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Abstract 

Zebrafish (Danio rerio) is one of the model organisms used for epilepsy research and have been 

found to have enormous potential for modelling acute seizures and genetic epilepsies. In this 

project, a mathematical classification model was created with the aim of correctly classifying 

zebrafish larvae having an (PTZ induced) epileptic seizure. The model also computes 

biomedical parameters describing behavioural attributes of the larvae. Several data mining 

approaches were implemented for the data, of which best results were obtained for support 

vector machine using second-degree polynomial kernel function. Results indicate 91.33% 

classification accuracy on training data and when run on the new testing datasets similar 

classification accuracy was obtained, 90.96%. A future application of this model is to aid in the 

development of new medication to treat epilepsy. 

Keywords: Zebrafish larva, epilepsy, seizure, pattern recognition, mathematical model, support 

vector machine, classification 
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Útdráttur 

Greining lyfja-framkallaðra flogakasta í sebrafiskalirfum 

Sebrafiskar (Danio rerio) eru með einfaldari dýralíkönum sem notuð eru við rannsóknir á 

flogaveiki. Sýnt hefur verið fram á að sebrafiskar geti orðið gríðarlega nytsamir sem dýralíkan 

fyrir bráðaflog og mismunandi erfðafræðilegar tegundir flogaveiki. Í þessu verkefni var búið til 

stærðfræðilegt flokkunarlíkan með því markmiði að flokka rétt sebrafiskalirfur sem eru með 

(PTZ framkölluð) flog. Líkanið reiknar einnig lífbreytur sem lýsa hegðunareiginleikum lirfa. 

Nokkrum gagnanámsaðferðum var beitt en support vector machine með annarar gráðu margliðu 

kernel reyndist henta best. Niðurstöður benda til 91.33% flokkunarnákvæmni. Þegar líkanið var 

prófað á ný gagnasett fengust svipaðar niðurstöður eða 90.96% rétt flokkaðar lirfur. Líkanið 

verður hægt að nota til þess að þróa ný lyf við flogaveiki. 

Efnisorð: Sebrafiskalirfur, flogaveiki, flog, flokkunarfræði, stærðfræðilegt líkan, support 

vector machine, flokkun 
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1 Introduction 

Epilepsy is a complex neurological disorder linked to an imbalance of excitatory and inhibitory 

processes associated with distant motor behaviour [1], [2]. It is currently unclear how genetic 

and environmental mechanisms can cause epilepsy [1]. Epilepsy has several symptoms and the 

seizures can manifest in various ways. This disorder affects roughly 70 million people 

worldwide [3], [4]. 

Several animal models have been used for epilepsy research, mostly mammalian species.  

Simpler models, such as the common fruit fly (Drosophila melanogaster) have also been used. 

Of the simpler models, zebrafish (Danio rerio) have the advantage of being vertebrates and 

thereby more similar to humans. They have been found to have enormous potential for 

modelling acute seizures and genetic epilepsies [5]. Zebrafish share much of their genetic 

material (70%) with humans and their organs have similar functions [4], [6], [7]. The popularity 

of the freshwater fish is mainly built on their fertility, the larvae’ transparency, short incubation 

period, ease of handling, in addition to the fact that zebrafish are well described with respect to 

genetics, neurobiology and development [8]–[10]. 

When using zebrafish for modelling acute seizures, the seizures are induced by introducing 

them into a concentration of a convulsant agent (pentylenetetrazole, PTZ) [2], [11], [12]. The 

data used in this project was pre-recorded and consisted of two sample groups of 5 day old 

zebrafish larvae. The first group was the comparison group, i.e. naïve larvae given no drugs. 

The second group was composed of larvae who had been placed in a 5 millimolar (mM) PTZ 

solution at the beginning of the experiment. The video recordings of the larvae were converted 

into numerical data with twelve variables stored for each larva. 

The main focus of this thesis is to create and develop a mathematical classification model by 

computing biomedical parameters and utilizing pertinent classification methods (and 

developing them if needed) in order to determine whether an unidentified zebrafish larva 

exhibits signs of (chemically induced) epileptic seizure or not. It is also of importance to make 

the mathematical model as simple as possible in order to be easy to interpret. One of the things 

that will be explored is how many parameters are needed for the model to be able to classify 

the larvae with enough accuracy. 
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1.1 Motivation 

The motivation behind this project is the desire to contribute to ongoing research for new and 

improved treatments of epilepsy. By creating a mathematical classification model capable of 

accurately determining whether a zebrafish larva is having an epileptic seizure and using it to 

screen for the effects of new pharmaceuticals (drugs) being tested, it is hoped that this can be 

of help in further research, when developing new pharmaceuticals to treat epilepsy. 

1.2 Research Questions 

A total of five research questions need to be answered in order to achieve the main goal of this 

thesis. The primary question is: 

1. What are the biomedical parameters that represent an epileptic seizure for an 

unidentified zebrafish larva? 

Finding these parameters is of utmost importance in order to accurately classify the unidentified 

larvae using statistical methods. 

The trajectory and the location of the larvae could thus aid in the detection of an epileptic 

seizure. This led to the next research questions: 

2. What is the location of the zebrafish larva in the well of a microwell plate and how 

can it and the trajectory be computed? 

3. Is there a significant difference between a direct or non-direct trajectory? 

a. Is it possible to generate an equation that can determine whether the 

zebrafish swims clockwise or counter clockwise? 

The third research question is based on the hypothesis that there is a significant difference in 

the trajectory between the two groups. Zebrafish with chemically induced seizures have been 

found to exhibit three defining behaviours; increased swim activity, rapid whirlpool-like 

circulation or a series of brief convulsions resulting in immobile larvae for up to three seconds 

[2], [4], [11]. Assuming that the datasets exhibit similar behaviours for the PTZ group, it may 

be possible to use the trajectory to help identify the larvae having epileptic seizures. 
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All the aforementioned research questions lead up to: 

4. Is there a significant difference between the biomedical parameters of each 

zebrafish larvae group? 

After computing the biomedical parameters for each zebrafish larva it is important to find the 

optimal pattern recognition classification method to identify which group the unidentified larva 

belongs to.  

5. Which classification methods best fit the biomedical parameters, and can 

accurately classify unidentified zebrafish larva? 

1.3 Objectives 

This thesis has four main objectives, aimed at assisting in the creation of the aforementioned 

mathematical classification model. 

1. Identify a single or as few parameters as possible that represent an epileptic seizure in 

an unidentified zebrafish larva. 

a. Explore different methods to compute the biomedical parameters from the 

recorded datasets and store them in a new datasheet. 

b. Explore the biomedical parameters and zebrafish larva behaviour with one-

dimensional classification. 

i. Identify mean velocity and acceleration, distance moved, number of 

turns (clockwise and counter clockwise) of each zebrafish larva. 

c. Explore which biomedical parameters are important for determining and 

accurately classifying an epileptic seizure, with the aim of using as few 

parameters as possible. 

2. Explore the trajectory and try to distinguish between clockwise and counter clockwise 

swimming directions. 

3. Explore different zebrafish larvae groups, with and without PTZ drug, to examine if 

there is a difference between the groups, using a two sample t-test. 

4. Identify which classification method will generate the most accurate results with regards 

to identifying epileptic seizures in zebrafish larvae. 

a. Explore different classification methods with MATLAB; neural network, 

support vector machine and Gaussian mixture model. 
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b. The written mathematical model should be able to operate using GNU Octave 

open source interface [13], [14]. 

1.4 Structure of the Thesis 

Chapter 1 is the introduction to this study and outlines its path. Chapter 2 consists of a 

theoretical background with the introduction to this study. Chapter 2.1 includes epilepsy 

research with respect to induced seizures in zebrafishes and biomedical parameters. Chapter 2.3 

discusses the theoretical background of neural networks, support vector machines and Gaussian 

mixture models. Materials and methods employed in this study are covered in chapter 3 and 

chapter 4 displays the results. Chapters 5 and 6 consist of discussion and conclusions from this 

study along with possible future applications. 
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2 Theoretical Background 

2.1 Epilepsy in Zebrafish Larvae 

Epilepsy in humans is sometimes defined as exhibiting “[…] recurrent self-sustained 

paroxysmal disorders of brain function characterized by excessive discharge and cerebral 

neurons” [5, p. 339]. Animal models used in epilepsy studies seek to mimic the abnormal 

electrographic discharges along with as many as possible features including neuroanatomical, 

biochemical and genetic. Similar to this project, many studies induce seizure events with drugs 

however studies indicate that zebrafish models advantages lies in modelling genetic epilepsies 

[5]. 

Zebrafish larvae membranes are permeable to drugs placed in the bathing medium. This leads 

to increased sensitivity of locomotion and electrophysiology assays that could lead to a novel 

breakthrough in discovering new antiepileptic drug (AED) [5]. In this project, 

pentylenetetrazole (PTZ) drug was used to induce seizures in the zebrafish larvae treatment 

group. “PTZ is a competitive antagonist of the GABAA (gamma-aminobutyric acid type A) 

receptor, binding to the picrotoxin site of the channel and acting via an allosteric interaction on 

the channel” [11]. This leads to an obstruction of chloride, Cl-, conductance as well as formation 

of inhibitory postsynaptic potentials, resulting is an increase in glutamatergic excitability. This 

methodology of drug-induced seizures in zebrafish larvae, including adults, is well established 

[2], [11], [12], [15]. 

Seizure activity in both larva and adult zebrafish can be categorised into three stages using 

electrophysiologic and pharmacologic analysis. The stages are as follows [2], [11]: 

1. Increased swim activity. 

2. Rapid whirlpool-like or corkscrew-like circulating swim behaviour. 

3. Series of brief convulsions leading to the larval to be immobile for 1-3 sec on its side. 

The concentration of the drug controls which stages the zebrafish larva exhibits. Meaning, a 

larva given 5.0 mM PTZ should show signs of stage one and two during observation but it is 

unlikely that it would exhibit signs of stage three [2]. Detection of these induced seizures stages 

has been used in studies for both larva and adult zebrafishes [2], [15]. 
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Biomedical parameters describing zebrafish behaviour have been studied. In 2005 Baraban et 

al. observed swimming behaviour of a 7 day post-fertilization (dpf) zebrafish larvae by 

computing the distance travelled and classifying induced seizure stages [2]. In 2010 Wong et. 

al. performed analyses using both manual and video-tracking methods on adult zebrafish. 

Several parameters were computed, including; locomoter responses (i.e. distance travelled, 

velocity and freezing bouts), time durations depended on area of the tank, erratic movement, 

corkscrew and circular swimming [15]. Table A.1 in Appendix A shows current method of 

observation needed to compute parameters, manually or with computer technology, how they 

are defined and interpreted [1]. 

Measurements of other factors that may determine an induced seizure have also been studied. 

Baraban et. al. performed electrophysiology experiments in vivo where field electrode was 

placed under visual guidance in the optic tectum in 7 dpf larvae to monitor electrical activity. 

In the same study, c-fos mRNA was measure in immediate early gene (IEGs) expressions [2]. 

In adult zebrafish several studies have been performed including; cerebral field potential [3] 

and 3D reconstructed brain using magnetic resonance imaging (MRI) [4]. Studies have shown 

that drug-induced seizure in zebrafish causes incensement in cortisol concentration compared 

to the control group, the response time is similar to humans as can be seen in Figure 2.1 [4], 

[15], [16]. 

 

Figure 2.1: Response time to stress induced in humans and zebrafish [4]. 

Machine learning has shown promising results using zebrafish models. Support vector machine 

(see 2.3.2) classification method has been used to assess epilepsy in zebrafish using i.e. in vivo 

hippocampal brain slices, giving classification accuracy of 86.9% between control and drug-

induced groups [17]. 
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2.2 Missing data 

Missing or incomplete data values in datasets are a common occurrence and it is important to 

handle such missing values correctly when applying classification models. There are two types 

of missing data: Missing data at induction time (when the missing data is in the training dataset), 

and at prediction time (i.e. missing data in test data) [18]. 

The are two conventional approaches in dealing with missing data, that are widely used [19]: 

1. Delete all values for each and every variable that correspond to that specific sampling 

time if one or more of them are missing. 

2. Computing or imputing values to represent the missing variables. 

The second approach in only useful when the percentage of missing data values is sufficiently 

small with respect to the original dataset [19]. The RU Neurolab / 3Z Pharmaceuticals has a 

protocol for discarding the entire data set if a zebrafish larva has more than 5% missing values. 

A distinction is made between the types of missing values in training datasets [20]: 

 Missing completely at random (MCAR) 

 Missing at random (MAR) 

 Missing not at random (MNAR) 

MCAR are values in datasets that are missing without any meaning or indication why they are 

missing, similar to the datasets used in this thesis [20]. MAR data represents the probability of 

missing values that are independent from the dataset itself. MNAR is the opposite of MAR, the 

probability of missing values depends on the datasets [19]. Prior knowledge of training dataset 

such as what the data represents is very important. It controls how missing data is managed, 

since it can affect the outcome of the classifier [18]. Discarding or computing values for missing 

values on a whim is deemed unacceptable. 

2.3 Pattern Recognition 

In order to accurately identify an epileptic seizure in an unidentified zebrafish larva, visual data 

is needed, and pattern recognition algorithms allows for a convenient way of interpreting such 

data. Pattern recognition can be viewed as a machine observing its environment and learning to 

e.g. identify a speech signal or - as in this case - distinguish patterns of interest from their 
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background [21]. Depending on the pattern at hand, recognition / classification is divided into 

three learning categories [21]–[23]: 

1. Supervised learning: The training data consists of input vectors containing information 

along with corresponding target vector indicating which class the input vector data 

belongs to, for example classification problems. 

2. Unsupervised learning: The training data consists of input vector without 

corresponding target vector or unknown class, for example clustering or density 

estimations problems. 

3. Reinforcement learning: Supervised learning is used to train and reduced error in order 

to maximize the reward (high classification accuracy and low error rate) of the model. 

Pattern recognition models that address dimensionality are crucial for large datasets. 

Classification methods that have shown promise in dealing with pattern recognition problems 

are i.e. neural network, support vector machine and Gaussian mixture model [22], [24]. Neural 

network and support vector machine use supervised learning but Gaussian mixture model 

unsupervised learning [22]. 

2.3.1 Neural Network 

A neural network is a system of mathematical models and data structures that approximates or 

mimics the operations of the human brain. More specifically, the information processing 

between neuron cells. Neural network representation can be seen in Figure 2.2 [22]. It is a very 

practical application for pattern detection and classification of biosignals [21], [25]. Feed-

forward network is the most common form of pattern recognition with multilayer perception 

[21]. Self-Organizing Map (SOM) is another popular network used mainly for feature mapping 

and clustering data [21], [26]. 

 

Figure 2.2: Example of a neural network diagram for the two layer neural 

network for equation (2.1) [22]. 
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Looking closer at the feed forward neural network, a training data with an 𝑥𝐷 vector is given as 

an input argument in the network along with a corresponding target vector that has the same 

length as the input. This results in output arguments with 𝑦𝐾. The weight vectors first connect 

the input and the hidden layer (𝜔𝑀𝐷
(1)

) and then hidden layer and the output (𝜔𝐾𝑀
(2)

). The overall 

network function for feed forward neural network is [22]: 

 

𝑦𝑘(𝒙, 𝒘) = 𝜎 (∑ 𝜔𝑘𝑗
(2)

ℎ (∑ 𝜔𝑗𝑖
(1)

𝑥𝑖

𝑁

𝑖=1

+ 𝜔𝑗0
(1)

)

𝑀

𝑗=1

+ 𝜔𝑘0
(2)

) (2.1) 

where 𝑗 = 1, … , 𝑀 and 𝑘 = 1, … , 𝐾. Weights are 𝜔𝑗𝑖
(1)

 and 𝜔𝑗0
(1)

 are biases. The superscript i.e. 

(1) in the weights indicates the number of layers of the network. Its advantage is that networks 

have a fixed number of basic functions but during training the parameter values can be adjusted 

[22]. A backpropagation algorithm is used to minimize error for the network where it uses a 

gradient-descent method to minimize the network error [22], [25]. Nonlinear activation 

functions, both input and output, in equation (2.1) can be either regression, sigmoid or 

hyperbolic tangent [22]. 

An example of a nonlinear sigmoid activation function can be seen in equation (2.2). 

 
𝜎(∙) = ℎ(∙) =

1

1 + 𝑒−𝑎
 (2.2) 

where 𝑎 is known as activation in equation (2.1). 

Backpropagation algorithms are used to minimize the error function (sum-of-squares, see 

chapter 2.4.1) in each iteration and also to adjust the weights being made in a sequence of steps. 

This method can be divided into two stages [22]: 

1. Derivative of the error function is computed with respect to weights. 

2. Derivatives are used to further adjust the weights. 

According to the built-in toolbox used for MATLAB Neural Network Pattern Recognition 

Tools there are three main built-in error backpropagations used for adjusting the weights [27]: 

Scaled conjugate gradient (SCG), Bayesian regularization and Levenberg-Marquardt (LM). 

The performance of the network can be affected by several “meta-parameters” including 

number of hidden layers and defining the network architecture. To ensure the networks 

performance, numbers of hidden layers must be chosen with care to prevent under- or 



10 

overfitting. “Underfitting occurs when there are too few neurons in the hidden layers to 

adequately detect the signals in a complicated data set“ [28]. Too many hidden layers will result 

in overfitting the network. Several rules of thumb can be used to determine the number of 

hidden layers, for example: 

 Utilizing 2/3 of the size of the input layer as the value for hidden layer. 

 The input layer is double the size of the hidden layer. 

 The number of hidden layers should be between the value of input and output layer of 

the network. 

Of course these rules of thumb are not always sufficiently accurate. This can be due to the 

complexity of the activation function applied on the network, the network architecture, training 

algorithm and training datasets which the developed network is designed to classify correctly 

[28]. A study by Coates et al. showed that by increasing the number of hidden layers, the 

learning algorithms tested (such as Gaussian mixture model) achieved higher performance by 

increasing learning features in the input dataset [29]. However from the data presented in a 

study by Coates et al. we can see that by a large increase in the number of hidden layers will 

not increase the learning and classification accuracy significantly. This indicates that an 

adequate number of hidden layers will result in good classification accuracy and learning. 

2.3.2 Support Vector Machine 

Support Vector Machine (SVM) has recently become a popular method for solving problems 

in many fields of machine learning, such as classification, regression and novelty detection [24], 

[30]. SVM is a type of supervised learning methods which became very popular for pattern 

recognition problems, mainly used for statistical classification [17], [31]. Initially, SVM was 

designed to solve the two-class classification problem, later on it was extended to solve general 

problems which are usually multiclass classification problems, 𝐾 > 2 classes [22], [32]. The 

two main approaches to construct 𝐾 separate SVMs are one-versus-the-rest and one-versus-one 

[22], [24]. 

The basic idea behind SVMs algorithm is to perform a learning task, i.e. supervised, with known 

size of the training data. The best generalization performance of the model is obtained by 

comparing the accuracy trained model with the “capacity” of the machine and the model´s 

ability to learn with few misclassification errors [24]. “SVM divides the data samples of two 

classes by determining a hyperplane in input space that maximizes the separation between 
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them” [32, p. 56]. The data used in training are a set of vectors 𝑥𝑛 and their corresponding 𝑦𝑛 

categories. The vector values are 𝑥𝑛 ∈ 𝑅𝑑 where 𝑑 represents the vector dimensions but the 

categories 𝑦𝑛 = ±1 [22]. There are two main types of linearly separable cases; conventional 

linearly separable case and non-separable. The pair (𝒘, 𝑏) defines the hyperplane with the 

following equation [30]: 

 〈𝒘, 𝒙〉 + 𝑏 = 0 (2.3) 

where 𝒘 is a vector normal to the hyperplane and 𝑏 is a scalar quantity or a bias parameter. 

 
(A) Linearly separable case (B) Linearly non-separable case 

Figure 2.3: Simple binary classification using SVM [17]. 

Linearly separable cases, Figure 2.3(A), is when two classes are perfectly separated with an 

optimal hyperplane. The data points nearest to the separating hyperplane are classified as 

support vectors, forming the slabs boundary where positive (+) indicates data of first class and 

negative (-) for second class [17]. The instances can be correctly classified by 

 𝑦𝑛(𝒘 ∙ 𝒙𝑛 + 𝑏) ≥ 1,     𝑛 = 1, … , 𝑁 (2.4) 

The maximum margin plane is found by maximizing the 
1

𝒘
 subject to the constraint or 

equivalently to solving the following optimization problem to obtain a classifying 

determination function which are subjected to equation (2.4) [30]: 

 
min
𝒘,𝑏

1

2
𝒘 ∙ 𝒘 (2.5) 
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The linearly decision function is given by: 

 

𝑓(𝑥) = ∑ 𝑦𝑛𝛼𝑛〈𝑥, 𝑥𝑛〉 + 𝑏

𝑁

𝑛=1

 (2.6) 

where 𝛼𝑛 are the samples with non-zero Lagrange multiplier better known as support vectors 

[30], [31]. 

Linearly separable cases can be expanded to non-separable cases, Figure 2.3(B), where the 

hyperplane cannot divide perfectly between two classes. This is done by introducing non-

negative slack variable ζ𝑛 ≥ 0: 

 𝑦𝑛(𝒘 ∙ 𝒙𝑛 + 𝑏) ≥ 1 − ζ𝑛,     𝑛 = 1, … , 𝑁 (2.7) 

where ζ𝑛 represents small number of misclassified data points and only compute if the data 𝒙𝑛 

does not satisfy equation (2.4). “It is to be noted that by introducing this tolerance parameter, 

we actually ignore some training data, to have a linearly separating hyperplane” [30, p. 215]. 

Finding a hyperplane provides reduces the training error, meaning the constraint violations are 

kept as small as possible. The expanded versions of equation (2.5), subjected to equation (2.7) 

results in generalized separating hyperplane: 

 

min
𝒘,𝑏

1

2
𝒘 ∙ 𝒘 + 𝐶 ∑ ζ𝑛

𝑁

𝑛=1

 (2.8) 

where 𝐶 is the penalty parameter, which is predetermined by the user [17], [30]. If 𝐶 is small 

than we maximize the minimum distance of 
1

𝒘
 but for large 𝐶 than we minimize the number of 

misclassified data points. For intermediate values of 𝐶 the decision function is given by 

equation (2.11). 𝐶 ∑ ζ𝑛
𝑁
𝑛=1  is used to keep the number of misclassified data points under control 

which leads to a more robust solution [30]. 

 

𝑓(𝑥) = ∑ 𝑦𝑛𝛼𝑛〈𝑥, 𝑥𝑛〉 + 𝑏

𝑁

𝑛=1

,     0 ≤ 𝛼𝑛 ≤ 𝐶 (2.9) 

Using non-separable cases the training data is projected to higher dimensional inner product 

space called feature space mapping ∅(𝑥) [22], [30], [32]. In feature space the optimal linear 

hyperplane is computed (Figure 2.4) [30]. 
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Figure 2.4: Two-class classification using SVM [32]. 

Kernel function allows for all necessary operations in the input space. Training data variables 

are spanned by its describing features by using a kernel function [17], [22], [30], [32]: 

 𝑘(𝑥, 𝑥′) = ∅(𝑥)𝑇∅(𝑥′) (2.10) 

where 𝑘(𝑥, 𝑥′) is the inner product of the feature space. The SVM decision output function 

written in terms of kernel functions is given by [30]: 

 

𝑓(𝑥) = ∑ 𝑦𝑛𝛼𝑛𝑘(𝑥, 𝑥𝑛) + 𝑏

𝑁

𝑛=1

 (2.11) 

The most common kernel functions are polynomial, equation (2.12), and radial basis function 

(RBF), equation (2.13) [30], [31]. RBF is one of the most widely used kernel functions because 

it generally performs well. Each RBF basis function depends only on the radial distance, 

generally Euclidean, from a centre. Polynomial kernel is a non-stationary kernel and is best 

suited for normalized training data [17], [22], [24]. 

 𝑘(𝒙, 𝒙′) = (𝒙𝑇𝒙′ + 1)𝑞 (2.12) 

 𝑘(𝒙, 𝒙′) =  𝑒−𝛾|𝒙−𝒙′|2
     (2.13) 

where 𝑞 and 𝛾 are a kernel parameters for kernel function [30]. 
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2.3.3 Gaussian Mixture Model 

Gaussian mixture models (GMMs) have been shown to be a powerful tool for machine learning, 

pattern recognition, classification, clustering, bioinformatics and segmentation applications 

[22], [33], [34]. “Finite mixture models have been widely applied in the field of unsupervised 

statistical pattern recognition, where a pattern is considered as a single entity and is represented 

by a finite dimensional vector of features of the pattern” [35]. 

An advantage of GMM is that they only need a small number of parameters for learning. 

Expectation-maximization (EM) algorithm is an elegant way to find the maximum likelihood 

(ML) solution for Gaussian mixture models. Thereby estimating the parameters used for 

learning to optimize the solution [34], [35]. EM is very sensitive to outliers which might lead to 

excessive sensitivity for small dataset [34]. 

Gaussian mixture model is based on parameters being represented with mixture of Gaussian 

distribution over 𝐷-dimensional input vector 𝑥. The probability density function is given by 

 
Ɲ(𝑥|𝜇, ∑  ) =

1

(2𝜋)𝐷 2⁄ |∑  |1 2⁄
𝑒𝑥𝑝 {−

1

2
(𝑥 − 𝜇)𝑇 ∑  

−1

(𝑥 − 𝜇)} (2.14) 

where 𝜇 represents the 𝐷-dimensional mean vector, ∑   is the covariance or the 𝐷 × 𝐷 matrix, 

and |∑  | denotes the determinant of ∑   [22], [33]. The Gaussian mixture model is created by 

Gaussian density Ɲ(𝑥|𝝁𝑘 , ∑  𝑘 ), given by equation (2.14), as a component of the mixture 

 

𝑝(𝑥) = ∑ 𝑝(𝒛)𝑝(𝑥|𝒛)

𝒛

= ∑ 𝜋𝑘Ɲ(𝑥|𝝁𝑘, ∑  𝑘 )

𝐾

𝑘=1

 (2.15) 

where 𝑝(𝒛)𝑝(𝑥|𝒛) is the joint distribution from product rule [22]: 

 𝑝(𝑋, 𝑌) = 𝑝(𝑌|𝑋)𝑝(𝑋) (2.16) 

where 𝑋 and 𝑌 are independent factors. The marginal distribution is represented by 

 𝑝(𝑥) = ∑ 𝑝(𝒛)𝑝(𝑥|𝒛)

𝒛

 (2.17) 

where it follows every observed data point 𝑥𝑛 corresponding to latent variable 𝒛𝑛. Figure 2.5 

shows a representation of GMM where 𝝅𝑛 is the mixing coefficients which represents the 

probability of picking the 𝑛th component [22]. 
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Figure 2.5: Graphical representation of a Gaussian mixture model for a data set 

size of N [22]. 

The built-in MATLAB GMM uses an iterative algorithm that converges to a local optimum. 

This function allows for clustering and displays the classification score, indicating that the data 

point was correctly classified. Contours of constant probability can be shown visually with this 

method [36]. 

2.4 Performance Evaluation of Models 

Conventional methods of assessing the classification systems performance is to computing the 

classification accuracy, which is the ratio between correctly labelled instances or target vector 

and the testing instances or the output vector from the classification system [22], [37]. 

“However, using accuracy implicitly presumes that the class distribution of the data set is 

approximately balanced and the misclassification costs are equal, while these conditions rarely 

hold in practices” [37, p. 483]. Real-world problem are not so cut-and-dry for example, during 

training of the classifier the misclassification cost could be unknown or due to the environment 

it and the class distribution can alter [37]–[40]. In machine learning, the confusion matrix (also 

known as an error matrix or contingency table) provides reliable measurement on a multi-class 

learning system showing the classification accuracy of the classifier, indicates future 

performance as well as aiding in assessing which classifier best fit the data [41]–[44]. One way 

to assess which classifier fits best the data is to measure the misclassification rate and with 

refinements the objective is to lower it as much as possible [22]. 
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Confusion matrix for two classes, Figure 2.6, is constructed out of four outcomes where target 

and classifiers output vectors are compared together along with sensitivity, specificity and 

accuracy computations [43], [44]. The four comparison outcomes are the building block of the 

confusion matrix structure, they are: 

 True positive (TP): Both values from target and output vectors are positive. 

 True negative (TN): Both values form target and output vectors are negative. 

 False positive (FP): The target vector value is positive but the output vector value is 

negative. 

 False negative (FN): The target vector values is negative but the output vector value is 

positive. 

 Target vector   

O
u

tp
u

t 
v
ec

to
r
 True 

Positive 

False 

Positives 

Sensitivity 

Specificity 

False 

Negatives 

True 

Negatives 

Sensitivity 

Specificity 

 
Sensitivity Sensitivity 

Accuracy 

 
Specificity Specificity 

 

Figure 2.6: Confusion matrix structure 

As Figure 2.6 shows, the green squares represent the correctly decisions generated by the 

classification system and the red squares represent the error or misclassifications between target 

and output vectors. The true positive rate or tpr [%] is computed by dividing the positive 

correctly classified (TP) with total positives (P): 

 
𝑡𝑝𝑟 =

𝑇𝑃

𝑃
 (2.18) 

The false positive rate or fpr [%] is computed by dividing the negative incorrectly classified 

(FP) with total negatives (N): 

 
𝑓𝑝𝑟 =

𝐹𝑃

𝑁
 (2.19) 
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Sensitivity and specificity represent the percentages correctly classified true positive and 

negative values against the sum of true positive and negative values [43], [44]: 

 
𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (2.20) 

 
𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁

𝐹𝑃 + 𝑇𝑁
  (2.21) 

The prediction accuracy of the classification system is measured by dividing the summary of 

all true positive and negative values, green squares in Figure 2.6, with total positive and 

negative values [43]: 

 
𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁

𝑃 + 𝑁
 (2.22) 

The accuracy is represented in the blue square on Figure 2.6. Error rate is computed by 

subtracting one from the accuracy value, with decreasing the error rate the better constructed 

classifier [45]. 

2.4.1 Error Rate 

Comparing the error rate is one approach of estimating the performance of a pattern recognition 

models [45]. Computing cross entropy (CE) is one way achieving this goal. The method is used 

to estimate the negative log likelihood of the neural networks models output from the provided 

target vector of the training set for 𝐾 separate binary classification forms [22]: 

 

𝐸𝐶𝐸 = − ∑ ∑{𝑡𝑛𝑘 ln 𝑦𝑛𝑘 + (1 − 𝑡𝑛𝑘) ln(1 − 𝑦𝑛𝑘)}

𝐾

𝑘=1

𝑁

𝑛=1

 (2.23) 

where 𝑦𝑛𝑘 represents the output vector which is the predication from the model, and 𝑡𝑛𝑘 ∈ {0,1} 

is binary class labelled provided training target vector. The lower the cross entropy value from 

equation (2.23), the more accurate the models prediction is. 
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Another method of assessing the performance is to compute the sum-of-squares error (SOS), 

equation (2.24) [22], or by computing the mean squared error (MSE) for all model similar to 

regression models, equation (2.25) [46]: 

 
𝐸𝑆𝑂𝑆 =

1

2
∑{𝑦𝑛 − 𝑡𝑛}2

𝑛

𝑖=1

 (2.24) 

 
𝐸𝑀𝑆𝐸 =

1

𝑛
∑{𝑦𝑛 − 𝑡𝑛}2

𝑛

𝑖=1

 (2.25) 

where 𝑦𝑛 is the output vector from the model, and 𝑡𝑛 is the target vector which was provided 

along with the training data. Similar to cross entropy, the lower the value from both sum-of-

squared and mean squared error the closer the model is to desired output. The sum-of-squares 

and mean squares error are the same except sum-of-squared divided the sum with two while the 

other computes the average value as the name implies. Therefor either computing sum-of-

squares of mean squared error would indicate similar results. 

Relying only on error rate to measure the classifier model is insufficient therefore comparison 

between the error rate and confusion table accuracy provide better assessment of which 

classification method is superior [45]. 
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3 Materials and Methods 

3.1 Datasets 

The datasets used were provided by RU Neurolab / 3Z Pharmaceuticals. A total of 1152, five 

day old, AB strain zebrafish larvae (Zebrafish International Resource Center, USA) were used. 

The training dataset containing 960 zebrafish larvae was comprised of two equally large groups: 

naïve (control group) and PTZ (treatment group). The PTZ group had been placed in a 5.0 mM 

PTZ solution. The testing data contained 192 larvae that were evenly divided between the two 

groups. 

The larvae were placed in a 96-well microwell plate (NuncTM, Denmark), with one larva in each 

well. An Ikeagami ICD-49E camera (Ikeagami Tsushinki Co, Ltd., Japan) was used to record 

a batch of 96 zebrafish larvae at a time over approximately two hours (arbitrarily chosen time 

lapse). The recordings were converted into numerical data with EthoVision XT9 tracking 

software (Noldus Information Technology, Netherlands). Each video log holds recordings for 

a set of 96 zebrafish larvae, indicating that 96 datasets are retrieved from each log. The 

following twelve variables were recorded and stored in a text file for each larva: time trail, 

recording time, X-centre, Y-centre, area, area changes, elongation, distance moved, velocity, 

movement (moving / centre-point), movement (not moving centre-point) and result 1. 

3.2 Data Pre-processing 

The pre-processing aspect of this project was much more complex and time-consuming than 

initially anticipated, mainly due to a significant number of outliers in the training dataset. As 

the project developed there was increased emphasis on creating a general solution that only 

affects the outliers, leaving the data unmarked. This resulted in intensive pre-processing, 

including designing new modifications of known classification methods in order to make them 

work. 

The platform used throughout the development of this model is the MATLAB programming 

interface with the option of running the model on the GNU Octave open source interface [13], 

[14]. Several built-in packages were utilized in the development of the model but only the ones 

that could be operated on GNU Octave. 
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Variables used from the datasets were selected with respect to the following pre-processing 

measures. Four variables were used; time trail, X-centre, Y-centre and elongation. Due to the 

pre-processing measures, utilizing pre-recorded variables such as distance and velocity would 

have provided incorrectly computed measurements and therefore be a false representation of 

the larvae. After pre-processing, these two variables among others (see chapter 3.3) were 

recomputed to give correct indication of larvae´ behavioural changes. 

The numerical data files in our datasets present several challenging aspects including missing 

data that are represented as not a number (NaN’s), data outliers referring to data point outside 

each well, and files that contain more than 5% of missing data. Files containing more than 5% 

missing data were deleted according to company protocol. The other aspects will be covered 

below. 

3.2.1 Missing Data Values 

The missing data points are often meaningless, missing completely at random (MCAR) since 

the zebrafish larvae was observed with a video camera [20]. There are two main methods of 

approaching the common dilemma of incomplete datasets [18], [19]: 

 (Predictive) value imputation: meaning that all variables that correspond to a specific 

factor are deleted if at least one of them is missing. 

 Distribution-based imputation: meaning that missing values are replaced with new 

prediction based computed values. 

Mean distribution-based imputation was applied to the converted text files. In this modified 

approach, the mean distributed values were computed from the first and last obtained value 

after the missing value or not a number manifests in each text file. 

Another approach to handle missing or incomplete data sets is to discard the complete dataset 

if more than 5% of x and y coordinates are missing. The RU Neurolab / 3Z Pharmaceuticals 

has such a protocol in place. Table 3.1 shows the statistics of the pre-recorded datasets used to 

train, validate and test our mathematical classification model. 
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Table 3.1: Statistic for datasets used in this mathematical model 

 

Number of 

datasets 

Used datasets 

[%] 

Missing data in 

used datasets [%] 

Naïve training 480 94.58 1.71 ± 0.44 

PTZ training 480 95.21 1.61 ± 0.97 

Testing data set 192 97.92 1.59 ± 0.51 

  

49 datasets had more than 5% missing data and were discarded or 5.10% of the 960 zebrafish 

larvae datasets. Of the remaining datasets, 49.84% were naïve (1.61 ± 0.967% missing data) 

and 50.16% swam in PTZ water-based solution (1.71 ± 0.438% missing data). The unclassified 

zebrafish larvae had only 4 datasets that contained more than 5% missing data and therefore 

were discarded (2.08% of the 192 testing datasets). The remaining datasets had 1.59 ± 0.514% 

missing data. 

3.2.2 Outliers 

Each well in a 96-well microwell plate is 7 mm in diameter according to measurements and 

protocol from the RU Neurolab / 3Z Pharmaceuticals. When extracting the data from the video 

track using EthoVision XT9 tracking software, a template placed over the microwell image and 

it allows to extract data for each larva within its 7 mm well. Thereby preventing the tracking 

software from sensing a larva beyond the microwell’s perimeter. 

The training data used for this project contained several outliers that is data points that are 

outside the microwell’s perimeter. It is not quite clear what caused the outliers since the video 

tracks of the larvae all appear normal. There are two working hypotheses: Firstly, there may be 

an error in the extraction algorithm in EthoVision XT9 tracking software when the video track 

is converted into numerical datasets [4]. Secondly, the light underneath the microwell plate 

could cause shadows resulting in wrongly detected movements due to the positioning of the 

camera above the microwell plate. According to Snell’s law the displacement of the zebrafish 

during video recording can be explained by the reflection of the fish underwater. Since the 

camera is placed directly above the microwell plate there might be an angle from the normal at 

the outer edges of the plate [47], [48]. According to RU Neurolab / 3Z Pharmaceutical, these 

outliers have not appeared previously in recorded data used, for example in published articles 

on zebrafish sleep research [8]–[10]. 
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To correct these outliers, the following steps were taken: 

 If elongation values was equal to not a number, both x and y coordinates were replaced 

with not a number values. 

 The maximum diameter of the well was chosen to be the same size as the actual well (7 

mm) and the minimum 5 mm which was arbitrarily chosen, mainly due to the fact that 

the data showed at least 5 mm difference between the maximum and minimum x and y 

coordinates. 

 In each iteration: 

o The diameter was reduced by 0.32 mm. 

o The number of data points per area was computed for the larger and the smaller 

(i.e. reduced) diameter. 

o The new well centre was found by performing a thousand iterations inside this 

one where a new x and y value for the centre is computed by randomly moving 

it a few hundredths of a millimetre at a time, while giving the initial iterations 

more weight. Each time when a new x and y centre is computed, the number of 

data points from its centre to the half of reduced diameter is computed. If that 

number is higher than the number of data points for the reduced diameter, a new 

centre is found. 

o Each new iteration replaces the value for the larger diameter with the reduced 

diameter but only when these following conditions are true: 

 If the larger diameter is larger or equal to the chosen minimum diameter 

(5mm). 

 If the difference between the numbers of data points per area is larger 

than 0.02 times the number of data points per area for the reduced 

diameter. 

After implementing these steps a new well centre for each larva has been located along with 

the optimal diameter. Data, x and y coordinates, outside the diameter is replaced with not a 

number (NaN’s) value. Figure 3.1 shows the end results of the algorithm to rule out outliers. 

The original data, seen as blue dots, are plotted directly from the pre-recorded datasets. After 

ruling out all the outliers with various methods the correctly placed data points were coloured 

red. 
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Figure 3.1: Ruling out outliers in the text files for a PTZ dataset. 

The not a number were replaced with computed mean distributed values for x and y coordinates. 

In addition to these pre-processing methods, the coordinates were projected to the origin (0,0) 

so that the corrected centre, on Figure 3.1, is at the origin and the data points distributed exactly 

the same way as before. 

3.3 Biomedical Parameters 

Computations of biomedical parameters are a part of the one dimensional classification of this 

mathematical model. The computer program MATLAB (2015a, Mathworks) was applied for 

all data analysis and computations as well as for constructing clarification images and tables. 

The biomedical parameters computed are used to aid in the decision process of the occurrence 

of a drug-induced epileptic seizure. Since the aim is to identify as few biomedical parameters 

as possible that represent an epileptic seizure, boxplots and t-sample test are used to distinguish 

which parameters are more crucial than others. The mathematical model then uses these 

parameters by utilizing known classification methods with minor alterations to better represent 

the dataset. The biomedical parameters will be described in the following text. 
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3.3.1 Distance 

The simplest locomotor computation [2] is the distance travelled by each zebrafish larva, 

computed from the displacement [48] from x and y coordinates of the larva with the following 

equation: 

 

𝑑𝑥 = ∆𝑥 = ∑ 𝑥𝑛+1 − 𝑥𝑛

𝑁

𝑛=1

 (3.1) 

where ∆𝑥 is the displacement of x-component and 𝑛 is the index number in the text file. The 

same approach is used to calculate the y-distance for the zebrafish larva. The distance 

magnitude is found by applying Pythagoras on the computed components 𝑑𝑥 and 𝑑𝑦: 

 
𝑑 = √𝑑𝑥

2 + 𝑑𝑦
2 (3.2) 

where 𝑑 is the distance move in each step. The average distance for each zebrafish larva was 

computed as a part of the biomedical parameters. 

3.3.2 Velocity 

The average x-velocity (𝑣𝑎𝑣−𝑥) for each larva was computed from the trail time, x and y 

coordinates [48] with the following equation: 

 

𝑣𝑎𝑣−𝑥 =
∆𝑥

∆𝑡
= ∑

𝑥𝑛+1 − 𝑥𝑛

𝑡𝑛+1 − 𝑡𝑛

𝑁

𝑛=1

 (3.3) 

where ∆𝑥 is the displacement of x-component, similar to chapter 3.3.1, divided by the time 

interval ∆𝑡 where 𝑛 is the index number in the datasets text file. The same approach is used to 

calculate the average y-velocity (𝑣𝑎𝑣−𝑦) for the zebrafish larva. Similar to the previous 

biomedical parameter, the magnitude velocity is found by applying Pythagoras on 𝑣𝑎𝑣−𝑥 and 

𝑣𝑎𝑣−𝑦: 

 
𝑣 = √𝑣𝑥

2 + 𝑣𝑦
2 (3.4) 

where 𝑣 is the velocity computed for each point. For each zebrafish larva the average velocity 

was computed. 
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3.3.3 Acceleration 

Zebrafish larvae acceleration in the microwells can be computed using previously computed 

velocity (chapter 3.3.2), x and y coordinates, and trail time from pre-recorded data sets. They 

generally swim in a microwell in either a clockwise or counter-clockwise direction. “As an 

animal becomes less anxious, it spends less time by the walls and more time in the open” [49]. 

The acceleration was computed by first calculating the horizontal and vertical velocity from 

equation (3.3). The calculations for acceleration in horizontal direction [48] is: 

 

𝑎𝑥 =
∆𝑣𝑥

∆𝑡
= ∑

𝑣𝑛+1 − 𝑣𝑛

𝑡𝑛+1 − 𝑡𝑛

𝑁

𝑛=1

= ∑
𝑥𝑛+1 − 𝑥𝑛

(𝑡𝑛+1 − 𝑡𝑛)2

𝑁

𝑛=1

 (3.5) 

where ∆𝑥 is the displacement of x-component divided by the time interval ∆𝑡. The 𝑛 represents 

the index number in the datasets text file for each larva. The same approach is used to calculate 

the vertical acceleration for each of the zebrafish larvae. The magnitude of acceleration is again 

found by applying Pythagoras on 𝑎𝑥 and 𝑎𝑦: 

 
𝑎 = √𝑎𝑥

2 + 𝑎𝑦
2  (3.6) 

where 𝑎 is the acceleration of a zebrafish larva [48]. The average acceleration of each zebrafish 

larva represents one of the computed biomedical parameters. 

3.3.4 Number of Directional Changes in a Microwell 

Computing the number of directional changes as the zebrafish larva swims in a well on a 

microwell plate during sampling time was performed by transforming two-dimensional 

Cartesian coordinates, x and y coordinates, into polar coordinates by applying an inbuilt 

MATLAB function: 

 [𝜃, 𝜌] = 𝑐𝑎𝑟𝑡2𝑝𝑜𝑙(𝑋, 𝑌) (3.7) 

where 𝜃 is the counter-clockwise angular displacement in radians from the positive x-axis and 

𝜌 is “the distance from the origin to a point in the x-y plane” [50]. The difference between the 

current counter-clockwise angular displacements from the positive x-axis with the anterior 𝜃 is 

used to count the number of directional changes. They are represented by binary numbers where 

true or 1 is equal to directional change. The sum of all the directional changes is computed for 

each zebrafish larva. 
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The recording time for training datasets is not equal for all plates, i.e. one dataset is roughly 2 

hours and another is 2 hours and 44 minutes. To ease comparison, hourly directional changes 

of the zebrafish larva in a microwell were computed. 

3.3.5 Directional Changes 

Computing directional changes with respect to trajectory where larva swims either clockwise 

or counter-clockwise was performed using the method described in chapter 3.3.4. The angular 

displacement from the positive x-axis with respect to anterior 𝜃 indicates the swim direction; 1 

represents counter-clockwise direction and 0 clockwise. A larva altering its path for only a brief 

moment (0.2 second) will result in this alteration to be discarded. The total number of 

directional changes for both clockwise and counter-clockwise is computed and represented for 

each larva. 

As previously described (chapter 3.3.4), since the datasets do not have the same recording time 

length, an hourly clockwise and counter-clockwise directional changes for each zebrafish larva 

was computed. In conclusion, the frequency ratio of clockwise and counter-clockwise 

directional changes was computed. 

3.3.6 Location Area Frequency 

According to a study by Baraban et. al., a 7 dpf zebrafish larva in bath medium with a 

concentration of 15 mM PTZ, starts exhibiting erratic behaviour 10 minutes after the dose is 

given. Larvae seem to be lingering more at the outskirts of the well as indicated in Figure 3.2, 

where the blue dots indicate movement and the dashed lines the seizure activity [2]. The 

baseline is a zebrafish in a normal bath medium. 

 

Figure 3.2: Baseline in a normal water 2 minutes after recording starts. PTZ 

represents a single zebrafish larvae in a 15 mM PTZ water based solution. Blue 

dots indicate movement but the dashed lines a seizure activity [2]. 
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From this, we hypothesize that there is a difference between location frequencies of a larva in 

a microwell depending on group. The well is divided into three areas with respect to radius: 

 Area 1 (green) - from the centre of the well to 1.25 mm radius 

 Area 2 (red) - from radius 1.25 mm to 2.50 mm 

 Area 3 (blue) - from 2.50 mm radius to the outer edges of the well 

Placement of the larva (represented with dots in Figure 3.3) within each area is computed. The 

percentages of how often the larvae is found. 

 

Figure 3.3: Demonstration of area overhaul for an individual zebrafish larva in 

5 mM PTZ bath medium. 

This application was discovered during design of the model. Looking closely at a few datasets 

from each group it was visually clear that there might be a difference in frequency that the 

larvae visited each area during recorded period. 

3.4 Data Reduction Implementation 

During development of the model a question arose; “Is it possible to determine whether an 

epileptic seizure occurs in a zebrafish larva using only one dimensional classification and by 

reducing the observation time?” From results presented in chapter 4.2, there is a slight 

difference between the two groups perhaps enough to perform a one dimensional classification. 

Baraban et al. used 2 to 10 minutes of their recordings as the baseline for their model (Figure 

3.2), since seizure activity was retrieved for 7 pdf larvae in 15 mM PTZ concentration bath 
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medium. After 2 minutes the PTZ drug takes affect inducing seizure in a larva [2]. During a 

drug-induced epileptic seizure the larvae may experience stress, as a result the cortisol levels 

may be significantly elevated [15]. Stewart et al. showed that it takes 70 minutes (Figure 2.1) 

for the cortisol levels to decrease to levels before stress was introduced to the zebrafish, with 

its peak roughly 30 minutes after exposure [1], [4]. 

Addition to using entire datasets we also used these two findings, datasets were reduced to 8 

minutes according to Baraban et al. study [2] and 28 minutes according to Stewart et al. review 

articles [1], [4]. 

3.5 Pattern Recognition Classifiers of the Model 

Pattern recognition models were considered to be the optimal approach for the mathematical 

model, to accurately detect a drug-induced epileptic seizure in unidentified zebrafish larva. The 

three data mining methods were chosen specifically due to their advantages described in chapter 

2.3. Their implementation will be explained in more detail in this section. 

3.5.1 Neural Network Implementation 

The neural network modelling was implemented using general feed forward neural network 

with backpropagations known to be effective for pattern recognition. Initially, the built-in 

Neural Network Patten Recognition Tool was used. However it didn’t allow for much selection 

or editing other than selecting how to split the training datasets into training, validation and 

testing and increasing or decreasing the numbers of hidden layers [51]. Therefore MATLAB 

program was written to train the model by implementing different backpropagations and 

numbers of hidden layers, all to construct the optical pattern recognition and classification 

neural network. 

Three backpropagation methods where tested using the default number of hidden layers (10); 

scaled conjugate gradient, Bayesian regularization and Levenberg-Marquardt. The purpose of 

testing various approaches of pattern recognition neural networks was first and foremost to 

establish which backpropagation would provide the best classification accuracy and lowest 

cross entropy and sum-of-squares. Implementation was made to train the network with cross 

entropy error function since it lead to faster training as well as improved generalization [22]. 

However when training the network, both implementations for Bayesian regularization and 

Levenberg-Marquardt did not allow for other error functions than sum-of-squares. Optimal 
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backpropagation for this project is Bayesian regularization as presented in chapter 4.3.1. It 

calculates and trains on a number of effective network parameters or weights, preventing 

overfitting by turning off those parameters that are not relevant [52]. 

Choosing the number of hidden layers that best fit the network trained with Bayesian 

regularization backpropagation and sum-of-squares error function. As Figure 3.4 shows, 

classification accuracy increases with the number of hidden layers. 

 

Figure 3.4: Effect of neural network performance with different numbers of 

hidden layers. 

Five hidden layers provide classification accuracy of 99.3% where the average training 

classification accuracy with different numbers of hidden layers is 99.13 ± 0.82 %. Using more 

than five hidden layers does not increase the classification accuracy significantly. To ensure 

that five hidden layers is the optimal value the error function is computed; cross entropy, mean 

squared error and sum-of-squares. As Figure 3.5 shows, error function fluctuates around the 

average error function values until it reaches normality; cross entropy of 0.185 ± 0.002, mean 

squared error of 0.133 ± 0.003 and sum-of-squares of 120.89 ± 3.12. 
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Figure 3.5: Overall neural network performance using different values of hidden 

layers. 

Error function for five hidden layers has higher cross entropy of 0.001 or 0.1860 but lower 

mean squared error of 0.1321 and sum-of-squares of 120.34. Indicating that five hidden layers 

is optimal number of hidden layers. 

3.5.2 Support Vector Machine Implementation 

The second approach used to classify larvae patterns between two groups was support vector 

machines. Similar to neural network, initially a Classification Learner app from MathWorks 

[53] was implemented but it proved inconvenient to control input data to train the classifier in 

addition to selection of kernel function various kernel functions. A MATLAB program was 

therefore written allowing for greater developmental control. 

Three different kernels were used to train the classifier with a built-in function fitcsvm. To 

prevent overfitting we used box constraint along with models standardize perdition. 
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Polynomial, equation (2.12), and radial basis function (RBF), equation (2.13) are the two most 

commonly used kernel functions [17], [22], [24]. A linear kernel was also implemented to 

demonstrate that the data cannot be divided efficiently with a linear hyperplane as can be seen 

in Figure 3.6 [22]. 

 

Figure 3.6: Data points representing average distance travelled by a larvae 

versus hourly based clockwise directional changes. 

Preliminary results presented in chapter 4.3.2 indicate that the polynomial kernel function is the 

optimal kernel due to its high classification accuracy and low error rate. RBF is based on 

Gaussian distribution, which proved to be a poor way to classify this data. Further 

improvements were performed to the training program to increase performance and lower error 

rates by using second-degree polynomial kernel functions. SVM classifier predictions were 

standardized using the mean and standard deviations of the output SVM model. A built-in 

MATLAB function called predict [55] was used to predict which group the larvae belong to 

by computing the posterior probabilities of the hyperplane. SVMs validation accuracy was 

computed by cross-validate the classifier [55] (5-fold cross validation) and the generalized error 

using built-in MATLAB function called kfoldLoss [56]. Number of folds divide the training 

dataset into k-1 sets in this case 4 sets, that is stored in a vector used for further training. 
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3.5.3 Gaussian Mixture Model Implementation 

The Gaussian mixture model was constructed using a built-in MATLAB functions. A two-

component Gaussian mixture model was developed by fitting a Gaussian distribution to our 

training data. Clusters were constructed from the Gaussian distribution. This method proved to 

be the worst out of the three classification methods due to the low classification accuracy and 

high error rate as presented in chapter 4.3.3. 

 

Figure 3.7: Two-component Gaussian mixture model. x represents distance 

travelled and y the hourly based clockwise directional changes. 

Figure 3.7 shows the clusters using only two biomedical parameters. If compared to Figure 3.6 

which shows the same parameters, it is clear that Gaussian mixture model is not well studied 

for this datasets since it’s unable to distinguish between the two groups. 

3.5.4 Performance Assessment 

Initially only the classification accuracy of the classifiers was computed to estimate how well 

each implemented method was performing. Classification accuracy was computed using 

confusion matrices where the output vector of the model is compared to its target vector as 

disrobed in chapter 2.4. This provided only the percentage of correctly classified zebrafish 

larvae, not giving any additional information about the reliability of the classification. 
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To assess the reliability of classification accuracy for different pattern recognition methods 

mean squared error (MSE) was computed. Only in the neural network implementation all three 

suggested error functions in chapter 2.4.1 were computed. By comparing the equations for MSE 

and sum-of-squares it was clear that computing only MSE for the other two pattern recognition 

methods was adequate. 
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4 Results 

The results presented are for the biomedical parameters and classifiers. They were generated 

using the training dataset, were 480 zebrafish larvae belong to naïve group and 480 to PTZ. The 

cross-validation results presented are used to estimate the models efficiency in percentage, 

where the models output value are compared to the target vector values. The models output 

distinguish each larvae between the two groups, generating 960 cases of match or mismatch 

indications. The performance of the models were measured with mean squared error 

computations, cross entropy computations were only generated for neural network model since 

these computation failed for support vector machine and Gaussian mixture model. 

Due to the nature of the data, having 14 computed biomedical parameters for each zebrafish 

larvae, three pattern recognitions classifiers were utilized. Therefore using two dimensional 

graphical presentation is not viable. Typically for two class machine learning problems as these, 

results are graphically presented with a confusion matrix [38], [43], [44]. The results are divided 

into sections; Chapter 4.1 presents results for estimating a difference between biomedical 

parameters by group. Chapter 4.2 presents the results from one dimensional classification or 

results from computations of the biomedical parameters. Chapter 4.3 describes multiclass 

classifiers results and various methods used during the developmental process leading to the 

final classification. Chapter 4.4 presents findings for 192 new unidentified zebrafish larvae used 

for testing the final classification methods. 

4.1 Difference between Groups 

We had to improvise a bit in order to achieve a decent classification accuracy. Biomedical 

parameters were added and new ones were calculated based on existing data, until a good 

classification accuracy was achieved for both one dimensional classification and the classifiers. 

The computation of the fourteen biomedical parameters (see chapter 3.3) are a part of the one 

dimensional classification. Table 4.1 shows the average and standard deviation for all 

biomedical parameters, divided by group, computed from the larvae´ swimming patterns in the 

training datasets. The results clearly show a difference between the averages of the two groups 

(naïve and PTZ). 
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Table 4.1: Average and standard deviation for biomedical parameters, divided by group. 

      Naïve PTZ 5.0 mM 

  Distance 0.171 ± 0.082 mm 0.225 ± 0.088 mm 

  Velocity 0.854 ± 0.408 mm/s 1.126 ± 0.441 mm/s 

  Acceleration 6.800 ± 3.041 mm/s2 8.476 ± 3.145 mm/s2 

D
ir

ec
ti

o
n
al

 c
h

an
g
es

 Total 

number 

Number 4952.5 ± 2037.5   3508.0 ± 1027.3  

Hourly based 1924.4 ± 749.8   1663.7 ± 531.4  

Clockwise 

Number 1803.9 ± 721.1   1162.6 ± 321.4   

Hourly based 701.0 ± 263.5   548.7 ± 158.0  

Ratio 0.500 ± 0.001   0.501 ± 0.002   

Counter-

clockwise 

Number 1802.0 ± 719.4   1159.5 ± 320.7   

Hourly based 700.3 ± 262.9   547.3 ± 158.0  

Ratio 0.500 ± 0.001   0.499 ± 0.002   

 Location 

frequency 

area 

1 6.08 ± 10.59 % 1.61 ± 2.37 % 

 2 60.05 ± 18.04 % 66.77 ± 19.23 % 

 3 33.87 ± 19.75 % 31.62 ± 19.43 % 

  

The distance travelled is the simplest biomedical parameter to compute. Naïve larvae travel on 

average 0.171 ± 0.082 mm while PTZ larvae travel 0.225 ± 0.088 mm, or 0.054 mm farther, 

indicating a difference between groups. PTZ zebrafish larvae group had five out of fourteen 

biomedical parameters with higher values than naïve zebrafish larvae or in 35.71% of the cases. 

These biomedical parameters are: distance, velocity, acceleration, ratio of clockwise directional 

changes and location frequency in area 2 (the area ranging 1.25 mm to 2.50 mm in radius from 

the centre of the microwell). 

Biomedical parameters findings were displayed with boxplots with two boxes for each group 

on a single figure. “On each box, the central mark is the median, the edges of the box are the 

25th and 75th percentiles, the whiskers extend to the most extreme data points not considered 

outliers, and outliers are plotted individually” [57]. It is possible to choose the maximum 

extension of the whiskers, however in this case the default value of 1.5 was used. Here we 

presume that the data is normally distributed [58]. The boxplot helps to determine visually 

which biomedical parameters exhibit the most behavioural difference between the two groups, 

naïve and PTZ. There are three paramount biomedical parameters for classification that 

distinguish between an epileptic seizures in a zebrafish larvae: distance (Figure 4.1), hourly 

based total and clockwise number of directional changes in the microwell (Figure 4.2). 
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Figure 4.1: Distance boxplot for naïve and PTZ group. 

 

  

(a) (b) 

Figure 4.2: (a) Total and (b) hourly based of directional changes for clockwise swimming 

patterns of larvae boxplots for the two groups, naïve and PTZ. 

The observation was made that with fewer boxplot outliers (represented with red plus signs) or 

extreme data points results in more feasible biomedical parameters for suitable for pattern 

recognition and classification. 
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Figure 4.3: Larvae location frequency [%] in three different areas (see chapter 3.3.6) 

boxplots for naïve and PTZ. 

As Figure 4.3 shows, the frequency of larvae’s in the inner area of the microwell (from the 

centre to 1.25 mm in radius) numerous outliers for both groups although the average and 

standard deviation is not high. Naïve zebrafish larvae group has 6.08 ± 10.59% but PTZ group 

has lower values or 1.61 ± 2.37%. Other biomedical parameters boxplots can be seen on Figure 

B.1 in the Appendix B. 

To accurately measure if biomedical parameters are different between groups, we applied two 

sample t-test. The null hypotheses is that for each parameter the data from the control and 

treatment group have equal means, without assuming that the populations also have equal 

variances [57], [59]. Table 4.2 show that we reject this null hypothesis with 5% significant level 

for nearly all parameters expect for location frequency in area 3. There one represented rejection 

and zero represents acceptation of the null hypothesis. Therefore we can state that there is a 

difference between groups for thirteen out of fourteen biomedical parameters. 
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Table 4.2: Two sample t-test of each biomedical parameter. 

  
  

  

Null 

hypothesis p-value 

  Distance 1 4.41e-21 

  Velocity 1 4.41e-21 

  Acceleration 1 9.76e-16 

D
ir

ec
ti

o
n

al
 c

h
an

g
es

 

Total 

number 

Number 1 6.88e-37 

Hourly 

based 
1 2.20e-09 

Clockwise 

Number 1 3.49e-55 

Hourly 

based 
1 8.39e-25 

Ratio 1 1.57e-04 

Counter-

clockwise 

Number 1 1.49e-55 

Hourly 

based 
1 4.51e-25 

Ratio 1 1.57e-04 

 Location 

frequency 

area 

1 1 2.72e-17 

 2 1 7.04e-08 

 3 0 0.084 
 

4.2 One Dimensional Classification 

For the one dimensional classification we only used few biomedical parameters to active the 

best classification accuracy as possible. Several combinations using all or selected parameters 

were tried. Comparing the distance of each larva to the average distance for PTZ group, the 

classification accuracy was 60.7% and presented with mean squared error of 0.393. 

However by including three more biomedical para meters we received better results. The 

parameters that gave that best classification accuracy and lowest error rate were; distance, 

acceleration and location frequency in area 1. The group of each larva was selected by 

comparing the values of these four parameters with the average computed in Table 4.1. Larva 

was for example place in naïve group if the value for distance and acceleration were below 

average and location frequency was below average for PTZ group. 
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Table 4.3: One dimensional classification with selected 

biomedical parameters 

 

Compliance 

to target [%] 

Mean squared 

error 

One dimensional 

classification 
69.37 0.306 

  

Table 4.3 shows the one dimensional classification of the training data. 69.37% larvae were 

correctly classified and presents mean squared error of 0.306. This is a fairly good 

classification, however the number of boxplot outlier for acceleration and location frequency 

in area 1 have some negative effect but if remove and placed with other variables and utilizing 

the standard deviation as a margin reduced the classification accuracy by 5 to 15% depending 

on the parameter used. 

4.2.1 Data Reduction 

Reducing the time used for one dimensional classification (see chapter 3.4) is important, as it 

may make the mathematical model both faster and easier to interpret. We tried two variations 

in terms of time reduction. The first variation was to only use the time-lapse from minute 2 until 

minute 10. The other one was to use the time-lapse ranging from minute 2 till minute 30 of the 

recording. 

Observing the larvae’s for 8 minutes indicates that naïve group has higher averages than 

5.0 mM PTZ group, see Table B.1 in the Appendix B.1. By using the time-lapse form 2 until 

minute 10 the PTZ group has more boxplot outlier (Figure 4.4) comparted to using the datasets 

as they are (Figure 4.1). 

Increasing the observation time to 28 minutes does not give a clear indication for a group 

classification, see Table B.2 in the Appendix B.1. However similar to time-lapse from 2 until 

10 minutes there are more boxplot outliers than compare to the using the dataset as provided. 

PTZ zebrafish larvae group had two out of fourteen biomedical parameters with higher values 

than naïve zebrafish larvae or in 14.29% of the cases. These biomedical parameters are: ratio 

of counter-clockwise directional changes and location frequency in area 2 (in the area 1.25 mm 

to 2.50 mm radius from the centre in the microwell). 
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Figure 4.4: Distance boxplot for 2 to 10 minutes of recording time used. 

The same one dimensional classification method with the same biomedical parameters as 

described before (chapter 4.2) was used. The one dimensional classification with different time-

lapse revealed that by reducing the time used for computing the biomedical parameters becomes 

less accurate competed 69.37% classification accuracy (Table 4.3). 

Table 4.4: One dimensional classification with selected 

biomedical parameters using two time-lapse. 

 

Compliance 

to target [%] 

Mean squared 

error 

8 min 51.15 0.489 

28 min 52.03 0.480 

  

Increasing the time-lapse by 20 minutes 0.88% more larvae were correctly classified and the 

mean squared error reduced by 0.009. Indicating that by increasing the time-lapse the 

performance of one dimensional classifier will increase. 
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4.3 Classifiers 

All pattern recognition and classification methods were trained and cross-validated, revealing 

preliminary results for each of the implementation of methods that were described in chapter 

3.5. The results are displayed using a classification confusion matrix plot that has been 

compared with a target vector of the original datasets. Results from these three classification 

methods ought to give a good indication of the effectiveness and performance of each 

implementation. 

4.3.1 Neural Network 

The outcome of the neural network exceeded initial speculations. Cross validating the models 

results with target vector and estimating the performance of the model with cross entropy and 

mean squared error computations. Implementations of three backpropagation methods were 

tested using default numbers of hidden layer or ten; scaled conjugate gradient, Bayesian 

regularization and Levenberg-Marquardt backpropagations. Both, Bayesian regularization and 

Levenberg-Marquardt backpropagations methods were trained using mean squared error 

performance since the inbuilt MATLAB function performance did allow for altering the 

backpropagation to cross entropy. Scaled conjugate gradient backpropagation was trained using 

cross entropy performance. 

Table 4.5: Neural network results for backpropagation methods 

 

Compliance 

to target [%] 

Cross 

entropy 

Mean 

squared 

error 

Sum-of-

squares 

Scaled conjugate gradient 95.9 0.199 0.145 132.12 

Bayesian regularization 99.2 0.184 0.132 119.95 

Levenberg-Marquardt 98.2 0.199 0.139 126.76 

  

As Table 4.5 shows, Bayesian regularization backpropagation has the highest classification 

accuracy of 99.2% and the lowest error rate; cross entropy of 0.184, mean squared error of 

0.132 and sum-of-squares of 119.95. Levenberg-Marquardt backpropagation indicates 98.2% 

correctly classified larvae and presents high cross entropy of 0.199, mean squared error of 0.139 

and sum-of-squares of 0.126. Scaled conjugate gradient backpropagation indicates 95.9% 

correctly classified larvae and presents the fairly high cross entropy of 0.199, highest mean 
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squared error of 0.145 and sum-of-squares 132.12. The preliminary findings suggest that 

Bayesian regularization backpropagation is the optimal backpropagation for the data utilizing 

pattern recognition and classification neural network due to the low error rates, which 

minimizes the likelihood of overfitting [22]. 

Further development of neural network using pattern recognition and classification methods 

were continued using Bayesian regularization backpropagation using five hidden layers as 

described in chapter 3.5.1. The average training classification accuracy depended upon number 

of hidden layers were 98.90 ± 0.964% (Figure 3.4) with presenting cross entropy of  

0.1861 ± 0.0021, mean squared error of 0.1336 ± 0.0041 and sum-of-squares of 121.68 ± 3.754 

(Figure 3.5). Using five hidden layers results using 99.3% classification accuracy, Table 4.6, of 

the zebrafish larvae and presenting cross entropy of 0.1860, mean squared error of 0.1321 and 

sum-of-squares of 120.34. Choosing low enough number of hidden layers that does not prevent 

the models ability to learn or cause overfitting, resulted in this choice of number of hidden 

layers [22], [29]. Following results were generated using five hidden layers. 

Table 4.6: Confusion matrices for neural network pattern recognition training 

and testing from the training datasets using all biomedical parameters. 
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One represents the naïve group in Table 4.6 while two represents PTZ group. Utilizing 10% of 

the data to test the developed network, with independent measurements having no effect on the 

network performance, resulted in 96.7% correctly classified zebrafish larvae’s. The overall 

classification accuracy is 99.0%. These results are very promising. 

Finding the minimal numbers of biomedical parameters necessary to give an above 90% 

correctly classified zebrafish larvae using the developed pattern recognition and classification 

neural network was one aspect of this thesis. Biomedical parameters boxplots (chapter 4.2) 

helped excluding unnecessary parameters by removing those who contain numerous outliers. 

Table 4.7: Confusion matrix pattern recognition and classification neural network results 

with different biomedical parameters. MSE represents mean squared error. 

14 0.132 99.3 0.13 96.7 0.14

12 0.136 98.0 0.14 96.7 0.14

10 0.138 98.0 0.14 95.6 0.15

8 0.139 98.0 0.14 92.3 0.16

6 0.208 93.0 0.16 90.1 0.17

4 0.207 93.0 0.16 90.1 0.18

3 0.209 92.8 0.16 83.5 0.20

2 0.275 81.3 0.21 75.8 0.23
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Table 4.7 shows the biomedical parameters used for training and testing the pattern recognition 

and classification neural network along with performance of each task. In each iteration the 

number of biomedical parameters is decreased by two, however observing specifically 3 

biomedical parameters. The overall neural network performance with each biomedical 

parameters reduction did not decrease significantly until only three parameters were used; 

hourly based total number and clockwise directional changes. Average cross entropy 

represented with a green line on Figure 4.5 is 0.2064 ± 0.0295, mean squared error represented 

with red line is 0.1564 ± 0.0274 and 142.45 ± 25.01 for sum-of-squares. 
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Figure 4.5: Overall neural network performance estimation with different 

biomedical parameters. 

Best neural network performance, represents the network with the lowest error rate, using all 

14 biomedical parameters with classification training accuracy of 99.3%. Next best 

performance using minimal numbers of biomedical parameters was obtained using eight 

parameter. Training confusion matrix with 98.0% correctly classified zebrafish larvae with 

relatively low error rate or mean squared error of 0.1386. Interestingly, relatively good 

performance with relatively low error rate or mean squared error of 0.166, was achieved using 

only three biomedical parameters. The training classification accuracy was 92.8%. Removing 

biomedical parameters containing numerous outliers (chapter 4.2) does not significantly affect 

the networks performance or classification accuracy e.g. using three parameters. Attempt was 

made to farther reduce the number of biomedical parameters, with only two parameters the 

classification accuracy reduced to 81.3% however the networks performance decreased 

significantly by 0.0485 compared to using three parameters. 
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4.3.2 Support Vector Machine 

Support Vector Machine (SVM) was originally designed as a two-class classifier and since we 

have only two groups there will be only two classes. Selecting kernel function which best fits 

the datasets was challenging therefore mean squared error was computed to assess the models 

performance. This allows for crude evaluation of predication accuracy of the model. Three 

kernel functions were tested using all 14 biomedical parameters; linear, polynomial and radial 

basis function kernel.  

Table 4.8: SVM results for different kernel functions 

 

Validation 

accuracy [%] 

Mean squared 

error 

Linear 94.07 0.242 

Polynomial 95.28 0.119 

Radial Basis Function (RBF) 91.88 0.114 

  

As Table 4.8 shows, second-degree polynomial kernel function validation accuracy of the 

model indicated 95.28% correctly classified larvae’s and presented mean squared error of 

0.119. However the Radial Basis Function kernel model has 91.88% correctly classified larvae 

and lower mean squared error of 0.114. Linear polynomial kernel function model had 94.07% 

validation accuracy but the mean squared error of the model is high or 0.242. Multiclass support 

vector machine results indicates that polynomial kernel function model is the best classifier out 

of the three tested, with the highest validation accuracy and only 0.005 mean squared error more 

than the radial basis kernel function model. Here the backbone of the model has been 

established, using second-degree polynomial kernel function, equation (2.12), for further 

implementations using the following formula [22]: 

 𝑘(𝒙, 𝒙′) = (𝒙𝑇𝒙′ + 1)2 (4.1) 

The prediction accuracy of the polynomial, second-degree, support vector machine model 

between the output predication of the model and the target vector, the group which each larva 

belongs to, was computed with confusion matrixes. Table 4.9 shows the confusion matrix for 

the trained polynomial SVM multiclass classifier, 97.15% correctly classified zebrafish larvae’s 

and presents mean squared error of 0.114. Zero represents the naïve group on the confusion 

matrix while one represents PTZ group. 
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Table 4.9: Confusion matrix for the second-degree of polynomial kernel function 

multiclass SVM trained classifier using all features. 

 
As Table 4.10 shows, decreasing number of features or biomedical parameters increases mean 

squared error of the trained model without decreasing significantly the percentage of correctly 

classified zebrafish larvae. The validation accuracy of the trained classifier reduces with respect 

to fewer features used in training the classifier. 

Table 4.10: Confusion matrix results for multiclass second-degree polynomial 

Support Vector Machine model with different input features. 
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Optimal validation accuracy of the second-degree polynomial support vector machine model 

was 95.72% with lowest of mean squared error 0.114. Zebrafish larvae were correctly classified 
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in 97.15% of cases. Indicating the using all biomedical parameters will aide to correctly classify 

unidentified zebrafish larvae. Utilizing eight features in multiclass SVM still wields good 

results, they are: distance, velocity, total hourly based directional changes and clockwise, total 

and frequency of directional clockwise changes along with location frequency in last area of 

the microwell (beyond 2.5 mm of radius). The validation accuracy is 94.73%, indicating that 

96.16% zebrafish larvae’s were correctly classified and presented mean squared error of 0.154. 

Similar to results from neural network (chapter 4.3.1), utilizing the same three biomedical 

parameters validation accuracy is 90.67% and 91.33% larvae’s are correctly classified and 

presents mean squared error of 0.347. Utilizing only two biomedical parameters the validation 

accuracy reduced by 26.78% and performance evaluation decreases as the mean squared error 

increases by 0.927. 

  



48 

4.3.3 Gaussian Mixture Model 

The outcome of the Gaussian mixture model was not as good as had been expected or compared 

to the neural network or support vector machine. It was thought this method would show 

promising results probabilistic and Gaussian distribution point of view [22]. However, the 

posterior probabilities that a data point belonging each cluster based probability, demonstrated 

reasonable results. Table 4.11 shows the confusion matrix for Gaussian mixture distribution 

model fitted to the data, 80.02% correctly classified zebrafish larvae’s and presents mean 

squared error of 0.200. Similar to neural network confusion matrix, one represents the naïve 

group while two represents PTZ group. 

Table 4.11: Confusion matrix for Gaussian mixture distribution model fitted to 

the data. 

 
As Table 4.12 shows, removing biomedical parameters with numerous boxplot outliers 

improved the classification accuracy of the model. Implementation of inbuilt Gaussian 

distribution model resulted in removal of one biomedical parameter since the ratio of counter-

clockwise directional changes was too similar to the clockwise ratio (Table 4.1), therefore only 

13 biomedical parameters were used for training of the model. 
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Table 4.12: Confusion matrix results for Gaussian mixture distribution 

model fitted to the data with different input features. 
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11 80.02 0.200
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Best performance of the Gaussian mixture model was archived using nine biomedical 

parameters, 82.11% correctly classified zebrafish larvae and presented mean squared error of 

0.179. Four biomedical parameter reveal staggering 80.35% correctly classified larvae with 

only mean squared error of 0.196. 

4.4 Results from New Test Cases 

The RU Neurolab / 3Z Pharmaceuticals generated additional data for both groups, naïve and 

5.0 mM PTZ. These datasets were intent to check the models unbiased validation and verifying 

the models results. The datasets were not used for training or development of the model. The 

predication tested output of the model and the target vector for each larvae was compared to 

evaluate the classification accuracy of the model. 

4.4.1 One Dimensional Classification 

The one dimensional classification method (chapter 4.2) was tested using the new training 

dataset. Biomedical parameters used for this method were; distance, acceleration and location 

frequency in area 1. Table 4.13 shows similar results as Table 4.3 and Table 4.4 that with 

increasing time-lapse or without using specific time-lapse on the training data the classification 

accuracy increases.  
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Table 4.13: One dimensional classification with selected 

biomedical parameters, with and without time-lapse. 

Time-lapse 

Compliance 

to target [%] 

8 min 51.15 

28 min 52.03 

Without specific 

time-lapse 
84.57 

  

Similar to the training data which gave the best classification accuracy with the lowest error 

rate by using any time-lapse, the testing classification accuracy is 84.57%. 

4.4.2 Bayesian Regularization Neural Network 

Developed pattern recognition and classification neural network that showed good performance 

and classification accuracy were tested with the new datasets as described in chapter 4.3.1. 

Table 4.14: Results from the classification of new test 

cases for neural network  

# Biomedical 

parameters 

Compliance 

to target [%] 

14 80.3 

8 85.1 

3 89.4 

  

Table 4.14 shows that with relatively good performance, low error rates as can be seen in Figure 

4.5, using three biomedical parameters generates higher classification accuracy (89.4%) than 

utilizing all biomedical parameters. 
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4.4.3 Polynomial Kernel Support Vector Machine 

The developed model for second-degree polynomial SVM (chapter 4.3.2) were tested, however 

only the attributes that showed promising results like performance, validation and classification 

accuracy. 

Table 4.15: Results from the classification of new test 

cases for second-degree polynomial SVM. 

# Biomedical 

parameters 

Compliance 

to target [%] 

14 90.96 

8 75.53 

3 90.96 

  

Table 4.15 shows using both all and three features / biomedical parameters in testing wields in 

a ferly accurate results or 90.96% correctly classified larvae. When the model developed of 

eight features presented classification accuracy of 96.16% (Table 4.10) was tested using the 

new data, the results were poor. With 75.53% classification accuracy. This lead to the 

assumption that using only three biomedical parameters generates the same results as using all 

fourteen parameters. 

4.4.4 Gaussian Mixture Model 

Gaussian mixture distribution model was tested on two cases (Table 4.12); firstly, utilizing the 

model with the best performance using 4 biomedical parameter and secondly, highest 

classification accuracy of 82.11% using nine parameters. 

Table 4.16: Results from the classification of new test 

cases for Gaussian mixture model. 

# Biomedical 

parameters 

Compliance 

to target [%] 

9 53.19 

4 48.40 
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Table 4.16 shows very poor testing results for both cases. Using nine biomedical parameters 

the classification accuracy is very low or 53.19% but even lower using only four parameters or 

48.40%. The difference between the training and testing datasets could be significant. In the 

training datasets we observed a special phenomenon were there was a displacement of the 

location of the zebrafish larvae inside the microwell meaning that there were data point 

registering on the plate itself, see discussion in chapter 3.2. 

4.5 Summary 

In this chapter results from all stages of the development of our biomedical parameters 

computations and final classifier were presented. One dimensional classification using no time-

lapse presented 69.37% correctly classified larvae’s with presented mean squared error of 

0.306. The classifiers (chapter 4.3) generally presented more accurate classification. By using 

biomedical parameters with fewer boxplot the classification of the classifiers generally did not 

significantly affect its performance. This allows for good accurate classification using i.e. only 

three biomedical parameters. The result that were obtained from the new test cases are just as 

important as the final version of each classifier. These results confirmed that support vector 

machine model is the best pattern recognition classifier for this project. With no severe 

overfitting of the model had occurred during training, see Table 4.17. 

Table 4.17: Training and testing results for second-degree polynomial SVM. 

Testing

14 95.72 97.15 0.114 90.96

8 94.73 96.16 0.154 75.53

3 90.67 91.33 0.347 90.96
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Using biomedical parameters such as number of directional changes, clockwise or counter-

clockwise, that have not been scaled to the time length of the dataset or ratio between clockwise 

and counter-clockwise was crude since the data sets do not all the same time-lapse. These 

parameter will not be used in the final model. 
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The final version of support vector machine uses the three biomedical parameters stated in 

Table 4.17; distance, total hourly directional and clockwise directional changes. The error 

function is twice the value for fourteen parameters however the training accuracy is nearly 91% 

and testing accuracy as well. 
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5 Discussion 

Biomedical parameters computed from the datasets were very promising. Utilizing three 

biomedical parameters that contained the fewest boxplot outliers proved to be an efficient way 

to decrease the number of parameters without sacrificing the classification accuracy or 

increasing the error functions of the classifiers. Three parameters proved to be most 

informative: 

 Average distance travelled in the microwell 

 Total number of hourly directional changes of the larvae 

 Total hourly clockwise directional changes the larvae makes 

To further improve this non-invasive implementation of observing the larvae swimming in a 

microwell other biomedical parameters might indicate more difference between naïve and PTZ 

group. Estimating the stages of drug-induced epileptic seizure by computing corkscrew 

swimming (second stage) gives a clear indication that the larvae has seizure since the control 

group should not experience this behaviour [1], [2]. Other parameters, immobility after seizures 

and loss of touch response due to loss off reflexive reaction from stimulant substance, can 

further distinguish between groups. During development of the model, an idea arose to compute 

the number of seizures a larva experiences during the experiment which might be interesting to 

compute. Ideally this could be the only parameter required to detect efficiently drug-induced 

seizures. 

Classifiers using supervised learning are dependent on the quality of the training data or the 

quantity and quality of biomedical parameter representing behaviour of a zebrafish larva. We 

can assume that due to the size of the training data, 960 larvae, it’s very accurate. However, to 

further improve the classifier a larger sample of training data would be optimal to minimize 

behavioural abnormality for a single larva. 

Support vector machine using second-degree polynomial kernel function proved to be the best 

suited pattern recognition classifier for these biomedical parameters. Support vector machines 

have been previously used for classifying more invasive biomedical parameters, such as in vivo 

hippocampal brain slices, for detecting drug-induced seizures [17]. Utilizing a new training data 

set containing fewer outliers (chapter 3.2.2) could improve the predation of the current 

mathematical model using support vector machine. This classification method is optimal since 
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it allows for more programming control and additional implantations than neural network 

toolbox and Gaussian mixture model. 

Further improvement of this mathematical model could be to further adjust the training features 

of the support vector machine and using RBF kernel function which is the most commonly used 

kernel function [22], [30]. Another improvement maybe to implement a new classification 

method called random forest which uses a bagging decision tree, were the results might be 

comparable to results from the support vector machine [60]. 
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6 Conclusions 

Biomedical parameters show difference between naïve and PTZ groups. Using time-lapse did 

not proved to be efficient method since not using any time-lapse resulted in 69.37% training 

classification accuracy with mean squared error of 0.306 and increased testing accuracy of 

84.57%. Reducing the parameters used for classification by removing parameters with 

numerous boxplot outliers proved efficient method. Generally, the classification accuracy and 

classifiers performance did decrease significantly until two parameters were remaining. The 

support vector machine model using second-degree polynomial kernel function indicates 

91.33% correctly classified larvae using three biomedical parameters (see Table 4.17). The new 

zebrafish larvae test cases indicate 90.96% larvae were correctly classified. Probabilistic pattern 

recognition based methods proved to be ill suited for this project especially Gaussian mixture 

model with maximum training classification accuracy of 82.11% using nine parameters, which 

then dropped to 53.19% for testing with new datasets. 

The mathematical models created worked as the developer indented to computed the biomedical 

parameters and classify larvae’s with 90.96% testing accuracy. However some adjustment 

could of course be made as discussed in chapter 5. This model shows that with non-invasive 

methods it is possible to accurately classify an unidentified larva. Hopefully, it will prove useful 

for similar problems and perhaps aide in discovering new antiepileptic drug (AED) for humans. 
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Appendix A Epilepsy Endpoints Table 

Table A.1: Selected seizure-related behavioural parameters (endpoints) assessed in 

zebrafish models [1]. 
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Appendix B Biomedical Parameters 

Results 

  

   

Figure B.1: Upper row shows velocity [mm/s] and acceleration [mm/s2]. The bottom two 

boxplots show the number of clockwise and counter-clockwise directions and ratio of 

directional changes per hour. 

  



63 

Appendix B.1 Data Reduction Results 

Table B.1: Average and standard deviation for biomedical parameters, divided by group 

utilizing 2 to 10 minutes of recorded datasets. 

      Naïve PTZ 5.0 mM 

  Distance 0.159 ± 0.145 mm 0.130 ± 0.199 mm 

  Velocity 0.797 ± 0.726 mm/s 0.648 ± 0.993 mm/s 

  Acceleration 6.221 ± 5.416 mm/s2 5.199 ± 7.534 mm/s2 

D
ir

ec
ti

o
n
al

 c
h

an
g
es

 Total 

number 

Number 3.46 ± 3.38   2.59 ± 3.23  

Hourly based 1520.6 ± 1482.9   1137.4 ± 1417.0  

Clockwise 

Number 1.34 ± 1.40   0.92 ± 1.21   

Hourly based 588.3 ± 616.6   404.4 ± 531.8  

Ratio 0.287 ± 0.257   0.209 ± 0.242   

Counter-

clockwise 

Number 2.02 ± 1.24   1.73 ± 1.09   

Hourly based 888.7 ± 543.5   758.0 ± 479.0  

Ratio 0.713 ± 0.257   0.791 ± 0.242   

 Location 

frequency 

area 

1 6.70 ± 19.04 % 5.49 ± 18.00 % 

 2 56.72 ± 37.22 % 64.59 ± 39.59 % 

 3 36.58 ± 37.55 % 29.92 ± 39.02 % 
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Table B.2: Average and standard deviation for biomedical parameters, divided by group 

utilizing 2 to 30 minutes of recorded datasets. 

      Naïve PTZ 5.0 mM 

  Distance 0.177 ± 0.130 mm 0.139 ± 0.161 mm 

  Velocity 0.886 ± 0.648 mm/s 0.697 ± 0.804 mm/s 

  Acceleration 7.027 ± 4.878 mm/s2 5.608 ± 6.073 mm/s2 

D
ir

ec
ti

o
n
al

 c
h

an
g
es

 Total 

number 

Number 12.93 ± 9.10   10.44 ± 10.14  

Hourly based 1651.1 ± 1161.4   1332.2 ± 1294.1  

Clockwise 

Number 4.916 ± 3.590   3.683 ± 3.735   

Hourly based 5.640 ± 3.413   4.210 ± 3.511  

Ratio 627.6 ± 458.3   470.1 ± 476.9   

Counter-

clockwise 

Number 720.0 ± 435.8   537.5 ± 448.2   

Hourly based 0.402 ± 0.153   0.370 ± 0.244  

Ratio 0.598 ± 0.153   0.630 ± 0.244   

 Location 

frequency 

area 

1 5.96 ± 14.11 % 5.06 ± 14.00 % 

 2 58.08 ± 30.63 % 66.69 ± 35.24 % 

 3 35.97 ± 31.42 % 28.25 ± 35.18 % 
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