configuration utilizing synonyms, cosine
similarity and a threshold value of 0.775 (Configuration 8), outperforms the
configuration with euclidean distance matching method and a threshold value
of 0.800 (Configuration 9) when comparing the Weighted F-score and SOM’s.
However, Configuration 9 has a higher amount NOM’s (168 versus 128) com-
pared to Configuration 8.

Second degree synonyms

For this configuration we use second degree synonyms in the vectorization
method. A second degree synonym is a word with the same synonym of a
different word. For example, the word ”trap” is a synonym of the word ”trede”.
The word ”schop” is a synonym of the word "trap”. The word ”schop” is a
second degree synonym of the word ”trede”. In the section Synonyms, the vec-
torization method uses a synonym of a word if said word is not present in the
corpus. For this vectorization method we use a second degree synonym of a
word if the word and its synonyms are not present in the synonym corpus.

For each second degree synonym, we check if it is present in the synonym
corpus. We add all synonym vectors present to a temporary vector and divide
it by the amount of synonym vectors found.

Table 5.21: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.775 110 127 237 0.426 0.539 1.392
0.800 102 142 244 0.414 0.574 1.401
0.825 91 154 245 0.364 0.596 1.324

Table 5.22: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.650 130 33 163 0.512 0.329 1.353
0.675 127 51 178 0.498 0.365 1.361
0.700 121 78 199 0.472 0.413 1.356

When looking at the results, we see that a small increase for the configu-
ration with cosine similarity matching method with a threshold value of 0.800
(Configuration 10) compared to Configuration 8. An increase in SOM’s can
be seen with the euclidean distance matching method and a threshold value of
0.675, if we compare it to Configuration 9. However, the configuration also has
a large decrease in NOM’s as well as in Total Correct.
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Scenario Statement Option Vector

Previously, we compared our player input statement vector to a player statement
option vector calculated in the same manner as the input statement. For the
configurations in this section, we compare the input statement vector to a vector
containing only a emotional reaction property as stated in a scenario by a author.
A scenario statement option vector contains only a value for a specified emotion,
in contrast to a calculated statement option vector which contains a value for
all emotion afflicted by words in a statement.

Table 5.23: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.500 120 99 219 0.433 0.477 1.344
0.525 117 105 222 0.429 0.492 1.351
0.550 112 109 221 0.418 0.497 1.332

Table 5.24: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score

0.375 120 95 215 0.430 0.468 1.328
0.400 108 114 222 0.410 0.512 1.332
0.425 90 137 227 0.370 0.532 1.273

Looking at the Weighted F-scores in this method, we clearly see that it is
lower than the previous configurations. We will not use this method, but will
consider it in a different method.

Differential Angle Matching Method

For this configuration we test a matching method using both a scenario state-
ment option vector and a calculated statement option vector. We use the cosine
similarity matching method for both statement option vector with a player input
statement vector. We also calculate the cosine similarity between the statement
option vectors. We only take a statement option into consideration if it has the
highest cosine similarity score between a calculated statement option vector and
a player input statement of all statement options.

We determine that a statement option is considered a SOM if the cosine
similarity between a calculated statement vector and an input statement vector
is equal or larger than 0.8.

If this is not the case, we consider looking at the scenario statement option
vector. If the cosine similarity of a scenario statement vector and a player input
statement vector is higher than a given threshold, we consider it a threshold.

If both cases are false, we lastly check if how large the angle is between a sce-
nario statement vector and a calculated statement vector. We determine that if
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the angle between a scenario statement vector and a calculated statement vector
is large, than the angle between a scenario statement vector and a player input
vector should be small. This comparison ensures that if the similarity between
a calculated statement vector and a scenario statement vector is low, a player
input statement vector must be more similar to a scenario statement vector.
We also compare the cosine similarity between a player input statement vector
and a calculated statement vector with a given threshold. If both comparisons
are true it is considered a SOM.

Cos. sim_between calculated vector and
player input vector = threshold
False AND False

» Cos.Sim. between scenario statement
vector and player input vector = 1 - Cos
Sim. between scenario statement vector

and calculated vector

True Tr}i\ True
’QM/‘

Figure 5.1: Flow chart of the differential angle threshold method

Cosine similarity between | o\ Cosine similarity between
calculated statement vector o scenario statement vector
and and
playerinput vector = 0.8 player input vector =

threshold

Best statement aption

If all three cases are false, a player statement option is considered a NOM.
Fig 5.1 shows a flow chart visualizing the process of determining if a statement
option is a SOM or a NOM with the Differential Angle Method.

Table 5.25: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750 118 123 241 0.447 0.530 1.424
0.775 112 134 246 0.438 0.556 1.433
0.800 106 142 248 0.427 0.569 1.422

The results above show that the configuration with the Differential Angle
threshold method with the emotion information set and a threshold value of
0.775 (Configuration 11) has the highest Weighted F-score. Compared to Con-
figuration 1, it has a lower number of SOM’s and a higher number of NOM’s as
well as a higher Weighted F-score.

We will consider this method in combination with other methods.
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Combinations

In this section we combine multiple methods described before to find a best
configuration. The methods that we combine are stemming, synonyms, second
degree synonyms and Differential Angle threshold method. First we test the
combination of synonyms and stems. Then we test the combination of Differ-
ential Angle threshold method with stemming. The third combination set is
Differential Angle threshold method with synonyms. The last combination set
contains stemming, synonyms, and Differential Angle threshold method.

The combination can be found in Appendix C, each combination has a unique
number.

Synonyms and Stems

In this configuration we test the usage of stems and synonyms combined in the
vectorization method. We test six sequences of stemming and synonyms. In
the first sequence, if a vector for a word is not present in the corpus, we check
if a word vector is present for its stem. If no vector is present for its stem, we
check if a word vector is present in the synonym corpus (Combination 1). In the
second sequence to swap the order of stem and synonym checking (Combination
2).

For the combination of stemming and synonyms, we only use the Wiktionary
Database stemming method. Synonyms use Wiktionary as a source

Stemming — Synonyms
Combination 1
Table 5.26: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score

0.750 117 115 232 0.437 0.513 1.388
0.775 110 128 238 0.427 0.539 1.393
0.800 100 139 239 0.405 0.559 1.369

Table 5.27: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750 111 115 226 0.420 0.510 1.349
0.775 102 136 238 0.409 0.554 1.372
0.800 86 164 250 0.378 0.600 1.356
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Synonyms — Stemming

Combination 2
Table 5.28: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750 116 114 230 0.434 0.511 1.379
0.775 110 127 237 0.426 0.539 1.392
0.800 102 139 241 0.411 0.564 1.386

Table 5.29: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750 111 113 224 0.418 0.504 1.341
0.775 103 135 238 0.411 0.553 1.376
0.800 87 165 252 0.382 0.602 1.367

For the third (Combination 3) and fourth (Combination 4) sequences of
synonyms and stemming we also use second degree synonyms. We look at second
degree synonyms directly after normal synonyms if no synonym is found. The
orders are the same as the previous two sequences.

Stemming — Synonyms — Second degree Synonyms
Combination 3

Table 5.30: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score

0.750 115 110 225 0.428 0.494 1.349
0.775 109 128 237 0.424 0.540 1.388
0.800 101 139 240 0.408 0.562 1.378

Table 5.31: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750 108 118 226 0.413 0.519 1.345
0.775 100 134 234 0.401 0.546 1.347
0.800 84 165 249 0.372 0.596 1.339
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Synonyms — Second degree Synonyms — Stemming

Combination 4
Table 5.32: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.775 110 127 237 0.426 0.539 1.392
0.800 102 142 244 0.414 0.574 1.401
0.825 91 154 245 0.391 0.574 1.356

Table 5.33: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.775 100 135 235 0.402 0.550 1.353
0.800 86 166 252 0.380 0.599 1.359
0.825 62 190 252 0.306 0.612 1.224

The fifth sequence (Combination 5) uses the Stem All method with syn-
onyms. We stem all words in all statements and if our corpus does not contain
a word, we check if it is a synonym in our synonym corpus.

The last sequence (Combination 6) for this combination, we also use second
degree synonyms. If a synonym is also not available in our synonym corpus, we
check for any second degree synonyms.

Stem All — Synonyms
Combination 5
Table 5.34: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score

0.725 123 102 225 0.444 0.486 1.374
0.750 122 109 231 0.447 0.503 1.397
0.775 115 118 233 0.434 0.519 1.387

Table 5.35: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score

0.775 113 116 229 0.426 0.511 1.364
0.800 100 140 240 0.406 0.562 1.374
0.825 74 162 236 0.333 0.572 1.238
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Stem All - Synonyms — Second degree Synonyms

Combination 6
Table 5.36: Cosine Similarity - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750 124 106 230 0.450 0.494 1.394
0.775 117 117 234 0.439 0.517 1.395
0.800 108 131 239 0.424 0.546 1.393

Table 5.37: Euclidean Distance - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.775 113 114 227 0.425 0.507 1.356
0.800 100 137 237 0.403 0.552 1.359
0.825 74 161 235 0.332 0.568 1.232

Looking at the results of the six sequences, four configurations stand out
for us. The first configuration (Configuration 12) consists of Combination 1
with a threshold value of 0.775 while using cosine similarity as the matching
method. The second configuration (Configuration 13) is Combination 4 with the
cosine similarity matching method and a threshold value of 0.800. The third
configuration (Configuration 14) consists of Combination 5 with a threshold
value of 0.750 and the cosine similarity matching method. The last configuration
(Configuration 15) consists Combination 6, cosine similarity matching method
and a threshold value of 0.775.

Configuration 13 has the highest number of NOM’s (142) compared to the
other selected configurations in this section as well as the highest Weighted F-
score. Configuration 14 has the highest number of SOM’s (122) of the selected
configurations. The other two configurations (Configurations 12 and 15) have
a trade-off between SOM’s and NOM’s while having a Weighted F-score of at
least 1.39.

Differential Angle threshold method and Stemming

In this section we test the combination of Differential Angle threshold method
and stemming. We test two variants of stemming, as described in Sections
Stemming (page 23) and Stem All (page 25). For both stemming methods, we
use the Wiktionary Database and the Snowball stemming methods. The normal
threshold method is replaced with Differential Angle threshold method.

Because Differential Angle threshold method uses only cosine similarity, we
will not use euclidean distance as a matching method.
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Differential Angle and Wiktionary Database Stemming

Combination 7

Table 5.38: Differential Angle - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score
0.750 116 124 240 0.442 0.533 1.417
0.775 111 134 245 0.435 0.557 1.428
0.800 106 141 247 0.426 0.570 1.421
Differential Angle and Snowball Stemming
Combination 8
Table 5.39: Differential Angle - Emotion information set - Training test data
Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score
0.750 119 121 240 0.448 0.531 1.427
0.775 112 133 245 0.438 0.556 1.431
0.800 106 139 245 0.424 0.564 1.412
Differential Angle and Wiktionary Database Stem all
Combination 9
Table 5.40: Differential Angle - Emotion information set - Training test data
Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score
0.725 119 104 223 0.434 0.481 1.350
0.750 115 114 229 0.431 0.508 1.369
0.775 111 120 231 0.424 0.519 1.367
Differential Angle and Snowball Stem All
Combination 10
Table 5.41: Differential Angle - Emotion information set - Training test data
Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score
0.675 125 99 224 0.447 0.474 1.368
0.700 125 104 229 0.451 0.491 1.393
0.725 121 109 230 0.444 0.499 1.387
0.750 116 114 230 0.434 0.508 1.375
0.775 111 129 240 0.431 0.545 1.408
0.800 105 135 240 0.417 0.551 1.386
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Looking at the results in this section we see three configurations that interest
us. The first configuration (Configuration 16) consists of Combination 7 with a
threshold value of 0.775. The second configuration (Configuration 17) consists
of Combination 8 and a threshold value of 0.775. The last configurations (Con-
figuration 18) consist of Combination 10 and a threshold value of 0.700. All
selected configurations in this section use cosine similarity as matching method.

Configuration 16 has 1 more NOM compared to Configuration 17 (134 versus
133) while Configuration 17 has 1 more SOM (112 versus 111). Both configu-
rations have a high Weighted F-score (1.428 and 1.431). Configuration 18 has
a high number of SOM’s (125). While the same combination with a threshold
value of 0.775 has a higher Weighted F-score (1.408 versus 1.393), Configura-
tion 16 has the same number of SOM’s (111) while having a higher number of
NOM’s (134 versus 129).

Differential Angle threshold method and Synonyms

In this section we test the combination of Differential Angle threshold method
and synonyms. We use the synonym methods as described in Sections Synonyms
(page 26) and Second Degree Synonyms (page 27). We use the Differential Angle
threshold method instead of the normal threshold method.
Differential Angle threshold method and Synonyms

Combination 11
Table 5.42: Differential Angle - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.750 117 116 233 0.438 0.514 1.391
0.775 112 128 240 0.433 0.541 1.408
0.800 104 139 243 0.418 0.564 1.399

Differential Angle threshold method and Second Degree Synonyms

Combination 12
Table 5.43: Differential Angle - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.775 112 126 238 0.432 0.538 1.402
0.800 104 140 244 0.419 0.570 1.407
0.825 104 140 244 0.419 0.570 1.407
0.850 103 140 243 0.415 0.569 1.400
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Both combinations (Combinations 11 and 12) in this section have a inter-
esting configuration. Combination 11 with a threshold value of 0.775 (Configu-
ration 19) and Combination 12 with a threshold value of 0.800 (Configuration
20). Both configurations have a Weighted F-score of at least 1.400.

Differential Angle threshold, Stemming and Synonyms

In this section we use the variations described in Section Stemming and Syn-
onyms (page 30) and replace the normal threshold method with Differential
Angle threshold method.

Stemming — Synonyms
Combination 13
Table 5.44: Differential Angle - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score

0.750 118 114 232 0.439 0.510 1.389
0.775 112 127 239 0.432 0.538 1.403
0.800 102 137 239 0.410 0.556 1.375

Synonyms — Stemming

Combination 14
Table 5.45: Differential Angle - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score

0.750 117 113 230 0.436 0.508 1.379
0.775 112 126 238 0.432 0.538 1.402
0.800 104 137 241 0.416 0.560 1.392

Stemming — Synonyms — Second degree Synonyms

Combination 15
Table 5.46: Differential Angle - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fi-score Weighted F-score

0.750 116 109 225 0.430 0.492 1.351
0.775 111 127 238 0.429 0.539 1.398
0.800 103 137 240 0.413 0.558 1.384
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Synonyms — Second degree Synonyms — Stemming
Combination 16
Table 5.47: Differential Angle - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fj-score NOM Fj-score Weighted F-score

0.775 112 126 238 0.432 0.538 1.402
0.800 104 140 244 0.419 0.570 1.407
0.825 103 140 243 0.415 0.569 1.400

Stem All — Synonyms

Combination 17

Table 5.48: Differential Angle - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score

Weighted F-score
0.775 113 116 229 0.426 0.509 1.362
0.800 107 128 235 0.418 0.537 1.373
0.975 107 128 235 0.418 0.537 1.373

Stem All — Synonyms — Second degree Synonyms
Combination 18
Table 5.49: Differential Angle - Emotion information set - Training test data

Threshold SOM NOM Total Correct SOM Fi-score NOM Fj-score Weighted F-score

0.775 115 115 230 0.432 0.507 1.370
0.800 108 129 237 0.422 0.540 1.383
0.975 108 129 237 0.422 0.540 1.383

In this section, we found two interesting configurations. The first configu-
ration (Configuration 21) consists of Combination 13 with a threshold value of
0.775. Configuration 21 has a NOM match more compare to the configuration
consisting of Combination 14 with a threshold value of 0.775 (127 versus 126).

The second configuration consists of Combination 16 with a threshold value of
0.800 (Configuration 22).
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Validation

In the previous sections we selected 22 configurations based on the Training test
data. In this section we calculate the Weighted F-score based on the Validation
test data. Based on the combined calculations of both the Training test data and
Validation test data, we will select four configurations. A configuration with the
highest combined number of SOM’s, a configuration with the highest combined
number of NOM’s, a configuration with the highest combined number of Total
Correct and a configuration with the highest combined Weighted F-score.

Table 5.50: Configuration Comparison

Training Validation
Configuration | SOM NOM Weighted F-score | SOM NOM Weighted F-score
1 115 129 1.431 36 62 1.320
2 115 127 1.422 36 60 1.299
3 111 132 1.415 34 62 1.281
4 109 133 1.407 32 60 1.238
5 111 132 1.419 33 58 1.225
6 120 114 1.405 32 52 1.194
7 102 152 1.430 31 65 1.245
8 110 128 1.393 26 65 1.147
9 87 168 1.379 18 82 1.074
10 102 142 1.401 20 70 1.053
11 112 134 1.433 34 62 1.281
12 110 128 1.393 23 62 1.063
13 102 142 1.401 20 70 1.053
14 122 109 1.397 27 53 1.095
15 117 117 1.395 24 58 1.069
16 111 134 1.428 32 60 1.238
17 112 133 1.431 33 58 1.225
18 125 104 1.393 45 44 1.343
19 112 128 1.408 26 65 1.147
20 104 140 1.407 20 70 1.053
21 112 127 1.403 23 62 1.063
22 104 140 1.407 23 63 1.075

Looking at the comparison table of the selected configurations, we found three
configurations of interest. The configuration with the highest number of SOM’s
is Configuration 18 (170 Correct SOM’s). The configuration with the highest
number of NOM’s is Configuration 9 (250 Correct NOM’s) and also has the
highest Total Correct (355 SOM and NOM classifications). Configuration 1 has
the highest combined Weighted F-score value.

We use these three configurations for comparison with other methods.
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Comparison with ReaderBench

In this section we compare our best configurations of SSCM with several config-
urations of ReaderBench. We will test SSCM and ReaderBench with the Testing
test data as a black box method. Stefan Ruseti et al. have conducted a experi-
ment with ReaderBench with the same test data before [9]. The variants used
by ReaderBench are: SpaCy, Path length, Leacock-Chodorow [28], Wu-Palmer
[7], String kernels and Average of SpaCy and string kernels.

The Testing data contains 147 SOM matches and 77 NOM matches, making
a total of 224 tests. The results are shown in the table below.

SOM NOM All
Totals 147 77 224
Method # % # % # %
RB SpaCy 38 26 7 100 | 115 | 51
Path length (WordNet) 25 17 74 96 99 44
Leacock-Chodorow (WordNet) 19 13 74 | 96 93 | 42
Wu-Palmer (WordNet) 19 13 76 99 95 42
String kernels 72 49 64 7 136 | 61
Average of SpaCy and string kernels | 33 22 77 100 | 110 | 49
Neural network 72 49 65 T 137 | 61
SSCM | Best SOM Config 18. | 74 50 | 36 47 110 | 49
Best NOM Config 9. 35 24 67 87 102 | 46
Best Weighted F-score | Config 1. 64 44 49 64 113 | 50

Table 5.51: Comparison with ReaderBench

Looking at the results, SSCM performs best compared to ReaderBench with
Configuration 18, resulting in the highest number of SOM’s. ReaderBench per-
forms best with variation SpaCy and Average of path length and string kernels
for NOM’s and for overall accuracy variation String kernels works best.
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Discussion

The configuration with all words stemmed by a Snowball Stemmer, emotion
information set, the Differential Angle matching method and a threshold value
of 0.700 works best with respect to SOM values. It outperforms ReaderBench,
which utilizes a neural network, with a small amount in terms of SOM matches.
The other configurations of SSCM performed comparable to the non-neural
network methods of ReaderBench.

We also see that the configuration with the highest SOM matches according
to the Training test data, is the configuration that uses the Stem All method as
described on page 25, euclidean distance as matching method and a threshold
of 0.000 with the emotion information set. This configuration had 185 SOM
matches out of 306, a percentage of 60.5%. We did not select the configuration
as it had 0 NOM matches.

During our research, we omitted the use of the user-defined parameter infor-
mation set. The information set in our test scenario contained two parameters.
We suspect that the number of parameters affects the usability of the informa-
tion set. For future testing, we could use a scenario with a larger amount of
user-defined parameters.

The Validation data set is skewed towards NOM matches, while the Testing
data set has more SOM matches than NOM matches. Because of the higher
amount of NOM matches in the Validation data, we may have selected a subop-
timal configuration for the Testing data set. In the future it is best if we create
an evenly distributed test data for testing our methods.

SSCM is comparable to ReaderBench in Total Accuracy, while providing a
method without much setup. SSCM can be adjusted to use the method with
different types of scenarios, for example in games. ReaderBench requires a large
data set of text and sentiment values to work, while SSCM only needs local data
from a scenario.
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Chapter 6

Conclusion & Future Work

This paper describes the research of a text-matching method using only data
present in a scripted scenario. Using information extracted from a scripted sce-
nario we find it possible to match a player input statement to a player statement
option using only local information. Using the emotion property information
in a Communicate! scenario, we created a method to use the emotion property
information for matching a player input statement to a player statement option.
We compared our method with an available method, ReaderBench [11].Overall,
the configuration with all words stemmed by a Snowball Stemmer, emotion in-
formation set, the Differential Angle matching method and a threshold value of
0.700 is a slightly better method for matching SOM’s compared to ReaderBench.

For future work, we propose the use of machine learnig methods. Machine
learning is a method we omitted in Chapter 3. The argument against using
machine learning was the adaptability of a scenario. An author could change a
scenario, leading to restarting a machine learning method as previously learn-
ing strategies would be invalid. We propose the usage of classification methods
for scenarios that are used for a longer period of time. An example of such
method as Support Vector Machines [20]. A Support Vector Machine classifies
a vector by calculating if a vector is on the positive or negative field of a mul-
tidimensional plane. A vector on the positive plane means the Support Vector
Machine positively classifies a vector for that class. A class for a scenario would
be a player statement option, where a vector would be a calculated player input
statement.

For the use of machine learning methods, we propose a method for users
of a scripted scenario in Communicate! to add a player statement option to an
existing option. A player could add a statement if a statement option is similar,
but not exactly how a player would express herself in a scenario step. By adding
an option to add statements to a player statement option, we have a larger data
set of words for our corpus. A larger data set would add to context of a player
statement option, without losing its original sentiment.
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Appendix A

Example Scenario

This graph shows the flow of a scenario. Red blocks represent computer state-
ments and blue block player statements. Red/black blocks are scenario endings.

Goedemiddag!
Goh, iedereen
is aanwezig [}
hier, hadden wij

/‘2157

Hoi, je hebt net de daily Hallo, wij hebben Wi hebben net de Jij bent er
standup gemist. Kan net de daily daily stand-up gehad nooit op tijd __
gebeuren natuurlijk, stand-up gehad. gy maar maakt niet uit. en werkt -
maar merk wel dat je - Waaromwas jij Ik heb soms ook |} slordig!
wat vaker moeite hebt = er niet? moeite om vroeg
om hier op tijd te zijn wakker te worden
toch?
v ~
Ja... valt het op? Ik Oh echt? Ik Het schijnt dat Ohja?l
woon in Leiderdorp wist niet dat slimmere Gaatje [
en hetis een B er een stand- mensen laat  go niets aan
drama om met OV up was. wakker o
om hier te komen worden
Oké. Ik woon ook Dan moet je Dat had je wel Dan zijn Dat wil niet
best ver, daarom toch eerder _ geweten als je bij we [ ] zeggen dat alle
sta ik tegenwoordig gy wakker | de afgelopen . genien mensen die laat gy
extravroegopom worden algemene team- [ wakker worden
op tijd te zijn meeting aanwezig slimmer zijn
was.
Ja, goed punt, Gelukkig
ik zal proberen__ zZijn wij het B
wal eerderte & daarover &5
komen. eens,
Wij hebben Snap je dat het
afgesproken in de belangrijk is om bij
afgelopen algemene vergaderingen te .
team-meeting om B zijn? Jij was er ook [0
dagelijks een stand- &= niet bij de team-
up te houden om meeting
10u

Oops, toen was
ik 0ok laat -
Voortaan kom &
ik wel op tijd.
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Appendix B

Example Scenario Specific
Corpus

A selection from a corpus from a scenario, based on the emotion property in-
formation set.

<?xml version="1.0"7>

<CBC _Storage xmlns:xsi="http://www.w3.o0rg/2001/
XMLSchema—instance” xmlns:xsd="http://www.w3.
org /2001 /XMLSchema”>

<ID>100</ID>

<Corpus>

<str_fla>

<key>jij</key>

<value>

<float>0.166666672</float>

<float>0</float>

<float>0.166666672</float>

<float>0.166666672</float>

<float>0</float>

<float>0.166666672</float>

<float>0</float>

<float>0.166666672</float>

<float>0</float>

<float>0</float>

<float>0</float>

<float>0.166666672</float>

<float>0</float>

<float>0</float>

</value>

</str_fla>

<str_fla>
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<key>bent</key>
<value>
<float>1</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
</value>
</str_fla>
<str_fla>
<key>er</key>
<value>
<float>0.25</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0.25</float>
<float>0.25</float>
<float>0.25</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
</value>
</str_fla>
<str_fla>
<key>nooit</key>
<value>
<float>1</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
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<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
</value>
</str_fla>
<str_fla>
<key>op</key>
<value>
<float>0.2</float>
<float>0.2</float>
<float>0</float>
<float>0</float>
<float>0.4</float>
<float>0</float>
<float>0.2</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
</value>
</str_fla>
<str_fla>
<key>tijd</key>
<value>
<float>0.25</float>
<float>0.25</float>
<float>0</float>
<float>0</float>
<float>0.25</float>
<float>0</float>
<float>0.25</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
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</value>
</str_fla>
</Corpus>
<Stems>
<str_fla>
<key>werken</key>
<value>
<float>0.25</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0.5</float>
<float>0.25</float>
<float>0</float>
<float>0</float>
<float>0</float>
</value>
</str_fla>
<str_fla>
<key>mist</key>
<value>
<float>0</float>
<float>1</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
</value>
</str_fla>
</Stems>
<Statements>
<str_fla>



<key>jij bent er mnooit op tijd en werkt slordig</
key>
<value>
<float>1</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
</value>
</str_fla>
<str_fla>
<key>hoi je hebt net de daily standup gemist kan
gebeuren natuurlijk maar merk wel dat je wat
vaker moeite hebt om hier op tijd te zijn toch
</key>
<value>
<float>0</float>
<float>1</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
<float>0</float>
</value>
</str_fla>
</Statements>
<Parameters>
<str_int>
<key>anger</key>
<value>0</value>
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</str_int>
<str_int>
<key>fear</key>
<value>l</value>
</str_int>
<str_int>
<key>surprise</key>
<value>2</value>
</str_int>
<str_int>
<key>happiness</key>
<value>3</value>
</str_int>
<str_int>
<key>interested</key>
<value>4</value>
</str_int>
<str_int>
<key>uninterested</key>
<value>5</value>
</str_int>
<str_int>
<key>trusting</key>
<value>6</value>
</str_int>
<str_int>
<key>yes</key>
<value>7</value>
</str_int>
<str_int>
<key>confused</key>
<value>8</value>
</str_int>
<str_int>
<key>sadness</key>
<value>9</value>
</str_int>
<str_int>
<key>littlesad</key>
<value>10</value>
</str_int>
<str_int>
<key>shock</key>
<value>11</value>
</str_int>
<str_int>
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<key>no</key>
<value>12</value>
</str_int>

<str_int>

<key>base</key>
<value>13</value>
</str_int>

</Parameters>

<Average>
<float>0.01819728</float>
<float>0.08935903</float>
<float>0.0534633771</float>
<float>0.107425027</float>
<float>0.13611643</float>
<float>0.0234754626</float>
<float>0.165341839</float>
<float>0.192983881</float>
<float>0.0365478061</float>
<float>0.0320057124</float>
<float>0.0308614951</float>
<float>0.0587379448</float>
<float>0.045280613</float>
<float>0.0102040814</float>
</Average>
<Language>NI</Language>
</CBC_Storage>
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Base results

Cosine similarity

Table C.1: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 167 30 197 27 197 112
0.025 167 30 197 27 197 112
0.050 167 30 197 27 197 112
0.075 166 30 196 29 197 111
0.100 164 31 195 31 196 111
0.125 160 34 194 35 193 111
0.150 153 36 189 42 191 111
0.175 152 36 188 43 191 111
0.200 151 38 189 44 189 111
0.225 151 42 193 44 185 111
0.250 150 42 192 45 185 111
0.275 150 42 192 45 185 111
0.300 147 45 192 48 182 111
0.325 146 45 191 49 182 111
0.350 144 45 189 92 182 110
0.375 144 46 190 o4 181 108
0.400 144 o1 195 54 176 108
0.425 144 54 198 54 173 108
0.450 143 55 198 55 172 108
0.475 140 58 198 99 169 107
0.500 138 60 198 62 167 106
0.525 136 62 198 65 165 105
0.550 135 65 200 68 162 103
0.575 133 69 202 72 158 101
0.600 132 76 208 75 151 99
0.625 131 80 211 78 147 97
0.650 130 88 218 82 139 94
0.675 129 95 224 86 132 91
0.700 126 103 229 92 124 88
0.725 122 112 234 99 115 85
0.750 118 120 238 112 107 76
0.775 115 129 244 118 98 73
0.800 104 139 243 132 88 70
0.825 94 148 242 147 79 65
0.850 79 168 247 172 59 55
0.875 68 181 249 201 46 37
0.900 60 197 257 217 30 29
0.925 47 210 257 242 17 17
0.950 26 219 245 273 8 7
0.975 15 225 240 290 2 1
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Table C.2: Parameter information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 90 42 132 70 185 146
0.025 90 42 132 70 185 146
0.050 90 42 132 70 185 146
0.075 90 42 132 70 185 146
0.100 90 42 132 70 185 146
0.125 90 42 132 70 185 146
0.150 90 42 132 70 185 146
0.175 90 42 132 70 185 146
0.200 90 42 132 70 185 146
0.225 90 42 132 70 185 146
0.250 90 42 132 70 185 146
0.275 90 42 132 70 185 146
0.300 90 42 132 70 185 146
0.325 90 42 132 70 185 146
0.350 90 42 132 70 185 146
0.375 90 42 132 70 185 146
0.400 90 42 132 70 185 146
0.425 90 42 132 70 185 146
0.450 90 42 132 70 185 146
0.475 90 42 132 70 185 146
0.500 90 42 132 70 185 146
0.525 90 42 132 70 185 146
0.550 90 42 132 70 185 146
0.575 90 42 132 70 185 146
0.600 90 42 132 70 185 146
0.625 90 42 132 70 185 146
0.650 90 43 133 70 184 146
0.675 90 43 133 70 184 146
0.700 90 43 133 70 184 146
0.725 90 46 136 70 181 146
0.750 89 46 135 71 181 146
0.775 89 47 136 71 180 146
0.800 89 48 137 71 179 146
0.825 87 51 138 (0] 176 144
0.850 85 53 138 79 174 142
0.875 84 58 142 82 169 140
0.900 84 61 145 84 166 138
0.925 83 63 146 89 164 134
0.950 80 66 146 94 161 132
0.975 74 89 163 112 138 120
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Table C.3: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 56 b} 61 1 94 61
0.025 56 5 61 1 94 61
0.050 56 5 61 1 94 61
0.075 56 5 61 1 94 61
0.100 56 5 61 1 94 61
0.125 96 5 61 1 94 61
0.150 56 i} 61 1 94 61
0.175 56 5 61 1 94 61
0.200 56 5 61 1 94 61
0.225 56 5 61 1 94 61
0.250 56 b} 61 1 94 61
0.275 96 S 61 1 94 61
0.300 56 5 61 1 94 61
0.325 56 5 61 1 94 61
0.350 56 6 62 1 93 61
0.375 96 7 63 1 92 61
0.400 56 7 63 1 92 61
0.425 56 7 63 1 92 61
0.450 56 10 66 3 89 59
0.475 56 11 67 3 88 59
0.500 56 15 71 3 84 59
0.525 96 18 74 3 81 59
0.550 56 20 76 ) 79 57
0.575 55 23 78 8 76 55
0.600 55 26 81 8 73 55
0.625 54 32 86 10 67 54
0.650 49 40 89 19 99 50
0.675 44 42 86 26 o7 48
0.700 41 47 88 30 52 47
0.725 39 49 88 36 50 43
0.750 39 58 97 45 41 34
0.775 36 62 98 58 37 24
0.800 33 68 101 67 31 18
0.825 31 72 103 70 27 17
0.850 23 82 105 80 17 15
0.875 17 88 105 90 11 11
0.900 8 92 100 101 7 9
0.925 ) 96 101 108 3 5
0.950 2 97 99 112 2 4
0.975 0 99 99 115 0 3
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Euclidean distance

Table C.4: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 180 0 180 2 227 124
0.025 180 0 180 2 227 124
0.050 180 0 180 2 227 124
0.075 180 0 180 2 227 124
0.100 180 0 180 2 227 124
0.125 180 0 180 2 227 124
0.150 180 0 180 2 227 124
0.175 180 0 180 2 227 124
0.200 180 0 180 2 227 124
0.225 177 1 178 5 226 124
0.250 166 1 167 16 226 124
0.275 159 4 163 23 223 124
0.300 154 13 167 28 214 124
0.325 139 15 154 43 212 124
0.350 137 15 152 45 212 124
0.375 135 16 151 47 211 124
0.400 134 17 151 48 210 124
0.425 130 17 147 93 210 123
0.450 130 17 147 93 210 123
0.475 129 19 148 54 208 123
0.500 128 19 147 55 208 123
0.525 126 19 145 o7 208 123
0.550 126 19 145 o7 208 123
0.575 126 19 145 o7 208 123
0.600 126 19 145 o8 208 122
0.625 125 20 145 59 207 122
0.650 125 22 147 59 205 122
0.675 125 31 156 62 196 119
0.700 119 45 164 76 182 111
0.725 115 58 173 88 169 103
0.750 110 73 183 100 154 96
0.775 104 108 212 116 119 86
0.800 84 148 232 156 79 66
0.825 60 184 244 208 43 38
0.850 45 209 254 245 18 16
0.875 32 219 251 266 8 8
0.900 14 224 238 291 3 1
0.925 12 227 239 294 0 0
0.950 12 227 239 294 0 0
0.975 11 227 238 295 0 0
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Table C.5: Parameter information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 169 0 169 0 227 137
0.025 169 0 169 0 227 137
0.050 169 0 169 0 227 137
0.075 169 0 169 0 227 137
0.100 169 0 169 0 227 137
0.125 169 0 169 0 227 137
0.150 169 0 169 0 227 137
0.175 169 0 169 0 227 137
0.200 169 0 169 0 227 137
0.225 169 0 169 0 227 137
0.250 169 0 169 0 227 137
0.275 169 0 169 0 227 137
0.300 169 0 169 0 227 137
0.325 169 0 169 0 227 137
0.350 169 0 169 0 227 137
0.375 169 0 169 0 227 137
0.400 169 0 169 0 227 137
0.425 169 0 169 0 227 137
0.450 169 0 169 0 227 137
0.475 169 0 169 0 227 137
0.500 169 0 169 0 227 137
0.525 169 2 171 0 225 137
0.550 169 2 171 0 225 137
0.575 169 2 171 0 225 137
0.600 169 3 172 1 224 136
0.625 169 3 172 1 224 136
0.650 169 3 172 2 224 135
0.675 168 3 171 3 224 135
0.700 166 4 170 5 223 135
0.725 165 6 171 7 221 134
0.750 161 21 182 13 206 132
0.775 159 26 185 16 201 131
0.800 158 31 189 19 196 129
0.825 152 38 190 28 189 126
0.850 145 43 188 38 184 123
0.875 138 49 187 52 178 116
0.900 131 (0] 206 71 152 104
0.925 104 99 203 112 128 90
0.950 (0] 149 224 167 78 64
0.975 44 198 242 236 29 26
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Substituted words

Cosine similarity

Table C.6: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 168 27 195 27 200 111
0.025 168 27 195 27 200 111
0.050 168 27 195 27 200 111
0.075 165 28 193 31 199 110
0.100 165 28 193 31 199 110
0.125 161 30 191 35 197 110
0.150 154 33 187 42 194 110
0.175 153 33 186 43 194 110
0.200 152 35 187 44 192 110
0.225 152 39 191 44 188 110
0.250 151 41 192 45 186 110
0.275 151 41 192 45 186 110
0.300 148 44 192 48 183 110
0.325 147 44 191 49 183 110
0.350 145 44 189 92 183 109
0.375 145 46 191 o4 181 107
0.400 145 o1 196 54 176 107
0.425 145 54 199 54 173 107
0.450 144 55 199 55 172 107
0.475 141 59 200 99 168 106
0.500 139 62 201 62 165 105
0.525 138 65 203 64 162 104
0.550 136 68 204 68 159 102
0.575 134 71 205 72 156 100
0.600 134 79 213 74 148 98
0.625 131 81 212 79 146 96
0.650 130 90 220 82 137 94
0.675 129 95 224 86 132 91
0.700 126 103 229 92 124 88
0.725 122 111 233 100 116 84
0.750 118 118 236 112 109 76
0.775 115 127 242 117 100 74
0.800 103 141 244 133 86 70
0.825 94 151 245 147 76 65
0.850 78 169 247 177 58 o1
0.875 68 180 248 201 47 37
0.900 60 198 258 217 29 29
0.925 47 210 257 242 17 17
0.950 26 219 245 273 8 7
0.975 15 225 240 290 2 1
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Table C.7: Parameter information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 90 39 129 70 188 146
0.025 90 39 129 70 188 146
0.050 90 39 129 70 188 146
0.075 90 39 129 70 188 146
0.100 90 39 129 70 188 146
0.125 90 39 129 70 188 146
0.150 90 39 129 70 188 146
0.175 90 39 129 70 188 146
0.200 90 39 129 70 188 146
0.225 90 39 129 70 188 146
0.250 90 39 129 70 188 146
0.275 90 39 129 70 188 146
0.300 90 39 129 70 188 146
0.325 90 39 129 70 188 146
0.350 90 39 129 70 188 146
0.375 90 39 129 70 188 146
0.400 90 39 129 70 188 146
0.425 90 39 129 70 188 146
0.450 90 39 129 70 188 146
0.475 90 39 129 70 188 146
0.500 90 39 129 70 188 146
0.525 90 39 129 70 188 146
0.550 90 39 129 70 188 146
0.575 90 39 129 70 188 146
0.600 90 39 129 70 188 146
0.625 90 39 129 70 188 146
0.650 90 39 129 70 188 146
0.675 90 39 129 70 188 146
0.700 90 39 129 70 188 146
0.725 90 43 133 70 184 146
0.750 89 43 132 71 184 146
0.775 89 44 133 71 183 146
0.800 89 47 136 71 180 146
0.825 87 50 137 (0] 177 144
0.850 85 52 137 79 175 142
0.875 84 58 142 82 169 140
0.900 84 60 144 84 167 138
0.925 82 62 144 90 165 134
0.950 80 65 145 94 162 132
0.975 74 88 162 112 139 120
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Table C.8: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 56 4 60 1 95 61
0.025 56 4 60 1 95 61
0.050 56 4 60 1 95 61
0.075 56 4 60 1 95 61
0.100 56 4 60 1 95 61
0.125 96 4 60 1 95 61
0.150 56 4 60 1 95 61
0.175 56 4 60 1 95 61
0.200 56 4 60 1 95 61
0.225 56 4 60 1 95 61
0.250 56 4 60 1 95 61
0.275 96 4 60 1 95 61
0.300 56 4 60 1 95 61
0.325 56 4 60 1 95 61
0.350 56 ) 61 1 94 61
0.375 96 6 62 1 93 61
0.400 56 6 62 2 93 60
0.425 56 6 62 2 93 60
0.450 56 9 65 4 90 58
0.475 56 9 65 4 90 58
0.500 56 12 68 4 87 58
0.525 96 16 72 4 83 58
0.550 56 20 76 ) 79 57
0.575 55 22 7 7 7 56
0.600 55 24 79 7 75 56
0.625 54 27 81 10 72 54
0.650 49 36 85 19 63 50
0.675 44 41 85 26 o8 48
0.700 41 45 86 29 54 48
0.725 38 48 86 35 o1 45
0.750 38 58 96 46 41 34
0.775 36 60 96 58 39 24
0.800 33 68 101 67 31 18
0.825 32 72 104 70 27 16
0.850 24 79 103 80 20 14
0.875 19 87 106 88 12 11
0.900 8 91 99 103 8 7
0.925 6 95 101 109 4 3
0.950 2 97 99 113 2 3
0.975 0 99 99 115 0 3
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Euclidean distance

Table C.9: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 179 0 179 3 227 124
0.025 179 0 179 3 227 124
0.050 179 0 179 3 227 124
0.075 179 0 179 3 227 124
0.100 179 0 179 3 227 124
0.125 178 0 178 4 227 124
0.150 177 0 177 ) 227 124
0.175 176 0 176 6 227 124
0.200 175 0 175 7 227 124
0.225 167 3 170 15 224 124
0.250 156 5 161 26 222 124
0.275 153 6 159 29 221 124
0.300 139 17 156 43 210 124
0.325 139 17 156 43 210 124
0.350 137 18 155 45 209 124
0.375 136 20 156 46 207 124
0.400 135 20 155 47 207 124
0.425 133 20 153 50 207 123
0.450 131 20 151 92 207 123
0.475 130 24 154 53 203 123
0.500 128 24 152 55 203 123
0.525 125 24 149 58 203 123
0.550 125 24 149 98 203 123
0.575 125 26 151 99 201 122
0.600 125 27 152 61 200 120
0.625 125 28 153 63 199 118
0.650 124 32 156 66 195 116
0.675 120 59 179 76 168 110
0.700 119 83 202 81 144 106
0.725 112 97 209 96 130 98
0.750 105 119 224 114 108 87
0.775 101 133 234 129 94 76
0.800 88 164 252 152 63 66
0.825 61 190 251 200 37 45
0.850 46 210 256 235 17 25
0.875 33 218 251 264 9 9
0.900 22 223 245 281 4 3
0.925 14 226 240 291 1 1
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0

64



Table C.10: Parameter information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 93 15 108 67 212 146
0.025 93 15 108 67 212 146
0.050 93 15 108 67 212 146
0.075 93 15 108 67 212 146
0.100 93 15 108 67 212 146
0.125 93 15 108 67 212 146
0.150 93 15 108 67 212 146
0.175 93 15 108 67 212 146
0.200 93 15 108 67 212 146
0.225 93 15 108 67 212 146
0.250 93 15 108 67 212 146
0.275 93 15 108 67 212 146
0.300 93 15 108 67 212 146
0.325 93 15 108 67 212 146
0.350 93 15 108 67 212 146
0.375 93 15 108 67 212 146
0.400 93 15 108 67 212 146
0.425 93 15 108 67 212 146
0.450 93 22 115 67 205 146
0.475 93 22 115 67 205 146
0.500 93 22 115 67 205 146
0.525 93 37 130 67 190 146
0.550 93 37 130 68 190 145
0.575 93 37 130 68 190 145
0.600 93 39 132 69 188 144
0.625 93 41 134 69 186 144
0.650 93 45 138 71 182 142
0.675 91 45 136 74 182 141
0.700 90 49 139 (6] 178 141
0.725 89 51 140 78 176 139
0.750 87 55 142 81 172 138
0.775 86 60 146 84 167 136
0.800 85 65 150 89 162 132
0.825 83 66 149 95 161 128
0.850 78 (0] 153 106 152 122
0.875 (0] 92 167 115 135 116
0.900 70 112 182 134 115 102
0.925 a8 145 203 172 82 76
0.950 37 174 211 215 93 54
0.975 18 215 233 268 12 20
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Unique words

Cosine similarity

Table C.11: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 166 27 193 27 200 113
0.025 166 27 193 27 200 113
0.050 166 27 193 27 200 113
0.075 163 28 191 31 199 112
0.100 163 28 191 31 199 112
0.125 160 30 190 34 197 112
0.150 152 33 185 42 194 112
0.175 151 33 184 43 194 112
0.200 150 34 184 44 193 112
0.225 150 38 188 44 189 112
0.250 149 41 190 45 186 112
0.275 149 41 190 45 186 112
0.300 146 44 190 48 183 112
0.325 145 44 189 49 183 112
0.350 143 45 188 52 182 111
0.375 143 46 189 o4 181 109
0.400 143 o1 194 54 176 109
0.425 143 55 198 54 172 109
0.450 142 56 198 55 171 109
0.475 139 61 200 99 166 108
0.500 138 65 203 61 162 107
0.525 136 67 203 65 160 105
0.550 135 70 205 67 157 104
0.575 133 0] 208 73 152 100
0.600 133 82 215 75 145 98
0.625 130 83 213 79 144 97
0.650 127 93 220 87 134 92
0.675 125 99 224 92 128 89
0.700 124 105 229 97 122 85
0.725 121 112 233 105 115 80
0.750 117 120 237 115 107 74
0.775 111 132 243 123 95 72
0.800 105 142 247 132 85 69
0.825 96 156 252 145 71 65
0.850 79 168 247 174 59 53
0.875 69 185 254 199 42 38
0.900 60 199 259 218 28 28
0.925 44 209 253 247 18 15
0.950 27 218 245 273 9 6
0.975 15 225 240 290 2 1
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Table C.12: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 56 4 60 1 95 61
0.025 56 4 60 1 95 61
0.050 56 4 60 1 95 61
0.075 56 4 60 1 95 61
0.100 56 4 60 1 95 61
0.125 96 4 60 1 95 61
0.150 56 4 60 1 95 61
0.175 56 4 60 1 95 61
0.200 56 4 60 1 95 61
0.225 56 4 60 1 95 61
0.250 56 4 60 1 95 61
0.275 96 4 60 1 95 61
0.300 56 4 60 1 95 61
0.325 56 6 62 1 93 61
0.350 56 6 62 1 93 61
0.375 96 6 62 1 93 61
0.400 56 7 63 2 92 60
0.425 56 7 63 2 92 60
0.450 56 10 66 3 89 59
0.475 56 11 67 3 88 59
0.500 56 15 71 4 84 58
0.525 96 19 75 ) 80 o7
0.550 56 22 78 6 " 56
0.575 56 23 79 6 76 56
0.600 55 28 83 9 71 54
0.625 50 34 84 16 65 52
0.650 48 39 87 20 60 50
0.675 41 41 82 30 o8 47
0.700 39 45 84 32 54 47
0.725 37 51 88 40 48 41
0.750 37 61 98 47 38 34
0.775 34 62 96 60 37 24
0.800 32 69 101 68 30 18
0.825 30 72 102 72 27 16
0.850 24 79 103 80 20 14
0.875 18 85 103 90 14 10
0.900 8 90 98 103 9 7
0.925 6 95 101 108 4 4
0.950 3 97 100 112 2 3
0.975 0 99 99 115 0 3
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Euclidean distance

Table C.13: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 179 0 179 3 227 124
0.025 179 0 179 3 227 124
0.050 179 0 179 3 227 124
0.075 179 0 179 3 227 124
0.100 179 0 179 3 227 124
0.125 178 0 178 4 227 124
0.150 177 0 177 ) 227 124
0.175 176 0 176 6 227 124
0.200 175 0 175 7 227 124
0.225 167 3 170 15 224 124
0.250 156 6 162 26 221 124
0.275 153 6 159 29 221 124
0.300 139 16 155 43 211 124
0.325 139 17 156 43 210 124
0.350 137 18 155 45 209 124
0.375 136 20 156 46 207 124
0.400 136 20 156 46 207 124
0.425 134 20 154 49 207 123
0.450 131 20 151 92 207 123
0.475 130 24 154 53 203 123
0.500 129 24 153 54 203 123
0.525 125 24 149 58 203 123
0.550 125 24 149 98 203 123
0.575 125 26 151 99 201 122
0.600 125 27 152 61 200 120
0.625 124 28 152 64 199 118
0.650 123 34 157 68 193 115
0.675 120 62 182 80 165 106
0.700 118 87 205 85 140 103
0.725 110 100 210 100 127 96
0.750 106 118 224 116 109 84
0.775 102 134 236 129 93 75
0.800 87 165 252 158 62 61
0.825 65 189 254 199 38 42
0.850 47 209 256 235 18 24
0.875 33 218 251 265 9 8
0.900 20 223 243 283 4 3
0.925 14 226 240 291 1 1
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Stemming
Wiktionary Database

Cosine similarity

Table C.14: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 164 27 191 27 200 115
0.025 164 27 191 27 200 115
0.050 164 27 191 27 200 115
0.075 161 28 189 31 199 114
0.100 161 28 189 31 199 114
0.125 156 31 187 36 196 114
0.150 149 33 182 43 194 114
0.175 148 33 181 44 194 114
0.200 148 34 182 44 193 114
0.225 148 39 187 44 188 114
0.250 147 42 189 45 185 114
0.275 147 42 189 45 185 114
0.300 144 45 189 48 182 114
0.325 143 45 188 49 182 114
0.350 141 46 187 92 181 113
0.375 141 48 189 54 179 111
0.400 141 51 192 54 176 111
0.425 141 55 196 54 172 111
0.450 140 57 197 56 170 110
0.475 137 62 199 60 165 109
0.500 137 66 203 62 161 107
0.525 135 69 204 64 158 107
0.550 134 72 206 67 155 105
0.575 133 76 209 72 151 101
0.600 133 82 215 74 145 99
0.625 131 83 214 76 144 99
0.650 126 92 218 86 135 94
0.675 123 99 222 94 128 89
0.700 122 104 226 98 123 86
0.725 119 112 231 105 115 82
0.750 114 123 237 117 104 75
0.775 109 133 242 123 94 74
0.800 104 141 245 130 86 72
0.825 90 152 242 151 75 65
0.850 80 165 245 176 62 50
0.875 70 181 251 200 46 36
0.900 61 195 256 218 32 27
0.925 43 205 248 246 22 17
0.950 26 216 242 274 11 6

0.975 16 223 239 69 289 4 1



Table C.15: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 49 4 93 1 95 68
0.025 49 4 53 1 95 68
0.050 49 4 53 1 95 68
0.075 49 4 53 1 95 68
0.100 49 4 93 1 95 68
0.125 49 4 93 1 95 68
0.150 49 4 53 1 95 68
0.175 49 4 53 1 95 68
0.200 49 4 53 1 95 68
0.225 49 4 53 1 95 68
0.250 49 4 93 1 95 68
0.275 49 4 53 1 95 68
0.300 49 4 53 1 95 68
0.325 49 6 55 1 93 68
0.350 49 6 55 1 93 68
0.375 49 6 95 1 93 68
0.400 49 7 o6 1 92 68
0.425 49 7 56 1 92 68
0.450 49 10 59 2 89 67
0.475 49 11 60 2 88 67
0.500 49 16 65 3 83 66
0.525 49 21 70 4 78 65
0.550 49 24 73 ) 75 64
0.575 48 25 73 7 74 63
0.600 47 31 78 10 68 61
0.625 44 35 79 14 64 60
0.650 43 40 83 18 99 o7
0.675 38 43 81 27 o6 53
0.700 38 46 84 28 53 52
0.725 33 51 84 37 48 48
0.750 33 58 91 45 41 40
0.775 32 60 92 95 39 31
0.800 30 69 99 63 30 25
0.825 29 76 105 67 23 22
0.850 23 82 105 76 17 19
0.875 18 87 105 88 12 12
0.900 9 91 100 101 8 8
0.925 7 96 103 107 3 4
0.950 2 98 100 113 1 3
0.975 0 99 99 115 0 3
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Euclidean distance

Table C.16: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 183 0 183 4 227 119
0.025 183 0 183 4 227 119
0.050 183 0 183 4 227 119
0.075 183 0 183 4 227 119
0.100 183 0 183 4 227 119
0.125 182 0 182 ) 227 119
0.150 181 0 181 6 227 119
0.175 181 0 181 6 227 119
0.200 176 0 176 11 227 119
0.225 171 2 173 16 225 119
0.250 160 6 166 27 221 119
0.275 156 7 163 31 220 119
0.300 144 16 160 43 211 119
0.325 144 17 161 43 210 119
0.350 142 18 160 45 209 119
0.375 141 20 161 46 207 119
0.400 141 20 161 46 207 119
0.425 139 20 159 49 207 118
0.450 136 20 156 92 207 118
0.475 135 24 159 53 203 118
0.500 134 24 158 54 203 118
0.525 130 24 154 58 203 118
0.550 130 24 154 98 203 118
0.575 130 27 157 99 200 117
0.600 130 28 158 61 199 115
0.625 129 28 157 64 199 113
0.650 128 34 162 68 193 110
0.675 124 64 188 80 163 102
0.700 119 87 206 89 140 98
0.725 114 97 211 99 130 93
0.750 109 115 224 115 112 82
0.775 104 132 236 128 95 74
0.800 85 164 249 159 63 62
0.825 65 188 253 200 39 41
0.850 47 207 254 236 20 23
0.875 33 218 251 264 9 9
0.900 21 224 245 282 3 3
0.925 14 226 240 291 1 1
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Snowball stemmer

Cosine similarity

Table C.17: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 165 27 192 27 200 114
0.025 165 27 192 27 200 114
0.050 165 27 192 27 200 114
0.075 162 28 190 31 199 113
0.100 162 29 191 31 198 113
0.125 159 31 190 34 196 113
0.150 151 33 184 42 194 113
0.175 150 33 183 43 194 113
0.200 149 34 183 44 193 113
0.225 149 37 186 44 190 113
0.250 148 40 188 45 187 113
0.275 148 40 188 45 187 113
0.300 145 43 188 48 184 113
0.325 144 43 187 49 184 113
0.350 142 43 185 92 184 112
0.375 142 44 186 54 183 110
0.400 142 49 191 54 178 110
0.425 142 54 196 54 173 110
0.450 141 55 196 95 172 110
0.475 138 59 197 99 168 109
0.500 138 63 201 60 164 108
0.525 135 66 201 65 161 106
0.550 134 71 205 67 156 105
0.575 132 78 210 73 149 101
0.600 132 83 215 76 144 98
0.625 129 84 213 80 143 97
0.650 127 94 221 86 133 93
0.675 125 99 224 91 128 90
0.700 124 105 229 95 122 87
0.725 121 111 232 101 116 84
0.750 118 119 237 109 108 79
0.775 111 132 243 119 95 76
0.800 105 139 244 128 88 73
0.825 95 154 249 143 73 68
0.850 81 167 248 170 60 55
0.875 71 182 253 197 45 38
0.900 62 196 258 218 31 26
0.925 44 206 250 247 21 15
0.950 27 217 244 273 10 6
0.975 15 224 239 290 3 1
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Table C.18: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 55 4 99 1 95 62
0.025 %) 4 59 1 95 62
0.050 55 4 59 1 95 62
0.075 %) 4 59 1 95 62
0.100 55 4 99 1 95 62
0.125 %) 4 99 1 95 62
0.150 55 4 99 1 95 62
0.175 55 4 59 1 95 62
0.200 55 4 59 1 95 62
0.225 %) 4 59 1 95 62
0.250 55 4 99 1 95 62
0.275 %) 4 99 1 95 62
0.300 55 4 59 1 95 62
0.325 55 6 61 1 93 62
0.350 55 6 61 1 93 62
0.375 %) 6 61 1 93 62
0.400 55 6 61 2 93 61
0.425 55 6 61 2 93 61
0.450 55 10 65 3 89 60
0.475 55 12 67 3 87 60
0.500 55 15 70 ) 84 58
0.525 %) 20 75 7 79 56
0.550 55 24 79 7 75 56
0.575 55 26 81 8 73 55
0.600 53 29 82 13 70 52
0.625 50 34 84 17 65 51
0.650 48 40 88 20 99 50
0.675 41 42 83 30 o7 47
0.700 39 47 86 33 52 46
0.725 34 51 85 43 48 41
0.750 34 58 92 50 41 34
0.775 33 58 91 99 41 26
0.800 31 66 97 66 33 21
0.825 29 72 101 70 27 19
0.850 23 76 99 79 23 16
0.875 17 85 102 91 14 10
0.900 8 89 97 103 10 7
0.925 6 95 101 108 4 4
0.950 4 97 101 111 2 3
0.975 1 99 100 114 0 3
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Euclidean distance

Table C.19: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 182 0 182 3 227 121
0.025 182 0 182 3 227 121
0.050 182 0 182 3 227 121
0.075 182 0 182 3 227 121
0.100 182 0 182 3 227 121
0.125 181 0 181 4 227 121
0.150 180 0 180 ) 227 121
0.175 179 0 179 6 227 121
0.200 178 0 178 7 227 121
0.225 170 3 173 15 224 121
0.250 159 6 165 26 221 121
0.275 156 6 162 29 221 121
0.300 142 16 158 43 211 121
0.325 142 17 159 43 210 121
0.350 140 18 158 45 209 121
0.375 139 20 159 46 207 121
0.400 138 20 158 47 207 121
0.425 136 20 156 50 207 120
0.450 134 20 154 92 207 120
0.475 133 23 156 53 204 120
0.500 132 23 155 54 204 120
0.525 128 23 151 58 204 120
0.550 128 23 151 98 204 120
0.575 128 26 154 99 201 119
0.600 128 27 155 61 200 117
0.625 127 28 155 64 199 115
0.650 126 31 157 68 196 112
0.675 123 60 183 79 167 104
0.700 120 85 205 85 142 101
0.725 112 98 210 98 129 96
0.750 108 115 223 113 112 85
0.775 104 131 235 126 96 76
0.800 86 163 249 156 64 64
0.825 66 189 255 199 38 41
0.850 47 209 256 236 18 23
0.875 33 217 250 265 10 8
0.900 20 224 244 283 3 3
0.925 14 226 240 291 1 1
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Stem All

Wiktionary Database

Cosine similarity

Table C.20: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 168 26 194 25 201 113
0.025 168 26 194 25 201 113
0.050 167 27 194 27 200 112
0.075 164 28 192 30 199 112
0.100 163 28 191 31 199 112
0.125 153 30 183 41 197 112
0.150 152 33 185 42 194 112
0.175 151 33 184 43 194 112
0.200 151 35 186 43 192 112
0.225 149 35 184 45 192 112
0.250 149 38 187 45 189 112
0.275 149 40 189 45 187 112
0.300 148 43 191 46 184 112
0.325 146 43 189 48 184 112
0.350 144 44 188 50 183 112
0.375 143 45 188 ol 182 112
0.400 143 46 189 52 181 111
0.425 143 48 191 54 179 109
0.450 142 54 196 95 173 109
0.475 141 57 198 o7 170 108
0.500 141 62 203 98 165 107
0.525 138 64 202 61 163 107
0.550 137 67 204 63 160 106
0.575 137 71 208 65 156 104
0.600 135 74 209 68 153 103
0.625 135 80 215 72 147 99
0.650 132 82 214 79 145 95
0.675 130 90 220 83 137 93
0.700 129 96 225 86 131 91
0.725 125 104 229 92 123 89
0.750 120 114 234 102 113 84
0.775 113 120 233 114 107 79
0.800 104 129 233 125 98 7
0.825 92 141 233 140 86 74
0.850 89 156 245 160 71 57
0.875 (0] 171 246 187 56 44
0.900 61 193 254 215 34 30
0.925 42 202 244 248 25 16
0.950 25 214 239 276 13 )

0.975 15 224 239 75 291 3 0



Table C.21: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 48 3 o1 1 96 69
0.025 48 3 51 1 96 69
0.050 48 3 51 1 96 69
0.075 48 3 51 1 96 69
0.100 48 3 o1 1 96 69
0.125 48 3 o1 1 96 69
0.150 48 3 o1 1 96 69
0.175 48 3 51 1 96 69
0.200 48 3 51 1 96 69
0.225 48 3 51 1 96 69
0.250 48 3 o1 1 96 69
0.275 48 3 o1 1 96 69
0.300 48 3 51 1 96 69
0.325 48 3 51 1 96 69
0.350 48 3 51 1 96 69
0.375 48 3 o1 1 96 69
0.400 48 3 o1 1 96 69
0.425 48 3 51 1 96 69
0.450 48 6 54 1 93 69
0.475 48 9 57 2 90 68
0.500 48 13 61 2 86 68
0.525 48 13 61 2 86 68
0.550 47 17 64 4 82 67
0.575 47 23 70 7 76 64
0.600 47 24 71 9 75 62
0.625 45 27 72 15 72 58
0.650 43 34 7 18 65 o7
0.675 41 38 79 21 61 56
0.700 36 42 78 30 57 52
0.725 36 45 81 35 54 47
0.750 32 52 84 40 47 46
0.775 30 57 87 49 42 39
0.800 28 60 88 95 39 35
0.825 25 69 94 64 30 29
0.850 23 82 105 71 17 24
0.875 18 88 106 83 11 17
0.900 12 89 101 96 10 10
0.925 6 94 100 106 ) 6
0.950 4 97 101 110 2 4
0.975 0 99 99 115 0 3
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Euclidean distance

Table C.22: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 184 0 184 4 227 118
0.025 184 0 184 4 227 118
0.050 184 0 184 4 227 118
0.075 184 0 184 4 227 118
0.100 184 0 184 4 227 118
0.125 183 0 183 ) 227 118
0.150 182 0 182 6 227 118
0.175 182 0 182 6 227 118
0.200 177 0 177 11 227 118
0.225 176 2 178 12 225 118
0.250 164 5 169 24 222 118
0.275 156 7 163 32 220 118
0.300 147 15 162 41 212 118
0.325 145 17 162 43 210 118
0.350 143 18 161 45 209 118
0.375 142 19 161 46 208 118
0.400 140 20 160 48 207 118
0.425 137 20 157 92 207 117
0.450 136 20 156 93 207 117
0.475 136 20 156 53 207 117
0.500 134 23 157 55 204 117
0.525 132 23 155 o7 204 117
0.550 132 23 155 o7 204 117
0.575 132 23 155 o8 204 116
0.600 131 26 157 59 201 116
0.625 131 27 158 61 200 114
0.650 131 30 161 62 197 113
0.675 128 49 177 67 178 111
0.700 127 67 194 74 160 105
0.725 122 86 208 85 141 99
0.750 118 102 220 96 125 92
0.775 112 115 227 111 112 83
0.800 97 141 238 132 86 7
0.825 70 160 230 181 67 55
0.850 51 194 245 220 33 35
0.875 38 212 250 251 15 17
0.900 21 220 241 280 7 5
0.925 15 227 242 291 0 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Snowball stemmer

Cosine similarity

Table C.23: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 168 27 195 26 200 112
0.025 168 27 195 26 200 112
0.050 168 27 195 26 200 112
0.075 165 28 193 30 199 111
0.100 164 29 193 31 198 111
0.125 156 31 187 39 196 111
0.150 154 33 187 41 194 111
0.175 153 33 186 42 194 111
0.200 152 34 186 43 193 111
0.225 152 34 186 43 193 111
0.250 149 40 189 46 187 111
0.275 149 40 189 46 187 111
0.300 148 40 188 47 187 111
0.325 148 40 188 47 187 111
0.350 145 40 185 90 187 111
0.375 144 41 185 52 186 110
0.400 143 45 188 53 182 110
0.425 143 o1 194 54 176 109
0.450 141 53 194 96 174 109
0.475 140 54 194 o7 173 109
0.500 140 59 199 98 168 108
0.525 136 64 200 64 163 106
0.550 135 68 203 65 159 106
0.575 133 (0] 208 68 152 105
0.600 131 78 209 74 149 101
0.625 130 80 210 78 147 98
0.650 126 88 214 86 139 94
0.675 124 96 220 90 131 92
0.700 124 102 226 91 125 91
0.725 120 107 227 100 120 86
0.750 114 113 227 110 114 82
0.775 109 128 237 119 99 78
0.800 103 135 238 130 92 73
0.825 92 149 241 145 78 69
0.850 84 163 247 167 64 55
0.875 74 180 254 194 47 38
0.900 66 191 257 212 36 28
0.925 46 206 252 247 21 13
0.950 26 215 241 275 12 5
0.975 16 224 240 289 3 1
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Euclidean distance

Table C.24: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 185 0 185 3 227 118
0.025 185 0 185 3 227 118
0.050 185 0 185 3 227 118
0.075 185 0 185 3 227 118
0.100 185 0 185 3 227 118
0.125 184 0 184 4 227 118
0.150 183 0 183 ) 227 118
0.175 182 0 182 6 227 118
0.200 180 0 180 8 227 118
0.225 167 3 170 21 224 118
0.250 162 6 168 26 221 118
0.275 157 6 163 31 221 118
0.300 146 13 159 42 214 118
0.325 146 14 160 42 213 118
0.350 143 15 158 45 212 118
0.375 142 19 161 46 208 118
0.400 141 20 161 47 207 118
0.425 138 20 158 o1 207 117
0.450 136 20 156 93 207 117
0.475 135 20 155 54 207 117
0.500 133 23 156 56 204 117
0.525 131 23 154 58 204 117
0.550 131 23 154 98 204 117
0.575 131 26 157 o8 201 117
0.600 131 27 158 61 200 114
0.625 131 27 158 63 200 112
0.650 130 28 158 64 199 112
0.675 126 55 181 73 172 107
0.700 123 7 200 82 150 101
0.725 117 95 212 94 132 95
0.750 113 110 223 104 117 89
0.775 109 124 233 122 103 (0]
0.800 102 152 254 140 75 64
0.825 76 180 256 189 47 41
0.850 52 205 257 233 22 21
0.875 37 217 254 261 10 8
0.900 20 224 244 284 3 2
0.925 14 226 240 292 1 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Table C.25: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 52 0 52 0 99 66
0.025 52 0 52 0 99 66
0.050 52 0 52 0 99 66
0.075 52 0 52 0 99 66
0.100 52 0 52 0 99 66
0.125 92 0 52 0 99 66
0.150 52 0 52 0 99 66
0.175 52 0 52 0 99 66
0.200 52 0 52 0 99 66
0.225 52 0 52 0 99 66
0.250 52 0 52 0 99 66
0.275 92 0 52 0 99 66
0.300 52 0 52 0 99 66
0.325 52 0 52 0 99 66
0.350 52 0 52 0 99 66
0.375 52 0 52 0 99 66
0.400 52 0 52 0 99 66
0.425 52 0 52 0 99 66
0.450 52 0 52 0 99 66
0.475 52 0 52 0 99 66
0.500 52 0 52 0 99 66
0.525 92 0 52 0 99 66
0.550 52 0 52 0 99 66
0.575 52 1 53 0 98 66
0.600 52 3 55 0 96 66
0.625 51 6 o7 3 93 64
0.650 o1 10 61 ) 89 62
0.675 48 24 72 11 75 59
0.700 45 33 78 22 66 51
0.725 42 46 88 28 53 48
0.750 34 56 90 50 43 34
0.775 31 70 101 63 29 24
0.800 23 83 106 T 16 18
0.825 18 89 107 92 10 8
0.850 13 92 105 99 7 6
0.875 5 98 103 109 1 4
0.900 2 98 100 114 1 2
0.925 1 99 100 116 0 1
0.950 0 99 99 118 0 0
0.975 0 99 99 118 0 0
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Synonyms

Cosine similarity

Table C.26: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 170 20 190 21 207 115
0.025 170 20 190 21 207 115
0.050 169 21 190 22 206 115
0.075 165 21 186 27 206 114
0.100 165 23 188 27 204 114
0.125 162 26 188 30 201 114
0.150 152 28 180 40 199 114
0.175 151 30 181 41 197 114
0.200 151 31 182 41 196 114
0.225 151 34 185 41 193 114
0.250 149 37 186 43 190 114
0.275 148 37 185 44 190 114
0.300 146 40 186 46 187 114
0.325 145 40 185 48 187 113
0.350 143 41 184 o1 186 112
0.375 142 42 184 53 185 111
0.400 142 46 188 o4 181 110
0.425 142 47 189 54 180 110
0.450 141 52 193 55 175 110
0.475 137 55 192 60 172 109
0.500 137 60 197 61 167 108
0.525 136 65 201 62 162 108
0.550 135 66 201 64 161 107
0.575 132 69 201 68 158 106
0.600 130 (0] 205 76 152 100
0.625 127 80 207 79 147 100
0.650 124 89 213 85 138 97
0.675 124 95 219 89 132 93
0.700 124 98 222 95 129 87
0.725 120 105 225 104 122 82
0.750 116 116 232 108 111 82
0.775 110 128 238 120 99 76
0.800 102 141 243 129 86 (0)
0.825 90 155 245 149 72 67
0.850 79 174 253 173 53 54
0.875 68 187 255 201 40 37
0.900 56 199 255 223 28 27
0.925 42 212 254 252 15 12
0.950 22 222 244 278 ) 6
0.975 14 225 239 292 2 0
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Table C.27: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 49 3 52 1 96 68
0.025 49 3 52 1 96 68
0.050 49 3 52 1 96 68
0.075 49 3 52 1 96 68
0.100 49 3 52 1 96 68
0.125 49 3 52 1 96 68
0.150 49 3 52 1 96 68
0.175 49 3 52 1 96 68
0.200 49 3 52 1 96 68
0.225 49 3 52 1 96 68
0.250 49 3 52 1 96 68
0.275 49 3 52 1 96 68
0.300 49 3 52 1 96 68
0.325 49 4 53 1 95 68
0.350 49 4 53 1 95 68
0.375 49 4 53 1 95 68
0.400 49 b} o4 2 94 67
0.425 49 5 54 2 94 67
0.450 49 7 56 2 92 67
0.475 49 9 58 2 90 67
0.500 49 12 61 2 87 67
0.525 49 14 63 3 85 66
0.550 49 18 67 4 81 65
0.575 48 21 69 5 78 65
0.600 47 24 71 9 75 62
0.625 44 28 72 17 71 57
0.650 41 32 73 23 67 54
0.675 38 38 76 32 61 48
0.700 36 43 79 37 56 45
0.725 32 50 82 48 49 38
0.750 31 57 88 54 42 33
0.775 26 65 91 67 34 25
0.800 22 69 91 T 30 19
0.825 19 73 92 82 26 17
0.850 17 78 95 87 21 14
0.875 12 84 96 97 15 9
0.900 9 89 98 104 10 5
0.925 6 93 99 109 6 3
0.950 2 96 98 113 3 3
0.975 0 98 98 116 1 2
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Euclidean distance

Table C.28: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 181 0 181 ) 227 120
0.025 181 0 181 ) 227 120
0.050 181 0 181 ) 227 120
0.075 181 0 181 5 227 120
0.100 181 0 181 5 227 120
0.125 180 0 180 6 227 120
0.150 179 0 179 7 227 120
0.175 179 0 179 7 227 120
0.200 178 0 178 8 227 120
0.225 173 1 174 13 226 120
0.250 159 5 164 27 222 120
0.275 155 8 163 31 219 120
0.300 147 18 165 39 209 120
0.325 145 19 164 41 208 120
0.350 141 21 162 45 206 120
0.375 139 22 161 47 205 120
0.400 139 22 161 47 205 120
0.425 135 22 157 92 205 119
0.450 134 24 158 93 203 119
0.475 134 27 161 53 200 119
0.500 133 27 160 54 200 119
0.525 129 27 156 58 200 119
0.550 129 27 156 98 200 119
0.575 129 29 158 o8 198 119
0.600 129 30 159 60 197 117
0.625 129 32 161 62 195 115
0.650 127 35 162 65 192 114
0.675 124 54 178 73 173 109
0.700 120 79 199 83 148 103
0.725 111 91 202 98 136 97
0.750 108 115 223 111 112 87
0.775 101 137 238 127 90 78
0.800 87 168 255 157 99 62
0.825 62 189 251 203 38 41
0.850 45 208 253 236 19 25
0.875 31 216 247 265 11 10
0.900 17 224 241 286 3 3
0.925 13 226 239 293 1 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Table C.29: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 48 0 48 0 99 70
0.025 48 0 48 0 99 70
0.050 48 0 48 0 99 70
0.075 48 0 48 0 99 70
0.100 48 0 48 0 99 70
0.125 48 0 48 0 99 70
0.150 48 0 48 0 99 70
0.175 48 0 48 0 99 70
0.200 48 0 48 0 99 70
0.225 48 0 48 0 99 70
0.250 48 0 48 0 99 70
0.275 48 0 48 0 99 70
0.300 48 0 48 0 99 70
0.325 48 0 48 0 99 70
0.350 48 0 48 0 99 70
0.375 48 0 48 0 99 70
0.400 48 0 48 0 99 70
0.425 48 0 48 0 99 70
0.450 48 0 48 0 99 70
0.475 48 0 48 0 99 70
0.500 48 0 48 0 99 70
0.525 48 0 48 0 99 70
0.550 48 0 48 0 99 70
0.575 48 0 48 0 99 70
0.600 48 1 49 1 98 69
0.625 48 6 54 1 93 69
0.650 47 16 63 8 83 63
0.675 44 24 68 14 75 60
0.700 40 40 80 30 59 48
0.725 37 53 90 38 46 43
0.750 31 68 99 58 31 29
0.775 23 76 99 76 23 19
0.800 16 82 98 88 17 14
0.825 10 86 96 100 13 8
0.850 6 92 98 106 7 6
0.875 5 97 102 110 2 3
0.900 0 98 98 118 1 0
0.925 0 99 99 118 0 0
0.950 0 99 99 118 0 0
0.975 0 99 99 118 0 0
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Second degree synonyms

Cosine Similarity

Table C.30: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 170 19 189 21 208 115
0.025 170 19 189 21 208 115
0.050 169 20 189 22 207 115
0.075 165 20 185 27 207 114
0.100 165 22 187 27 205 114
0.125 162 25 187 30 202 114
0.150 152 25 177 40 202 114
0.175 151 27 178 41 200 114
0.200 151 28 179 41 199 114
0.225 151 31 182 41 196 114
0.250 149 36 185 43 191 114
0.275 148 37 185 44 190 114
0.300 146 40 186 46 187 114
0.325 145 40 185 48 187 113
0.350 143 40 183 ol 187 112
0.375 142 43 185 52 184 112
0.400 142 45 187 93 182 111
0.425 142 46 188 53 181 111
0.450 141 49 190 55 178 110
0.475 138 o1 189 99 176 109
0.500 138 56 194 99 171 109
0.525 138 60 198 60 167 108
0.550 136 63 199 62 164 108
0.575 134 66 200 66 161 106
0.600 132 73 205 72 154 102
0.625 128 80 208 7 147 101
0.650 125 89 214 86 138 95
0.675 125 93 218 90 134 91
0.700 125 95 220 95 132 86
0.725 118 100 218 104 127 84
0.750 116 110 226 107 117 83
0.775 110 127 237 117 100 79
0.800 102 142 244 126 85 78
0.825 91 154 245 146 73 69
0.850 81 169 250 171 58 54
0.875 68 187 255 200 40 38
0.900 55 199 254 224 28 27
0.925 40 213 253 257 14 9
0.950 22 222 244 279 5 )
0.975 14 226 240 292 1 0
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Table C.31: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 49 3 52 0 96 69
0.025 49 3 52 0 96 69
0.050 49 3 52 0 96 69
0.075 49 3 52 0 96 69
0.100 49 3 52 0 96 69
0.125 49 3 52 0 96 69
0.150 49 3 52 0 96 69
0.175 49 3 52 0 96 69
0.200 49 3 52 0 96 69
0.225 49 3 52 0 96 69
0.250 49 3 52 0 96 69
0.275 49 3 52 0 96 69
0.300 49 3 52 0 96 69
0.325 49 4 53 0 95 69
0.350 49 4 53 0 95 69
0.375 49 4 53 0 95 69
0.400 49 4 93 0 95 69
0.425 49 5 54 0 94 69
0.450 49 7 56 0 92 69
0.475 49 10 59 0 89 69
0.500 49 12 61 1 87 68
0.525 49 14 63 1 85 68
0.550 49 17 66 2 82 67
0.575 47 21 68 4 78 67
0.600 46 26 72 7 73 65
0.625 44 27 71 16 72 58
0.650 42 30 72 22 69 54
0.675 38 37 75 31 62 49
0.700 35 41 76 36 58 47
0.725 30 48 78 45 o1 43
0.750 28 57 85 54 42 36
0.775 24 62 86 65 37 29
0.800 20 70 90 75 29 23
0.825 18 74 92 83 25 17
0.850 14 78 92 89 21 15
0.875 10 83 93 99 16 9
0.900 7 88 95 106 11 5
0.925 ) 93 98 110 6 3
0.950 1 98 99 115 1 2
0.975 0 98 98 116 1 2
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Euclidean distance

Table C.32: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0 183 0 183 ) 227 118
0.025 183 0 183 ) 227 118
0.050 183 0 183 ) 227 118
0.075 183 0 183 5 227 118
0.100 183 0 183 5 227 118
0.125 182 0 182 6 227 118
0.150 181 0 181 7 227 118
0.175 181 0 181 7 227 118
0.200 180 0 180 8 227 118
0.225 175 1 176 13 226 118
0.250 161 4 165 27 223 118
0.275 157 7 164 31 220 118
0.300 149 16 165 39 211 118
0.325 147 19 166 41 208 118
0.350 143 21 164 45 206 118
0.375 141 22 163 47 205 118
0.400 140 22 162 48 205 118
0.425 136 22 158 93 205 117
0.450 136 24 160 93 203 117
0.475 136 27 163 53 200 117
0.500 135 27 162 54 200 117
0.525 132 27 159 o7 200 117
0.550 132 27 159 o7 200 117
0.575 131 27 158 o8 200 117
0.600 131 28 159 60 199 115
0.625 131 29 160 62 198 113
0.650 130 33 163 63 194 113
0.675 127 51 178 71 176 108
0.700 121 78 199 81 149 104
0.725 112 90 202 95 137 99
0.750 108 117 225 109 110 89
0.775 100 135 235 129 92 7
0.800 87 166 253 160 61 59
0.825 62 190 252 204 37 40
0.850 44 210 254 237 17 25
0.875 29 219 248 269 8 8
0.900 17 225 242 287 2 2
0.925 13 227 240 293 0 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Scenario Vector

Cosine similarity

Table C.33: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 159 37 196 28 190 119
0.025 159 37 196 28 190 119
0.050 159 37 196 28 190 119
0.075 156 38 194 31 189 119
0.100 156 38 194 31 189 119
0.125 152 39 191 35 188 119
0.150 144 42 186 44 185 118
0.175 143 42 185 45 185 118
0.200 141 46 187 47 181 118
0.225 140 50 190 48 177 118
0.250 139 52 191 49 175 118
0.275 139 54 193 53 173 114
0.300 135 61 196 59 166 112
0.325 135 65 200 60 162 111
0.350 131 68 199 64 159 111
0.375 131 74 205 65 153 110
0.400 128 79 207 69 148 109
0.425 127 84 211 72 143 107
0.450 125 90 215 76 137 105
0.475 123 96 219 83 131 100
0.500 120 99 219 89 128 97
0.525 117 105 222 95 122 94
0.550 112 109 221 103 118 91
0.575 106 116 222 115 111 85
0.600 99 126 225 132 101 75
0.625 90 138 228 149 89 67
0.650 83 145 228 163 82 60
0.675 75 151 226 179 76 52
0.700 71 159 230 187 68 48
0.725 59 164 223 208 63 39
0.750 53 173 226 221 54 32
0.775 48 187 235 228 40 30
0.800 41 195 236 243 32 22
0.825 34 206 240 259 21 13
0.850 30 210 240 269 17 7
0.875 25 215 240 276 12 5
0.900 19 220 239 284 7 3
0.925 14 220 234 290 7 2
0.950 13 222 235 293 5 0
0.975 12 224 236 294 3 0
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Euclidean distance

Table C.34: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 179 S 184 3 222 124
0.025 179 S 184 3 222 124
0.050 179 S 184 3 222 124
0.075 179 5 184 3 222 124
0.100 179 5 184 3 222 124
0.125 178 5 183 4 222 124
0.150 176 9 185 6 218 124
0.175 175 10 185 7 217 124
0.200 174 10 184 8 217 124
0.225 166 13 179 16 214 124
0.250 153 15 168 30 212 123
0.275 150 16 166 33 211 123
0.300 133 50 183 93 177 120
0.325 132 63 195 59 164 115
0.350 126 80 206 68 147 112
0.375 120 95 215 84 132 102
0.400 108 114 222 104 113 94
0.425 90 137 227 151 90 65
0.450 7 150 227 178 " o1
0.475 o7 172 229 215 55 34
0.500 49 191 240 230 36 27
0.525 32 204 236 256 23 18
0.550 27 212 239 271 15 8
0.575 19 217 236 283 10 4
0.600 17 219 236 286 8 3
0.625 14 222 236 290 5 2
0.650 13 223 236 292 4 1
0.675 13 224 237 292 3 1
0.700 13 224 237 292 3 1
0.725 12 225 237 293 2 1
0.750 11 226 237 295 1 0
0.775 11 226 237 295 1 0
0.800 11 226 237 295 1 0
0.825 11 226 237 295 1 0
0.850 11 226 237 295 1 0
0.875 11 226 237 295 1 0
0.900 11 227 238 295 0 0
0.925 11 227 238 295 0 0
0.950 11 227 238 295 0 0
0.975 11 227 238 295 0 0
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Angle Difference

Table C.35: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 166 27 193 27 200 113
0.025 166 38 204 28 189 112
0.050 166 38 204 28 189 112
0.075 163 39 202 32 188 111
0.100 163 40 203 33 187 110
0.125 160 41 201 37 186 109
0.150 152 45 197 45 182 109
0.175 151 47 198 47 180 108
0.200 149 49 198 49 178 108
0.225 149 50 199 49 177 108
0.250 148 o1 199 93 176 105
0.275 148 51 199 53 176 105
0.300 145 54 199 56 173 105
0.325 144 55 199 o7 172 105
0.350 142 56 198 60 171 104
0.375 142 56 198 62 171 102
0.400 142 59 201 62 168 102
0.425 142 63 205 62 164 102
0.450 141 64 205 63 163 102
0.475 139 69 208 66 158 101
0.500 138 73 211 68 154 100
0.525 135 0] 210 72 152 99
0.550 134 78 212 74 149 98
0.575 132 82 214 79 145 95
0.600 132 88 220 81 139 93
0.625 130 89 219 84 138 92
0.650 127 98 225 91 129 88
0.675 125 104 229 94 123 87
0.700 124 109 233 99 118 83
0.725 121 115 236 106 112 79
0.750 118 123 241 114 104 74
0.775 112 134 246 121 93 73
0.800 106 142 248 130 85 70
0.825 106 142 248 131 85 69
0.850 105 142 247 132 85 69
0.875 105 142 247 132 85 69
0.900 105 142 247 132 85 69
0.925 105 142 247 132 85 69
0.950 105 142 247 132 85 69
0.975 105 142 247 132 85 69
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Table C.36: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 56 4 60 1 95 61
0.025 56 4 60 1 95 61
0.050 56 5 61 1 94 61
0.075 56 5 61 1 94 61
0.100 56 ) 61 1 94 61
0.125 96 5 61 1 94 61
0.150 56 i} 61 1 94 61
0.175 56 5 61 1 94 61
0.200 56 5 61 1 94 61
0.225 %) 6 61 2 93 61
0.250 55 6 61 2 93 61
0.275 %) 6 61 2 93 61
0.300 55 6 61 2 93 61
0.325 55 7 62 2 92 61
0.350 55 7 62 2 92 61
0.375 %) 7 62 2 92 61
0.400 55 8 63 3 91 60
0.425 55 8 63 3 91 60
0.450 55 11 66 4 88 59
0.475 55 12 67 4 87 59
0.500 55 16 71 ) 83 58
0.525 %) 20 75 6 79 o7
0.550 55 23 78 7 76 56
0.575 55 24 79 7 75 56
0.600 55 29 84 9 70 54
0.625 50 34 84 16 65 52
0.650 48 39 87 20 60 50
0.675 41 41 82 30 o8 47
0.700 39 45 84 32 54 47
0.725 37 51 88 40 48 41
0.750 37 61 98 47 38 34
0.775 34 62 96 60 37 24
0.800 32 69 101 68 30 18
0.825 32 69 101 68 30 18
0.850 32 69 101 68 30 18
0.875 32 69 101 68 30 18
0.900 32 69 101 68 30 18
0.925 32 69 101 68 30 18
0.950 32 69 101 68 30 18
0.975 32 69 101 68 30 18
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Combinations

Combination 1

Cosine similarity

Table C.37: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 165 21 186 26 206 115
0.025 165 21 186 26 206 115
0.050 165 21 186 26 206 115
0.075 162 22 184 30 205 114
0.100 162 24 186 30 203 114
0.125 158 27 185 34 200 114
0.150 150 29 179 42 198 114
0.175 149 30 179 43 197 114
0.200 149 31 180 43 196 114
0.225 149 34 183 43 193 114
0.250 147 37 184 45 190 114
0.275 147 37 184 45 190 114
0.300 145 40 185 47 187 114
0.325 145 40 185 48 187 113
0.350 143 41 184 o1 186 112
0.375 142 43 185 93 184 111
0.400 142 48 190 54 179 110
0.425 142 49 191 54 178 110
0.450 141 55 196 95 172 110
0.475 138 57 195 61 170 107
0.500 138 62 200 61 165 107
0.525 137 67 204 62 160 107
0.550 136 68 204 64 159 106
0.575 134 72 206 67 155 105
0.600 131 7 208 75 150 100
0.625 129 81 210 7 146 100
0.650 125 88 213 85 139 96
0.675 125 94 219 89 133 92
0.700 125 97 222 94 130 87
0.725 122 104 226 101 123 83
0.750 117 115 232 106 112 83
0.775 110 128 238 120 99 76
0.800 100 139 239 131 88 75
0.825 88 151 239 151 76 67
0.850 79 168 247 175 59 52
0.875 69 180 249 201 47 36
0.900 57 196 253 220 31 29
0.925 42 210 252 251 17 13
0.950 23 220 243 277 7 6

0.975 15 225 240 92 291 2 0



Table C.38: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 47 3 50 1 96 70
0.025 47 3 50 1 96 70
0.050 47 3 50 1 96 70
0.075 47 3 50 1 96 70
0.100 47 3 50 1 96 70
0.125 47 3 50 1 96 70
0.150 47 3 50 1 96 70
0.175 47 3 50 1 96 70
0.200 47 3 50 1 96 70
0.225 47 3 50 1 96 70
0.250 47 3 50 1 96 70
0.275 47 3 50 1 96 70
0.300 47 3 50 1 96 70
0.325 47 4 51 1 95 70
0.350 47 4 51 1 95 70
0.375 47 4 o1 1 95 70
0.400 47 b} 52 1 94 70
0.425 47 5 52 1 94 70
0.450 47 7 54 1 92 70
0.475 47 9 56 1 90 70
0.500 47 13 60 2 86 69
0.525 47 16 63 2 83 69
0.550 47 20 67 2 79 69
0.575 45 23 68 5 76 68
0.600 45 25 70 8 74 65
0.625 43 32 75 14 67 61
0.650 40 35 75 21 64 o7
0.675 38 42 80 28 o7 52
0.700 34 47 81 35 52 49
0.725 29 50 79 44 49 45
0.750 28 57 85 53 42 37
0.775 23 62 85 66 37 29
0.800 20 70 90 74 29 24
0.825 20 76 96 76 23 22
0.850 18 81 99 81 18 19
0.875 13 85 98 94 14 11
0.900 9 89 98 103 10 6
0.925 6 94 100 109 ) 3
0.950 2 97 99 113 2 3
0.975 0 99 99 116 0 2
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Euclidean distance

Table C.39: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 184 0 184 6 227 116
0.025 184 0 184 6 227 116
0.050 184 0 184 6 227 116
0.075 184 0 184 6 227 116
0.100 184 0 184 6 227 116
0.125 183 0 183 7 227 116
0.150 182 0 182 8 227 116
0.175 182 0 182 8 227 116
0.200 178 0 178 12 227 116
0.225 172 1 173 18 226 116
0.250 160 6 166 30 221 116
0.275 157 9 166 33 218 116
0.300 149 18 167 41 209 116
0.325 148 19 167 42 208 116
0.350 145 21 166 45 206 116
0.375 143 22 165 47 205 116
0.400 143 22 165 47 205 116
0.425 139 22 161 92 205 115
0.450 138 24 162 93 203 115
0.475 138 27 165 53 200 115
0.500 137 27 164 54 200 115
0.525 133 27 160 58 200 115
0.550 133 27 160 98 200 115
0.575 133 29 162 o8 198 115
0.600 133 30 163 60 197 113
0.625 133 33 166 62 194 111
0.650 131 36 167 65 191 110
0.675 128 59 187 72 168 106
0.700 121 81 202 86 146 99
0.725 115 94 209 98 133 93
0.750 111 115 226 109 112 86
0.775 102 136 238 128 91 76
0.800 86 164 250 156 63 64
0.825 64 188 252 202 39 40
0.850 46 206 252 235 21 25
0.875 31 217 248 265 10 10
0.900 18 225 243 285 2 3
0.925 13 226 239 293 1 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Combination 2

Cosine similarity

Table C.40: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 168 20 188 21 207 117
0.025 168 20 188 21 207 117
0.050 167 21 188 22 206 117
0.075 163 21 184 27 206 116
0.100 163 23 186 27 204 116
0.125 160 26 186 30 201 116
0.150 150 28 178 40 199 116
0.175 149 30 179 41 197 116
0.200 149 31 180 41 196 116
0.225 149 34 183 41 193 116
0.250 147 37 184 43 190 116
0.275 146 37 183 44 190 116
0.300 144 40 184 46 187 116
0.325 143 40 183 48 187 115
0.350 141 41 182 ol 186 114
0.375 140 42 182 53 185 113
0.400 140 46 186 54 181 112
0.425 140 47 187 54 180 112
0.450 139 52 191 95 175 112
0.475 136 55 191 99 172 111
0.500 136 60 196 60 167 110
0.525 135 66 201 61 161 110
0.550 134 67 201 63 160 109
0.575 131 69 200 67 158 108
0.600 129 76 205 () 151 102
0.625 126 80 206 78 147 102
0.650 123 88 211 84 139 99
0.675 123 94 217 88 133 95
0.700 123 96 219 94 131 89
0.725 120 104 224 101 123 85
0.750 116 114 230 105 113 85
0.775 110 127 237 117 100 79
0.800 102 139 241 127 88 7
0.825 90 152 242 147 75 69
0.850 81 170 251 169 o7 56
0.875 70 183 253 197 44 39
0.900 58 197 255 221 30 27
0.925 41 211 252 252 16 13
0.950 22 220 242 278 7 6
0.975 14 225 239 292 2 0
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Euclidean distance

Table C.41: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 184 0 184 ) 227 117
0.025 184 0 184 ) 227 117
0.050 184 0 184 ) 227 117
0.075 184 0 184 5 227 117
0.100 184 0 184 5 227 117
0.125 183 0 183 6 227 117
0.150 182 0 182 7 227 117
0.175 182 0 182 7 227 117
0.200 181 0 181 8 227 117
0.225 176 1 177 13 226 117
0.250 162 5 167 27 222 117
0.275 158 8 166 31 219 117
0.300 150 18 168 39 209 117
0.325 148 19 167 41 208 117
0.350 144 21 165 45 206 117
0.375 142 22 164 47 205 117
0.400 142 22 164 47 205 117
0.425 138 22 160 92 205 116
0.450 137 24 161 93 203 116
0.475 137 27 164 53 200 116
0.500 136 27 163 54 200 116
0.525 132 27 159 58 200 116
0.550 132 27 159 98 200 116
0.575 132 29 161 o8 198 116
0.600 132 30 162 60 197 114
0.625 132 32 164 62 195 112
0.650 130 34 164 65 193 111
0.675 127 56 183 73 171 106
0.700 122 79 201 84 148 100
0.725 114 92 206 97 135 95
0.750 111 113 224 108 114 87
0.775 103 135 238 126 92 7
0.800 87 165 252 156 62 63
0.825 63 189 252 202 38 41
0.850 45 207 252 237 20 24
0.875 30 218 248 266 9 10
0.900 17 225 242 286 2 3
0.925 13 226 239 293 1 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Combination 3

Cosine similarity

Table C.42: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 165 20 185 26 207 115
0.025 165 20 185 26 207 115
0.050 165 20 185 26 207 115
0.075 162 21 183 30 206 114
0.100 162 23 185 30 204 114
0.125 158 26 184 34 201 114
0.150 150 26 176 42 201 114
0.175 149 27 176 43 200 114
0.200 149 28 177 43 199 114
0.225 149 31 180 43 196 114
0.250 147 36 183 45 191 114
0.275 147 37 184 45 190 114
0.300 145 40 185 47 187 114
0.325 145 40 185 48 187 113
0.350 143 40 183 o1 187 112
0.375 142 44 186 52 183 112
0.400 142 47 189 53 180 111
0.425 142 48 190 53 179 111
0.450 141 52 193 96 175 109
0.475 138 54 192 60 173 108
0.500 138 59 197 60 168 108
0.525 138 62 200 61 165 107
0.550 136 64 200 63 163 107
0.575 135 68 203 65 159 106
0.600 132 (0] 207 72 152 102
0.625 130 81 211 76 146 100
0.650 125 88 213 87 139 94
0.675 125 92 217 90 135 91
0.700 125 96 221 95 131 86
0.725 118 101 219 104 126 84
0.750 115 110 225 108 117 83
0.775 109 128 237 119 99 78
0.800 101 139 240 129 88 76
0.825 90 153 243 149 74 67
0.850 79 167 246 176 60 o1
0.875 67 184 251 203 43 36
0.900 55 198 253 222 29 29
0.925 41 212 253 255 15 10
0.950 23 222 245 278 5 5
0.975 15 225 240 291 2 0
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Euclidean distance

Table C.43: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 183 0 183 6 227 117
0.025 183 0 183 6 227 117
0.050 183 0 183 6 227 117
0.075 183 0 183 6 227 117
0.100 183 0 183 6 227 117
0.125 182 0 182 7 227 117
0.150 181 0 181 8 227 117
0.175 181 0 181 8 227 117
0.200 177 0 177 12 227 117
0.225 171 1 172 18 226 117
0.250 159 5 164 30 222 117
0.275 156 8 164 33 219 117
0.300 148 16 164 41 211 117
0.325 147 19 166 42 208 117
0.350 144 21 165 45 206 117
0.375 142 22 164 47 205 117
0.400 141 22 163 48 205 117
0.425 137 22 159 93 205 116
0.450 137 24 161 93 203 116
0.475 137 27 164 53 200 116
0.500 136 27 163 54 200 116
0.525 133 27 160 o7 200 116
0.550 133 27 160 o7 200 116
0.575 132 27 159 o8 200 116
0.600 132 28 160 60 199 114
0.625 132 30 162 62 197 112
0.650 131 34 165 63 193 112
0.675 128 56 184 70 171 108
0.700 121 79 200 82 148 103
0.725 113 92 205 97 135 96
0.750 108 118 226 110 109 88
0.775 100 134 234 130 93 76
0.800 84 165 249 162 62 60
0.825 63 191 254 203 36 40
0.850 45 210 255 235 17 26
0.875 30 219 249 268 8 8
0.900 18 226 244 286 1 2
0.925 13 227 240 293 0 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Combination 4

Cosine similarity

Table C.44: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 170 19 189 21 208 115
0.025 170 19 189 21 208 115
0.050 169 20 189 22 207 115
0.075 165 20 185 27 207 114
0.100 165 22 187 27 205 114
0.125 162 25 187 30 202 114
0.150 152 25 177 40 202 114
0.175 151 27 178 41 200 114
0.200 151 28 179 41 199 114
0.225 151 31 182 41 196 114
0.250 149 36 185 43 191 114
0.275 148 37 185 44 190 114
0.300 146 40 186 46 187 114
0.325 145 40 185 48 187 113
0.350 143 40 183 o1 187 112
0.375 142 43 185 52 184 112
0.400 142 45 187 53 182 111
0.425 142 46 188 53 181 111
0.450 141 49 190 95 178 110
0.475 138 51 189 99 176 109
0.500 138 56 194 99 171 109
0.525 138 60 198 60 167 108
0.550 136 63 199 62 164 108
0.575 134 66 200 66 161 106
0.600 132 73 205 72 154 102
0.625 128 80 208 7 147 101
0.650 125 89 214 86 138 95
0.675 125 93 218 90 134 91
0.700 125 95 220 95 132 86
0.725 118 101 219 104 126 84
0.750 116 110 226 107 117 83
0.775 110 127 237 117 100 79
0.800 102 142 244 126 85 78
0.825 91 154 245 146 73 69
0.850 81 169 250 171 98 54
0.875 68 187 255 200 40 38
0.900 55 199 254 224 28 27
0.925 40 213 253 256 14 10
0.950 22 222 244 279 5 5
0.975 14 225 239 292 2 0
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Table C.45: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 49 3 52 0 96 69
0.025 49 3 52 0 96 69
0.050 49 3 52 0 96 69
0.075 49 3 52 0 96 69
0.100 49 3 52 0 96 69
0.125 49 3 52 0 96 69
0.150 49 3 52 0 96 69
0.175 49 3 52 0 96 69
0.200 49 3 52 0 96 69
0.225 49 3 52 0 96 69
0.250 49 3 52 0 96 69
0.275 49 3 52 0 96 69
0.300 49 3 52 0 96 69
0.325 49 4 53 0 95 69
0.350 49 4 53 0 95 69
0.375 49 4 53 0 95 69
0.400 49 4 93 0 95 69
0.425 49 5 54 0 94 69
0.450 49 7 56 0 92 69
0.475 49 10 59 0 89 69
0.500 49 12 61 1 87 68
0.525 49 14 63 1 85 68
0.550 49 17 66 2 82 67
0.575 47 21 68 4 78 67
0.600 46 26 72 7 73 65
0.625 44 28 72 16 71 58
0.650 41 31 72 23 68 54
0.675 38 37 75 31 62 49
0.700 35 41 76 36 58 47
0.725 30 48 78 45 o1 43
0.750 28 57 85 54 42 36
0.775 24 62 86 65 37 29
0.800 20 70 90 75 29 23
0.825 18 74 92 83 25 17
0.850 14 78 92 89 21 15
0.875 10 83 93 99 16 9
0.900 7 88 95 106 11 5
0.925 ) 93 98 110 6 3
0.950 1 98 99 115 1 2
0.975 0 98 98 116 1 2
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Euclidean distance

Table C.46: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 183 0 183 ) 227 118
0.025 183 0 183 ) 227 118
0.050 183 0 183 ) 227 118
0.075 183 0 183 5 227 118
0.100 183 0 183 5 227 118
0.125 182 0 182 6 227 118
0.150 181 0 181 7 227 118
0.175 181 0 181 7 227 118
0.200 180 0 180 8 227 118
0.225 175 1 176 13 226 118
0.250 161 4 165 27 223 118
0.275 157 7 164 31 220 118
0.300 149 16 165 39 211 118
0.325 147 19 166 41 208 118
0.350 143 21 164 45 206 118
0.375 141 22 163 47 205 118
0.400 140 22 162 48 205 118
0.425 136 22 158 93 205 117
0.450 136 24 160 93 203 117
0.475 136 27 163 53 200 117
0.500 135 27 162 54 200 117
0.525 132 27 159 o7 200 117
0.550 132 27 159 o7 200 117
0.575 131 27 158 o8 200 117
0.600 131 28 159 60 199 115
0.625 131 29 160 62 198 113
0.650 130 32 162 63 195 113
0.675 127 51 178 71 176 108
0.700 121 78 199 81 149 104
0.725 112 90 202 95 137 99
0.750 108 117 225 109 110 89
0.775 100 135 235 129 92 7
0.800 86 166 252 161 61 59
0.825 62 190 252 204 37 40
0.850 44 210 254 237 17 25
0.875 29 220 249 268 7 9
0.900 17 226 243 287 1 2
0.925 13 227 240 293 0 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Combination 5

Cosine similarity

Table C.47: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 169 20 189 24 207 113
0.025 169 20 189 24 207 113
0.050 168 21 189 26 206 112
0.075 165 22 187 29 205 112
0.100 164 24 188 30 203 112
0.125 154 26 180 40 201 112
0.150 153 29 182 41 198 112
0.175 152 30 182 42 197 112
0.200 152 32 184 42 195 112
0.225 151 32 183 43 195 112
0.250 150 35 185 44 192 112
0.275 150 37 187 44 190 112
0.300 149 40 189 45 187 112
0.325 147 40 187 47 187 112
0.350 145 41 186 49 186 112
0.375 143 43 186 52 184 111
0.400 143 44 187 52 183 111
0.425 143 44 187 53 183 110
0.450 141 49 190 95 178 110
0.475 141 53 194 58 174 107
0.500 141 57 198 98 170 107
0.525 139 58 197 61 169 106
0.550 137 61 198 64 166 105
0.575 136 66 202 66 161 104
0.600 135 69 204 68 158 103
0.625 133 74 207 72 153 101
0.650 131 81 212 76 146 99
0.675 128 88 216 82 139 96
0.700 127 94 221 86 133 93
0.725 123 102 225 91 125 92
0.750 122 109 231 97 118 87
0.775 115 118 233 110 109 81
0.800 107 130 237 122 97 7
0.825 95 142 237 135 85 76
0.850 84 156 240 163 71 59
0.875 72 168 240 187 99 47
0.900 56 192 248 219 35 31
0.925 38 204 242 250 23 18
0.950 24 221 245 278 6 4
0.975 15 224 239 291 3 0
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Table C.48: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 45 2 47 1 97 72
0.025 45 2 47 1 97 72
0.050 45 2 47 1 97 72
0.075 45 2 47 1 97 72
0.100 45 2 47 1 97 72
0.125 45 2 47 1 97 72
0.150 45 2 47 1 97 72
0.175 45 2 47 1 97 72
0.200 45 2 47 1 97 72
0.225 45 2 47 1 97 72
0.250 45 2 47 1 97 72
0.275 45 2 47 1 97 72
0.300 45 2 47 1 97 72
0.325 45 2 47 1 97 72
0.350 45 2 47 1 97 72
0.375 45 2 47 1 97 72
0.400 45 2 47 1 97 72
0.425 45 2 47 1 97 72
0.450 45 4 49 1 95 72
0.475 45 6 51 1 93 72
0.500 45 12 o7 1 87 72
0.525 45 12 o7 1 87 72
0.550 44 15 99 3 84 71
0.575 43 19 62 6 80 69
0.600 42 21 63 10 78 66
0.625 40 27 67 14 72 64
0.650 38 34 72 21 65 99
0.675 37 36 73 26 63 95
0.700 35 43 78 33 56 50
0.725 33 48 81 41 51 44
0.750 27 53 80 48 46 43
0.775 25 56 81 95 43 38
0.800 22 61 83 62 38 34
0.825 21 68 89 71 31 26
0.850 20 76 96 76 23 22
0.875 14 84 98 87 15 17
0.900 11 86 97 96 13 11
0.925 ) 92 97 107 7 6
0.950 4 96 100 110 3 4
0.975 0 99 99 116 0 2
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Euclidean distance

Table C.49: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 185 0 185 6 227 115
0.025 185 0 185 6 227 115
0.050 185 0 185 6 227 115
0.075 185 0 185 6 227 115
0.100 185 0 185 6 227 115
0.125 184 0 184 7 227 115
0.150 183 0 183 8 227 115
0.175 183 0 183 8 227 115
0.200 179 0 179 12 227 115
0.225 176 1 177 15 226 115
0.250 164 5 169 27 222 115
0.275 158 9 167 33 218 115
0.300 152 17 169 39 210 115
0.325 149 19 168 42 208 115
0.350 146 21 167 45 206 115
0.375 144 22 166 47 205 115
0.400 141 22 163 90 205 115
0.425 139 22 161 93 205 114
0.450 139 24 163 93 203 114
0.475 139 24 163 53 203 114
0.500 137 27 164 55 200 114
0.525 135 27 162 o7 200 114
0.550 135 27 162 o7 200 114
0.575 135 27 162 o7 200 114
0.600 134 30 164 59 197 113
0.625 134 31 165 61 196 111
0.650 134 32 166 62 195 110
0.675 131 48 179 65 179 110
0.700 130 60 190 73 167 103
0.725 126 79 205 83 148 97
0.750 119 100 219 97 127 90
0.775 113 116 229 111 111 82
0.800 100 140 240 131 87 75
0.825 74 162 236 177 65 55
0.850 50 194 244 221 33 35
0.875 36 209 245 252 18 18
0.900 20 222 242 282 5 4
0.925 13 226 239 293 1 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Combination 6

Cosine similarity

Table C.50: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 168 27 195 26 200 112
0.025 168 37 205 27 190 111
0.050 167 37 204 28 190 111
0.075 164 38 202 32 189 110
0.100 163 39 202 33 188 110
0.125 155 40 195 43 187 108
0.150 153 43 196 46 184 107
0.175 152 44 196 47 183 107
0.200 150 46 196 49 181 107
0.225 150 46 196 50 181 106
0.250 147 47 194 54 180 105
0.275 147 47 194 54 180 105
0.300 146 47 193 95 180 105
0.325 146 49 195 95 178 105
0.350 143 49 192 98 178 105
0.375 143 49 192 59 178 104
0.400 142 51 193 60 176 104
0.425 142 57 199 61 170 103
0.450 140 59 199 63 168 103
0.475 140 60 200 63 167 103
0.500 140 65 205 64 162 102
0.525 135 70 205 70 157 101
0.550 134 74 208 71 153 101
0.575 132 80 212 74 147 100
0.600 131 82 213 79 145 96
0.625 130 84 214 83 143 93
0.650 126 91 217 90 136 90
0.675 125 99 224 92 128 89
0.700 125 104 229 93 123 88
0.725 121 109 230 101 118 84
0.750 116 114 230 108 113 82
0.775 111 129 240 117 98 78
0.800 105 135 240 128 92 73
0.825 105 135 240 128 92 73
0.850 104 135 239 129 92 73
0.875 104 135 239 129 92 73
0.900 104 135 239 129 92 73
0.925 104 135 239 129 92 73
0.950 103 135 238 130 92 73
0.975 103 135 238 130 92 73
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Table C.51: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 54 4 o8 1 95 63
0.025 54 4 58 1 95 63
0.050 54 5 59 1 94 63
0.075 54 5 59 1 94 63
0.100 54 ) 99 1 94 63
0.125 o4 5 99 1 94 63
0.150 54 i} 99 1 94 63
0.175 54 5 59 1 94 63
0.200 54 6 60 1 93 63
0.225 53 6 59 2 93 63
0.250 53 7 60 2 92 63
0.275 33 7 60 2 92 63
0.300 53 7 60 2 92 63
0.325 53 7 60 2 92 63
0.350 53 7 60 2 92 63
0.375 93 7 60 2 92 63
0.400 53 8 61 3 91 62
0.425 53 8 61 3 91 62
0.450 53 10 63 3 89 62
0.475 53 13 66 4 86 61
0.500 53 15 68 4 84 61
0.525 33 19 72 ) 80 60
0.550 53 23 76 8 76 57
0.575 53 27 80 9 72 56
0.600 52 27 79 12 72 54
0.625 49 34 83 16 65 53
0.650 48 37 85 20 62 50
0.675 45 40 85 23 99 50
0.700 45 44 89 27 55 46
0.725 36 50 86 39 49 43
0.750 33 56 89 49 43 36
0.775 33 59 92 99 40 26
0.800 31 65 96 65 34 22
0.825 31 65 96 65 34 22
0.850 31 65 96 65 34 22
0.875 31 65 96 65 34 22
0.900 31 65 96 65 34 22
0.925 31 65 96 65 34 22
0.950 31 65 96 65 34 22
0.975 31 65 96 65 34 22
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Euclidean distance

Table C.52: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 183 0 183 6 227 117
0.025 183 0 183 6 227 117
0.050 183 0 183 6 227 117
0.075 183 0 183 6 227 117
0.100 183 0 183 6 227 117
0.125 182 0 182 7 227 117
0.150 181 0 181 8 227 117
0.175 181 0 181 8 227 117
0.200 177 0 177 12 227 117
0.225 174 1 175 15 226 117
0.250 162 4 166 27 223 117
0.275 156 8 164 33 219 117
0.300 150 15 165 39 212 117
0.325 147 19 166 42 208 117
0.350 144 21 165 45 206 117
0.375 142 22 164 47 205 117
0.400 139 22 161 90 205 117
0.425 137 22 159 93 205 116
0.450 137 24 161 93 203 116
0.475 137 24 161 53 203 116
0.500 135 27 162 55 200 116
0.525 133 27 160 o7 200 116
0.550 133 27 160 o7 200 116
0.575 133 27 160 o7 200 116
0.600 132 28 160 59 199 115
0.625 132 29 161 61 198 113
0.650 132 29 161 62 198 112
0.675 129 48 177 65 179 112
0.700 127 59 186 72 168 107
0.725 123 76 199 83 151 100
0.750 118 98 216 94 129 94
0.775 113 114 227 109 113 84
0.800 100 137 237 132 90 74
0.825 74 161 235 179 66 53
0.850 52 193 245 220 34 34
0.875 36 211 247 252 16 18
0.900 20 224 244 283 3 3
0.925 13 227 240 293 0 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0
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Combination 7

Table C.53: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 164 27 191 27 200 115
0.025 164 38 202 28 189 114
0.050 164 38 202 28 189 114
0.075 161 39 200 32 188 113
0.100 161 40 201 34 187 111
0.125 156 42 198 39 185 111
0.150 149 45 194 46 182 111
0.175 148 46 194 48 181 110
0.200 147 47 194 49 180 110
0.225 147 48 195 49 179 110
0.250 146 49 195 52 178 108
0.275 146 49 195 52 178 108
0.300 143 52 195 95 175 108
0.325 142 53 195 56 174 108
0.350 140 54 194 59 173 107
0.375 140 55 195 61 172 105
0.400 140 o7 197 61 170 105
0.425 140 61 201 61 166 105
0.450 139 63 202 62 164 105
0.475 137 68 205 65 159 104
0.500 137 72 209 67 155 102
0.525 134 7 209 70 152 102
0.550 133 78 211 73 149 100
0.575 132 81 213 (i 146 97
0.600 132 86 218 79 141 95
0.625 131 87 218 80 140 95
0.650 126 95 221 89 132 91
0.675 124 102 226 94 125 88
0.700 123 106 229 98 121 85
0.725 120 113 233 104 114 82
0.750 116 124 240 114 103 76
0.775 111 134 245 120 93 75
0.800 106 141 247 127 86 73
0.825 106 141 247 128 86 72
0.850 105 141 246 129 86 72
0.875 105 141 246 129 86 72
0.900 105 141 246 129 86 72
0.925 105 141 246 129 86 72
0.950 104 141 245 130 86 72
0.975 104 141 245 130 86 72
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Table C.54: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 49 4 93 1 95 68
0.025 49 4 53 1 95 68
0.050 49 5 54 1 94 68
0.075 49 5 54 1 94 68
0.100 49 ) o4 1 94 68
0.125 49 5 o4 1 94 68
0.150 49 i} 54 1 94 68
0.175 49 5 54 1 94 68
0.200 49 6 55 1 93 68
0.225 49 6 55 1 93 68
0.250 49 6 95 1 93 68
0.275 49 6 95 1 93 68
0.300 49 6 55 1 93 68
0.325 49 7 56 1 92 68
0.350 49 7 56 1 92 68
0.375 49 7 56 1 92 68
0.400 49 8 o7 1 91 68
0.425 49 8 57 1 91 68
0.450 49 11 60 2 88 67
0.475 49 12 61 2 87 67
0.500 49 17 66 3 82 66
0.525 49 22 71 4 7 65
0.550 49 25 74 ) 74 64
0.575 48 26 74 7 73 63
0.600 47 31 78 10 68 61
0.625 44 35 79 14 64 60
0.650 43 40 83 18 99 o7
0.675 38 43 81 27 o6 53
0.700 38 46 84 28 53 52
0.725 33 51 84 37 48 48
0.750 33 58 91 45 41 40
0.775 32 60 92 95 39 31
0.800 30 69 99 63 30 25
0.825 30 69 99 63 30 25
0.850 30 69 99 63 30 25
0.875 30 69 99 63 30 25
0.900 30 69 99 63 30 25
0.925 30 69 99 63 30 25
0.950 30 69 99 63 30 25
0.975 30 69 99 63 30 25
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Combination 8

Table C.55: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 165 27 192 27 200 114
0.025 165 37 202 28 190 113
0.050 165 37 202 28 190 113
0.075 162 38 200 32 189 112
0.100 162 39 201 33 188 111
0.125 159 40 199 37 187 110
0.150 151 43 194 45 184 110
0.175 150 45 195 47 182 109
0.200 148 47 195 49 180 109
0.225 148 48 196 49 179 109
0.250 147 49 196 52 178 107
0.275 147 49 196 52 178 107
0.300 144 52 196 95 175 107
0.325 143 53 196 56 174 107
0.350 141 53 194 59 174 106
0.375 141 53 194 61 174 104
0.400 141 56 197 61 171 104
0.425 141 61 202 61 166 104
0.450 140 62 202 62 165 104
0.475 138 66 204 65 161 103
0.500 138 70 208 66 157 102
0.525 134 73 207 71 154 101
0.550 133 78 211 73 149 100
0.575 131 84 215 78 143 97
0.600 131 88 219 81 139 94
0.625 129 89 218 84 138 93
0.650 127 98 225 89 129 90
0.675 125 103 228 92 124 89
0.700 124 108 232 96 119 86
0.725 121 113 234 101 114 84
0.750 119 121 240 108 106 79
0.775 112 133 245 118 94 76
0.800 106 139 245 127 88 73
0.825 106 139 245 127 88 73
0.850 105 139 244 128 88 73
0.875 105 139 244 128 88 73
0.900 105 139 244 128 88 73
0.925 105 139 244 128 88 73
0.950 105 139 244 128 88 73
0.975 105 139 244 128 88 73
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Table C.56: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 55 4 99 1 95 62
0.025 %) 4 59 1 95 62
0.050 55 5 60 1 94 62
0.075 %) 5 60 1 94 62
0.100 55 ) 60 1 94 62
0.125 %) 5 60 1 94 62
0.150 55 i} 60 1 94 62
0.175 55 5 60 1 94 62
0.200 55 6 61 1 93 62
0.225 o4 6 60 2 93 62
0.250 54 6 60 2 93 62
0.275 o4 6 60 2 93 62
0.300 54 6 60 2 93 62
0.325 54 7 61 2 92 62
0.350 54 7 61 2 92 62
0.375 o4 7 61 2 92 62
0.400 54 7 61 3 92 61
0.425 54 7 61 3 92 61
0.450 54 11 65 4 88 60
0.475 54 13 67 4 86 60
0.500 54 16 70 6 83 58
0.525 o4 21 75 8 78 56
0.550 54 25 79 8 74 56
0.575 54 26 80 9 73 55
0.600 53 29 82 13 70 52
0.625 50 34 84 17 65 51
0.650 48 40 88 20 99 50
0.675 41 42 83 30 o7 47
0.700 39 47 86 33 52 46
0.725 34 51 85 43 48 41
0.750 34 58 92 50 41 34
0.775 33 58 91 99 41 26
0.800 31 66 97 66 33 21
0.825 31 66 97 66 33 21
0.850 31 66 97 66 33 21
0.875 31 66 97 66 33 21
0.900 31 66 97 66 33 21
0.925 31 66 97 66 33 21
0.950 31 66 97 66 33 21
0.975 31 66 97 66 33 21
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Cosine similarity

Table C.57: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 168 19 187 24 208 114
0.025 168 19 187 24 208 114
0.050 167 20 187 26 207 113
0.075 164 21 185 29 206 113
0.100 163 23 186 30 204 113
0.125 153 25 178 40 202 113
0.150 152 26 178 41 201 113
0.175 151 27 178 42 200 113
0.200 151 29 180 42 198 113
0.225 150 29 179 43 198 113
0.250 149 34 183 44 193 113
0.275 149 37 186 44 190 113
0.300 148 40 188 45 187 113
0.325 146 40 186 47 187 113
0.350 144 41 185 49 186 113
0.375 142 43 185 52 184 112
0.400 142 44 186 52 183 112
0.425 142 44 186 93 183 111
0.450 140 48 188 95 179 111
0.475 139 53 192 57 174 110
0.500 139 55 194 58 172 109
0.525 137 56 193 61 171 108
0.550 135 58 193 63 169 108
0.575 135 63 198 65 164 106
0.600 134 65 199 68 162 104
0.625 132 71 203 71 156 103
0.650 130 81 211 T 146 99
0.675 129 87 216 83 140 94
0.700 128 92 220 87 135 91
0.725 126 98 224 91 129 89
0.750 124 106 230 96 121 86
0.775 117 117 234 109 110 80
0.800 108 131 239 122 96 76
0.825 97 143 240 134 84 75
0.850 84 154 238 164 73 58
0.875 74 170 244 186 o7 46
0.900 58 193 251 219 34 29
0.925 40 204 244 248 23 18
0.950 24 221 245 278 6 4
0.975 15 224 239 291 3 0
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Table C.58: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 45 2 47 0 97 73
0.025 45 2 47 0 97 73
0.050 45 2 47 0 97 73
0.075 45 2 47 0 97 73
0.100 45 2 47 0 97 73
0.125 45 2 47 0 97 73
0.150 45 2 47 0 97 73
0.175 45 2 47 0 97 73
0.200 45 2 47 0 97 73
0.225 45 2 47 0 97 73
0.250 45 2 47 0 97 73
0.275 45 2 47 0 97 73
0.300 45 2 47 0 97 73
0.325 45 2 47 0 97 73
0.350 45 2 47 0 97 73
0.375 45 2 47 0 97 73
0.400 45 2 47 0 97 73
0.425 45 2 47 0 97 73
0.450 45 4 49 0 95 73
0.475 45 5 50 0 94 73
0.500 45 12 o7 0 87 73
0.525 45 12 o7 0 87 73
0.550 44 14 o8 2 85 72
0.575 43 18 61 5 81 70
0.600 42 20 62 8 79 68
0.625 39 25 64 14 74 65
0.650 37 33 70 21 66 60
0.675 36 35 71 26 64 56
0.700 34 43 7 32 56 52
0.725 31 47 78 42 52 45
0.750 26 53 79 49 46 43
0.775 24 58 82 56 41 38
0.800 22 62 84 61 37 35
0.825 21 69 90 71 30 26
0.850 18 76 94 79 23 21
0.875 13 84 97 90 15 15
0.900 10 88 98 99 11 9
0.925 4 92 96 109 7 5
0.950 3 98 101 112 1 3
0.975 0 99 99 116 0 2
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Euclidean distance

Table C.59: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 183 0 183 6 227 117
0.025 183 0 183 6 227 117
0.050 183 0 183 6 227 117
0.075 183 0 183 6 227 117
0.100 183 0 183 6 227 117
0.125 182 0 182 7 227 117
0.150 181 0 181 8 227 117
0.175 181 0 181 8 227 117
0.200 177 0 177 12 227 117
0.225 174 1 175 15 226 117
0.250 162 4 166 27 223 117
0.275 156 8 164 33 219 117
0.300 150 15 165 39 212 117
0.325 147 19 166 42 208 117
0.350 144 21 165 45 206 117
0.375 142 22 164 47 205 117
0.400 139 22 161 90 205 117
0.425 137 22 159 93 205 116
0.450 137 24 161 93 203 116
0.475 137 24 161 53 203 116
0.500 135 27 162 55 200 116
0.525 133 27 160 o7 200 116
0.550 133 27 160 o7 200 116
0.575 133 27 160 o7 200 116
0.600 132 28 160 59 199 115
0.625 132 29 161 61 198 113
0.650 132 29 161 62 198 112
0.675 129 48 177 65 179 112
0.700 127 59 186 72 168 107
0.725 123 76 199 83 151 100
0.750 118 98 216 94 129 94
0.775 113 114 227 109 113 84
0.800 100 137 237 132 90 74
0.825 74 161 235 179 66 53
0.850 52 193 245 220 34 34
0.875 36 211 247 252 16 18
0.900 20 224 244 283 3 3
0.925 13 227 240 293 0 0
0.950 12 227 239 294 0 0
0.975 12 227 239 294 0 0

114



Table C.60: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 38 0 38 0 99 80
0.025 38 0 38 0 99 80
0.050 38 0 38 0 99 80
0.075 38 0 38 0 99 80
0.100 38 0 38 0 99 80
0.125 38 0 38 0 99 80
0.150 38 0 38 0 99 80
0.175 38 0 38 0 99 80
0.200 38 0 38 0 99 80
0.225 38 0 38 0 99 80
0.250 38 0 38 0 99 80
0.275 38 0 38 0 99 80
0.300 38 0 38 0 99 80
0.325 38 0 38 0 99 80
0.350 38 0 38 0 99 80
0.375 38 0 38 0 99 80
0.400 38 0 38 0 99 80
0.425 38 0 38 0 99 80
0.450 38 0 38 0 99 80
0.475 38 0 38 0 99 80
0.500 38 0 38 0 99 80
0.525 38 0 38 0 99 80
0.550 38 0 38 0 99 80
0.575 38 0 38 0 99 80
0.600 38 0 38 0 99 80
0.625 38 4 42 0 95 80
0.650 37 12 49 2 87 79
0.675 35 18 93 6 81 7
0.700 33 27 60 18 72 67
0.725 31 41 72 25 58 62
0.750 29 54 83 34 45 55
0.775 25 68 93 52 31 41
0.800 17 7 94 75 22 26
0.825 13 86 99 90 13 15
0.850 6 92 98 104 7 8
0.875 6 96 102 108 3 4
0.900 2 98 100 114 1 2
0.925 0 99 99 116 0 2
0.950 0 99 99 118 0 0
0.975 0 99 99 118 0 0
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Combination 9

Table C.61: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 168 26 194 25 201 113
0.025 168 35 203 26 192 112
0.050 167 37 204 27 190 112
0.075 164 38 202 32 189 110
0.100 163 38 201 35 189 108
0.125 153 40 193 45 187 108
0.150 152 45 197 47 182 107
0.175 151 46 197 48 181 107
0.200 151 47 198 48 180 107
0.225 149 49 198 50 178 107
0.250 149 49 198 50 178 107
0.275 147 49 196 o4 178 105
0.300 143 52 195 99 175 104
0.325 141 53 194 61 174 104
0.350 138 53 191 64 174 104
0.375 137 54 191 65 173 104
0.400 137 54 191 66 173 103
0.425 137 57 194 67 170 102
0.450 136 62 198 68 165 102
0.475 135 65 200 69 162 102
0.500 135 70 205 70 157 101
0.525 132 72 204 73 155 101
0.550 131 (0] 206 75 152 100
0.575 131 76 207 76 151 99
0.600 129 78 207 79 149 98
0.625 129 84 213 83 143 94
0.650 126 85 211 89 142 91
0.675 124 92 216 93 135 89
0.700 123 97 220 95 130 88
0.725 119 104 223 101 123 86
0.750 115 114 229 108 113 83
0.775 111 120 231 115 107 80
0.800 104 129 233 124 98 78
0.825 104 129 233 125 98 7
0.850 104 129 233 125 98 7
0.875 104 129 233 125 98 7
0.900 104 129 233 125 98 7
0.925 104 129 233 125 98 7
0.950 104 129 233 125 98 7
0.975 104 129 233 125 98 7

116



Combination 10

Combination 11

Table C.62: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 170 20 190 21 207 115
0.025 170 32 202 23 195 113
0.050 169 33 202 24 194 113
0.075 165 34 199 29 193 112
0.100 165 36 201 30 191 111
0.125 162 38 200 33 189 111
0.150 152 40 192 44 187 110
0.175 151 41 192 46 186 109
0.200 150 42 192 48 185 108
0.225 150 42 192 48 185 108
0.250 148 44 192 o1 183 107
0.275 147 44 191 52 183 107
0.300 145 47 192 54 180 107
0.325 144 47 191 56 180 106
0.350 142 48 190 99 179 105
0.375 141 48 189 61 179 104
0.400 141 52 193 62 175 103
0.425 141 53 194 62 174 103
0.450 140 58 198 63 169 103
0.475 137 61 198 67 166 102
0.500 137 65 202 68 162 101
0.525 135 69 204 70 158 101
0.550 134 70 204 72 157 100
0.575 131 73 204 75 154 100
0.600 129 79 208 82 148 95
0.625 126 81 207 85 146 95
0.650 123 90 213 90 137 93
0.675 123 95 218 93 132 90
0.700 123 98 221 98 129 85
0.725 119 105 224 106 122 81
0.750 117 116 233 108 111 81
0.775 112 128 240 118 99 76
0.800 104 139 243 127 88 75
0.825 104 139 243 127 88 75
0.850 103 139 242 128 88 75
0.875 103 139 242 128 88 75
0.900 103 139 242 128 88 75
0.925 102 139 241 129 88 (0]
0.950 102 139 241 129 88 5
0.975 102 139 241 129 88 75
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Table C.63: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 49 3 52 1 96 68
0.025 49 3 52 1 96 68
0.050 49 4 53 1 95 68
0.075 49 4 53 1 95 68
0.100 49 4 93 1 95 68
0.125 49 4 93 1 95 68
0.150 49 4 53 1 95 68
0.175 49 4 53 1 95 68
0.200 48 4 52 2 95 68
0.225 48 4 52 3 95 67
0.250 48 4 52 3 95 67
0.275 48 4 52 3 95 67
0.300 48 4 52 3 95 67
0.325 48 4 52 3 95 67
0.350 48 4 52 3 95 67
0.375 48 4 52 3 95 67
0.400 48 b} 93 4 94 66
0.425 48 5 53 4 94 66
0.450 48 7 55 4 92 66
0.475 48 9 57 4 90 66
0.500 48 12 60 4 87 66
0.525 48 14 62 ) 85 65
0.550 48 18 66 6 81 64
0.575 47 21 68 7 78 64
0.600 47 24 71 10 75 61
0.625 44 28 72 18 71 56
0.650 41 32 73 23 67 54
0.675 38 38 76 32 61 48
0.700 36 43 79 37 56 45
0.725 32 50 82 48 49 38
0.750 31 57 88 54 42 33
0.775 26 65 91 67 34 25
0.800 22 69 91 T 30 19
0.825 22 69 91 7 30 19
0.850 22 69 91 T 30 19
0.875 22 69 91 7 30 19
0.900 22 69 91 7 30 19
0.925 22 69 91 7 30 19
0.950 22 69 91 7 30 19
0.975 22 69 91 T 30 19
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Combination 12

Table C.64: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 170 19 189 21 208 115
0.025 170 31 201 23 196 113
0.050 169 32 201 24 195 113
0.075 165 32 197 29 195 112
0.100 165 33 198 29 194 112
0.125 162 35 197 32 192 112
0.150 152 35 187 44 192 110
0.175 151 36 187 46 191 109
0.200 150 37 187 49 190 107
0.225 150 37 187 49 190 107
0.250 148 41 189 52 186 106
0.275 147 42 189 93 185 106
0.300 145 45 190 95 182 106
0.325 144 45 189 o7 182 105
0.350 142 45 187 60 182 104
0.375 141 47 188 61 180 104
0.400 141 49 190 62 178 103
0.425 141 50 191 62 177 103
0.450 140 53 193 64 174 102
0.475 138 55 193 67 172 101
0.500 138 59 197 67 168 101
0.525 137 63 200 69 164 100
0.550 135 66 201 71 161 100
0.575 133 69 202 74 158 99
0.600 131 76 207 79 151 96
0.625 127 80 207 84 147 95
0.650 124 89 213 91 138 91
0.675 124 92 216 94 135 88
0.700 124 94 218 98 133 84
0.725 117 99 216 106 128 83
0.750 117 109 226 106 118 83
0.775 112 126 238 115 101 79
0.800 104 140 244 124 87 78
0.825 104 140 244 124 87 78
0.850 103 140 243 125 87 78
0.875 103 140 243 125 87 78
0.900 103 140 243 125 87 78
0.925 102 140 242 126 87 78
0.950 102 140 242 126 87 78
0.975 102 140 242 126 87 78
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Table C.65: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 49 3 52 0 96 69
0.025 49 3 52 0 96 69
0.050 49 4 53 0 95 69
0.075 49 4 53 0 95 69
0.100 49 4 93 0 95 69
0.125 49 4 93 0 95 69
0.150 49 4 53 0 95 69
0.175 49 4 53 0 95 69
0.200 48 4 52 1 95 69
0.225 48 5 53 2 94 68
0.250 48 b} 93 2 94 68
0.275 48 S 53 2 94 68
0.300 48 5 53 2 94 68
0.325 48 5 53 2 94 68
0.350 48 5 53 2 94 68
0.375 48 5 53 2 94 68
0.400 48 b} 93 2 94 68
0.425 48 6 54 2 93 68
0.450 48 8 56 2 91 68
0.475 48 11 59 2 88 68
0.500 48 13 61 3 86 67
0.525 48 15 63 3 84 67
0.550 48 18 66 4 81 66
0.575 46 22 68 6 7 66
0.600 46 26 72 8 73 64
0.625 44 27 71 17 72 57
0.650 42 30 72 22 69 54
0.675 38 37 75 31 62 49
0.700 35 41 76 36 58 47
0.725 30 48 78 45 o1 43
0.750 28 57 85 54 42 36
0.775 24 62 86 65 37 29
0.800 20 70 90 75 29 23
0.825 20 70 90 (0] 29 23
0.850 20 70 90 75 29 23
0.875 20 70 90 75 29 23
0.900 20 70 90 75 29 23
0.925 20 70 90 75 29 23
0.950 20 70 90 75 29 23
0.975 20 70 90 75 29 23

120



Combination 13

Table C.66: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 165 21 186 26 206 115
0.025 165 33 198 28 194 113
0.050 165 33 198 28 194 113
0.075 162 34 196 32 193 112
0.100 162 36 198 33 191 111
0.125 158 38 196 37 189 111
0.150 150 40 190 45 187 111
0.175 149 40 189 48 187 109
0.200 148 41 189 50 186 108
0.225 147 41 188 o1 186 108
0.250 145 43 188 54 184 107
0.275 145 43 188 o4 184 107
0.300 143 46 189 96 181 107
0.325 143 46 189 57 181 106
0.350 141 47 188 60 180 105
0.375 140 48 188 62 179 104
0.400 140 53 193 63 174 103
0.425 140 54 194 63 173 103
0.450 139 60 199 64 167 103
0.475 137 62 199 68 165 101
0.500 137 66 203 68 161 101
0.525 135 70 205 70 157 101
0.550 134 71 205 72 156 100
0.575 132 (0] 207 74 152 100
0.600 130 80 210 80 147 96
0.625 128 81 209 82 146 96
0.650 124 88 212 89 139 93
0.675 124 93 217 92 134 90
0.700 124 96 220 97 131 85
0.725 121 103 224 103 124 82
0.750 118 114 232 106 113 82
0.775 112 127 239 118 100 76
0.800 102 137 239 129 90 75
0.825 102 137 239 129 90 75
0.850 101 137 238 130 90 75
0.875 101 137 238 130 90 75
0.900 101 137 238 130 90 75
0.925 100 137 237 131 90 75
0.950 100 137 237 131 90 75
0.975 100 137 237 131 90 (0]
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Table C.67: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 47 3 50 1 96 70
0.025 47 3 50 1 96 70
0.050 47 4 51 1 95 70
0.075 47 4 51 1 95 70
0.100 47 4 o1 1 95 70
0.125 47 4 o1 1 95 70
0.150 47 4 o1 1 95 70
0.175 47 4 51 1 95 70
0.200 47 4 51 1 95 70
0.225 47 4 51 2 95 69
0.250 47 4 o1 2 95 69
0.275 47 4 o1 2 95 69
0.300 47 4 51 2 95 69
0.325 47 4 51 2 95 69
0.350 47 4 51 2 95 69
0.375 47 4 o1 2 95 69
0.400 47 b} 52 2 94 69
0.425 47 5 52 2 94 69
0.450 47 7 54 2 92 69
0.475 47 9 56 2 90 69
0.500 47 13 60 3 86 68
0.525 47 16 63 3 83 68
0.550 47 20 67 3 79 68
0.575 45 23 68 6 76 67
0.600 45 25 70 9 74 64
0.625 43 32 75 15 67 60
0.650 40 35 75 21 64 o7
0.675 38 42 80 28 o7 52
0.700 34 47 81 35 52 49
0.725 29 50 79 44 49 45
0.750 28 57 85 53 42 37
0.775 23 62 85 66 37 29
0.800 20 70 90 74 29 24
0.825 20 70 90 74 29 24
0.850 20 70 90 74 29 24
0.875 20 70 90 74 29 24
0.900 20 70 90 74 29 24
0.925 20 70 90 74 29 24
0.950 20 70 90 74 29 24
0.975 20 70 90 74 29 24
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Combination 14

Table C.68: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 168 20 188 21 207 117
0.025 168 32 200 23 195 115
0.050 167 33 200 24 194 115
0.075 163 33 196 29 194 114
0.100 163 35 198 30 192 113
0.125 160 37 197 33 190 113
0.150 150 39 189 44 188 112
0.175 149 40 189 46 187 111
0.200 148 41 189 48 186 110
0.225 148 41 189 48 186 110
0.250 146 43 189 o1 184 109
0.275 145 43 188 52 184 109
0.300 143 46 189 o4 181 109
0.325 142 46 188 56 181 108
0.350 140 47 187 59 180 107
0.375 139 47 186 61 180 106
0.400 139 o1 190 62 176 105
0.425 139 52 191 62 175 105
0.450 138 57 195 63 170 105
0.475 136 60 196 66 167 104
0.500 136 64 200 67 163 103
0.525 134 69 203 69 158 103
0.550 133 70 203 71 157 102
0.575 130 72 202 74 155 102
0.600 128 79 207 81 148 97
0.625 125 80 205 84 147 97
0.650 122 88 210 89 139 95
0.675 122 93 215 92 134 92
0.700 122 95 217 97 132 87
0.725 119 103 222 103 124 84
0.750 117 113 230 105 114 84
0.775 112 126 238 115 101 79
0.800 104 137 241 125 90 7
0.825 104 137 241 125 90 7
0.850 103 137 240 126 90 7
0.875 103 137 240 126 90 7
0.900 103 137 240 126 90 7
0.925 102 137 239 127 90 7
0.950 102 137 239 127 90 7
0.975 102 137 239 127 90 7
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Combination 15

Table C.69: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 165 20 185 26 207 115
0.025 165 32 197 28 195 113
0.050 165 32 197 28 195 113
0.075 162 33 195 32 194 112
0.100 162 34 196 32 193 112
0.125 158 36 194 36 191 112
0.150 150 36 186 46 191 110
0.175 149 36 185 48 191 109
0.200 147 37 184 o1 190 108
0.225 147 37 184 o1 190 108
0.250 145 41 186 54 186 107
0.275 145 42 187 o4 185 107
0.300 143 45 188 96 182 107
0.325 143 45 188 o7 182 106
0.350 141 45 186 60 182 105
0.375 140 48 188 61 179 105
0.400 140 o1 191 62 176 104
0.425 140 52 192 62 175 104
0.450 139 56 195 64 171 103
0.475 137 58 195 67 169 102
0.500 137 62 199 67 165 102
0.525 136 65 201 69 162 101
0.550 134 67 201 71 160 101
0.575 133 71 204 73 156 100
0.600 131 78 209 78 149 97
0.625 129 81 210 82 146 95
0.650 124 88 212 91 139 91
0.675 124 91 215 93 136 89
0.700 124 95 219 98 132 84
0.725 117 100 217 106 127 83
0.750 116 109 225 107 118 83
0.775 111 127 238 117 100 78
0.800 103 137 240 127 90 76
0.825 103 137 240 127 90 76
0.850 102 137 239 128 90 76
0.875 102 137 239 128 90 76
0.900 102 137 239 128 90 76
0.925 101 137 238 129 90 76
0.950 101 137 238 129 90 76
0.975 101 137 238 129 90 76
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Combination 16

Table C.70: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 170 19 189 21 208 115
0.025 170 31 201 23 196 113
0.050 169 32 201 24 195 113
0.075 165 32 197 29 195 112
0.100 165 33 198 29 194 112
0.125 162 35 197 32 192 112
0.150 152 35 187 44 192 110
0.175 151 36 187 46 191 109
0.200 150 37 187 49 190 107
0.225 150 37 187 49 190 107
0.250 148 41 189 52 186 106
0.275 147 42 189 93 185 106
0.300 145 45 190 95 182 106
0.325 144 45 189 o7 182 105
0.350 142 45 187 60 182 104
0.375 141 47 188 61 180 104
0.400 141 49 190 62 178 103
0.425 141 50 191 62 177 103
0.450 140 53 193 64 174 102
0.475 138 55 193 67 172 101
0.500 138 59 197 67 168 101
0.525 137 63 200 69 164 100
0.550 135 66 201 71 161 100
0.575 133 69 202 74 158 99
0.600 131 76 207 79 151 96
0.625 127 80 207 84 147 95
0.650 124 89 213 91 138 91
0.675 124 92 216 94 135 88
0.700 124 94 218 98 133 84
0.725 117 100 217 106 127 83
0.750 117 109 226 106 118 83
0.775 112 126 238 115 101 79
0.800 104 140 244 124 87 78
0.825 104 140 244 124 87 78
0.850 103 140 243 125 87 78
0.875 103 140 243 125 87 78
0.900 103 140 243 125 87 78
0.925 102 140 242 126 87 78
0.950 102 140 242 126 87 78
0.975 102 140 242 126 87 78
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Table C.71: Emotion information set - Validation test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 49 3 52 0 96 69
0.025 49 3 52 0 96 69
0.050 49 4 53 0 95 69
0.075 49 4 53 0 95 69
0.100 49 4 93 0 95 69
0.125 49 4 93 0 95 69
0.150 49 4 53 0 95 69
0.175 49 4 53 0 95 69
0.200 48 4 52 1 95 69
0.225 48 5 53 2 94 68
0.250 48 b} 93 2 94 68
0.275 48 S 53 2 94 68
0.300 48 5 53 2 94 68
0.325 48 5 53 2 94 68
0.350 48 5 53 2 94 68
0.375 48 5 53 2 94 68
0.400 48 b} 93 2 94 68
0.425 48 6 54 2 93 68
0.450 48 8 56 2 91 68
0.475 48 11 59 2 88 68
0.500 48 13 61 3 86 67
0.525 48 15 63 3 84 67
0.550 48 18 66 4 81 66
0.575 46 22 68 6 7 66
0.600 46 26 72 8 73 64
0.625 44 28 72 17 71 57
0.650 41 31 72 23 68 54
0.675 38 37 75 31 62 49
0.700 35 41 76 36 58 47
0.725 30 48 78 45 o1 43
0.750 28 57 85 54 42 36
0.775 24 62 86 65 37 29
0.800 20 70 90 75 29 23
0.825 20 70 90 (0] 29 23
0.850 20 70 90 75 29 23
0.875 20 70 90 75 29 23
0.900 20 70 90 75 29 23
0.925 20 70 90 75 29 23
0.950 20 70 90 75 29 23
0.975 20 70 90 75 29 23
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Combination 17

Table C.72: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 169 20 189 24 207 113
0.025 169 31 200 25 196 112
0.050 168 33 201 26 194 112
0.075 165 34 199 31 193 110
0.100 164 35 199 33 192 109
0.125 154 37 191 43 190 109
0.150 153 40 193 45 187 108
0.175 152 40 192 46 187 108
0.200 152 41 193 46 186 108
0.225 151 43 194 48 184 107
0.250 150 43 193 49 184 107
0.275 148 43 191 52 184 106
0.300 146 46 192 95 181 105
0.325 144 46 190 57 181 105
0.350 141 46 187 61 181 104
0.375 139 48 187 64 179 103
0.400 139 48 187 64 179 103
0.425 139 49 188 65 178 102
0.450 137 54 191 67 173 102
0.475 137 58 195 69 169 100
0.500 137 62 199 69 165 100
0.525 135 63 198 72 164 99
0.550 133 66 199 75 161 98
0.575 132 69 201 76 158 98
0.600 131 72 203 78 155 97
0.625 129 76 205 82 151 95
0.650 127 79 206 86 148 93
0.675 124 86 210 92 141 90
0.700 123 92 215 94 135 89
0.725 119 100 219 99 127 88
0.750 118 107 225 104 120 84
0.775 113 116 229 113 111 80
0.800 107 128 235 122 99 7
0.825 107 128 235 122 99 7
0.850 107 128 235 122 99 7
0.875 107 128 235 122 99 7
0.900 107 128 235 122 99 7
0.925 107 128 235 122 99 7
0.950 107 128 235 122 99 7
0.975 107 128 235 122 99 7
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Combination 18

Table C.73: Emotion information set - Training test data

Threshold SOM NOM Total Correct SOMasNOM NOMasSOM WrongSOM

0.0 168 19 187 24 208 114
0.025 168 30 198 25 197 113
0.050 167 32 199 26 195 113
0.075 164 33 197 31 194 111
0.100 162 34 196 33 193 111
0.125 152 36 188 43 191 111
0.150 151 37 188 46 190 109
0.175 150 37 187 47 190 109
0.200 150 38 188 47 189 109
0.225 149 40 189 49 187 108
0.250 148 42 190 50 185 108
0.275 146 43 189 93 184 107
0.300 144 46 190 96 181 106
0.325 142 46 188 59 181 105
0.350 139 46 185 62 181 105
0.375 137 48 185 65 179 104
0.400 137 48 185 65 179 104
0.425 137 49 186 66 178 103
0.450 135 53 188 68 174 103
0.475 135 58 193 69 169 102
0.500 135 60 195 70 167 101
0.525 133 61 194 73 166 100
0.550 131 63 194 75 164 100
0.575 131 66 197 76 161 99
0.600 130 68 198 79 159 97
0.625 128 73 201 82 154 96
0.650 126 79 205 88 148 92
0.675 125 85 210 93 142 88
0.700 124 90 214 95 137 87
0.725 122 96 218 99 131 85
0.750 120 104 224 103 123 83
0.775 115 115 230 112 112 79
0.800 108 129 237 122 98 76
0.825 108 129 237 122 98 76
0.850 108 129 237 122 98 76
0.875 108 129 237 122 98 76
0.900 108 129 237 122 98 76
0.925 108 129 237 122 98 76
0.950 108 129 237 122 98 76
0.975 108 129 237 122 98 76
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