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ABSTRACT 
Context. Foreign Accent Syndrome is a rare neurological disorder, where among other 
symptoms of the patient’s emotional speech is affected. As FAS is one of the mildest 
speech disorders, there has not been much research done on the cost-effective 
biomarkers which reflect recovery of competences speech. 

Objectives. In this pilot study, we implement the Emotional Temperature biomarker 
and check its validity for assessing the FAS. We compare the results of implemented 
biomarker with another biomarker based on the global distances for FAS and identify 
the better one. 
Methods. To reach the objective, the emotional speech data of two patients at different 
phases of the treatment are considered. After preprocessing, experiments are 
performed on various window sizes and the observed correctly classified instances in 
automatic recognition are used to calculate Emotional temperature. Further, we use the 
better biomarker for tracking the recovery in the patient’s speech. 
Results. The Emotional temperature of the patient is calculated and compared with the 
ground truth and with that of the other biomarker. The Emotional temperature is 
calculated to track the emergence of compensatory skills in speech. 
Conclusions. A biomarker based on the frame-view of speech signal has been 
implemented. The implementation has used the state of art feature set and thus is an 
unproved version of the classical Emotional Temperature. The biomarker has been 
used to automatically assess the recovery of two patients diagnosed with FAS. The 
biomarker has been compared against the global view biomarker and has advantages 
over it. It also has been compared to human evaluations and captures the same 
dynamics. 

Keywords: Emotion Recognition, Pattern 
Recognition, Predictive Health Analytics, Cost-
effective biomarker 



ACKNOWLEDGEMENTS 
Firstly, I would like to thank my supervisor Dr. Julia Sidorova for her valuable 
guidance and incredible support despite her sickness. Without her, I could not have 
completed the thesis. 

Secondly, I would like to thank Dr. Ignacio Moreno-Torres and CIMES Research 
hospital for providing the audio samples of the actors and patients which are used in 
the thesis for training and testing the model.  I would like to specially thank Arnau 
Sanromà Mesa, Johan Fagerström, Hannah Regestedt for helping me with auditory 
work. 

I would also thank Dr. Lars Lundberg for his suggestions and guidance during the 
thesis. And I would thank Dr. Martin Boldt, our examiner for providing continuous 
updates and guidance in conducting our research. 

Finally, I would like to thank my parents and my brother and my Swedish dad Mats 
and my friends for their immense love and standing by me and supporting me in 
completing my thesis. 



 

  i
i
i 

CONTENTS 
ABSTRACT ...........................................................................................................................................I 

ACKNOWLEDGEMENTS ................................................................................................................ II 

LIST OF ABBREVIATIONS .............................................................................................................. 5 

LIST OF FIGURES .............................................................................................................................. 6 

LIST OF TABLES ................................................................................................................................ 7 

1 INTRODUCTION ....................................................................................................................... 8 

1.1 BACKGROUND........................................................................................................................ 9 
1.1.1 Medical condition in focus: .............................................................................................. 9 
1.1.2 Machine Learning ............................................................................................................. 9 
1.1.3 Supervised machine learning ............................................................................................ 9 

1.2 PERFORMANCE METRICS ..................................................................................................... 10 
1.3 THESIS STRUCTURE ............................................................................................................. 11 

2 RELATED WORK .................................................................................................................... 12 

2.1 SPEECH EMOTION RECOGNITION: ........................................................................................ 12 
2.2 GLOBAL VIEW OF SPEECH SIGNAL ........................................................................................ 13 
2.3 LOCAL FRAME VIEW ............................................................................................................. 13 
2.4 IDENTIFICATION OF THE GAP ................................................................................................ 14 

3 AIM AND OBJECTIVES ......................................................................................................... 15 

3.1 AIM ...................................................................................................................................... 15 
3.2 OBJECTIVES ......................................................................................................................... 15 
3.3 RESEARCH QUESTIONS ......................................................................................................... 15 
3.4 CONTRIBUTION .................................................................................................................... 16 
3.5 LIMITATIONS........................................................................................................................ 16 

4 APPROACH ............................................................................................................................... 17 

4.1 TOOLS USED ......................................................................................................................... 17 
4.1.1 openSMILE ..................................................................................................................... 17 
4.1.2 WEKA ............................................................................................................................. 17 

4.2 DATASETS USED ................................................................................................................... 18 
4.2.1 FAS data ......................................................................................................................... 18 
4.2.2 INTERFACE data ........................................................................................................... 18 
4.2.3 Control data .................................................................................................................... 18 

4.3 PREPROCESSING ................................................................................................................... 19 
4.4 DEFINITION OF TRAINING SET .............................................................................................. 19 
4.5 MODEL CREATION- CLASSIFIER SELECTION AND TRAINING ................................................. 19 
4.6 EVALUATION WITH TEST SETS .............................................................................................. 20 
4.7 CALCULATION OF EMOTIONAL TEMPERATURE .................................................................... 20 

5 METHODOLOGY .................................................................................................................... 21 

5.1 OPERATION .......................................................................................................................... 21 
5.1.1 OpenSMILE .................................................................................................................... 22 
5.1.2 WEKA ............................................................................................................................. 22 

5.2 INDEPENDENT AND DEPENDENT VARIABLES ........................................................................ 23 
5.3 THREATS TO VALIDITY ......................................................................................................... 23 

5.3.1 Internal validity .............................................................................................................. 23 
5.3.2 External validity .............................................................................................................. 23 
5.3.3 Construct validity ............................................................................................................ 24 

6 RESULTS ................................................................................................................................... 25 



 

  i
v 

6.1 EXPERIMENT ........................................................................................................................ 25 
6.2 COMPARISON WITH OTHER BIOMARKERS ............................................................................. 29 
6.3 PROPOSED FRAMEWORK ...................................................................................................... 33 

7 ANALYSIS AND DISCUSSION .............................................................................................. 34 

7.1 EMOTIONAL TEMPERATURE ................................................................................................. 34 
7.2 ANSWERING RQ1 ................................................................................................................. 35 
7.3 ANSWERING RQ2 ................................................................................................................. 37 

8 CONCLUSION AND FUTURE WORK ................................................................................. 44 

8.1 CONCLUSION ....................................................................................................................... 44 
8.2 FUTURE WORK ..................................................................................................................... 44 

REFERENCES ................................................................................................................................... 46 

9 APPENDIX ................................................................................................................................. 49 

9.1 PREPROCESS.SH ................................................................................................................... 49 
9.2 CUT-FILES.SH ....................................................................................................................... 49 
9.3 POSTPROCESS.SH ................................................................................................................. 51 

 
 



 

 5 

LIST OF ABBREVIATIONS 
 

ARFF Attribute Relation File Format 
CSV Comma Separated Values 
WEKA  Waikato Environment for Knowledge 

Analysis 
ML Machine Learning 
SVM Support Vector Machines 
KNN K Nearest Neighbor 
DT Decision Tree 
ET Emotional Temperature 
MLP Multi-Layer Perceptron 
TP True Positives 
TN True Negatives 
FP False Positives 
FN False Negatives 
FAS Foreign Accent Syndrome 
AD Alzheimer’s Disease  
SER Speech Emotion Recognition 
FE Feature Extraction 
FS Feature Selection 
DSS Decision Support System 



 

 6 

LIST OF FIGURES 
Figure 1: The supervised Machine Learning cycle. ................................................... 19 
Figure 2: Auditory assessment accuracy for the Female patient phase-wise. ............ 29 
Figure 3: Auditory assessment accuracy for the Male patient phase-wise. ............... 30 
Figure 4: Global distances for Female patient for the real emotions. ........................ 30 

Figure 5: Global distances for Male patient for the real emotions. ............................ 31 
Figure 6: Emotional temperatures of Male patient for the real emotions. ................. 32 
Figure 7: Emotional temperature of Female patients for the real emotions. .............. 32 
Figure 8: Framework proposed for the automated assessment of FAS in practice. ... 33 
Figure 9: Emotional temperatures of Female INTERFACE on various sizes of speech 

segments. ............................................................................................................. 34 
Figure 10: Emotional temperatures of Male INTERFACE on various sizes of speech 

segments. ............................................................................................................. 35 

Figure 11: Fuzzy tier comparison for Male data using ET phase-wise. ..................... 36 
Figure 12: Fuzzy tier comparison on Female data using ET phase-wise. .................. 36 
Figure 13: Kappa's statistic value for the Global distances and the auditory assessment.

 ............................................................................................................................ 40 

Figure 14: Kappa's statistic value for the Emotional temperature and the auditory 
assessment. .......................................................................................................... 42 

 

file:///C:/Users/Trishi/Desktop/fxFinal%20Master%20Thesis%202.docx%23_Toc487750384


 

 7 

LIST OF TABLES 
Table 1: Performance of classifiers for the uncut Female INTERFACE. .................. 26 
Table 2: Performance of classifiers for the uncut Male INTERFACE. ..................... 26 
Table 3: Female classifiers & their emotional temperature for various window sizes.

 ............................................................................................................................ 27 

Table 4: Male classifiers & their emotional temperatures for various window sizes. 27 
Table 5: Emotional temperature for female 2 INTERFACE for various seeds. ........ 28 
Table 6: Emotional temperature for male 2 INTERFACE for various seeds. ........... 28 
Table 7: The Emotional temperature of Female patient (angry, happy, normal, sad) 

during various phases of the therapy. ................................................................. 28 

Table 8: The Emotional temperature of the Male patient (angry, happy, normal, sad) 
during various phases of the therapy. ................................................................. 29 

Table 9: Global distances(automated) and auditory analysis of real emotions. ......... 39 

Table 10: Emotional temperature(automated) and auditory analysis of real emotions.
 ............................................................................................................................ 41 

 
 



 

 8 

1 INTRODUCTION 
The number of neurological disorders that can be successfully treated has increased, 
and there is a significant impact on the quality of living [28]. Neurological disorders 
need to be timely diagnosed and monitored and treated, when possible. Many research 
efforts have been undertaken to identify the best among all the existing approaches to 
detect, diagnose and monitor these disorders. Early detection and treatment of the 
neurological disorders are in high demand in the light of the progressive population 
aging. The techniques for the detection and clinical invasive diagnostics of these 
disorders are either of high cost or complicated for being used for the health care. 
Clinical diagnostics is based on several detection tests. To improve its results, it is 
necessary to perform a lot of tests. But by doing so, the cost for diagnosis increases 
with the increase in the number of tests.  Therefore, there is a need for non-invasive 
intelligent cost-effective techniques for the early diagnosis, and research in this is 
timely. Non-clinical persons who are in the familiar environment of the patient can use 
these techniques without changing the patient’s abilities with the spontaneous speech 
which is a promising approach without inducing additional stress on the patient [1], 
[29]. The cost of using the non-invasive tests is less and does not require additional 
infrastructure, and generates the information immediately in an effortless manner [29].  
There are many types of neurological disorders, and in our study, we primarily focus 
on the speech disorders which has an impact on the voice and speech of the person [6], 
and cause the patient loose speech competences [28]. In general Aphasia, Alzheimer 
Disease, depression and many other disorders and diseases are neurological. Different 
areas in the brain control one’s speech and selective damage in the speech production 
network affects the speech [31].   
FAS is a rare speech disorder [1]. In our pilot study, we try to automate the assessment 
of two FAS patient’s data using Emotional temperature [6]. The transformation of the 
speech signal into segments (basic units)- Automatic segmentation is required in 
speech recognition system [14]. The speech sample must be continuously segmented 
to recognize the emotions in the speech recognition system, later the emotion in each 
segment is identified [16]. 
The research questions formulated for this study are:  
RQ1: “How well is emotional temperature a suitable biomarker for modeling speech 
signals generated during the treatment to FAS?”, 
RQ2: “Does the tendency detected by the two biomarkers: Emotional Temperature and 
global distances vary when compared to each other and other biomarkers?”. 
 
The Research methods followed in this study are Experimental study and Literature 
analysis. For RQ1, an experiment has been conducted, and the emotional temperature 
has been calculated for 2 patients. For this research question, using the speech emotion 
recognition, we extract the emotions in a speech from the male and female audio 
samples which are further used to train the model and test it. The selection of the 
classification algorithm to train and test the data is based on the performance metrics. 
The classification algorithms MLP, SMO perform the best on INTERFACE data. 
Further, on various window sizes, the MLP and SMO are trained and the 2seconds 
SMO outputs are the highest Emotional temperature and then models are built for 2 
seconds female and male data. These models are used to calculate the emotional 
temperature on 2 seconds male and female FAS data. 
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For RQ2, we perform literature analysis and then compare the results of the proposed 
biomarker and the other non-intrusive cost-effective biomarkers against the ground 
truth using the Fuzzy logic. 
 In Results section, 6.1 the results for the experiment are reported. For RQ2, literature 
analysis has been conducted to compare the tendency obtained in our experiment with 
the result in Ref. [1] and identify the better one. In Results section, 6.2 the results for 
the literature analysis have been reported with the auditory assessments. 

1.1 Background 
Background, this part of the document gives basic information about the areas covered 
in this study [21]. The implementation of ML methods in healthcare can enable 
diagnosis of disorders, immediate identification of disorders, eliminate issues due to 
human error where supervised machine learning is followed. For the assessment, 
diagnosis, and treatment in various medical fields the machine learning methods, tools 
and techniques are employed. The integration of the computer-based systems in the 
healthcare environment can be enhanced with the successful implementation of the 
ML methods. It ultimately improvises the efficiency and quality of the health care 
system [34]. 

1.1.1 Medical condition in focus: 
The Foreign Accent Syndrome(FAS) is a rare speech disorder where the affected 
person speaks with a strange (perceived as foreign) accent which is a result of failures– 
of the brain to coordinate the complex process of speech production [1], [37]. It adds 
processing cost to talk to people suffering from FAS [31]. Despite the processing cost, 
healthy people around the affected people will not feel it tough talking to people 
affected by FAS. But, then the severity of FAS is the lowest in the spectrum of speech 
disorders [33]. The emotional prosody of the patient is profoundly affected than the 
linguistic prosody and has negative social consequences on the life of the patient. For 
the proper working of an individual in social, dyadic, group and cultural aspects it is 
important to be adequate in the verbal expression [35]. The research in the therapy 
success of FAS is of high interest as FAS affected can respond to treatments and can 
be cured [1]. 

1.1.2 Machine Learning 
Machine learning (ML) can be applied in various disciplines and tasks in developing 
an automated system that has an ability to learn the dynamic changes in the 
environment [32]. Many types of research have been conducted in speech emotion 
recognition to classify the emotions [9], [10]. ML is used for the following tasks: multi-
class classification, binary classification, regression, clustering and descriptive 
modelling [32]. In this thesis, multi-class classification is followed.  

1.1.3 Supervised machine learning 
The tasks such as binary classification, multi-class classification, regression is 
performed on labeled training data [32]. On this labeled training data, the new data is 
tested on the model created by the training data. This process of evaluating the new 
data based on known data is termed as Supervised Learning [18]. The significant tasks 
of data mining are approached using the Supervised machine learning techniques [18]. 
The supervised machine learning method primarily includes pre-processing, feature 
extraction, and selection, classification of the data [1], [2], [7], [9].  
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1.1.3.1 Pre-processing 
Pre-processing in machine learning involves delimiting the scope of the dataset and 
cleaning the data [18]. After pre-processing, the raw data is converted into refined data. 
For the audio data, pre-processing can be done to cut the files, arrange window-based 
processing, to remove the noise present, to remove the silences and other necessary 
operations. Cutting the files into segments is also known as segmentation. 
Segmentation can be of two types: Aided segmentation and Blind segmentation. In 
this thesis, we follow temporal segmentation which comes under the blind 
segmentation. 

1.1.3.2 Feature extraction 
Feature extraction is the process of extracting the features from the considered data. If 
an image is considered, the features relative to images are extracted in this step. In this 
thesis, audio files serve as input and the audio related features are extracted. The 
popular feature extraction tools for the speech data are PRAAT [6] and openSMILE 
[1].  

1.1.3.3 Classification 
Classification is a technique of supervised machine learning where the model trained 
has the list of class labels. If there are only two class labels in the dataset, then it is 
binary classification [32]. If there are more than two class labels then it is multi-class 
classification. In our thesis, multi-class classification is followed. Classification is 
performed with the help of an algorithm known as classifier or classification algorithm. 
The function of the classifier is to train the model and to re-evaluate it on the test data. 
We use WEKA for the classification. 

1.2 Performance Metrics 
The classifier outputs the performance of the dataset on the selection of the particular 
algorithm is shown in the Accuracy, Error rate, True Positive Rate(TPR) (Recall), 
False Positive Rate(FPR), Precision, F-measure. 
 
True Positives (TP): True positives of a classifier are the number of instances of class 
A that are predicted as A. 
 
True Negatives (TN): True negatives of a classifier are the number of instances of class 
A that are predicted as B. 
 
False Positives (FP): False positives of a classifier are the number of instances of class 
B that are predicted as A. 
 
False Negatives (FN): False Negatives of a classifier are the number of instances of 
class B that are predicted as B. 
 
Training Time: The Training time of a classifier is the time taken by the classifier to 
build a model [32]. 
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Accuracy: Accuracy of a classifier is the ratio of the correctly classified instances to 
the total number of instances in the classifier, i.e., the sum of true positives and false 
negatives (TP+TN) to the total number of instances(TP+TN+FP+FN) [32]. 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  

 
Error rate: Error rate of a classifier is the ratio of the incorrectly classified instances to 
the total number of instances in the classifier, i.e., the sum of false positives and false 
negatives(FP+FN) to the total number of instances(TP+TN+FP+FN) [32]. The sum of 
Accuracy and Error rate is unity.        
 

Error rate = 𝐹𝑃+𝐹𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

 
Error rate = 1- Accuracy 

True Positive Rate (TPR): True Positive Rate of a classifier, also known as Recall is 
the ratio of True Positives to the correctly classified instances (the sum of the True 
Positives and False Negatives).     
         
 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 =

𝑇𝑃

𝑇𝑃+𝐹𝑁
 

False Positive Rate (FPR): False Positive Rate of a classifier is the ratio of False 
Positives to the incorrectly classified instances (sum of the False Positives and True 
Negatives). 
 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 =

𝐹𝑃

𝐹𝑃+𝐹𝑁
  

Precision: Precision of a classifier is the ratio of True Positives to the sum of the True 
Positives and False Positives. 
    𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃

𝑇𝑃+𝐹𝑃
 

F-Measure: F-Measure of a classifier is the harmonic mean of the Precision and True 
Positive Rate of the classifier [32]                     
 𝐻𝑎𝑟𝑚𝑜𝑛𝑖𝑐 𝑚𝑒𝑎𝑛 = 2 ∗ (

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
) 

1.3 Thesis Structure 
The remaining part of this thesis report consists of the following: In Chapter 2, the 
Related Works to the FAS neurological disorder have been described and the existing 
researches related to the global and local view of the speech segment have been briefly 
described. In Chapter 3, the Aims and Objectives of this thesis and the research 
questions are presented. In Chapter 4, The approach followed is discussed along with 
the tools and the datasets used in this thesis.  In Chapter 5, The Methodology followed 
in the thesis have been explained in detail. In Chapter 6, the Results of the experiment 
have been documented along with the respective tables and graphs. In Chapter 7, the 
Analysis and discussion, the results of this thesis work have been analyzed and 
compared with the results of the other biomarkers. In Chapter 8, the Conclusions that 
are drawn from this research are mentioned along with the future work. In Chapter 9, 
the Appendix bash scripts are listed. 
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2 RELATED WORK 

This part of the document deals with the existing researches done in the context of the 
Speech emotion recognition and Machine learning. This part of the document is as 
follows: 

• Chapter 2.1 Elaborates research conducted in Speech Emotion Recognition 

• Chapter 2.2 Elaborates research carried out on Global view of the speech 
signal 

• Chapter 2.3 Elaborates research performed on Local frame view  

• Chapter 2.4 Identification of the gap 

2.1 Speech Emotion Recognition: 
According to Ref. [1], [2], [9] Speech emotion recognition is the process of finding 
out the emotion in the speech fragments of a person. When the speech fragment of the 
individual is given as the input, an estimate of the speaker’s emotional state is the 
output of SER [3]. The recognition of emotions from the speech of a person is quite 
natural for human beings, for machines it is a tough job [9]. A machine has to be trained 
properly with the speech of real persons or actors to be able to detect the emotions in 
the new speech fragment. A supervised machine learning approach is implemented for 
this purpose [3]. According to Ref. [1], [2], [3], [7], [9], [10], a typical SER system 
implemented consists of 3 stages: namely Feature Extraction (FE), Feature Selection 
(FS), and Classification. Firstly, the set of significant emotions needed for the 
classification should be considered priorly, In Ref. [9], [10], anger, joy, fear, surprise, 
sadness, disgust were the emotions considered which according to Palette theory form 
the basis for any other emotion. Every fragment of the speech of a person can be 
represented by a vast number of features, and the emotions differ by changing the 
parameters of the features [9]. So, features from the audio waves have to be extracted 
in order to recognize the emotion, i.e. feature extraction has to be performed. All the 
features present in the speech fragment cannot be used for the classification, as there 
may be irrelevant features which reduce the accuracy of the classifier and some 
algorithms cannot classify many features [1], [12]. So, relevant features need to be 
selected either by forward feature selection or backward feature selection[8], and the 
resulting dataset (. arff or .csv file) will classify efficiently. Assigning features for 
different categories of the class is learned by the classification function at the training 
phase, and further, its performance evaluation is done on the validation data [1]. If the 
performance of the classifier works on a good scale on the validation data, then it can 
be used on test data for estimating the speaker’s emotional state [1]. But, the 
assessment of patient’s dynamics in FAS cannot be done by using this approach. Here 
there is a need to state the tendency for improvement or no improvement. This is due 
to the possibility that even the improved patterns will not be recognizable [1]. In the 
field of health sciences, in general for neurological disorders like FAS, AD, mildly 
cognitive impairment, the differentiation of pathological and non-pathological subjects 
is done by using SER [1], [4], [5], [6]. 
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2.2 Global view of speech signal 
In Ref. [1], [2] global view of emotive speech has been classified based on the 
distances. In Ref. [1], the authors propose a non-intrusive cost-effective biomarker for 
the success of emotive speech related therapies to FAS which implements the global 
distances on a large number of speech features. Healthy people’s voice sample, i.e., 
the actor’s voice is used as the desired set of emotions if there is an improvement in 
the pathological subject’s after the therapy, their pattern space traces move towards 
the desired set of emotions [1]. Spanish INTERFACE database is trained with MLP 
classifier on a large set of 989 features and obtains a high accuracy 99%, emotions 
considered are happy, sad, neutral and angry [1]. In Ref. [2], the authors have extended 
the implementation of Tree Grammar Inference(TGI+) algorithm on global view of 
speech namely TGI+2 with a number of edit costs for being outside the interval. Here, 
German Berlin database is trained on a set of 116 features with TGI+2, MLP, C4.5 
algorithms, and respective accuracies are 78.58%, 73.9%, 52.9% and the proposed 
algorithm works performs better than the existing, here the emotions considered are 
joy, disgust, fear, sadness, surprise and neutral [2]. 
 

2.3 Local frame view 
In Ref. [6], [30], local view of the emotive speech has been used for the classification.  
Here local view refers to temporal segments or frames. In Ref. [6], the authors 
proposed a non-intrusive low-cost biomarker for the early diagnosis of Alzheimer’s 
Disease, based on Emotional Temperature along with spontaneous speech analysis. In 
this, Emotional response test including emotional temperature differentiates AD 
patients from healthy subjects with high accuracy [6], [4]. The emotive features in the 
speech are extracted by a software called “PRAAT”. For the calculation of ET, 
temporal segmentation of the speech is performed [6], where acoustic wave is cut into 
a discrete set of frames(windows), each frame has overlapping 50%. Here, the 
AZHIATORE database is trained on a set of features with MLP, SVM, DT, KNN, 
Naïve Bayes and respective accuracies are 93.02, 93.79, 91.47%, 87.59%, 87.59% [6].  
 
In Ref. [14], the author describes the feature extraction approaches for segmentation 
of Bangla speech. The standard methods for the segmentation have been described are 
Blind and Aided segmentation. Blind segmentation is the segmentation of the speech 
signal without prior knowledge of linguistics [14], [15] whereas the aided 
segmentation is the segmentation of speech signal with the knowledge of linguistics in 
speech. 
 
In Ref. [16], the authors present an emotion tracking system for Mandarin Emotive 
speech by segmenting the acoustic wave into independent segments. Before the feature 
extraction the speech fragments are windowed, i.e., overlapped 50%, and the hamming 
window is used [16]. Here in Ref. [16], the Mandarin database is trained with the 
weighted D-KNN classifier and the accuracy is 83%. 
 
In Ref. [12], [13], the authors have assumed that stationarity in speech waves can be 
achieved by discrete frames. So, the segmentation is performed on the speech waves 
into separate frames which overlap 50%. In Ref. [12] After segmentation, FE is done 
on INTERSPEECH 2010 data using openSMILE toolkit and the classifier recognition 
rates are very high.  
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In Ref. [11], the author explained the need for the overlapping the discrete frames. In 
order to avoid the missing of the data between the frames, overlapping of the 
frames(windows) is usually done by the hamming window [11], [16].  

2.4 Identification of the gap 
The proposed pilot study is used to investigate the assessment of therapy success for 
FAS. Although the clinical biomarkers are existant  for the assessment of the FAS, 
they are expensive and require extensive resources. The idea to use analysis of emotive 
speech is relatively new as it is a cost-effective and non-intrusive intelligent biomarker. 
There has been only one biomarker developed of this kind, which is based on the global 
distances in a large multi-dimensional space of acoustic features [1]. Using the 
Emotional temperature, the assessment of therapy success of AD is successful and 
quite promising. In our study, we implement emotional temperature and check its 
validity for FAS. We then compare the assessment with other biomarkers and find the 
better one. 
 
 
 
 
 
 
 
 
 



 

 15 

3 AIM AND OBJECTIVES 
This part of the document states the aim, objectives of the research. Further, the 
research questions are specified with the motivation for each research question. 
This part of the document is as follows: 
 

• Chapter 3.1 States the Aim of the research 
 

• Chapter 3.2 Formulates the Objectives 
 

• Chapter 3.3 Frames the Research questions 
 

• Chapter 3.4 Contribution to the research field 
 

• Chapter 3.5 Limitations 

3.1 Aim 
The purpose of this study is to examine the applications of Machine Learning 
algorithms for the assessment of the therapy success of FAS and the speech features 
gathered from patients suffering from FAS are used for this assessment based on the 
Emotional temperature. 

3.2 Objectives 
To achieve the Aim, the following objectives have been set: 

• To implement emotional temperature and check its validity for assessing the 
therapy success of Foreign Accent Syndrome 

• To compare the two biomarkers: emotional temperature and global distances 
and identify the better one 

3.3 Research questions 
The Research questions formulated to attain the objectives are as follows: 
RQ1. How well is the emotional temperature a suitable biomarker for modeling speech 
signals generated during the treatment to FAS? 
Motivation: This research question is in focus because there are various biomarkers 
for FAS, which are are mostly expensive and requires a number of resources. In the 
recent times, there has been an increase in need of the less pricey non-intrusive 
biomarker. The research by Lopez et al. [6] for the early diagnosis of AD based on 
Emotional temperature is quite satisfying. Hence, we assess the therapy success of 
FAS using Emotional temperature. 
 
RQ2. Does the tendency detected by the two biomarkers: Emotional temperature and 
global distances vary when compared to each other and other biomarkers?  
Motivation: The implementation of the biomarker based on Emotional temperature, 
the local view of the signal is used, i.e., the speech signal is cut into 50% overlapping 
windows whereas, for the biomarker based on global distances, the global features in 
speech signal, i.e., the whole speech signal is used for SER. SER based on a global 
view of the speech signal gives higher accuracy than the local view of the speech signal 
according to Ref. [10]. On the other hand, the biomarker based on emotional 
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temperature for the early diagnosis of AD is quite promising. Hence, we compare the 
assessments of both the biomarkers for FAS, and we identify the better one. 
 

3.4 Contribution 
Through this pilot study, we try to contribute a reliable biomarker for the assessment 
of therapy success of FAS based on Emotional temperature. The biomarker proposed 
is not expensive and not intrusive. The implementation of this biomarker is inspired 
by the biomarker-based Emotional Temperatures for AD[6].  

3.5 Limitations 
In this thesis, we focus only on the assessment of the therapy success of two FAS 
patients. This method is not advisable when the assessment is to be shown in the 
intermediate stages of the treatment because sometimes the improved patterns cannot 
be recognized until the end of the treatment [1]. We have considered 10 random 
sentences and the emotions- angry, happy, neutral and sad while there are many other 
emotions. If there are other sentences, if other primary emotions are considered, then 
the results may vary.  
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4 APPROACH 
 
This part of the document contains the approach in conducting the thesis and is as 
follows: 
 

• Chapter 4.1 Tools used  

• Chapter 4.2 Datasets used 

• Chapter 4.3 Pre-processing 

• Chapter 4.4 Definition of training set 

• Chapter 4.5 Model creation 

• Chapter 4.6 Evaluation with test sets 

• Chapter 4.7 Calculation of Emotional temperature 

4.1 Tools used 
Firstly, the bash scripts for cutting the speech is written in the Linux terminal as 
described in Section 5.1. The tools employed in the experiment are openSMILE, 
WEKA.  

4.1.1 openSMILE 
In this thesis, we use the state of art feature extractor openSMILE for extracting the 
emotional features in the speech. OpenSMILE is the abbreviation of Munich open 
Speech and Music Interpretation by Large Space Extraction, is a feature extraction 
software that helps the machine learning and signal processing researchers address the 
real-world problems [19]. This software works well for the audio-signal features, 
various low-level features [19] and is mostly platform independent, and it provides 
interoperability by providing the compatibility for reading and writing various 
machine learning applications [19]. The free usage by GNU general public license 
made openSMILE very popular and is used extensively for emotion recognition, 
speech recognition and music information retrieval [19]. Rest of the operation has been 
carried out in WEKA i.e., the feature selection and the classification. 

4.1.2 WEKA 
In this thesis, WEKA is used for training the classification algorithms, and testing 
them. WEKA is the abbreviation of Waikato Environment for Knowledge Analysis, is 
a toolkit that helps the users to get familiar with the state of art machine learning 
techniques and data mining and usage of WEKA can contribute in solving various real-
world problems by machine learning techniques [17] [23]. The free usage of source 
code, platform independency and flexibility in usage made WEKA, an attractive work 
bench [17] [24]. Using WEKA, for the new dataset users can quickly check various 
machine learning algorithms possible [17], i.e., algorithms for regression, 
classification, clustering, association rule mining and attribute selection [17] [24]. 
Preprocessing of the dataset using filters, feeding it to the machine learning algorithm, 
the output visualization, and analysis can be performed using WEKA GUI as well as 
by importing WEKA API in the source code [24]. It is an open source software written 
in java and is available for most of the operating systems such as Linux, Windows, 
IOS [24]. 
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4.2 Datasets used 
The datasets necessary for conducting the thesis are obtained after signing the 
agreement as they are not publicly available. There are three datasets used in this 
thesis, they are: 

4.2.1 FAS data 
The speech data of two patients-1 male patients and 1 female patient suffering from 
FAS are recorded at the research hospital(CIMES) in Spain, same patients as in Ref. 
[1]. This data contains the speech sentences of two patients at 5 different phases of 
therapy for 4 emotions, i.e. at the initial phase and at four stages of treatment. Between 
the initial stage, phase 0 and the last phase of the treatment, phase4 there are months 
gap in between. The therapy includes the intake of pharmaceutical named Donepezil 
along with sentence repetitions [1], [27]. At each phase, each patient imitates the 
emotions by reading 10 Spanish sentences for all the 4 emotions, in a quiet 
environment. So, there are total of 400 speech samples, the same data as in Ref. [1]. 
 
The previous researches for the FAS also had very few patient’s data, In Ref. [1], 2 
patient’s data- 1 male and 1 female patient’s data has been used for the research, while 
in Ref. [33] only 1 female patient’s data has been examined. The number of patients 
examined in researches is very less because FAS is a rare neurological disorder and it 
is hard to find more number of patients. 
 

4.2.2 INTERFACE data 
We considered the INTERFACE corpus which contains the speech segments of the 
male and female actor’s emotion in different languages. This database contains high-
quality audio data with noise cancellation which makes the recorded utterances very 
clear. The emotions recorded in the corpus include many emotions and different 
languages such as Slovenian, Spanish and French. 1 Male and 1 Female actor’s 
emotion have been recorded for these languages [42]. Out of the emotions recorded, 
in our thesis we considered only the emotions in Spanish that are related to the FAS 
data, i.e., angry, happy, normal and sad [1].  

4.2.3 Control data 
For the same emotions and the same 10 sentences in FAS dataset, the control subject’s 
speech is recorded. The control subjects are healthy people and non-actors and native 
Spanish people, their speech is used to plot the speaker variability zone: the results are 
not as perfect as actors, yet inside the standard zone, which gives the variability or 
reality zone [1]. 
Human classification for emotion recognition does not lead to the non-identical 
distribution of errors which otherwise computers end up, so validated our results 
basing on the human evaluations at phase0, phase1, phase2, phase3 and phase4[1]. 
Now, we have the required data for Supervised machine learning. We follow 
Kotsiantis’s procedure for the implementation of Supervised machine learning as 
shown in Figure 1 [18]: 
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Figure 1: The supervised Machine Learning cycle. 

4.3 Preprocessing  
In the INTERFACE database files, we segregate the Spanish dataset files that are 

relative to FAS by excluding the other files. After the filtration, the balanced segment 
set has 3846 speech files in total. 

All audio files are extracted in wav format, and then we split the audio files into 
consecutive segments of 2 seconds, 1 seconds and 0.5 seconds. Bash scripts are written 
to read the files in order and cut the files into 50% overlapping windows of 2 seconds, 
1second and 0.5 seconds and for sorting the files in same order as they are read. By 
using the sox command followed by input and output file names and on specifying the 
duration, the files are split. 

4.4  Definition of training set 
For the feature extraction, we use the state of art feature extractor openSMILE as 

it is a more powerful tool [1]. The openSMILE feature extraction kit contains a list of 
configuration files. We use the emobase configuration file as it contains a standard set 
of 988 features for emotion recognition [19]. We have improved the emobase 
configuration script by customizing a feature-emotion. We eliminate the unnecessary 
and redundant attributes from our datasets that affect the efficiency of the classifier 
[18] [20]. The cut audio files (.wav files) are fed as input, and the ARFF files (. arff 
files) are the output of openSMILE.  This ARFF file is fed to the classifier as the input.  

4.5 Model creation- Classifier selection and training 
After structuring the datasets and extraction of the features for the datasets, we 

need to build training models for the automated assessment of therapy success of FAS. 
We use WEKA to train the actor's data and to test them on the patient’s data. WEKA 
reads the ARFF file(s) which is the output of the openSMILE. Upon selecting the 
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proper ML algorithm, WEKA can be used to train the actor's data and then test on the 
patient’s data. Before the selection of the classification algorithm, we keep in mind 
these factors: the training set is vast, and the dimensionality of the problem is high, 
and we need to classify the data based on emotion, after loading the dataset, we make 
emotion attribute as a class. The classification algorithm that gives the highest 
accuracy in 10- fold cross validation can be used to build the model. 10-Fold cross 
validation is the standard learning procedure where the error rate and the accuracy are 
predicted [24]. Based on FP rate, precision, recall, f-measure and the details of the 
accuracy, the classifier that gives higher accuracy and better confusion matrix are 
chosen to build the model [24].  Upon tuning the classifier parameters, we can achieve 
the maximum accuracy possible for that classifier. We save the model which has the 
highest efficiency. 

4.6 Evaluation with test sets 
Now, for testing the patient’s data, we choose the Supplied test set. We then load the 
saved training model and feed the test set by loading the patient’s ARFF files, and the 
output consists of the percentage of correctly classified instances and the incorrectly 
classified instances. 

4.7  Calculation of Emotional temperature 
The calculation of the Emotional temperature is modified and performed as follows 
[6]: 
1. The best-suited classification algorithm is trained with the balanced segment set that 
is extracted from the INTERFACE corpus. The best suited classification algorithm is 
selected based on the output performance metrics and the best suited size of the 
window. 
2. For each speech segment in the data, each temporal frame of the same window size 
is classified as correctly classified instance or incorrectly classified instance 
3. The percentage of temporal frames classified as correct is the Emotional temperature 
of the speech segment. 
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5 METHODOLOGY 
 
This part of the document explains about the method followed in the research. This 
section of the report is as follows: 

Chapter 5.1 Operation 

Chapter 5.2 Independent and dependent variables 

Chapter 5.3 Threats to validity 

 
The methods used in this thesis are Experiment, and Literature analysis. We have 
studied various research methodologies that are existing such as [21]: Literature 
analysis, Interviews, Case studies, Survey, Implementation, and Experiment. For 
answering the RQ1 and RQ2, the interviews, case studies, surveys are ruled out of the 
possible research methods in this thesis as they only deal with the subject’s 
perspective. In our RQ1, to check the suitability of Emotional temperature as a 
biomarker for FAS, Experiment is the apt research method. In our RQ2, for the 
identification of the better non-intrusive cost-effective biomarker for FAS, we perform 
the Literature analysis and compare the tendency of the proposed research and the 
research by Simon et al. against the ground truth. 
 
For RQ1, we have conducted experiments to check how well the Emotional 
temperature can be a suitable biomarker for FAS. The MLP and SMO (it is a Support 
Vector Machine) classifiers are considered on Emotive speech signals. MLP and SVM 
attain higher accuracies on emotive speech signals of AD [6]. We have performed the 
classification in 10-Fold cross-validation on different classifiers to get the maximum 
efficiency. Later, we tested the patient’s data, so we choose the Supplied test set.   
 
For RQ2, we have conducted the literature analysis to find the non-intrusive cost-
effective biomarkers for FAS. Further we compared the tendency of the results of our 
biomarker for FAS and the biomarker by Simon et.al. against the ground truth and we 
have identified the better one. 
 

5.1 Operation 
For answering RQ1, an experiment is conducted. Firstly, we have written three bash 
scripts for arranging and cutting the files. One script is the pre-processing script that 
arranges the audio files and numbering it. Second script cuts the original speech into 
0.5, 1, 2 seconds with the overlapping window of 50%. Third script is the post-
processing script it arranges the cut files in their respective directory. We run the three 
scripts in the same order and the scripts are in Appendix section. The speech files are 
cut from 0.5 seconds as we have observed any significant difference in values of the 
files lesser than 0.5 seconds and we have the segmentation up to 2 seconds only as 
some of the original files are 2 seconds. After the segmentation of the speech into 
overlapping windows of 0.5, 1, 2 seconds, we have only considered the low-level 
features in the emotive speech for the feature selection. As we try to re-implement the 
ET approach for AD, we observed that the number of features obtained from the 
emotive speech by openSMILE is higher than PRAAT software, which was used for 
feature extraction in Ref. [6]. So, we have considered a powerful feature extraction 
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software openSMILE where the larger dimension of features can be obtained. For this 
purpose, we chose emobase configuration file and have improved the implementation 
of Emotion feature. 

5.1.1 OpenSMILE 
For the tasks of emotion recognition, openSMILE provide default feature set 
“emobase” in the config folder. Emobase feature set is known for its used in the 
openEAR project[19]. Emobase feature has the following low-level descriptors: 
“Intensity, Loudness, 12 MFCC, Pitch (F0), Probability of voicing, F0 envelope, 8 
LSF (Line Spectral Frequencies), Zero-Crossing Rate. Delta regression coefficients 
are computed from these LLDs, and the following functionals are applied to the LLD 
and the delta coefficients: Max./Min. value and respective relative position within 
input, range, arithmetic mean, 2 linear regression coefficients and linear and quadratic 
error, standard deviation, skewness, kurtosis, quartile 1-3, and 3 inter-quartile ranges” 
[19]. The emobase feature set has a class label “emotion” has a class which is 
unknown, and in this thesis, we have modified the classes under emotion by 
customizing them as angry, happy, neutral and sad. In openSMILE, we select the 
configuration file and the working directory. The working directory is where the 
openSMILE application is present. For the Feature extraction, we give the input 
directory which contains the audio files and the labels.csv file as the input. Then 
openSMILE outputs the ARFF or CSV file. 

5.1.2  WEKA  
In our experiment, we have used the WEKA explorer application and firstly, in 
preprocess tab we have loaded the uncut INTERFACE dataset and then in classify tab, 
we have trained different classifiers in 10-fold cross-validation mode, and the output 
of the classifier is produced in the same tab. The classification algorithms MLP with 
100 neurons per layer and 1000 training steps, SMO with polynomial kernel have been 
found with highest accuracies. Further in our experiment, we use the available 
classification algorithms for training the cut datasets. Tuning the classifier parameters 
is a part of training, the MLP is tuned by changing the number of neurons and number 
of training steps, and SMO is tuned on varying the kernel. Then we have noticed that 
the SMO with polynomial kernel showed the better accuracy than MLP. And we have 
also noticed that as the size of the speech segments increase, the accuracy for SMO 
has also increased and the best accuracy was found for 2 seconds arff file and on 
training with SMO. So, we have built the models for male and female with SMO. 
 
After building the models, the testing in WEKA has been done in supplied test set 
mode. The FAS male or female 2 seconds cut dataset at phase0 is set for testing, and 
then the model previously built is re-evaluated on the supplied test set. The male FAS 
dataset is tested over the male model and the female FAS dataset is tested over the 
female model. The output of re-evaluation is noted for both the male and the female 
patients at phase0, phase1, phase2, phase3 and phase4. Further, same models are used 
to test the control data. Both the female and male 2 seconds control cut datasets have 
been used to verify the variability range.  
 
For answering RQ2, we conduct Literature Analysis to identify the better non-intrusive 
cost effective biomarker for FAS. In the literature study, we have identified only one 
other biomarker for FAS by Simon et.al based on the Global distances. We compared 
the tendencies of both these biomarkers against the ground truth. The ground truth in 
our situation are the auditory assessments, the assessment by the naïve spanish 
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speakers. We have not compared the assessment against the intrusive biomarkers such 
as MRI, PET, because the intrusive biomarkers reveal the overall recovery in the brain 
and not necessarily in the speech of the person. The biomarker using global distances 
has also conducted the experiment on the same data set and shows that the emotional 
speech of the FAS patients has results showing that the patient has significantly 
improved after the therapy. The practitioners claim that the therapy is successful and 
the FAS patient has improved[1]. In the results, we check if our experiment shows 
improvement after the treatment and compare it with ground truth using the fuzzy 
logic. Fuzzy logic is used for the comparison of qualitative and quantitive analysis, 
and goes in between[0, 1] [38]. We further compare the results of the biomarker based 
on the global distances, emotion-wise using the fuzzy logic against the ground truth 
and the results of the proposed biomarker based on the emotional temperature 
emotionwise using the fuzzy logic against the ground truth and check if both of them 
show the same tendency. 

5.2 Independent and Dependent variables 
Independent variables are the variables which have no change when the other variables 
in the experiment are altered. The values of independent variables are varied during 
the experiment [22]. The experimental conditions for the independent variables are 
termed as the levels of the independent variables [41]. Whereas dependent variables 
are the variables that are dependent on the other dependent or independent variables 
in the experiment [22]. In our experiment, the size of the window and classification 
algorithm are the independent variables. The size of the window has 3 levels: 2 
seconds, 1 second and 0.5 seconds. The classification algorithm has 2 levels initially: 
SMO and MLP and at the end it has only 1 level: SMO.  The dependent variables in 
our research are the measures of accuracies, precision, recall, f-measure, false positive 
rate and Emotional temperature.  

5.3 Threats to validity 
To check whether the experiment is conducted the way it should be, we validate our 
experiment [22] and the threats to validity in the research are as follows:  

5.3.1 Internal validity 
Internal validity is to check that our research is performed with no errors [22] [25] 
[26]. We conduct an experiment for RQ1, and we verify the results of our research by 
performing the classification several times. For the calculation of Emotional 
temperature, we cross-check the results manually by taking, the number of correctly 
classified segments and number of incorrectly classified segments. The 10 sentences 
spoken by the FAS patients and the control data are 10 short random sentences in 
Spanish, and in previous study, authors of Ref. [1] have also used the same sentences. 
If other sentences have been selected for the study the results may vary because, the 
10 sentences considered in our experiment are taken randomly. The selection and the 
recording of these sentences by FAS patients have been performed by staff of CIMES 
hospital. 

5.3.2  External validity 
External validity is to check that our research is generalized [22], [25], [26]. As this is 
a pilot study, we have only 2 FAS patient’s data available and the results may vary if 
there are more number of patients. In future, researches can be conducted on more 
number of FAS patients for more generalizable results. To check for the generalization, 
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we conduct the experiment on different sized temporal segments i.e. 0.5, 1, 2 seconds. 
We have noticed the variation in accuracy for different sized models. To generalize 
the proposed study for other speech disorders, we need to have sufficient datasets for 
training and testing. Hence, the reported accuracies and the emotional temperature are 
for testing this FAS dataset on 2 patients only, as FAS is a very rare disorder, it is hard 
to find more number of patients and the availability of patients is also taken into 
consideration. The number of sentences spoken by FAS patients is limited to 10 
because the auditory assessments are not feasible if more than 10 sentences are 
considered. Count: 480 by 10 listeners = 4,800 phrases for auditory evaluations is high 
number. 

5.3.3 Construct validity 
Construct validity is to check that our experimental results match the theory behind it 
[22], [26]. During the research, meetings with supervisor are frequently conducted in 
order not to get deviated from the theory. 
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6 RESULTS 
In this part of the document, the intermediate results and final results of the experiment 
are briefly discussed along with the comparison of the proposed biomarker and other 
existing biomarkers. This part of the document is as follows: 

• Chapter 6.1 Experiment 

• Chapter 6.2 Comparison with other biomarkers 

• Chapter 6.3 Proposed Framework 

6.1 Experiment 
In this thesis, the biomarker has been found to be satisfactory for the assessment of the 
therapy success of FAS. The assessment is being made based on the emotional 
temperature. This biomarker for FAS is developed similar to the biomarker that has 
been developed for assessment of treatment success to AD [6]. In our experiment, we 
have used a powerful feature extraction tool openSMILE for extracting the 989 
emotional features in the speech whereas the authors of [6] have used the PRAAT 
software for extracting three families of features namely: Acoustic, voice quality and 
duration features. The emobase configuration file in openSMILE has been used to 
make it compatible for the successful feature extraction of INTERFACE, FAS and 
control data.  
The Spanish INTERFACE data consist of the 1 Male and 1 Female actor’s data [42]. 
These Male and Female actor’s data were used as the training datasets and models 
were built.  
In our thesis, the male and female datasets were used separately for training the actors 
data and testing on the FAS patients data and the control data according to Ref. [39] 
and Ref. [40], Speech Emotion Recognition on the gender dependent experiments 
yield better results than gender independent experiments.  
We have trained the uncut INTERFACE dataset, by different classification algorithms 
available in WEKA Explorer. The top classification algorithm was selected from the 
possible algorithms to run our experiment [6]. Depending upon the performance 
metrics: accuracy, FP Rate, Precision, Recall and F-measure of the classification 
algorithms, the best classification algorithm was chosen by performing the 10-Fold 
cross-validation, the description about these performance metrics has been described 
in Section 1.2.  The resultant accuracy, FP rate, Precision, Recall and F-measure after 
training the uncut Female and Male INTERFACE dataset with different classification 
algorithms are shown in the Table 1, Table 2. 
 

Classifier Accuracy 
(%) 

FP 
Rate 

Precision Recall F-
Measure 

BayesNet 86.23 0.044 0.876 0.862 0.865 
NaiveBayes 75.68 0.089 0.757 0.757 0.749 

IBk 86.39 0.053 0.863 0.864 0.863 
SMO 98.13 0.008 0.981 0.981 0.981 

MultilayerPerceptron 98.34 0.007 0.983 0.983 0.983 
DecisionTable 82.66 0.064 0.083 0.827 0.828 

JRip 90.32 0.032 0.905 0.903 0.904 
OneR 63.52 0.151 0.626 0.635 0.630 
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PART 89.49 0.038 0.896 0.895 0.895 
DecisionStump 54.83 0.203 0.362 0.548 0.429 
HoeffdingTree 77.65 0.081 0.778 0.777 0.772 

J48 88.77 0.040 0.888 0.888 0.888 
RandomForest 95.29 0.022 0.953 0.953 0.953 
RandomTree 77.91 0.079 0.783 0.779 0.781 

REPTree 88.67 0.044 0.888 0.887 0.887 
Table 1: Performance of classifiers for the uncut Female INTERFACE. 
From Table 1, it is observed that SMO and MLP resulted in best performance. The 
best performance can be found for SMO and MLP on measuring highest accuracy of 
98.13% and 98.34%, least FP rate 0.008,0.007 and highest precision 0.981,0.983 
highest recall 0.981,0.983and highest f-measure values 0.981, 0.983. So, MLP was 
used in our further experiment for the Female data apart from the SMO. 
 

Classifier Accuracy 
(%) 

FP 
Rate 

Precision Recall F-
Measure 

BayesNet 83.06 0.055 0.841 0.831 0.832 
NaiveBayes 78.77 0.080 0.790 0.788 0.788 

IBk 94.66 0.022 0.946 0.947 0.946 
SMO 99.00 0.003 0.990 0.990 0.990 

MultilayerPerceptron 98.95 0.005 0.990 0.990 0.990 
DecisionTable 76.21 0.089 0.774 0.762 0.765 

JRip 87.40 0.047 0.875 0.874 0.874 
OneR 52.90 0.199 0.521 0.529 0.524 
PART 88.18 0.047 0.882 0.882 0.882 

DecisionStump 43.33 0.422 0.276 0.433 0.286 
HoeffdingTree 79.19 0.075 0.799 0.792 0.793 

J48 83.74 0.068 0.838 0.837 0.837 
RandomForest 96.86 0.016 0.969 0.969 0.968 
RandomTree 75.69 0.099 0.757 0.757 0.757 

REPTree 84.68 0.063 0.847 0.847 0.847 
Table 2: Performance of classifiers for the uncut Male INTERFACE. 
From Table 2, it is observed that SMO and MLP resulted in best performance. The 
best performance can be found for SMO and MLP on measuring highest accuracy 
99.00%, 98.95%, least FP rate 0.003,0.005 and highest precision 0.990,0.990, highest 
recall 0.990,0.990 and highest f-measure 0.990,0.990. So, MLP was used in our further 
experiment for the Male data apart from the SMO. 
From the Table 1, and Table 2 it is noted that SMO and MLP resulted in best 
performance. So, MLP, SMO was used in our further experiment. 
 
As the same dataset was used throughout the experiment, initially we use these 
classification algorithms i.e., SMO and MLP for the cut voice samples. Now we use 
the SMO and MLP classifiers on the 0.5, 1, 2 seconds data to obtain the maximum 
accuracy. Then, train the model using the classifier with the highest accuracy. These 
durations were selected because the minimum duration for the uncut audio sample was 
starting from 2 seconds and below 0.5 seconds there is no difference in accuracy.  
We have noted the accuracies on these cut INTERFACE datasets on training with 
SMO and MLP classification algorithms and the percentage of correctly classified 
instances- Emotional temperatures are calculated. Table 3 and table 4 reports the 
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Emotional temperature for INTERFACE dataset on MLP, SMO on the uncut 
competences and MLP, SMO on the window frames of 0.5 seconds,1 seconds and 
2seconds. 
 

Classifier Emotional Temperature (%) 
0.5 MLP 34.27 
0.5 SMO 81.55 
1 MLP 52.97 
1 SMO 86.54 
2 MLP 70.11 
2 SMO 90.57 

Table 3: Female classifiers & their emotional temperature for various window sizes. 
 

Classifier Emotional Temperature (%) 
0.5 MLP 31.38 
0.5 SMO 78.59 
1 MLP 50.43 
1 SMO 84.87 
2 MLP 70.03 
2 SMO 89.33 

Table 4: Male classifiers & their emotional temperatures for various window sizes. 
 
We have observed that as the window sizes increases, the emotional temperature is 
also increasing. The maximum Emotional temperature for the cut dataset is attained at 
2 SMO with the Emotional temperature of 90.57%. So, we have built models for 2 
seconds SMO Classification algorithm and we use this model for further work. After 
building the model, we have tested it on the FAS patient’s data. The two FAS patient’s 
datasets have been temporally segmented similar to the actor’s data. The calculation 
of Emotional temperature is performed for each classifier as described in Section 4.7. 
 

Random seed Emotional Temperature (%) 
1 90.571 
2 90.364 
3 91.134 
4 91.059 
5 90.834 
6 90.383 
7 90.402 
8 90.589 
9 90.74 
10 90.965 
11 90.74 
12 90.43 
13 90.27 
14 91.05 
15 90.834 
16 90.195 
17 90.514 
18 90.402 
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19 90.646 
20 90.589 

Table 5: Emotional temperature for female 2 INTERFACE for various seeds. 
 

Random seed Emotional Temperature (%) 
1 89.331 
2 89.369 
3 89.242 
4 89.496 
5 89.096 
6 89.587 
7 89.205 
8 89.024 
9 89.26 
10 89.187 
11 89.478 
12 89.115 
13 89.331 
14 89.351 
15 89.442 
16 89.533 
17 89.569 
18 89.242 
19 89.26 
20 89.405 

Table 6: Emotional temperature for male 2 INTERFACE for various seeds. 
 
The Emotional temperature for various seeds of 2 seconds Male and Female data have 
been reported in Table 5, Table 6. The Mean and Standard deviation for the various 
seeds for Female 2SMO are 90.704 and 0.073. The Mean and Standard deviation for 
the Male 2SMO are 89.279 and 0.026. 

 
Phase of the treatment SMO Classifier 

Correctly Classified 
Instances 

Emotional Temperature 
(%) 

Phase 0 18 26.86 
Phase 1 22 34.37 
Phase 2 17 31.48 
Phase 3 21 32.81 
Phase 4 15 31.91 

Table 7: The Emotional temperature of Female patient (angry, happy, normal, sad) 
during various phases of the therapy. 

The female model - SMO trained on 2 seconds windows on the INTERFACE was 
tested on one female 2 second windows of FAS patient’s data. In Table 7, the Female 
FAS data includes the overall Emotional Temperature of all the 4 classes (angry, 
happy, normal, sad) for every phase between phase 0 to phase 4. 
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Phase of the treatment SMO Classifier 
Correctly Classified 

Instances 
Emotional Temperature 

(%) 
Phase 0 16 26.22 
Phase 1 15 24.59 
Phase 2 17 25.37 
Phase 3 19 30.15 
Phase 4 18 28.12 

Table 8: The Emotional temperature of the Male patient (angry, happy, normal, sad) 
during various phases of the therapy. 

The male model - SMO trained on 2 seconds windows on the INTERFACE was tested 
on one male 2 second windows of FAS patient’s data respectively. In Table 8, the Male 
FAS data includes the overall Emotional Temperature of all the 4 classes (angry, 
happy, normal, sad) for every phase between phase 0 to phase 4. 

6.2 Comparison with other biomarkers 
As a result of Literature analysis, we have studied the other non-intrusive cost-
effective biomarker for FAS, which is based on the global distances. We compare the 
result of the proposed study and the other biomarkers for FAS. From Table 8, Table 9 
we notice that there is a very little improvement in the accuracy. The existing Intrusive 
biomarkers like PET, MRI no doubt, detect the assessment of the therapy success very 
accurately. These clinical diagnostics prove that there is improvement in the patient’s 
condition. In the research by Simon et al. [1], Speech of the FAS patient’s is proved to 
be successful biomarker on calculating the global distances and shows that therapy is 
successful. 
However, the auditory evaluations prove that there is no significant improvement in 
the speech of the patient. The auditory evaluations are not same as the clinical 
diagnostics. This may be because there is an overall improvement in the patient’s 
health condition and this may not be observed in the patient’s speech. 
  

In Figure 2, Female data includes the overall auditory assessment accuracy for all 
emotions (angry, happy, normal, sad) for every phase between phase0 to phase 4. We 
observe that there is no significant increase in the auditory assessment accuracy from 
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phase 0 to phase 4. We also observe that the accuracy of the control data is in the 
same range as the patient’s data, which is practically not true. 
 

 
Figure 3: Auditory assessment accuracy for the Male patient phase-wise. 
In Figure 3, Male data includes the overall auditory assessment accuracy for all 
emotions (angry, happy, normal, sad) for every phase between phase0 to phase 4. We 
observe that there is no significant increase in the auditory assessment accuracy from 
phase 0 to phase 4. 
The results of the auditory assessments are reported in the Figure 2, Figure 3. To 
compare the qualitative assessment with the quantitative assessment we use the fuzzy 
logic in the Analysis section. 
 

 
Figure 4: Global distances for Female patient for the real emotions. 
 
In Figure 4, the Global distances of Female FAS for the emotions- angry, happy, 
normal and sad are shown. For these emotion, we check the Global distances at phase 
0 and compare with Global distances at phase 4 for the overall improvement, i.e.., at 
the start of the therapy and end of the therapy. If the Global distance decreases, we can 
say that the therapy is successful in improving the emotional speech of the patients. 
Otherwise, we can say that the therapy is not successful. For the emotion- angry we 
observe that the Global distance has decreased from phase 0 to phase4. For the 
emotion- happy we observe that the Global distance has decreased from phase 0 to 
phase4. For the emotion- normal we observe that the Global distance has decreased 
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from phase 0 to phase4. For the emotion- sad we observe that the Global distance has 
decreased from phase 0 to phase4.  
 

 
Figure 5: Global distances for Male patient for the real emotions. 
In Figure 5, the Global distances of Male FAS for the emotions- angry, happy, normal 
and sad are shown. For these emotion, we check the Global distances at phase 0 and 
compare with Global distances at phase 4 for the overall improvement, i.e.., at the start 
of the therapy and end of the therapy. If the Global distance decreases, we can say that 
the therapy is successful in improving the emotional speech of the patients. Otherwise, 
we can say that the therapy is not successful. For the emotion- angry we observe that 
the Global distance has increased from phase 0 to phase4. For the emotion- happy we 
observe that the Global distance has decreased from phase 0 to phase4. For the 
emotion- normal we observe that the Global distance has decreased from phase 0 to 
phase4. For the emotion- sad we observe that the Global distance has decreased from 
phase 0 to phase4.  
 
 
Figure 4, Figure 5 show the Global distances for the female and male patients for the 
biomarker in Ref. [1]. As the distance of the patient decreases from phase0 to phase4 
in most of the cases, the patient shows improvement and the results of Ref. [1] show 
that there is improvement in speech of the male and the female FAS patients. 
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Figure 6: Emotional temperatures of Male patient for the real emotions. 
 
In Figure 6, the emotional temperatures of Male FAS for the emotions- angry, happy, 
normal and sad are shown. For these emotion, we check the ET at phase 0 and compare 
with ET at phase 4 for the overall improvement, i.e.., at the start of the therapy and end 
of the therapy. If there is significant improvement of ET, we can say that the therapy 
is successful in improving the emotional speech of the patients. Otherwise, we can say 
that the therapy is not successful. For the emotion- angry we observe that the ET has 
decreased from phase 0 to phase4. For the emotion- happy we observe that the ET has 
decreased from phase 0 to phase4. For the emotion- normal we observe that the ET 
has decreased from phase 0 to phase4. For the emotion- sad we observe that the ET 
has increased from phase 0 to phase4.  
 

 
Figure 7: Emotional temperature of Female patients for the real emotions. 
 
In Figure 7, the emotional temperatures of Female FAS for the emotions- angry, happy, 
normal and sad are shown. For these emotion, we check the ET at phase 0 and compare 
with ET at phase 4 for the overall improvement, i.e.., at the start of the therapy and end 
of the therapy. For the emotion- angry we observe that the ET has increased from phase 
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0 to phase4. For the emotion- happy we observe that the ET has increased from phase 
0 to phase4. For the emotion- normal we observe that the ET has decreased from phase 
0 to phase4. For the emotion- sad we observe that the ET has not increased from phase 
0 to phase4. 
 
In Figure 6, Figure 7 as the emotional temperature does not increase from phase0 to 
phase4 in most of the cases, there is no improvement in the patient’s speech. The 
results of this experiment show that there is no significant improvement in the patient’s 
speech. 

6.3 Proposed framework 
The automated assessment with the proposed biomarker can be made in practice on 
developing a Decision Support System in future. So, the doctors or the practitioners 
can look upon the decision support system which tells if the treatment is successful 
and next therapy that can to be performed. A framework has been proposed for the 
automated assessment of FAS and shown in Figure 8.  

 
Figure 8: Framework proposed for the automated assessment of FAS in practice. 
 
This framework can be implemented in practice and used as follows: 
Step 1: A person is detected to be suffering from FAS by the hospital. 
  
Step 2: After each phase of the therapy, the speech of the patient is recorded from the 
beginning of the therapy until the all the phases of the therapy are finished. 
 
Step 3: The doctor or the practitioner uses the Decision Support system to check if the 
given therapy is successful or not. 
 
Step 4: The decision support system calculates if the patient’s data shows the positive 
dynamics towards the therapy or not. And if not, the next possible successful therapy 
is returned to the doctor. 
 
Step 5: Now, the practitioner decides if the patient need to be treated with other 
therapies that is suggested by the Decision Support System or not.  
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7 ANALYSIS AND DISCUSSION 
This part of the document presents the analysis of the results obtained and is as follows: 

• Chapter 7.1: Emotional Temperature 

• Chapter 7.2: Answering RQ1 

• Chapter 7.3: Answering RQ2 

7.1 Emotional Temperature 

 
Figure 9: Emotional temperatures of Female INTERFACE on various sizes of speech 
segments. 
In Figure 9, the Emotional temperatures of Female INTERFACE on various sizes of 
speech segments have been reported. We can observe that the 2SMO classifier reports 
the Emotional temperature. So, in our experiment we use the 2SMO classifier for 
training the Female actors data and testing the female patients and control data. 
 
In Figure 10, the Emotional temperatures of Male INTERFACE on various sizes of 
speech segments have been reported. We can observe that the 2SMO classifier reports 
the Emotional temperature. So, in our experiment we use the 2SMO classifier for 
training the male actors data and testing the male patients and control data. 
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Figure 10: Emotional temperatures of Male INTERFACE on various sizes of speech 
segments. 
 
 
In the Figure 9, Figure 10, The 2 seconds SMO classifier, which is type of Support 
Vector Machine works better in our study. In the results of Ref. [6], it is proved that 
SVM works better than other classifiers. So, we can confirm that SMO works better 
for the biomarker based on the Emotional temperature. For the biomarker based on 
global distances, the authors in Ref. [1] used the MLP classifier for training the 
INTERFACE data and for testing the male and female patients data. In our study using 
emotional temperature, we have captured the tendencies by overall assessment per 
phase(averaged over all the emotions) and the tendencies emotion-wise, while the 
authors of Ref.[1] captures the tendencies emotion-wise. As mentioned earlier, authors 
in Ref.[1] used global view of the speech segment to assess the improvement while in 
our study, we have used the local view of the speech segment to assess the therapy 
success. The speech segments are classified as incorrectly classified and correctly 
classified instances. As the percentage of correctly classified segments give the 
Emotional temperature, in this thesis we are using the accuracies of speech segments 
for the calculation of emotional temperature. The best idea is to use them together by 
a technique called Information fusion, where the fusion is done at the level of 
processing methods and joins the different views, global and window based local view. 
 

7.2 Answering RQ1 

The evaluation of the tendencies reflected by the proposed biomarker against the 
auditory evaluations by the native Spanish listeners is reported in Figure 2, Figure 3. 
It was expected that numeric numbers by Emotional temperature biomarker will not 
be the same as the Auditory assessments. After all, the pattern recognition based on 
Turing computability model (as is in the silicon computer) is notoriously distinct from 
the way pattern recognition happens in the human brain. Besides we need to 
distinguish between meaningful and insignificant numeric fluctuations. For telling 
between the two the fuzzy logic is known to be a suitable approach. We have cut into 
tiers, based on the auditory evaluations and emotional temperature: the 90% correct 
auditory impression correspond to the correctness of the voice emotion transmitted by 
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the actors. So "the very well transmitted emotions" termed as V are those with auditory 
perceptions from 1 to 0.8. The 0.5 is the point of maximum ambiguity: the emotion is 
neither successfully nor unsuccessfully transmitted on average. The interval [0.5- 0.8] 
is termed as R "quite well perceived emotions", not as perfect as the actors but still 
above the ambiguity point. Symmetrically to the top interval we cut the interval [0- 
0.2] is termed as O and these utterances are very unsuccessfully transmitted emotions. 
The [0.2- 0.5]is "rather poorly transmitted emotions" is termed as S, below the average 
but not a complete failure.   
 

 
Figure 11: Fuzzy tier comparison for Male data using ET phase-wise. 
 
As shown in Figure 11, the automated assessment based on Emotional temperature, all 
the phases in auditory and automated analysis lie in the same tier, S which means that 
the assessment made for male data is in line with the ground truth. 
In Figure 12, we can observe that in phase 1, phase3, phase 4, control, the results are 
in different tier. Overall, we can say that our biomarker is 60% accurate with the 
auditory assessments when compared phase-wise. 

 
Figure 12: Fuzzy tier comparison on Female data using ET phase-wise. 
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From the Figure 11, and figure 12 we observe that the control subjects are also in the 
same tier of the FAS patients, which is practically not true. As auditory experiments 
have confirmed that controls are not competent in faking emotions. The controls 
cannot be used to define a variability zone. But, obviously when they experience an 
emotion, they can transmit it correctly. The patients are trained to be able to express 
emotions. We assess this learnt ability. Hence, the implementation of biomarker using 
ET cannot be used to find the variability zone of the control subject’s speech. 
 
To know the significant improvement in accuracy of the patient from phase 0 to phase 
4, we check the statistical significance by calculating the confidence interval as in Ref 
[36]. If the error margin is 5% or more, then there is statistical significant improvement 
in the therapy. If the error margin is less than 5%, there is no statistical significant 
improvement in the therapy. The formula for calculating the error margin in 
confidence interval in Ref. [36] is as follows:   Z±√((p*(1-p))/N). 
  
Where p is the accuracy, n is the cardinality and Z is a constant, generally 1.96 for 
95% confidence level. For the Female data, the error margin is ± 1.27%, so 90.57±1.27 
[ 89.3%, 91.84%] is the confidence interval for Female data. For the Male data, the 
error margin is ± 1.21%, So 89.33±1.21 [ 89.12%, 90.54%] is the confidence interval 
for male data. For both Male and Female data, results show that there is no significant 
improvement in accuracy of the patient as the error margin is ± 1.27%, ± 1.21% which 
is less than 5%. 

7.3 Answering RQ2 

The hypothesis for the RQ2 is formulated as follows: 
Null Hypothesis: The tendency of both the biomarkers using Emotional temperature 
and Global distances is similar. 
Alternative Hypothesis: The tendency of biomarkers using Emotional temperature is 
better than that of Global distances. 
 
Experiments have been conducted on the automated assessment for therapy success of 
FAS using the fuzzy logic. Fuzzy logic is the best way to make analysis between the 
qualitative data and quantitative data [38]. It was expected that numeric numbers by 
the qualitative data will not be the same as the quantitative data. After all, the pattern 
recognition based on Turing computability model (as is in the silicon computer) is 
notoriously distinct from the way pattern recognition happens in the human brain. 
Besides we need to distinguish between meaningful and insignificant numeric 
fluctuations. For telling between the two the fuzzy logic is known to be a suitable 
approach. In our thesis, the qualitative data are the assessments made by the Emotional 
temperature biomarker and the Global distances and the quantitative data are the 
Auditory assessments. In this thesis, the fuzzy logic is used for reporting the results by 
both these biomarkers and auditory assessment based on the fuzzy tiers.  
 
Further the inter-rater agreement measure has been used to analyze the level of 
agreement between the Global distance biomarker and the Auditory assessment and to 
analyze the level of agreement between the Emotional temperature biomarker and the 
Auditory assessment. Here, the Global distance biomarker, Emotional temperature 
biomarker and the Auditory assessment are the raters for the therapy success of FAS. 
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Interrater agreement is used when two or more raters are evaluating the same thing 
[43]. For analyzing the magnitude of agreement between two raters, we perform the 
Cohen’s kappa test [43]. Cohen’s kappa test is an inter-rater agreement measure for 
measuring the level of agreement beyond chance [43], [44]. Kappa was chosen because 
the data considered are categorical data and not continuous and the number of raters 
compared each time is 2 [44]. Correlation coefficients- Pearson’s and intra-class 
coefficients are not used because they assume the data to be continuous. In Ref. [45], 
the agreement between medical expert assessments in social medicine has been 
analyzed by the Kappa. So, we use Cohen’s Kappa for analyzing the RQ2. 
Further, we have used the SPSS statistical tool for answering RQ2, as this tool helps 
in analyzing the data and reporting the results [46]. 
 
For the biomarker based on the Global distances we divide the fuzzy tiers between 
[0,1] interval, the 90% correct auditory impression correspond to the correctness of 
the voice emotion transmitted by the actors. So "the very well transmitted emotions" 
termed as V are those with distances from 1400 to 1120. The 0.5 is the point 
of maximum ambiguity: the emotion is neither successfully nor 
unsuccessfully transmitted on average. The interval [700-1120] is termed as R "quite 
well perceived emotions", not as perfect as the actors but still above the ambiguity 
point. Symmetrically to the top interval we cut the interval [0-280] is termed as O and 
these utterances are very unsuccessfully transmitted emotions. The [280-700]is "rather 
poorly transmitted emotions" is termed as S, below the average but not a complete 
failure.   
 

Emotion Phase 
Global 

distances 

Global 
distance 
Fuzzy tier 

Auditory 
fuzzy tier 

Discrepancy 

Femaleangry phase0 269.18 O O No 

Femalehappy phase0 714.79 R O Yes 

Femalenormal phase0 277.33 O V Yes 

Femalesad phase0 1154.92 V O Yes 

Femaleangry phase1 107.95 O S Yes 

Femalehappy phase1 347.96 S R Yes 

Femalenormal phase1 145.75 O R Yes 

Femalesad phase1 448.84 S O Yes 

Femaleangry phase2 221.76 O O No 

Femalehappy phase2 455.21 S R Yes 

Femalenormal phase2 264.05 O O No 

Femalesad phase2 897.74 R R No 

Femaleangry phase3 212.99 O O No 

Femalehappy phase3 500.68 S S No 

Femalenormal phase3 248.84 O R Yes 

Femalesad phase3 726.79 R S Yes 

Femaleangry phase4 99.65 O O No 

Femalehappy phase4 401.14 S R Yes 

Femalenormal phase4 145.7 O S Yes 

Femalesad phase4 416.89 S O Yes 

Maleangry phase0 301.53 S O Yes 
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Malehappy phase0 901.32 R S Yes 

Malenormal phase0 396.92 S R Yes 

Malesad phase0 1288.11 V O Yes 

Maleangry phase1 177.64 O O No 

Malehappy phase1 630.61 S O Yes 

Malenormal phase1 282.26 S O Yes 

Malesad phase1 666.15 S V Yes 

Maleangry phase2 180.08 O O No 

Malehappy phase2 580.18 S S No 

Malenormal phase2 249.72 O R Yes 

Malesad phase2 608.53 S O Yes 

Maleangry phase3 97.74 O O No 

Malehappy phase3 562.67 S O Yes 

Malenormal phase3 211.4 O V Yes 

Malesad phase3 671.42 S O Yes 

Maleangry phase4 330.84 S O Yes 

Malehappy phase4 555.41 S O Yes 

Malenormal phase4 249.46 O O No 

Malesad phase4 825.7 R V Yes 

Table 9: Global distances(automated) and auditory analysis of real emotions. 
From Table 9, it can be observed that the biomarker based on the global distances, 
most of the results are in different tiers than the auditory assessments and hence there 
is discrepancy among many values. 
 
To perform the Cohen’s Kappa test for analyzing the level of agreement between the 
Global distance fuzzy tier and the auditory fuzzy tier, we first assume the values of the 
fuzzy tiers to numerical values as Kappa’s coefficient can be calculated easily on the 
numeric values, i.e.., V= 4, R=3, S=2, O=1. We now compare the assessment by the 
Global distance rater, rater1 and the auditory assessment rater, rater2. 
We conduct the Cohen’s kappa test which calculate the Cohen’s Kappa statistic and 
corrects the chance of agreement among the raters [43].  
 
The Cohen’s kappa coefficient, k is calculated by SPSS tool as follows [43],  

𝑘 =
𝑝1 − 𝑝2

1 − 𝑝2
 

 
Where p1 is the observed agreement, p2 is the expected agreement. 
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Figure 13: Kappa's statistic value for the Global distances and the auditory assessment. 
Figure 13 contains three tables, first table titled Case Processing Summary displays for 
the total cases considered, they are 0, no missing values in the data.  
Second table titled Rater 1 * Rater2 Crosstabulation displays the Cohen’s kappa cross 
tabulation for the considered data. For total of 40 patients, 9 patients were identified 
by rater1 and rater 2 as 1(O), 2 patients were identified by rater 1 and rater2 as 2(S), 1 
patients were identified by rater 1 and rater2 as 3(R), 0 patients were identified by rater 
1 and rater2 as 4(V). Third table titled Symmetric Measures for the measure of 
agreement displays the Cohen’s Kappa value -0.20 and a Standard Error 0.086, which 
means that there is poor agreement between the rater1 and rater2. Hence, according to 
the Ref. [47] the biomarker implemented using Global distances poorly agrees 
(strongly disagrees) with the Auditory assessment, ground truth. 
 
The fuzzy tier for the Emotional temperature and the auditory assessments has been 
described in Section 7.2. 
 

 

Emotion 
 

Phase 
name 

Emotional 
Temperature 

(%) 

Emotional 
temperature 

Fuzzy tier 

Auditory 
fuzzy tier 

Discrepancy 
 

Femaleangry phase0 0 O O No 

Femalehappy phase0 6.25 O O No 
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Femalenormal phase0 100 V V No 

Femalesad phase0 0 O O No 

Femaleangry phase1 12.5 S S No 

Femalehappy phase1 62.5 R R No 

Femalenormal phase1 56.25 R R No 

Femalesad phase1 0 O O No 

Femaleangry phase2 0 O O No 

Femalehappy phase2 53.84 R R No 

Femalenormal phase2 7.69 O O No 

Femalesad phase2 71.42 R R No 

Femaleangry phase3 0 O O No 

Femalehappy phase3 25 S S No 

Femalenormal phase3 71.42 R R No 

Femalesad phase3 47.05 S S No 

Femaleangry phase4 10 O O No 

Femalehappy phase4 76.92 R R No 

Femalenormal phase4 38.46 S S No 

Femalesad phase4 0 O O No 

Maleangry phase0 5.88 O O No 

Malehappy phase0 42.85 S S No 

Malenormal phase0 62.5 R R No 

Malesad phase0 0 O O No 

Maleangry phase1 0 O O No 

Malehappy phase1 0 O O No 

Malenormal phase1 6.66 O O No 

Malesad phase1 93.33 V V No 

Maleangry phase2 0 O O No 

Malehappy phase2 33.33 S S No 

Malenormal phase2 66.66 R R No 

Malesad phase2 11.11 S O Yes 

Maleangry phase3 0 O O No 

Malehappy phase3 7.14 O O No 

Malenormal phase3 86.66 R V Yes 

Malesad phase3 6.25 O O No 

Maleangry phase4 0 O O No 

Malehappy phase4 0 O O No 

Malenormal phase4 0 O O No 

Malesad phase4 93.75 V V No 

Table 10: Emotional temperature(automated) and auditory analysis of real emotions. 
In Table 10, it can be observed that the biomarker based on Emotional temperature, 
most of the results are in the same tier as auditory assessments and hence there is no 
discrepancy. It is just twice out of 40 that the assessment by proposed biomarker does 
not coincide with the auditory assessment. 
 
To perform the Cohen’s Kappa test for analyzing the level of agreement between the 
Emotional Temperature fuzzy tier and the auditory fuzzy tier, we first assume the 
values fuzzy tiers to numerical values as Kappa’s coefficient can be calculated easily 
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on the numeric values, i.e.., V= 4, R=3, S=2, O=1. We now compare the assessment 
by the Emotional Temperature rater, rater3 and the auditory assessment rater, rater2. 
We conduct the Cohen’s kappa test which calculate the Cohen’s Kappa statistic and 
corrects the chance of agreement among the raters [43]. 

 
Figure 14: Kappa's statistic value for the Emotional temperature and the auditory 
assessment. 
 
Figure 14 contains three tables, first table titled Case Processing Summary displays for 
the total cases considered, they are 0, no missing values in the data.  
Second table titled Rater 3 * Rater2 Crosstabulation displays the Cohen’s kappa cross 
tabulation for the considered data. For total of 40 patients, 21 patients were identified 
by rater1 and rater 2 as 1(O), 6 patients were identified by rater 1 and rater2 as 2(S), 8 
patients were identified by rater 1 and rater2 as 3(R), 3 patients were identified by rater 
1 and rater2 as 4(V).  
Third table titled Symmetric Measures for the measure of agreement displays the 
Cohen’s Kappa value 0.921 and a Standard Error 0.054, which means that there is 
great agreement between the rater1 and rater2. And, the approximate significance 
value, is less than 0.001 which means that it is statistically significant. Hence, 
According to Ref. [47] the biomarker implemented using Emotional Temperature 
Almost perfectly agrees with the Auditory assessment, ground truth.  
 
As the results from the Figure 13 shows that the Global distance biomarker poorly 
agrees with the Auditory assessments and the results of Figure 14 shows that the 
Emotional Temperature biomarker almost perfectly agrees with the Auditory 
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assessments. The results of Figure 13 are quite opposite to the results of Figure 14, the 
tendency of our biomarker based on the Emotional temperature is better than the 
biomarker based on Global distances. So null hypothesis is rejected, and the alternative 
hypothesis is accepted. 
 
The Emotional temperature has been calculated for the two patients and the results of 
our experiment show that the patient had no significant improvement for the therapy. 
Our experimental results are in line with the ground truth, the auditory assessments 
which prove that the patient had no significant improvement in the speech. The 
automated assessment for the therapy success of FAS based on Emotional temperature, 
which is non-intrusive cost-effective biomarker is better than the other non-intrusive 
cost-effective biomarker in Ref. [1], which stated that the patients show significant 
improvement after the treatment.  
 
The biomarkers based on the Global distances and Emotional temperature have used 
the same male and female actor’s dataset “Spanish INTERFACE” and the same male 
and female FAS patient’s data and the same male and female control data using the 
same set of emobase features with same emotions considered- angry, happy, normal, 
sad. 
 
The biomarker based on Global distances has used the MLP classifier for the global 
view of the speech segment whereas the biomarker based on Emotional temperature 
uses the SMO classifier for local view of the speech segment by cutting the original 
speech segment into 50% hamming windows of 2 seconds. The biomarker based on 
the calculation of Global distances states that both the patients shows improvement 
after therapy whereas the biomarker based on the calculation of Emotional 
temperatures shows that both the patients shows no significant improvement after the 
therapy. The biomarker based on Global distances has stated the control subjects can 
be used to define the variability zone of the speakers. The biomarker based on 
Emotional temperature shows that the control subjects cannot be used to define the 
variability zone of the speakers, which also aligns with the auditory assessments. 
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8 CONCLUSION AND FUTURE WORK 
In this part of the document, the conclusions that are drawn from thesis work are 
discussed and followed by the future work as follows: 

• Chapter 8.1 Conclusion 

• Chapter 8.2 Future work 

8.1 Conclusion 
In this pilot study, a method for the automated assessment of the therapy success of 
Foreign Accent Syndrome has been implemented. This method is based on the 
calculation of the emotional temperature. In this thesis, the emotional speech features 
present in the temporal segmentation of the FAS patients have been used for the 
assessment. 

For answering RQ1, an experiment has been conducted for this purpose. The female 
and male speech segments are cut temporally in 50% hamming windows for 0.5, 1, 2 
seconds. The INTERFACE data are used for the training of female and male models, 
which are built using the 2 seconds SMO classifier and 2 seconds FAS data is used for 
the testing the model. And then the Emotional temperatures are calculated for both the 
FAS patients at phase0, phase1, phase2, phase3 and phase4. On calculation of the 
confidence interval, we have confirmed that there is no significant improvement for 
the therapy success of FAS. So, we conclude that ET is suitable biomarker for 
assessment of FAS as it aligns with the ground truth. 

For answering the RQ2, we have conducted literature analysis to get knowledge about 
the other non-intrusive cost-effective biomarkers for FAS. We have found one 
biomarker so we have compared our results with the result of biomarker used in Ref. 
[1]. Our biomarker is successful as the results of this biomarker in assessment of 
therapy success of FAS are in line with the auditory assessments and up to some extent 
with the training INTERFACE data. Fuzzy logic is used to compare the automated 
assessment (qualitative data) and the auditory assessment (quantitative data). Fuzzy 
logic has been used to analyze the performance of our biomarker and the biomarker 
proposed by authors of Ref. [1] against the ground truth. Based on Cohen’s kappa 
analysis the results for the comparison of the biomarkers for FAS, we have found that 
the tendency of our biomarker is better than that of the biomarker proposed by authors 
of Ref. [1].   

The impact of the size of the speech samples has also been analyzed in this study while 
training the actors data. While training the temporally cut speech segments, the 
performance of the classification algorithms on 2 seconds files was found better than 
the 1, 0.5 seconds files. Also through this thesis we demonstrate by using the controls 
for defining the variability zone is a myth. 

8.2 Future work 
In the future work, the pilot study could be extended by considering more number of 
FAS patients and more number of sentences. Different datasets of the actors can be 
used to train the models, i.e., actors with different languages and cultures. As stated 
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earlier, in our research we have taken only the Spanish INTERFACE datasets with the 
emotions happy, angry, neutral and sad. Further, a Decision Support System could be 
developed and the pipeline proposed can be implemented in practice. And, a mobile 
application can be developed which gives the results sooner after every stage of the 
treatment which makes the diagnosis better.  
Another possibility of the work is we can check this biomarker on the other 
neurological disorders such as Schizophrenia and Bipolar disorder.  
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9 APPENDIX 

9.1 Preprocess.sh 
#!/bin/bash 
#set -e   
# Usage:  ./preprocess.sh audio prep 
 
inputdir="$1" 
outputdir="$2" 
 
files=$(find "$inputdir" -type f -name \*.wav) 
count=$(echo "$files" | wc -l) 
digits=$(echo "$count" | wc -m) 
((digits--)) # Don't count the newline 
n=0 
 
for original in $files 
do 
 # Replace inputdir with outputdir 
 fname=$(echo "$original" | sed "s%^$inputdir%$outputdir%") 
 
 # Replace name with numbers 
 ((n++)) 
 oldbase=$(basename "$fname" '.wav') 
 newbase=$(printf '%0*d' "$digits" "$n") 
 fname=$(echo "$fname" | sed "s%$oldbase.wav%$newbase.wav%") 
 
 # To lowercase 
 fname=$(echo "${fname,,}") 
 
 mkdir -p $(dirname "$fname") 
 mv "$original" "$fname" 
done 

 
 
 

9.2 Cut-files.sh 
#!/bin/bash 
set -e 
# Usage:  ./cut-files.sh prep out 
 
inputdir="$1" 
 
for cliplength in 0.5 1 2 
do 
 echo "cliplength = $cliplength" 

 
 # Figure out outputdir 
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 outputdir="$2/by_emotion/${cliplength}sec" 
 echo "outputdir = $outputdir" 
 
 # Cut files 
 echo "Cutting files..." 
 for infile in $(find "$inputdir" -type f -name \*.wav) 
 do 

outfile=$(echo "$infile" | sed 
"s%^$inputdir%$outputdir%" | sed 's/.wav//') 

  mkdir -p "$(dirname $outfile)" 
sox -V1 "$infile" "$outfile-%2n.wav" trim 0 $cliplength : newfile : 
restart 

 done 
 
 # Generate labels 
 echo "Generating labels..." 
 for outfile in $(find "$outputdir" -type f -name \*.wav) 
 do 
  outdir=$(dirname "$outfile") 
  filename=$(basename "$outfile") 
  labels=$(echo "$outfile"         | 
           sed "s%^$outputdir/?%%" | 
           xargs -n 1 dirname      | 
           tr '/' ';'              | 
           cut -d';' -f5,8         ) # gender, emotion 
  labelfile="$outdir/labels.csv" 
  if [[ ! -f "$labelfile" ]] 
  then 

echo "filename;gender;emotion" > "$labelfile" 
  fi 
  echo "$filename;$labels" | tr -s ';' >> "$labelfile" 
 done 
 
 # Propagate labels into higher directories 
 echo "Propagating labels..." 
 function merge_subdir_labels() { 
  local directory="$1" 
  local subdir='' 
 
  if [ ! -e "$directory/labels.csv" ] 
  then 
  echo "filename;gender;emotion" > "$directory/labels.csv" 

  for subdir in $(find "$directory" -maxdepth 
1 -type d -not -wholename "$directory") 

  do 
  merge_subdir_labels "$subdir" 
  tail -n +2 "$subdir/labels.csv" >> "$directory/labels.csv" 
  done 
  fi 
 } 
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merge_subdir_labels "$outputdir" 
 

done 
 
 

9.3 Postprocess.sh 
#!/bin/bash 
set -e 
 
# Usage:  ./postprocess.sh out/by_emotion out/by_phase 
 
inputdir="$1" 
outputdir="$2" 
 
# Copy .wav files to new directory, excluding the lowest-level directory 
echo "Copying audio files..." 
for indir in $(find "$inputdir" -type f -name \*.wav | xargs -n 1 dirname | 

sort | uniq) 
do 
 outdir=$(echo "$indir" | sed "s%^$inputdir%$outputdir%" | xargs -n 1 

dirname) 
 mkdir -p "$outdir" 
 cp "$indir"/*.wav "$outdir" 
done 
 
# Copy label files 
echo "Copying label files..." 
for infile in $(find "$inputdir" -type f -name 'labels.csv') 
do 
 outfile=$(echo "$infile" | sed "s%^$inputdir%$outputdir%") 
 outdir=$(dirname "$outfile") 
 if [[ -d "$outdir" ]] 
 then 
  cp "$infile" "$outfile" 
 fi 
done 

 


