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ABSTRACT 
 
Background: Diabetes is a widespread disease. Patients must pay a lot of attention to their 
blood sugar value all the time. Low blood sugar values as well as high once are dangerous 
and must be treated. Self-testing, typically involving a prick with a lancet, is often painful 
and the costs for testing devices and supplies are rather high. It is well-known that the 
human voice carries all kinds of information and depends on various factors. A method for 
non-invasive, instantaneous, and cost-effective estimation of glucose level for diabetic 
patients, from their voice, is being developed to alleviate the issues in the estimation of 
blood glucose level. [1] It takes speech as an input and it evaluates another variable of 
interest and various error metrics can be used to evaluate the biomarker (accuracy, 
regression coefficient, unweighted average recall and other specific ones). We propose a 
clinical-based assessment called parkes error grid (PEG) to evaluate the performance. 
 
Objectives: The main objectives of this thesis are to empirically obtain the performance 
metrics of different classifiers. To incorporate parkers error gird to categorical and 
numerical cases and obtain the PEG results. To compare the performance metrics and check 
which classifier gives better accuracy. To statistically compare parkes error grid error 
measure with statistical error measure. [1] To statistically compare parkes error grid error 
measure with unweighted average recall error measure and check whether the two metrics 
exhibit contradictions. 
. 
Methods: Through the course of this project, we use a pipeline that does feature extraction 
feature selection and classification for a commercial database which includes the voice of 
three diabetic patients.  We later use two methods the numerical method and the categorical 
method to obtain further performance metrics and PEG results. 
For numeric predictions, we run the pipeline with different machine learning numerical 
regression classifiers and incorporate parkes error grid (PEG) to the output predictions 
obtained. We also obtain different statistical errors for the model. 
For categorical predictions, we run the pipeline with different machine learning 
categorical classifiers and we device an analogous parkes error grid (PEG). We also obtain 
different performance metrics and error metrics. 
 
Result: The results obtained from applying the various supervised machine learning 
techniques are explained. We compare parkes error grid (PEG) output to the statistical error 
output and see which best error measure is to be considered for the given pipeline which 
runs on medical data. Different machine learning algorithms that are used in the thesis are 
assessed based on the output so that the best algorithms could be used for similar biomarkers 
that work with glucose analysis. 
 
Conclusions: We conclude that it is good to use parkes error grid (PEG) more than the 
statistical error metric. We also see that the support vector machine is a good machine 
learning algorithm for numerical prediction and Navis Bayes is a good machine learning 
algorithm for categorical prediction based on clinically assessed parkers error grid and 
unweighted average recall.  
 
Keywords: machine learning, parkers error grid (PEG), supervised machine learning. 
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1 INTRODUCTION 
 
The human body, with the help of appropriate organs, breaks down carbohydrates into 
glucose. Insulin is a peptide hormone produced by beta cells of the pancreatic islets, plays 
a big key role in this process, regulating the way the cells absorb glucose and use it as the 
main energy source. [2] Defects in either insulin secretion lead to diabetes, which is a 
chronic disease characterized by high glucose levels in the blood. This is a severe condition, 
that is known to at least double a person’s risk of early death. [2] 
 
Diabetes is a widespread disease. Patients must pay a lot of attention to their blood sugar 
value all the time. Low blood sugar values as well as high ones are dangerous and must be 
treated. Self-testing, typically involving a prick with a lancet, is often painful and the costs 
for testing devices and supplies are rather high. It is well-known that the human voice carries 
all kinds of information and depends on various factors. 
 
A method for non-invasive, instantaneous, and cost-effective estimation of glucose level 
for diabetic patients, from their voice, is being developed to alleviate the issues in the 
estimation of blood glucose level. It takes speech as an input and it evaluates another 
variable of interest (for example, stress, physical load, and so on) at either a particular time 
moment or as a trend during months. There is a big bulk of literature describing 
computational biomarkers that work on speech and share the same basic architecture and, 
to a large extent, the same implementation: stress recognition, stroke, Alzheimer’s disease, 
autism spectrum disorder, mild cognitive impairment. [3] A classical emotion recognition 
architecture that implements a classical supervised pattern recognition approach is used as 
a predictive model. [1] 
 
Enhanced Speech Emotion Detection and Analysis tool  
 
In a number of applications such as human-machine interfaces, smart call centers etc., it is 
important to recognize a user’s emotional state.[4] An aim of a speech emotion recognition 
(SER) engine is to produce an estimate of the emotional state of the speaker given a speech 
fragment as input. The standard way to do SER is through a supervised categorical machine 
learning procedure. [5] It should also be noted that a number of alternative classification 
strategies have been offered recently, such as unsupervised learning and numeric regression 
[5], which are preferable under certain conditions. [6] [5] 
 
Machine Learning 
 
In the current world lots of electronic data is generated in each and every field. These data 
contain useful information to predict the future. Due to the huge in size, the manual 
predicting gives a complex task to humans. To overcome this problem, train the machine to 
predict the future by itself with the help of training and test datasets. To train the machine, 
various kinds of machine learning algorithms and tools are available. [7] Machine learning 
(ML) allows intelligent systems to build appropriate models by learning and extracting 
patterns in data. [8] Here we deal with classification and regression, where classification 
deals with categorical data and regression analysis deal with numerical data. 
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Numeric and Categorical Data  
 
Data can be divided into two types, qualitative and quantitative data.  
 
Qualitative data, also called categorical data, deals with characteristics and descriptions. 
The data is discrete and can be segregated into two types: nominal data and ordinal data. 
Nominal data has no inherent ranking or order, whereas ordinal data has a sequence or order.  
 
Quantitative data, also called numeric data, deals with numbers and things that can be 
measured objectively. The data can be both continuous and discrete. 
 

1.1  Motivation 
 
The clinical consequences of any particular error depend on both actual and predicted 
values, but not the percentage deviation. The statistical metrics such as accuracy or linear 
regression score, which are currently used in glucose approximation from voice are 
inadequate for monitoring errors in glucose value prediction and evaluating new 
methodologies. Our motivation here is to train the classification function with clinical 
assessment, with parkes error grid, which is a loss function defined in Endocrinology. In 
this part, we access the validity of the predictions from a clinical point of view. To do so, 
we use metrics that are specially designed to validate the clinical outcome of blood glucose 
measurements, to access the accuracy of blood glucose meter and check the performance of 
parkes error grid (PEG) on different machine learning algorithms. Hence, appreciating the 
previous outcomes of the parkes error grid, and expecting a better error prediction through 
this error grid analysis, we choose to compare the parkes error grid to the statistical error 
values. 
 

1.2 Aim  
 
The purpose of this study is to find out whether clinically approved parkes error grid is a 
better method to find out the error between the clinical BG values and the BG values 
obtained from voice biomarkers, than the statistical methods and check which is the best 
algorithm which works for biomarker. 
 

1.3 Objectives 
 
1. To extend different classifiers from the WEKA tool with categorical and numerical 

parkes error grid success metric. 
2. To empirically obtain the performance metrics of different classifiers. 
3. To compare the performance metrics and check which classifier gives better accuracy. 
4. To statistically compare parkes error grid error measure with unweighted average 

recall error measure and check whether the two metrics exhibit contradictions. 
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1.4 Research Questions 
 

1. Must we apply parkes error grid instead of statistical errors (RMSE) in glucose 
estimation from voice? 

2. Must we apply parkes error grid instead of UAR in glucose estimation from voice? 

3. How to devise an analogue of PEG for a categorical case?  

4. Which is the best suitable machine learning model that can be used for getting 
better performance based on output accuracy? 

 

1.5 Thesis Outline 
 

In chapter 1, we start with the introduction and discuss the main aim of this thesis,  
motivation, aims and objectives, research questions and outline of the thesis. In chapter 2, 
we have explained the pre-study and related works of the thesis study, in detail. In chapter 
3, we give a stepwise explanation of the background knowledge of the thesis, for a better 
understanding of the paper. In chapter 4, we explain the proposed methodology, in detail, 
followed by the method and experimental procedure that are followed during the study. In 
chapter 5, the results obtained are clearly mentioned along with their analysis. We clearly 
mention the results that are obtained, during the study and their analysis. In chapter 6, we 
discuss the conclusion of the thesis and a new scope for future work. In chapter 7, the 
sources are listed and identified as references. 
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2 RELATED WORK 
 

In paper [9] method of non-invasive determination of glucose concentration in blood-based 
on the human voice, comprising the recording of sound fluctuations of the voice of a person, 
instrumental transformation thereof for the purpose of obtaining a parameter correlated with 
the glucose content in the blood, and determination of the glucose content in the blood of 
the person at the time of such recording, the intensity of sound fluctuation frequency peaks 
of the human voice is selected as a parameter correlated with the glucose content in blood. 
According to the claimed method, instrumental transformation includes transforming sound 
fluctuations of the human voice into a spectrum, sampling sound frequency spectral peaks 
with uniform intensity in the areas of low and high frequencies, determining intensities of 
selected peaks by frequency, and obtaining a ratio between the peak intensities of the 
selected low and high frequencies. The technical purpose of the invention is the creation of 
a non-invasive method of measuring glucose concentration in human blood that would 
allow continuous control of glucose concentration in human blood with sufficient ease and 
accuracy, and a device for the implementation thereof. The technical result of the invention 
is an increase of measurement accuracy due to the selection of the intensity of sound 
fluctuation frequency peaks of the human voice as a parameter correlated with the glucose 
content in the blood. 

In paper [10] A non-invasive method is determination for glucose concentration in blood, 
based on the human voice, comprising the recording of sound fluctuations of the voice of a 
person, instrumental transformation for the purpose of obtaining a parameter correlated with 
the glucose content in the blood, and determination of the glucose content in the blood of 
the person at the time of such recording. Changes in the frequency of the sound fluctuation 
spectrum of the human voice were chosen as the parameter correlated with the glucose 
content in the blood. However, different people have a different frequency characteristic of 
the larynx and cords, due to gender, age, etc. In this regard, a method or device created on 
the basis of such methodology would have low precision of measurement and would be 
preferably only as an individual device. In the case of measuring glucose level in another 
patient with the same device, the error measurement will be the order of 40-50%. The 
technical purpose of the invention is the creation of a device for the determination of 
biochemical properties of the blood, in particular blood glucose, by the human voice. 

 
Paper [11], was proposed to investigate the efficiency of different classification methods to 
recognize the emotional state of a speaker with features obtained by a constraint version of 
the Maximum Likelihood Linear Regression (CMLLR). In the experiments author adopted 
the multi-modal AvID database of emotions, which comprises 1708 samples of utterances 
each lasting at least 15 seconds. The database was randomly divided into a training set and 
a testing set in a ratio of 5:1. The author says, since there are many more samples in the 
database belonging to the neutral class than to the aroused class, the latter was over-sampled 
to ensure that both classes contained equal numbers of samples in the training set. It was 
seen that the build-in WEKA classifiers were divided into five groups based on their 
theoretical foundation, i.e., the group of classifiers related to Bayes's theorem, the group of 
distance-based classifiers, the group of discriminant classifiers, the group of neural 
networks, and finally the group of decision tree classifiers. From each group the results of 
the best-evaluated algorithms with respect to the unweighted average recall were presented. 



 

5 

This paper helped us to understand different weka classifiers related to Bayes's theorem and 
it made us understand more about unweighted average recall that we used for comparison 
with categorical PEG. 
 
Ola S. Abdalsalam et.al in paper [12], the study focuses on designing a non-invasive blood 
glucose measurement tool using pulsed Photo-Acoustic Spectroscopy. A system has been 
designed and implemented, as a result it was found that there is a linear mathematical 
relationship between acoustic signal produced across measuring site and blood glucose 
concentration. The experimental results were analyzed using clarke error grid analysis 
(EGA) with 90% of the results falling into the clinically accurate zone A. The system overall 
error was (2.6±6.28 mg/dl). This study presents a new effective, simple, portable and safe 
method that reduces discomfort due to the measurement procedures. This paper gave us an 
idea about the different analytical assessments and clinical assessment techniques. As we 
see they have used clarke error grid analysis (EGA) which is quite similar to our parkers 
error grid model (PEG) . 
 
In paper [13] valid, reliable biomarkers of depression severity and treatment response is 
provided with new targets for clinical research. Noticeable differences in speech production 
between depressed and non-depressed patients have been suggested as potential. Regression 
models of speech pattern changes associated with clinical outcomes in a prior study were 
found to be reliable and significant predictors of outcome in the current study. This paper 
gave us information of, how different speech-based biomarkers are implemented in the 
clinical study and see how the biomarker that they have used is similar to ours or how much 
does it contradict.  
 
Kawsar Ahmed et.al , Tasnuba Jesmin et.al in paper [14] discusses different types of data mining 
classification algorithms accuracies that are widely used to extract significant knowledge 
from huge amounts of data. Here illustrate 20 classifications of supervised data mining 
algorithms based on type-2 diabetes disease dataset perspective to Bangladeshi populations. 
In this paper, 20 classification algorithms, by measuring accuracies, speed and robustness 
of those algorithms using WEKA toolkit version 3.6.5, accuracies of classification 
algorithms are measured in 3 cases like total training data set, 10-fold cross validation and 
percentage split (66% taken). Speed (CPU Execution Time) and error rate also measured as 
like as accuracy. Top perform algorithms that have the best outcome for different cases and 
then ranked top outcomes algorithms. Finally, 5 best algorithms among 20 algorithms are 
ranked based on their accuracies. 
 
Vrushali et.al in  paper [15] focuses on identifying slow, average and fast learners among 
students and displaying it by predictive data mining model using classification-based 
algorithms. Student details have been referred from Sardar Patel Institute of Technology 
College, MCA Department and prediction of learners is done by applying Naïve Bayes, J48, 
ZeroR and Random Tree using WEKA, an open-source tool. Further comparison is made 
among these four classifiers to predict the accuracy and find the best performing 
classification among all. In this paper, classification techniques are used for prediction on 
the dataset of student's data, to analyse student's overall performance and predict slow 
learners among them. A model was developed based on some selected student related input 
variables collected from real-world (college) and considering parameters apart from college 
data. Among all data mining classifiers, the author suggested that the random tree performs 
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best with 95.45% accuracy and therefore random tree proves to be potentially effective and 
efficient classifier algorithm. This paper gave us an understanding of different categorical 
classifiers and how they have been used in different kinds of study. 
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3 BACKGROUND 
 

3.1 OpenSMILE  
 
Feature extraction is generally an essential part of so many audio analysis tasks, [16] e.g. 
automatic speech recognition (ASR), analysis of paralinguistic in speech, and music 
information retrieval (MIR). Opensmile provides a simple, scriptable console application 
where modular feature extraction components can be freely configured and connected via 
a single configuration file. Even though opensmile’s primarily intended area of use is audio 
feature extraction, it is principally modality independent, e.g. physiological features such 
as heart rate, EEG, or EMG signals can be analyzed with opensmile using audio processing 
algorithms. Here we are using it for BG levels. [16] 

 

3.2  Data Mining 
 
Data mining a non-trivial extraction of the novel, implicit, and actionable knowledge from 
large data sets is an evolving technology that is a direct result of the increasing use of 
computer databases in order to store and retrieve information effectively. It is also known 
as knowledge discovery in databases (KDD) and enables data exploration, data analysis, 
and data visualization of huge databases at a high level of abstraction, without a specific 
hypothesis in mind. The working of data mining is understood by using a method called 
modeling with it to make a prediction.  
 
 

 
 

Figure 1: Data Mining Model 
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3.2.1 Data mining models and methods: 
 
Data mining satisfies its main goal by identifying valid, potentially useful, and easily 
understandable correlations and patterns present in existing data. This goal of data mining 
can be satisfied by modeling it as either predictive or descriptive nature. The predictive 
model works by making a prediction about values of data, which uses known results found 
from different datasets. The tasks include in the predictive data mining model include 
classification, prediction, regression and analysis of the time series. The descriptive models 
mostly identify patterns or relationships in datasets. It serves as an easy way to explore the 
properties of the data examined earlier and not to predict new properties. [17] These 
predictive and descriptive models are achieved using data mining methods. Different data 
mining methods classification, regression, clustering, summarization, association rule 
dependency modeling. Here in this thesis we use classification and regression. 
 

3.2.1.1 Classification:  
 
Classification is the process of finding or discovering a model or function which helps in 
separating the data into multiple categorical classes i.e. discrete values. In classification, 
data is categorized under different labels according to some parameters given in input and 
then the labels are predicted for the data. The derived mapping function could be 
demonstrated in the form of “IF-THEN” rules. The classification process deals with the 
problems where the data can be divided into binary or multiple discrete labels. 
 

3.2.1.2 Regression: 
 
Regression is the process of finding a model or function for distinguishing the data into 
continuous real values instead of using classes or discrete values. It can also identify the 
distribution movement depending on the historical data. Because a regression predictive 
model predicts a quantity, therefore, the skill of the model must be reported as an error in 
those predictions. [18] 

 

3.3 Machine Learning 
 
In machine learning three data sets exist: 

 Universal data set 
 Training data set 
 Test dataset 
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3.3.1 Universal data set:  
The universal data set consists of both the training data set and test data set. It contains all 
data pairs and their probability distribution of appearances in the real world. The universal 
data set has to be split into training and testing while using the ML algorithm. [19] 

3.3.2 Training data set:  
This dataset is observed as a subset of universal dataset due to lack of memory or some 
other reasons. The training data set is used for building and training the ML algorithm. The 
training set can also be used to predict the unseen samples or future events. [19] 

3.3.3 Test dataset:  
This data set is used for measuring the performance of the ML model. The strength and 
utility of a predictive relationship can be assessed using the training set. In classification 
labeled data set is used as a training set for predicting labels to test data. [20] 

 

 
 

Figure 2: Types of training data and testing data sets 
 

3.3.4 Cross validation: 
 
When the amount of data is limited for training and testing. The holdout method reserves 
one-third of data for testing and uses the remaining two-thirds data for training. In this 
method it is not possible to ensure that the training set contains all the possible data samples 
to represent the test set. For better learning of classifiers, sampling of data should be done 
in such a way that each class should be properly represented in both training and test sets. 
This procedure is called stratification. In a single hold out the procedure we must consider 
the swapping of training and test sets i.e. system is to be trained on the test set and test on 
the training set. To reduce the uneven representation of data the average of two results must 
be calculated. This method is not ideal with a 50:50 split of training and test data. For this 
purpose, there is an important statistical technique called cross validation. [21] 
 
Cross validation uses a fixed number of folds to partition the data. Suppose if we use 
threefold cross validation, one-third of data is used for testing and the remaining two-thirds 
of data is used for training and the process is repeated three times i.e. every instance in the 
data is used exactly once for testing. If we adopt stratification in this method, it is called 
stratified three-fold cross validation. The standard way of predicting the error rate in a 
learning technique using a fixed sample of data is to use 10-fold cross validation. [21] 
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3.4 WEKA 
 
Weka is a collection of machine learning algorithms for data mining tasks. The algorithms 
can either be applied directly to a dataset or called from your own java code. Weka contains 
tools for data pre-processing, classification, regression, clustering, association rules, and 
visualization. It is also well-suited for developing new machine learning schemes. To load 
data into WEKA, we have to put it into a format that will be understood. WEKA’s preferred 
method for loading data is in the attribute-relation file format (ARFF), where you can define 
the type of data being loaded, then supply the data itself. In the file, you define each column 
and what each column contains. In the case of the regression model, you are limited to a 
numeric or a date column. Finally, you supply each row of data in a comma-delimited 
format. [22] 
 
 
 

Figure 3: Weka Open Page GUI. 
 

3.4.1 Algorithms in Weka: 
 
The algorithms that we will review are: 
 

1. Linear Regression 

2. Logistic Regression 

3. Naive Bayes 

4. Decision Tree 

5. k-Nearest Neighbors 

6. Support Vector Machines 
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7. SMO – SMO Regression. 

8. SGD model. 

3.4.1.1 Linear Regression 
 
In statistics, linear regression is a linear approach to modeling the relationship between a 
scalar response (or dependent variable) and one or more explanatory variables (or 
independent variables). The case of one explanatory variable is called a simple linear 
regression. For more than one explanatory variable, the process is called multiple linear 
regression. [23]  
 
While we run a regression model, we make two assumptions, 1) To see if there is a  linear 
relationship between two variables (i.e. X and Y) and check if the relationship is additive 
(i.e. Y= x1 + x2 + …+xN). generally, a linear regression model estimates how much does 
Y changes when X change one unit. 
  

3.4.1.2 Logistic Regression 
 
Logistic regression is a binary classification algorithm. It assumes the input variables are 
numeric and have a Gaussian (bell curve) distribution. The algorithm learns a coefficient 
for each input value, which are linearly combined into a regression function and 
transformed using a logistic (s-shaped) function. Logistic regression is a fast and simple 
technique but can be very effective on some problems. [24] 
 
This is a binary classification model. It means that this model can be used only for two-
class classification. The model transforms its output using the logistic sigmoid function to 
return a probability value. It uses a log of odds as the dependent variable. The model 
utilizing a logit function predicts the probability of occurrence of a binary event. 
 

3.4.1.3 Naive Bayes 
 
Naive Bayes is a classification algorithm. In machine learning, naive bayes classifiers are a 
family of simple "probabilistic classifiers" based on applying bayes' theorem with strong 
(naive) independence assumptions between the features. They are among the simplest 
bayesian network models.  
 
Traditionally it assumes that the input values are nominal, although its numerical inputs are 
supported by assuming a distribution. Naive bayes uses a simple implementation of bayes 
theorem (hence naive) where the prior probability for each class is calculated from the 
training data and assumed to be independent of each other (technically called conditionally 
independent) [24]. 
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3.4.1.4 Decision Tree 
 

Decision trees (DTs) used for classification and regression is a non-parametric supervised 
learning method. The main goal of a decision tree is to create a model that predicts the value 
of a target variable by simply learning decision rules inferred from the data features. 
 
Decision trees are more recently referred to as classification and regression trees (CART). 
They work by creating a tree to evaluate an instance of data, start at the root of the tree and 
moving town to the leaves (roots) until a prediction can be made. The process of creating a 
decision tree works by greedily selecting the best split point in order to make predictions 
and repeating the process until the tree is a fixed depth. After the tree is constructed, it is 
pruned in order to improve the model’s ability to generalize to new data. The minNum 
parameter defines the minimum number of instances supported by the tree in a leaf node 
when constructing the tree from the training data. [24] 
 
Unlike linear regression models that formally calculate the coefficients of predictors, 
decision tree regression models calculate the relative importance of predictors. They can 
be computed by summing up the overall reduction of optimization criteria. 
 
 
Another more advanced decision tree algorithm that you can use is the C4.5 algorithm, 
called J48 in Weka. 
 

3.4.1.5 k-Nearest Neighbors 
 
The k-nearest neighbors algorithm supports both classification and regression. It is also 
called kNN for short. It works by storing the entire training dataset and querying it to locate 
the k most similar training patterns when making a prediction. As such, there is no model 
other than the raw training dataset and the only computation performed is the querying of 
the training dataset when a prediction is requested. [24] 
 
It is a simple algorithm, but one that does not assume very much about the problem other 
than that the distance between data instances is meaningful in making predictions. As such, 
it often achieves very good performance. When making predictions on classification 
problems, KNN will take the mode (most common class) of the k most similar instances in 
the training dataset. [24] 
 
The size of the neighborhood is controlled by the k parameter. Another important parameter 
is the distance measure used. This is configured in the nearest neighbor search algorithm 
which controls the way in which the training data is stored and searched. [24] 
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3.4.1.6 Support Vector Machines 
 
A support vector machine (SVM) is a machine learning tool used for both classification and 
regression. Support Vector Machines were developed for binary classification problems, 
although extensions to the technique have been made to support multi-class classification 
and regression problems. The algorithm is often referred to as SVM for short. SVM was 
developed for numerical input variables, although it will automatically convert nominal 
values to numerical values. Input data is also normalized before being used. [24] 

 
 

Figure 4: Support vector machine 
 
SVM works by finding a line that best separates the data into the two groups. This is done 
using an optimization process that only considers those data instances in the training dataset 
that are closest to the line that best separates the classes. The instances are called support 
vectors, hence the name of the technique. [24] 
 
Finally, few datasets can be separated with just a straight line. Sometimes a line with curves 
or even polygonal regions needs to be marked out. This is achieved with SVM by projecting 
the data into a higher-dimensional space in order to draw the lines and make predictions. 
Different kernels can be used to control the projection and the amount of flexibility in 
separating the classes. [24] 
 
A key parameter in SVM is the type of Kernel to use. The simplest kernel is a Linear kernel 
that separates data with a straight line or hyperplane. The default in WEKA is a polynomial 
kernel that will separate the classes using a curved or wiggly line, the higher the polynomial, 
the wigglier (the exponent value). A popular and powerful kernel is the RBF kernel or radial 
basis function kernel that is capable of learning closed polygons and complex shapes to 
separate the classes. [24] 

3.4.1.7 SMO – SMO Regression 
 
The sequential minimal optimization algorithm (SMO) has been shown to be an effective 
method for training support vector machines (SVMs) on classification tasks defined on 
sparse data sets. SMO differs from most SVM algorithms in that it does not require a 
quadratic programming solver. [25] 
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3.4.1.8 SGD classifier Model 
 
Stochastic gradient descent (often abbreviated SGD) is an iterative method for optimizing 
an objective function with suitable smoothness properties (e.g. differentiable or sub-
differentiable). It can be regarded as a stochastic approximation of gradient descent 
optimization since it replaces the actual gradient (calculated from the entire data set) by an 
estimate thereof (calculated from a randomly selected subset of the data). [26] 
While the basic idea behind stochastic approximation can be traced back to the Robbins-
Monro algorithm of the 1950s. [27]   

 

3.4.2 Classifier evaluation options in Weka: 
 
We obtain output model, output models for training splits, output confusion matrix, output 
predictions, cost-sensitive evaluation and so on. 

 

3.4.2.1 Output model - Performance measures of numeric predictions: 
 

We obtain a summary of the output of the classifier. It consists of parameters such as the 
correlation coefficient, mean absolute error, root mean squared error, relative absolute 
error, root relative squared error and the total number of instances. 
 
Mean absolute error: It averages the magnitude of all the individual errors without 
caring for their sign. MAE treats all error sizes evenly according to their magnitude. It 
helps to measure how close the predictions are to the actual outcome. The smaller the 
value the better the model has performed [28] 
 
 
Root mean square error: Root mean square error is defined as the standard deviation of 
the difference between the predicted and the observed values. It is the prediction error-
index that is most often used in literature. The root mean squared error (RMSE) Ei of an 
individual model i is evaluated by the equation: [29] 
 

= 1 ( ) −  

 
where P(ij) is the value predicted by the individual model i for record j (out of n records); 
and Tj is the target value for record j. [29] 
 
For a perfect fit, P(ij) = Tj and Ei = 0. So, the Ei index ranges from 0 to infinity, with 0 
corresponding to the ideal. [29] 
 
Relative absolute error: Relative absolute errors total the absolute error with the same 
kind of normalization. The errors are normalized by the error of the simple predictor that 
predicts average value. [30] 
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Root relative squared error: The root relative squared error (RRSE) is relative to what it 
would have been if a simple predictor had been used. More specifically, this simple 
predictor is just the average of the actual values. Thus, the relative squared error takes the 
total squared error and normalizes it by dividing by the total squared error of the simple 
predictor. By taking the square root of the relative squared error one reduces the error to 
the same dimensions as the quantity being predicted. [31] 

3.4.2.2 Output models for training splits: 
 
Along with the above-mentioned summary of the output, we obtain separate classifier 
models for different folds or training splits. For example, if the classifier undergoes 10-
fold cross validation, we obtain the classifier model for each fold. 
 

3.4.2.3 Output Confusion matrix: 
 
The performance of a classifier for a two-class problem can be described by the confusion 
matrix described in the figure below. Holding with the established practice, the minority 
class is designated the positive class and the majority class is designated the negative 
class. [32] 
 

 
 

Figure 5: Confusion Matrix Model 
 

 True positives (TP): These are cases in which we predicted yes (they have the 
disease), and they do have the disease. 
 

 True negatives (TN): We predicted no, and they don't have the disease. 
 

 False positives (FP): We predicted yes, but they don’t have the disease. (Also 
known as a "Type I error.") 

 
 False negatives (FN): We predicted no, but they have the disease. (Also known as 

a "Type II error.") 
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3.4.2.4 Cost Sensitive wrapper: 
 

Corresponding to a confusion matrix is a cost matrix. The cost matrix will provide the 
costs associated with the four outcomes shown in the confusion matrix, which we refer to 
as CTP, CFP, CFN, and CTN. As is often the case in cost-sensitive learning, we assign no 
costs to correct classifications, so CTP and CTN are set to 0. Since the positive (minority) 
class is often more interesting than the negative (majority) class, typically CFN > CFP. As 
discussed earlier, cost-sensitive learning can be implemented in a variety of ways, by 
using the cost information in the classifier-building process or by using a wrapper-based 
method such as sampling. When misclassification costs are known the best metric for 
evaluating classifier performance is the total cost. Total cost is the only evaluation metric 
used in this paper and is used to evaluate all three cost-sensitive learning methods. [33] 
The formula for total cost is shown in the equation, 

 
Total Cost = (FN × CFN) + (FP × CFP) 

 
 
 
 
 

 
Figure 6: Cost Sensitive Wrapper Model 

 
 Cost True positives (CTP): These are correctly predicted cases, hence no penalty. 

 
 Cost True negatives (CTN): These are correctly predicted cases, hence no 

penalty. 
 

 Cost False positives (CFP): We predicted yes, but they don't have the disease. It 
costs less, as the damage occurring is considered to be less. 

 
 Cost False negatives (CFN): We predicted no, but they do have the disease. It is 

penalized with more cost compared to Cost of False positives, as the damage 
occurring due to this error is considered to be more. [33] 

3.5 Type I and Type II Errors 
 
Confusion matrices are the major means to evaluate errors in classification problems. They 
encode the complete specification of misclassifications: the numbers of misclassified items 
for each pair (original class in which items should be classified, incorrect class in which 
items are erroneously classified). Confusion matrices are used for: i) inspecting errors for 
each class, ii) tuning software parameters such as detection thresholds, iii) comparing 
software versions. The selection of software version, or parameter settings, basically relies 
on the tolerance to Type I (FP) or Type II (FN) errors. [34] The sensitivity to either error 
type depends on application domains. In some domains, type I are critical while type II are 
more tolerated: e.g., fraud detection involving an automatic suspension of services e.g. 
bank. In other domains, type II is critical while type I is more tolerated: medical diagnosis, 
threat detection (Case B). And some others are sensitive to both error types: character 
recognition, monitoring of population dynamics in ecology (Case C) [34]  

CTP CFP 

CFN CTN 
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Figure 7: Type 1 and Type 2 errors. 

 
 

3.6 Error Grid 
 
Glucose monitoring devices represent an exciting frontier in diabetes research, holding the 
potential to improve the lives of over 400 million people worldwide this number is expected 
to rise by approximately 55% within the next 25 years. During the past few decades there 
has been an increased need for an economical, compact, painless and convenient non-
invasive device that can alleviate the pain associated with the frequent skin pricking and 
promote frequent glucose testing that helps in the control of blood glucose levels. Error grid 
analysis is a device used for monitoring actual and predicted glucose levels in blood.  
 
For the error grid analysis paired results from both the BG meter and the reference method 
were plotted on the so-called error grid. Typically, a set of risk zones are then superimposed 
on that graph. Each of the zones represents a degree of risk of an adverse outcome due to 
the error in measured BG values. The analysis of an error grid is the determination of the 
percentage of data points that fall into each zone of clinical outcome. [35] Different kinds 
of error grids have been proposed with different borders of the zones are used in clinical 
literature. 

 

3.6.1 Clarke Error Grid 
 
The Clarke Error Grid was introduced in 1987 by five experts at the University of Virginia 
and was based on clinical practice. All experts judged the same scenario: a target range for 
the BG values of the patients was set to 70 – 180mg/dl. Within this range the patients are 
well controlled, below or above this range the patients must intervene with corrective 
actions. A correction that results in a BG value outside the target range was considered as 
inappropriate as well as the failure to treat a BG value outside the range. The judgment of 
the experts leads to an error grid with five different zones called zone A to E. [35] 
 
But due to disadvantages in clarke error grid like the discontinuous transitions between 
zones (e.g. a direct transition between zone B and zone E skipping zones C and D) and 
because it was introduced only by a small number of experts. parkers error grid came into 
existence. [35] 
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3.6.2 PARKES ERROR GRID 
 
 
The Parkes error grid was published in the year 2000 based on a typical survey of 100 
physician attendees at the 1994 American Diabetes Meet. This metric has been intended for 
use in assessing the clinical accuracy of blood glucose (BG) meters for patient self-
measurement. By developing this new grid, the authors intended to provide an alternative 
to the original clarke error grid, which was originally developed as a teaching tool rather 
than a BG meter clinical accuracy assessment tool and had been criticized for the placement 
of its risk boundaries. The clinical accuracy of a BG value measured by a BG monitor can 
be expressed as a description of the potential clinical outcome associated with basing a 
treatment decision on this value. Clinical accuracy is focusing on the clinical relevance of 
the meter results in comparison with analytical accuracy, which gives detailed information 
about an agreement of the home BG meters in comparison with a reference method. [36] 
This error grid has been accepted as an evaluation tool in the new draft ISO15197:2013 
guideline.  
 
The Parkes error grid was developed in June 1994, which was less than 1 year after the 
publication of the diabetes control and complications trial study. At that time, intensive 
insulin therapy was not widely accepted, Analog insulins were not available, and acceptable 
analytical accuracy (for BG readings of >75 mg/dl) was ±20%. This level of accuracy has 
been replaced by more rigorous requirements in the new ISO15197 standard. For these and 
other reasons, there is a consensus in the clinical chemistry, regulatory, and medical 
community that a modern error grid is needed. For this reason, an expert panel (organized 
by the Food and Drug Administration, the Diabetes Technology Society, the American 
Diabetes Association, The Endocrine Society, and the Association for Advancement of 
Medical Instrumentation) is currently developing a next-generation error grid to describe 
the clinical performance of BG monitors by incorporating modern treatments and 
performance expectations. [36]  

 
The Parkers error grid has a horizontal axis represents true BG values, and the vertical axis 
represents BG values measured by patients. The grid is divided into zones signifying the 
degree of risk posed by the incorrect measurement: zone A represents no effect on clinical 
action; zone B represents altered clinical action—little or no effect on clinical outcome; 
zone C represents altered clinical action—likely to affect clinical outcome; zone D 
represents altered clinical action—could have significant medical risk and zone E represents 
altered clinical action—could have dangerous consequences. [37] 
 
 



 

19 

 
Figure 8: Parkes Error Grid Model. 

 

3.7 Unweighted Average Recall 
 
In the literature, as classes are often unbalanced the standard for cross-corpus evaluation 
of a classical emotion recognizer is UAR, which is the accuracy per class divided by the 
number of classes without considering the number of instances in them. “Knowledge 
about patterns in the generative model (i.e. in the speaker) is required for the recognition 
model to output the value of the UAR below random. [3]  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

20 

3.8 R in Machine Learning 
 

R has a lot of good machine learning packages. Yet the list of actual machine learning 
models is much greater. There are more than 200 types of machine learning models that are 
reasonably popular in the R ecosystem, and there are strict rules governing each one. 

 
We have selected R for this study because machine learning has its basis in statistics, and 
R is well suited to illustrate those relationships. The ecosystem of statistical modeling 
packages in R is robust and user-friendly for the most part. Managing data in R is a big part 
of a data scientist’s day-to-day functionality, and R is very well developed for such a task. 
Although R is robust and relatively easy to learn from a data science perspective, the truth 
is that there is no single best programming language that will cover all your needs. If you 
are working on a project that requires the data to be in some specific form, there might be a 
language that has a package already built for that structure of data to a great degree of 
accuracy and speed. Other times, you might need to build your own solution from scratch. 
[38] 

 
This study contains an implementation of evaluation metrics in R that are commonly used 
in supervised machine learning. It implements metrics for regression, time series, binary 
classification, classification, and information retrieval problems. It has zero dependencies 
and a consistent, simple interface for all functions. We are using the EGA library and 
GGPLOT library in R, to plot the Parkes error grid and attain the zone percentage values, 
for the numeric predictions obtained from Weka. [38] 
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4 METHODOLOGY 

4.1 Research Methodology 
 
The method used to carry out the research work is known as Research Method. Research 
methods and research data in psychology can be placed into two basic categories: 
quantitative or qualitative.  
 
Qualitative Research is primarily exploratory research. It is used to gain an understanding 
of underlying reasons, opinions, and motivations. It provides insights into the problem or 
helps to develop ideas or hypotheses for potential quantitative research. Qualitative 
Research is also used to uncover trends in thought and opinions, and dive deeper into the 
problem. Qualitative data collection methods vary using unstructured or semi-structured 
techniques. Some common methods include focus groups (group discussions), individual 
interviews, and participation/observations. The sample size is typically small, and 
respondents are selected to fulfill a given quota. [39] 
 
Quantitative Research is used to quantify the problem by way of generating numerical data 
or data that can be transformed into usable statistics. It is used to quantify attitudes, 
opinions, behaviors, and other defined variables and generalize results from a larger sample 
population. Quantitative Research uses measurable data to formulate facts and uncover 
patterns in research. Quantitative data collection methods are much more structured than 
Qualitative data collection methods. Quantitative data collection methods include various 
forms of surveys – online surveys, paper surveys, mobile surveys and kiosk surveys, face-
to-face interviews, telephone interviews, longitudinal studies, website interceptors, online 
polls, and systematic observations. [39] 
 

In general, our research is being carried out by a literature survey, through simulation, 
experimentation and consulting mathematical models of the elements being investigated. 
We adopted a case study method research where we closely examine the data within a 
specific context. It can be considered as a robust research method and this method in its true 
essence, explore and investigate contemporary real-life phenomenon through detailed 
contextual analysis of a limited number of events or conditions, and their relationships. [40] 
So our thesis is carried out based on both qualitative and quantitative approaches. 
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4.2 Method 
4.2.1 DATA 

 
A commercial database was used for this study. Three diabetic patients were explained the 
purposes of this study and volunteered to participate and were collecting the data for two-
three weeks. The recordings were made with "first class" quality. The participants were 
instructed to read the following 4 sentences from a prompt at a recording time [1]:  
 
1. Längdåkarna drömmer om revansch. (The long skiers dream of revenge.) 
2. Mitt lexikon är välanvänt. (My dictionary is well used.) 
3. Det gäller att ha kontakter. (It is important to have contacts.) 
4. Vi lämnar ingenting åt slumpen. (We leave nothing to chance). 

 
Each recording is described with a timestamp, speaker identification, a glucose value 
measured with a blood glucose meter. The measurement protocol was as follows: 
 

1. Blood sugar measurement with a stitch was taken. 
2. The participant entered a quiet room. 
3. The recording of the four sentences was made.  

 
The persons were asked to take a pause of 2 seconds between each sentence. The resulting 
dataset contained: 53 raw speech files, each containing 4 sentences. This resulted in a 
dataset containing 212 sentences. These sound files are provided to us, by our supervisor. 
 

4.2.2 DATA PROCESSING 
 
The method we used in this study is mainly based on feature selection, feature extraction 
and classification/ regression based on 10-fold and 212-fold cross validation. We use the 
output performance metrics (confusion matrix, accuracy, statistical errors etc.) and output 
predictions (actual value, predicted values, error probability ) from the model for categorical 
and numerical predictions. 
A predictive model designed to recognize emotion (and other cognitive or physical 
conditions) from voice takes a speech sample as an input and outputs a class value for it. 
Typically, its architecture is based on the supervised machine learning approach [41] [5]. 
Variations are possible in the classical design with respect to pre-processing, features, and 
a classification function. 
 
Step 1: Feature Extraction: The state-of-the-art acoustic feature set has been extracted from 
the speech signal: 6555 acoustic features (emo_large) with open-source software 
openSMILE’s [Eyben et al, 2013]. We use the OpenSMILE feature extraction toolkit to 
extract 6552 features as 39 functionals of 56 acoustic low-level descriptors (LLD) related 
to energy, pitch, spectral, cepstral, Mel-frequency and voice quality and corresponding first 
and second-order delta regression coefficients. The 39 statistical functionals are applied to 
the LLDs computed from each of the emotional utterances to map a time series of variable 
length onto a static fixed size (6552) feature vector. Features were extracted on the utterance 
level, i.e., 1 feature vector per sentence. These 6552 features constitute the emo-large 
feature set of OpenSMILE toolkit, which is the largest emotion-specific feature set known 
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to date in terms of the number of features. We chose the largest feature set because it would 
allow us to know more emotion correlated features that get distorted over distance [42]. 
 
We select the required configuration file in the directory where we have downloaded 
openSMILE tool for feature extraction we input the audio files for feature selection and 
later openSMILE outputs us the required arff file for numerical and categorical prediction. 
 
Step 2: Feature Selection: Since there are many features, we have done a feature selection 
step, which implements a correlation-based feature subset selection [Hall, 1998] 
(BestFirst&CfsSubsetEval in Weka). Feature selection is a preprocessing technique that 
finds a minimum subset of features that captures the relevant properties of a dataset to 
enable adequate classification. Feature subset selection is the process of identifying and 
removing as much of the irrelevant and redundant information as possible. This reduces the 
dimensionality of the data and allows learning algorithms to operate faster and more 
effectively. Feature selection aims at finding a feature subset that can describe the data for 
a learning task as good as or better than the original dataset. [43] 
 
Feature selection in weka is divided into two different kinds of options like: 
 

1. Attribute evaluator: is the technique by which each attribute in your dataset (also 
called a column or feature) is evaluated in the context of the output variable. There 
are different attribute evaluators that can be used for feature selection like feature 
selection using correlation, feature selection using information gain, feature 
selection by training a model on different subsets of features. [24] 

2. Search method:  The search method is the technique by which to try or navigate 
different combinations of attributes in the dataset in order to arrive on a shortlist of 
chosen features. [24] 
 

The classified output received from the WEKA depends on the input values of the blood 
glucose level, that are received after the process of feature selection. In this particular 
study, we get both numerical and categorical values to be given as input to WEKA.  
 

4.2.3 NUMERIC APPROACH 
 

We use the regression technique for a numeric approach where it transforms the existing 
data into a numerical prediction for future data. These numerical prediction functions are 
continuous-valued functions. For feature extraction we input the given sound files into an 
opensource feature extraction tool kit. Open Smile provides us with different configuration 
files for extracting audio features here an official emo-large.arff feature set is employed and 
later “.arff” file is obtained for numerical prediction. The numerical values undergo the 
regression process, which is mentioned in the background of data mining. Today, several 
standard classifiers are available. [44] After a lot of research and experimenting on all the 
regression model algorithms available in Weka, we have chosen the following algorithm 
models, for our study. 

1. Linear Regression model. 
2. SMO Regression model. 
3. SVM Regression model. 
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The process is carried out with both 10-fold cross-validation and 212-fold cross-validation. 
The output model gives a summary of the results, as mentioned in the background. The 
parameters like mean absolute error, root mean square error and relative absolute error, are 
considered carefully and the error values are taken into account for comparison with the 
error obtained from the parkes error grid. 

On the other hand, the output model of WEKA provides us with the actual and predicted 
values of blood glucose levels. These values are plotted on the parkes error grid using the 
“ega” package and “ggplot2” package in R. The percentage of zones is taken into 
consideration. The error values obtained, from the zone percentages are compared to the 
standard error parameters obtained in the summary of the output model. The comparison of 
these error values answers the first research question, which is whether parkes error grid is 
better for evaluating the predictive model, or not. 

 

4.2.4 CATEGORICAL APPROACH 
 
We use the classification technique for a categorical approach where it transforms the 
existing data into a categorical variable for future data, we use a single two-class classifier 
(low, high). These categorical variables (also known as a factor or qualitative variables) are 
variables that classify observations into groups. They have a limited number of different 
values, called levels. For feature selection, we input the given sound files into an open-
source feature extraction tool kit. An official emo_large.conf feature set is employed and a 
“.arff” file is obtained for categorical prediction. The categorical values undergo the 
classification process, which is mentioned in the background of data mining. After a lot of 
research and experimenting with all the classification algorithms available in WEKA, we 
have chosen the flowing algorithm models for our study. 
 

1. J48 Decision tree model. 
2. Naive Bayes model. 
3. SMO classification model. 

 
The categorical approach is further carried out using performance metrics like confusion 
matrix and cost sensitive learning.  
 

4.3 Issues faced during the study 
 

1. We faced an issue, which states that, “there are broken tools inside R” which 
troubled us during the installation of R. We had to remove bugs and reinstall R in 
our system. This issue is usually faced due to version differences of different 
applications that already exist in your system. 

2. We had to try different versions of Weka, as all the required classifiers were not 
supported by a single version of Weka. 
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4.4 Experimental Setup and Procedure 
 

4.4.1 SETUP 
 

The experiments have been conducted in Ubuntu 18.04 LTS operating system, using the 
tools OpenSMILE, Weka.  
 
The tool used for feature extraction, that is openSMILE is installed. The latest stable release 
of openSMILE can be found at http://opensmile.audeering.com/. This is the recommended 
way for Linux/Unix and Mac OS systems and is mandatory if you require live audio 
recording/playback through portAudio. A release package contains the statically linked 
main executable SMILExtract for Linux systems and a SMILExtract_Release.exe and 
openSmileLib_Release.dll for Windows systems in the bin/ folder, example configuration 
files in the config/ folder, scripts for visualization and other tasks such as model-building in 
the scripts/ folder, and the source in the src/ folder. The openSMILE requires additional 
standard build tools like portAudio, openCV, gcc, automake, m4 etc. [16].  
 
 
The next step in this process is the installation of Weka. The latest stable release of Weka 
can be found at https://waikato.github.io/weka-wiki/downloading_weka/. Weka 3.8 is the 
latest stable version of Weka. This branch of Weka only receives bug fixes and upgrades 
that do not break compatibility with earlier 3.8 releases, although major new features may 
become available in packages. The installation process is quite easy and direct. First unzip 
the zip file. This will create a new directory called weka-3-8-4. To run Weka, change into 
that directory and type “./weka.sh”. 
 
The pipeline provided to us, by the advisor, is scripted in python. The plotting of actual and 
predicted numeric values in parkes error grid is done, by using the ega packages and ggplot 
packages in R. The way to install R in ubuntu, is through the terminal. 
 

 Press Ctrl+Alt+T to open Terminal. 
 Then execute sudo apt-get update . 
 After that, sudo apt-get install r-base. 

To run the R statistical package, execute R in the Terminal.  
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4.4.2 PROCEDURE 
 
 

EXPERIMENTAL PROCEDURE FOR CATEGERICOL PREDICTION  
 
For  classification approach [4] initially the data provided to us, that is the sound files, are 
retrieved in the process, which is discussed above in the method. 
 
We have conducted this experiment in VMWare software. The Ubuntu 18.04 LTS operating 
system is installed. The openSMILE and WEKA tools were installed. The pipeline provided 
to us by the advisor contains a program that instructs the tool openSMILE to receive the 
sound files to undergo the feature extraction process. The received sound files, after 
undergoing the feature extraction process, we choose a single two-class classifier (<9,>9) 
as a mapping and an emo-large.arff file is generated that contains all the features that 
extracted after the process. Then according to the program, the file undergoes feature 
selection process in Weka, and a cleaned-emo-large.arff file is generated. The generated 
cleaned-emo-large.arff file is classified with different classifier algorithm model options 
available in Weka. We choose to take 10-fold cross validation and 212-fold cross validation 
for classification. After the classification process, An output model is generated which 
contains the values of summary of the output, the actual and predicted values of the blood 
glucose level, along with other performance metrics like accuracy, confusion matrix.  
 

 
                          Figure 9: categorical prediction process with incorporated PEG 
 
INCORPORATION OF PEG FOR CATEGORICAL CASE: 
 
We incorporate parkers error grid with the pipeline and here PEG will be accounted via 
cost sensitive learning without modifying underlying classification algorithm, we use 
confusion matrix to device an analogous PEG. 
 
When we have guessed a critical event (main diagonal), no penalty: errorA = errorA + 0 
we see, the main diagonal here in the confusion matrix are the instances placed in true 
positive (TP) and true negative (TN) and they are analogous to zone A and zone B of a 
parkers error grid as they are clinically accurate and no altered clinical reactions are 
required. 
 
If it is a false alarm (glucose is in the normal, but we said it is not) is analogue to zone C 
errorB = errorB + 1. It is denoted by false positive (FP) in the confusion matrix. If we are 
missing a critical event (action was required): errorA = errorA + 1 this case is analogous 
to other zones and it is denoted by false negative (FN) in the confusion matrix. Later we 
check the confusion matrix has any no penalizing border lines cases where the values with 
less than 10% deviation. Later a standard is imposed on the percentage of errorA and 
errorB. And a cost sensitive wrapper is added to tune the performance to the required 
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level, where we impose less cost to false positive and certainly high cost to false negative 
as it is a critical event. 
 

 
 

Figure 10: Nominal PEG from Confusion Matrix 
 
 
EXPERIMENTAL PROCEDURE FOR NUMERICAL PREDICTION 
 
In the above process, the generated emo-large.arff file, contains nominal values. The 
process of categorical mapping, which is done by the pipeline, receives nominal attributes 
as input. By removing the categorical mapping and replacing it with “numeric”, we generate 
another emo-large.arff file with numeric class values. Later the file undergoes feature 
selection and different regression algorithms in Weka are used with 10-fold and 212-fold 
cross validation in order to obtain performance metrics and output predictions. After the 
process, we obtain an output model consisting of the summary of output (RMSE, MAE, 
etc.), and actual and predicted values of blood glucose level. These actual and predicted 
values obtained after the regression process are retrieved in a .csv file. The data in this file 
is given as input to plot parkes error grid, using ega packages and ggplot2 packages, in R. 
Different PEG graphs are obtained for SVM, SMO and linear regression. We calculate the 
zone percentage of each zone. 
 

 
Figure 11: numeric prediction process with incorporated PEG 

 



 

28 

5 RESULTS AND ANALYSIS 
 

5.1 Results based on numerical prediction 
 
We obtain the results for numerical prediction based on output predictions <ground truth, 
predicted value>, we obtain the statistical errors like root mean square error, mean absolute 
error, root absolute error, root relative square error from WEKA and these errors are 
calculated based on formula and definition shown in the background. We see the parkers 
error grid results obtained based on different zones where the output predictions <ground 
truth, predicted value> are plotted on different zones according to the distance between the 
actual and predicted values if there is no distance between the predictions or if the distance 
between the predicted values is very less and non-penalizing,  the values fall under zone A 
and zone B. Else they fall in other zones based on the how far is the predicted value is from 
ground truth. If values are in zone A means medically accurate result, zone B means 
medically acceptable, zone C means unnecessary treatment and zone D means failure to 
detect dangerous conditions. 
 
Tables below show us the empirical results obtained for different regression classifiers 
SMO, SVM and linear regression for 10-fold cross validation and 212-fold cross validation. 
 
 

 
 
 
 
 
 
 
 
 
 

Table 1: 10-fold cross validation 
 

 
 
 
 
 
 
 
 
 
 
 

Table 2: 212-fold cross validation 
 
 
 
 
 

  
Zone A 

PEG 
Zone B 

 
Zone C 

 
Zone D 

RMSE 

SMO 40.56% 43.39% 16.03% - 2.82 

SVM 47.64% 41.03% 11.32% - 3.03 

Linear 
Regression 

40.56% 39.62% 17.92% 1.88% 3.02 

  
Zone A 

PEG 
Zone B 

 
Zone C 

RMSE 

SMO 45.22% 41.03% 12.73% 2.60 

SVM 45.75% 43.39% 10.84% 2.99 

Linear 
Regression 

43.86% 40.09% 16.03% 2.65 



 

29 

RMSE – PEG 
 
RMSE is a prediction error which is more often used in literature. We see the RMSE values 
calculated in tables are based on the formula given in the background. Lower the RMSE 
value better the algorithm overall accuracy. We see linear regression has high RMSE value 
among all, this is because of the outliners (if the difference between actual and predicted 
value is high, they are outliners). These outliners are emphasized, which is affecting the 
overall accuracy, whereas this kind of predictions in parkers error grid are placed in higher 
zones like zone D and do not affect the accuracy. Even though the metrics like RMSE are 
essential to understand the performance and predicting the accuracy of the different models 
from a regression analysis point of view, as they are calculated based on magnitude, they 
are sensitive to outliner and they do not provide any information about the clinical impact 
of the prediction errors and their consequences on medical treatment decision [2]. Whereas 
by using parkers error grid we are able to assess the performance clinically and we see 
outliners are not affecting the overall accuracy. 
 
Better Classifier based on PEG and Statistical error: 
 
Analysis based on 10-fold cross validation 
 
The below graph gives us the results obtained from 10-fold cross validation. We check for 
the best classifier based on accuracy. According to paper [36] only zone A percentage is 
considered to be the accuracy percentage, whereas based on the paper [37] [2] both zone A 
and zone B are taken as classifier accuracy. So, from the analysis of the graph shown below 
we see SVM (support vector machine) classifier gives us highest accuracy that is 47.67% 
when only zone A is considered and 88.6 % when zone (A+B) are considered followed by 
SMO with 40.5% (A) and 83.5% (A+B) and linear regression. In the graph shown below, 
x-axis represents the Zones of PEG, whereas y-axis represents the percentage of predicted 
instances in each zone.  
 

 
 

Figure 12: 10-fold cross validation. 
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Analysis based on 212-fold cross validation 
 
From the analysis of the graph below, we see the SVM (support vector machine) classifier. 
Gives us the highest accuracy that is 45.7 % when only zone A is considered and 89.2% 
when zone (A+B) is considered for 212 cross validation followed by SMO 45.22% (A) and 
86.2% (A+B) followed by linear regression. We also see the accuracy percentage is 
improved for 212 cross validation. In the graph shown below, x-axis represents the zones 
of PEG, whereas y-axis represents the percentage of predicted instances in each zone.  
 

 

 
 

Figure 13: 212-fold cross validation 
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5.2 Results based on Categorical prediction 
 
We obtain the results for categorical prediction based on the confusion matrix that is 
obtained in the Output Model. We obtain the TP, TN, FP, FN values from the confusion 
matrix, that is obtained after the cost sensitive classification in Weka, from which we 
calculate the CTP, CTN, CFP, CFN values as shown in background. Using the procedure 
that is explained in experimental setup and procedure, we have calculated the PEG accuracy 
and listed the obtained results in the table below. We also obtain the recall values of both 
classes, from which we calculate the unweighted average recall, and the results are listed in 
the table below.  
 
Tables below show us the empirical results obtained for the classifiers J48 – decision tree, 
Naïve Bayes and SMO for 10 – fold cross validation and 212 – fold cross validation. 
 

 
Table 3: 10 – fold cross validation 

 

 
Table 4: 212 – fold cross validation 

 
 
 
 
 
 
 
 
 

 PEG PEG % PEG-Error 
percentage % 

UAR  UAR % UAR-Error 
percentage % 

J48 0.835 83.5 16.5 0.55 55 45 

Naïve 
Bayes 

0.84 84 16 0.8255 82.55 17.45 

SMO 0.7831 78.31 21.69 0.65 65 35 

SGD 0.787 78.7 21.23 0.7725 77.25 22.75 

 PEG PEG % PEG-Error 
percentage % 

UAR  UAR % UAR-Error 
percentage % 

J48 0.73 73.59 26.41 0.59 59 41 

Naïve 
Bayes 

0.865 86.5 13.5 0.864 81.61 18.39 

SMO 0.759 75.95 24.03 0.68 68 32 

SGD 0.787 78.7 21.23 0.74 74 26 
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 UAR – PEG  
 
The nature of class imbalance distribution could occur in the situation, when class 
imbalance is an intrinsic problem, or it happens naturally. [45] This might be financial data , 
communication data and so on.  
 
We see that the confusion matrix obtained for 10-fold cross validation and 212-fold cross 
validation are imbalanced class-wise. Accuracy is probably the most straightforward and 
intuitive metric for classifier performance. It is simply counting the number of times we 
predicted the right class over total number of predictions. But in case of imbalanced class 
distribution, accuracy is clearly not a good choice of metric to use. UAR can be a good 
choice. The main advantage of the UAR over other metrics is that, in an unbalanced class 
scenario, the latter is very biased towards performance in the biggest class ,whereas the 
UAR tackles this problem by the inclusion of weighing factor. Yet we cannot depend on a 
weight-based metric for the performance of a classifier, in this case, as we are dealing with 
medical information, and small errors can be extremely dangerous. [46] Hence, we choose 
PEG. In PEG, an error can be differentiated as type 1 and type 2. The type 1 and type 2 
errors are used extensively in Endocrinology these days. Considering an analogues PEG 
with help of confusion matrix provides us with the TP and TN values, which are considered 
as correctly classified instances and are analogues to zone A. Whereas FP and FN values 
are the type 1 and type 2 errors. FN is predicting a normal blood glucose level for a person 
who actually has abnormal blood glucose level. It is considered more dangerous than FP, 
where the person has normal glucose level, but the device predicts an abnormal glucose 
level. FN is penalized with a high cost compared to FP. Hence, we are using PEG via cost-
sensitive learning, by applying the cost-sensitive wrapper to the classifiers during 
classification. As PEG provides us with the above-mentioned clear understanding of the 
performance of the device, it is considered to be a better metric, than UAR for this kind of 
data. As, though UAR is a good metric to use for unbalanced class-wise data, it doesn’t 
provide us the information about type 1 and type 2 errors. 
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Better Classifier based on values of PEG and UAR: 
 
Analysis based on 10 cross fold validation 
 
The below graph shows us the results obtained mapping (<9,>9) from 10-fold cross 
validation. We check for the best classifier based on PEG and UAR, as we consider that 
both the metrics are good for evaluation of the performance. From the results obtained, 
Naïve Bayes classifier gives best results for our study, as the percentage of correctly 
classified instances in PEG is 86.8% and the UAR is 82.55%. Whereas, J48 classifier gives 
82%, SMO classifier gives 78.31% and SGD classifier gives 78.7% for PEG, as shown in 
Table 3. In the graph shown below, x – axis represents the classifiers used for categorical 
case, whereas y- axis represents the percentage values obtained after applying UAR and 
PEG.  
 
 
 

 
 

Figure 14: 10-fold cross validation 
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Analysis based on 212-cross fold validation 
 
The below graph shows us the results obtained from 212-fold cross validation for (<9,>9) 
mapping. we check for the best classifier based on PEG and UAR, as we consider that both 
the metrics are good for evaluation of the performance. From the results obtained, Naïve 
Bayes classifier gives best results for our study, as the percentage of correctly classified 
instances in PEG is 87.4 %. And UAR is 81.61% Whereas, J48 classifier gives 85%, SMO 
classifier gives 75.95% and SGD classifier gives 78.7%, as shown in Table 4. In the graph 
shown below, x – axis represents the classifiers used for categorical case, whereas y- axis 
represents the percentage values obtained after applying UAR and PEG.  
 
 

 
 

Figure 15: 212-fold cross validation 
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6 CONCLUSION AND FUTURE WORK 
 

6.1 Conclusion based on numerical prediction. 
 

When the biomarker  is being validated for regulatory or clinical purposes, a method 
comparison study is  performed and in order to be approved, it should meet the requirement 
for accuracy. We use both the actual value and the and predicted values are used to  compare 
the results.  We see the  statistical success metrics measure like RMSE are unsuitable to 
describe clinical accuracy as they are affected by the outliers and the clinical consequence 
of treatment decisions based on BG (Blood Glucose) . whereas by using parkers error grid 
we are  able to assess the performance clinically and we see outliners are not affecting the 
overall accuracy also the non-penalizing values with  10% distance between them are  not 
considered. 
 
We see that the SVM (support vector machine) algorithm as best one to use for the 
biomarker as it is giving us good accuracy for both 212-fold and 10-fold cross validation. 

 

6.2 Conclusion based on categorical prediction. 
 
After, all the effort that is put into this study, we conclude in categorical case, that both, 
PEG and  UAR metrics can be considered, as the data is imbalanced class-wise distribution. 
But PEG, which is derived through cost sensitive wrapper is a better metric to use especially 
for a pipeline like ours which deals with blood glucose level data.   
 
We also conclude that Naïve Bayes Classifier is better, for the classification process based 
on the output from PEG and UAR, 10 – fold and 212 – fold cross validation.  
 

6.3 Future work  
 
 
In future the experiment could be carried out with other error grids like the surveillances 
error grid and the clinical accuracy of the BG meters can be analyzed with this error grid 
too. 

 
The pilot study could be extended to a greater number of patients and a greater number of 
sentences could be considered as we have used Swedish corpus the experiment could be 
extended to other languages and the data accuracy could be checked with parkers error grid. 
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6.4 Research Questions 
 

6.4.1 Question: 
Must we apply Parkes error grid instead of statistical error(RMSE) in glucose estimation 
from voice? 

 
Answer: We answer this based on literature study in background and keen observation of  
the empirical results obtained after experimentation in table 1 and table 2. In background 
3.4.2 we see literature study about statistical errors along with mathematical formulas of 
how there are calculated. In general, RMSE is the most used error metric for blood glucose 
values. But from seeing the comparison between the RMSE-PEG, we see RMSE error 
metric cannot handle outliners and an extra weight is added to the value if there are 
outliners .Where as in clinical assessment  process we can easily see and evaluate based on 
different percentage zones we can identify the accuracy and we can also see the outliners 
are placed in higher zones unaffecting the accuracy.  
  

 

6.4.2 Question: 
Must we apply Parkes error grid instead of UAR in glucose estimation from voice? 

 
Answer: We answer this based on the literature study in background and keen observation 
of the results obtained during the study. As mentioned in the comparison between UAR and 
PEG, though UAR is a valid metric to understand the performance of a classifier in 
unbalanced class-wise distributed data, we cannot depend on a weight-based metric to 
analyze medical data. It doesn’t provide the type 1 and type 2 errors, which are extensively 
used in endocrinology and provide us a better understanding of the performance of the 
classifier. Whereas PEG provides us with a clear understanding of correctly and incorrectly 
predicted instances along with type 1 and type 2 errors. Hence, we conclude stating that 
PEG must be applied instead of UAR, in glucose estimation from voice, for a better 
understanding of the performance of the system. 
 
 

6.4.3 Question: 
How to devise an analogue of PEG for a categorical case?  

 
Answer: PEG in categorical case  will be accounted via cost sensitive learning without 
modifying underlying classification algorithm. After good literature study we see the 
performance metric confusion matrix can be used to device PEG. The literature study about 
this confusion matrix is background. And how PEG is devised for categorical case is seen 
in page 35 under heading incorporation of PEG for categorical case. 
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6.4.4 Question: 
Which is the best suitable machine learning model that can be used for getting better 
performance based on output accuracy? 

 
For numerical prediction, we see different algorithms are evaluated  and based on the output  
accuracy from 10-fold cross validation graph and 212-fold cross validation graph, we see 
support vector machine (SVM) is the best suitable machine learning model  gives us highest 
accuracy based on others.88.6 % for 10-fold cross validation  and 89.2%  for 212-fold  cross 
validation. 
 
For categorical prediction, naive bayes classifier is a better choice for classification, as it 
has given better results for both PEG and UAR, for both 10-fold and 212-fold cross 
validation. 
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8 APPENDIX – I 
 

Zip files used for  open smile: 

 
 

 
 
Weka installation 
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9 APPENDIX – II 
 

 
 

Linear 10-fold 
 

 
Linear 212-fold 
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SMO 10-fold 

 
SMO 212-fold 
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SVM 10-fold 

 
 

SVM 212-fold 
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