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Decision making can be a complicated process involving perception of the 

present situation, past experience and knowledge necessary to foresee a better future. 

This cognitive process is one of the essential human ability that is required from 

everyday walk of life to making major life choices. Although it may seem ambiguous to 

translate such a primitive process into quantifiable science, the goal of this thesis is to 

break it down to signal processing and quantifying the thought process with prominence 

of EEG signal power variance. This paper will discuss the cognitive science, the signal 

processing of brain signals and how brain activity can be quantifiable through data 

analysis. An experiment is analyzed in this thesis to provide evidence that theta 

frequency band activity is associated with stress and stress is negatively correlated with 

concentration and problem solving, therefore hindering decision making skill. From the 

results of the experiment, it is seen that theta is negatively correlated to delta and beta 

frequency band activity, thus establishing the fact that stress affects internal focus while 

carrying out a task.   
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CHAPTER 1  

INTRODUCTION   

Electroencephalography (EEG) has been a thought-provoking area of research in 

recent years. From the invention of mind drones to its use for medical diagnosis, it has 

been extended to different areas of interests. The area of interest for this thesis is the 

cognitive process behind decision making. Decision making can be a complicated 

process involving perception of the present situation, past experience and knowledge 

necessary to foresee a better future. This cognitive process is one of the essential human 

ability that is required from everyday walk of life to making major life choices. This process 

becomes more crucial when large number of lives depends on the decision made. 

Although it may seem ambiguous to translate such a primitive process into quantifiable 

science, the goal of this thesis is to break it down to signal processing and quantifying the 

thought process with prominence of EEG signal power variance. This paper will discuss 

the cognitive science, the signal processing of brain signals and how a well thought out 

decision can be quantifiable through data analysis.  

Decision making is classified into four categories: intuitive, empirical, heuristic and 

rational. Intuitive and empirical are more difficult to explain with cognitive psychology, 

however rational decision making can be modeled. The two subcategories for rational 

decision are static and dynamic. Heuristic decision making is based on scientific theories, 

belief, personal opinion and biases. Static decisions are made based on statistically viable 

information such as loss and gain, cost-benefit, practicality and functionality. Dynamic 

decisions are based on alternatives, present situation and past knowledge of similar 

situation. Rational decision making is a method where the brain develops a criterion of 
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functions representing potential choices and processing available information to find the 

good choice among others. [1] 

This paper discusses the signal power parameters for a rational decision making 

phenomena.  

 

1.1 Objective 

Understanding human decision making is complicated by the fact that every 

person processes information differently based on their life experiences and knowledge. 

A person can make an executive decision and it can take as much time needed for 

intuitive action for him given that the person has made similar decision for similar 

situations before and only applying his past experience. It can be very subjective to prove 

that he has done his due diligence to make an optimal decision. EEG may not be able to 

predict his train of thought, however it can quantify the brain wave activity in that time 

period. Electrical signals are generated during all brain activity and they are categorized 

into frequency bands – Alpha (8-12 Hz), Beta (13-30 Hz), Delta (.5-3 Hz), Theta (4- 7 Hz) 

and Gamma (30-40 Hz) [2]. These signals are recorded from scalp as waveforms and 

further processed for use. EEG is currently widely used for diagnostic application for 

Epilepsy. On the other hand, it is becoming a popular research niche for Brain Computer 

Interface. Brain is after all a processing unit for all bodily as well as cerebral function. EEG 

can be a beautiful link between human biological task and computer processing. This link 

can inspire new horizons of scientific exploration. This thesis studies these parameters to 

understand the optimal mental state for making a decision. This study will also help 

researchers understand the varying factors in making a decision. Furthermore, this thesis 



3 
 

will analyze the pattern of neural activity at various given parameters. The outcome of this 

thesis is a signal processing unit that can process uploaded recorded EEG data. The unit 

will display the measured signal power for all frequency bands and indicate the dominant 

trait. The unit will also display based on a set logic parameter whether the test subject 

was in an optimal state of mind to make a sound decision.  

 

1.2  Motivation 

Knowledge of human brain dynamics and functionality is the first step of 

manipulating acquired data for further implementation. The optimal decision making state 

detection part of the design focuses on the neural signal parameters for decision making. 

The other part of the display where the measured signal power and percentage of signal 

power of each frequency band existing in the entire signal is shown can be used for 

various purposes. A controlled set of parameters can be assigned to state machines to 

represent an action. This action can be as simple as a gaming task or as big as moving 

a wheel chair forward or backward. The acquired data can be used to detect other states 

such as stress, anxiety, drowsiness, depression, etc. The study to find the correct 

parameters for any of these functions can be very helpful to retrain mind and increase 

cognitive strength. For decision science, if the parameters for a healthy state of mind are 

known, individuals can learn to be in that mental state to make effective decisions. If 

stress or anxiety can be quantified, destressing can be achieved by monitoring the EEG 

activity. Focus can be achieved and productivity can increase if individuals can monitor 

and regulate their EEG activity. The potential of EEG is beyond its gaming and medical 

application.      
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1.3 Overview of Chapters 

EEG signal analysis has been used in many research areas and even though this 

thesis focuses on decision making, other areas have been explored to use in this 

dissertation.  

Chapter 2 provides background information on EEG and how the data is collected. 

This chapter consists of a literature review of recent studies and existing research work 

in the area of EEG signal analysis to use in this thesis. There is also discussion of human 

brain structure and function. This discussion is necessary to understand the data 

collecting points and their suitability for different applications.  

Chapter 3 describes the design method used in this thesis as well as discusses 

other possible options. Three major approaches are compared. This chapter details how 

the reference works have been used to achieve the design in this thesis and what is 

distinctive about the approach taken in this dissertation. The requirement for the design 

and the major components used to achieve result is also explained in this chapter.   

Chapter 4 contains the verification of the design. A test bench is used to verify the 

function of the design. The test bench uses simulated EEG to test the design. A simple 

test case based method is used for testing.  

Chapter 5 consists of results and discussion. This chapter also provides insights 

into the possible future work that can be done on the existing system to improve. 
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CHAPTER 2  

BACKGROUND ON ELECTROENCEPHALOGRAPHY (EEG)   

 

The human brain generates electrical waves during regular activities. These 

activities can be due to internal body functions as well as cognitive functions. These 

waves can be recorded from scalp. This technique is called Electroencephalography. 

Electroencephalogram is the electrical phenomenon that is captured from scalp surface. 

Metal electrodes are used along with contact materials for EEG sensors. This electrical 

phenomenon occurs when neurons are activated. When neurons are activated, there is 

a current flow due to synaptic excitations of the dendrites. The summed postsynaptic 

graded potential causes the difference of electrical potentials. These activities are 

extremely low in voltage, hence a large number of neurons needs to be active to detect it 

through EEG sensors [3] [4].    

 

2.1 History of EEG 

 

In 1875, an English physician Richard Caton observed EEG from exposed brains 

of rabbits and monkeys. By the 1900s, scientists were able to detect human EEG from 

scalp. A German neurologist Hans Berger used ordinary radio equipment to amplify EEG 

in 1924. He discovered that electrical signals even as weak as this can be amplified and 

recorded without invasive surgical procedure. He displayed the data graphically on paper. 

He observed that the activity changes according to the functional status. He suggested 

that the EEG activity changes are consistent and this change can be recognized to detect 

alertness from relaxation. The concept of “human brain waves” was verified later in a 
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paper published by Adrian and Matthews in 1934. They identified “Alpha rhythm” at 

regular oscillations around 10 to 12 Hz. They had recorded it from the occipital lobes of 

the cerebral cortex. This rhythm disappeared when the subject became alert or focused 

on objects visually. In 1949, Moruzzi and Magoun discovered the pathways through 

central reticular core of brainstem that activates diffuse influencing brain’s response 

selector. It alerts the cortex to prioritize certain information while ignoring other 

information [3] [5].    

 

2.2 Human Brain Anatomy and Functions 

 

The brain can be divided into four major regions- the cerebrum, the diencephalon, 

the brain stem and the cerebellum [6].  

Cerebrum is the largest part of the brain. It is covered by a continuous layer of gray 

matter. This thin layer is called cerebral cortex. It wraps around either side of the forebrain. 

The Cerebrum is separated into two large areas- right and left cerebral hemisphere [6]. 

Each hemisphere is divided into four lobes- 

 Temporal lobe- This part of the brain is responsible for auditory recognition, 

long term memory and speech. The long term memory located in temporal 

lobe usually originates from the area where sensory perception is 

processed [6]. For the purpose of decision making, information from 

temporal lobe is not relevant as it requires cognitive problem solving.  

 Frontal lobe- This area is involved with motor functions. Specifically, the 

prefrontal lobe is tasked with cognitive functions, personality, short-term 
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memory and consciousness [6]. This area contributes largely to decision 

making process as most of cognitive functions originates from this part of 

the brain. 

 Parietal Lobe- This is an area of the brain where all general sensations are 

processed like- tactile senses including touch, pressure, pain as well as 

kinesthesia (sense of movement) and proprioception (sense of body 

position) [6]. 

 Occipital Lobe- this area processes visual information. 

 

Figure 2-1 Brain Structure [6] 
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Diencephalon is the connection between cerebrum and the rest of the nervous 

system except for the sense of smell. All other information goes to cerebrum through 

diencephalon.  

Brain stem provides brain with sensory input and motor output. It sends auditory 

information to cerebrum for conscious perception of sound, visual space and awareness. 

This part of the brain is also related to sleep and wakefulness.  

Cerebellum on the other hand is responsible for voluntary muscle movements, co-

ordination, and sensation of balance as well as descending commands from Cerebrum 

[6]. 

 

2.3 Brain Activity Waves and Their Functions 

 

To understand the brain wave pattern and corresponding mental activity, it is 

important to analyze the raw EEG signal. The EEG signal can be categorized into five 

frequency bands- Alpha, Beta, Delta, Theta and Gamma. Alpha, Beta, Delta and Theta 

are most widely used for EEG signal analysis. Human brain releases Alpha, Beta, Delta 

and Theta for various cognitive functions. One of these frequency bands will be prominent 

depending on the task carried out by brain at that moment. Gamma frequency band is 

however responsible for processing different types of information and rapid correlation of 

the information [7] [8]. 

  Beta waves are generated in left hemisphere. Decision-making, problem solving, 

attentiveness and any situation when mind is actively engaged in a task, Beta waves are 

generated. Beta waves increase the energy level of the body improving processing and 
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incorporation of related information. Brain work is accelerated when Beta signal power is 

prominent. Beta waves stimulate the nervous system. An increased Beta wave indicates 

being cognitively active, learning, processing information to find resolutions of issues [7]. 

Alpha waves on the other hand indicate a relax state of mind. They are generated 

in the right hemisphere of the brain. Alpha wave promotes abstract thinking and 

composure of mind. Alpha waves can help process large amount of data to achieve inner 

peace [7]. Human brain produces hormones that decrease pain and cognitive stress in 

an Alpha prominent state which creates a state of gratification. 

 

 

 

 

 

 

 

Figure 2-2 Alpha Wave 

 

 

 

 

 

 

 

 

Figure 2-3 Beta Wave 
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The function of Theta waves are not as straightforward as Alpha and Beta. Theta 

waves are related to emotions and emotional stress [9] [10]. Theta waves also exist during 

sleep or unconsciousness [9]. They are generated in the left hemisphere of the brain and 

allows programming and reprogramming of the subconscious mind [7].  

 

Figure 2-4 Delta Wave 

On the contrary, recent study shows experiments that proves Theta is related to 

decision difficulty. Theta power can be correlated with response confidence. Theta 

frequency decreases with increasing memory load [11]. 

 

Figure 2-5 Theta Wave 

Delta waves are released during sleep. This wave is responsible for recovery of 

the mind and body as brain produces large amounts of growth hormones to prompt body’s 
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self-healing process [7]. Theta wave has been also seen to co-exist with Delta during 

sleep. The patterned Theta activity has been shows to help synaptic potentiation [12]. On 

the contrary, Delta waves have also been associated with performance of a task. This 

contradiction of increased Delta wave during mental task is explained by the existence of 

inhibition. According to the study in [13], increase in Delta power suggests that it is 

associated with functional cortical deafferentation which interferes with internal 

concentration. Experimental data shows that Delta power increase during mental 

calculation corresponded to internal concentration [13].     

Gamma waves are released when brain is engaged in a stream of consciousness. 

When brain works simultaneously with various information and relate each information to 

others to come up with a solution, Gamma waves are generated. These waves are not 

found in a large magnitude of raw EEG. However, presence of gamma waves can indicate 

high level of cognitive processing and can leave individuals with reduced ability to form 

new memory [7] [9]. 

 

2.4 Collecting EEG Data 

 

 The internationally recognized system for EEG sensor placement is called 10/20 

system. The distances between adjacent electrodes are usually either 10% or 20% of the 

total front-back or right-left distance of the skull. Therefore, it is called the 10/20 system. 

The location of the electrode and underlying area of the cortex is the source of the naming 

conventions used in this system. Name of the electrodes are internationally recognized 

and standardized, so all scientific research can be done with a unified approach. There 
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are about 23 major electrode location described in this system covering frontal, temporal, 

central, parietal and occipital lobe. The reference node is placed behind ears. Name of 

each electrode starts with the first letter of the name of each lobe such as F for frontal 

lobe, T for temporal lobe, C for central lobe, P for Parietal lobe, O for occipital lobe. Central 

lobe is not an anatomical area of the brain, it is only used to identify the midsection of the 

scalp. Even numbers are used to refer to the right hemisphere positions and odd numbers 

for the left hemisphere. Extra electrode positions can be added on apart from the 23 major 

locations to extract more data from a particular region [14]. 

 

Figure 2-6 10/20 Positioning System [14] 

 



13 
 

Manually placing electrodes require measurements of anatomical landmark of 

individuals to satisfy the 10/20 system. However, the commercially available EEG data 

extraction headsets comply with this internationally recognized system.  

The data collected can be of different format such as “.mat” or “.edf”. The design 

discussed in this thesis is compatible to all format except for “.mat” format. 

From the earlier discussion on the functionality of each region of brain anatomy, it 

is clear that the frontal lobe is responsible for decision making and related activities.  

The major location of sensors in this area are Fp1, Fp2, F7, F3, F4, and F8. Most 

commercially available EEG data collecting instrument cover this area of skull. They come 

as headsets and sensors and are attached to scalp with contact materials dabbed in 

saline.  

Collecting data from all parts of the skull may not hurt the outcome of the 

experiment, but doing so may add unnecessary noise. As we have discussed before, the 

prefrontal area of the brain is responsible to make executive decision, analyzing 

information and relating gathered data to each other to reach resolution. This thesis will 

analyze raw data to attain frequency bands- Alpha, Beta, Delta and Theta and measure 

the signal power and ratio of prevalence for each frequency band.     

 

2.5 Brain Computer Interface 

 

Brain computer interface is a media to communicate without the conventional way 

of using speech and muscle movements. In this case, the interface displays the measured 
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signal power of electric waves generated due to cognitive activities. This way it provides 

a direct interface between human brain and technology. Brain signals are recorded and 

then digitized to perform signal analysis. Cognitive processes can be analyzed directly 

with brain computer interface. This technology gives us the privilege to diagnose 

abnormality as well as explore characteristic of brain functions. Having non-invasive 

method available to measure and record these frequency bands increases the 

prospective of using EEG for other non-medical area of study. Decision making is one of 

them. The first step to understand and quantify decision making process is the ability to 

create a platform where EEG can be further analyzed to reach a quantitative result. This 

thesis creates such a platform to evaluate EEG.  Pre-processing is the next step for brain 

computer interface. The electrical activity captured from the scalp are very much low 

voltage. The pre-processing of the signal amplifies it and improves signal quality without 

losing data. Commercially available EEG headsets do limited cleanup during recording of 

the data.  

Next step in brain computer interface is to extract relevant data required for 

analysis. EEG data is typically contaminated with signals generated from muscle 

contraction and movement. These signals are called Electromyography signal (EMG). 

Filters are used to remove this unnecessary component [15] [16]. Once desired 

information is extracted from the data, it is then classified into frequency bands and 

translated into command states. At this stage the data is ready to be used to identify 

cognitive state. This information is then used to provide feedback to the user about the 

mental state identified. 
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2.6 Literature Review 

 

Decision making has been studied from various angle. This section explores 

methods suggested by various studies and design approaches made so far. The 

references used for this thesis has diverse application, but they are all applicable to 

building a platform that can analyze EEG to give user feedback on their decision making 

process.  

In [17] a general framework for an experiment on decision making is introduced. 

The methods suggested are psychophysiological metrics for establishing indices of 

arousal, indices of cognitive control and data analytics.  

Psychophysiological techniques meaning cardiovascular reactivity, skin 

conductance response, respiration, EEG source models can be very helpful for 

understanding of human decision making process. Especially studying EEG for similar 

scenarios can aid in explaining how emotion and cognitive actions interact while making 

a decision. Interaction between EEG oscillation pair such as phase synchronization and 

coherence can be studied to explain affective states of hedonic arousal. Affective stimuli 

is described as a potential distractor that can relocate processing resources which as an 

outcome affect cognitive performance. Another method suggested by [17] is using EEG 

to measure cognitive processing, visual processing and attention allocation. The data 

analytics method however proposes to classify the raw data into frequency bands to 

support vector machines to display user feedback. The framework of experiment 

proposed by this paper requires to establish a “Psychophysiological Baseline” for each 

participant. The experimental data would then be compared with the baseline to find 

outcome of the assessment. The proposed experiment would subtract the baseline values 
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and compare cognitive and arousal indices. The decision making model describe in [17] 

starts with observe/orient. In this stage individuals observe the situation. The next step is 

risk analysis. At this step the probability of threats or counter measures are explored. 

Process of decision making starts in the next stage where individuals compares 

alternative options and does trade-off analysis of good or bad consequences. Overall 

expected payoffs or costs for potential alternatives are mentally calculated to make final 

decision on which alternative is best [17]. 

This brings the question whether all decisions are made equal. Research shows 

that the decision making process is categorized into Intuitive, Empirical, Heuristic and 

Rational. Not all of these categories result in a well-though decision making process. A 

mathematical model is described in [1]. Decision making is a complex but fundamental 

process and happens frequently at conscious and sub-conscious level throughout the 

course of a day. Similar to [17], it consists of selection, decision and decision making.  

According to [1], there is a selection function for any nonempty collection of 

nonempty disjoint sets of alternative decisions. Assuming {Ai | i ε I} is a collection of disjoint 

sets Ai ⊆ U and Ai ≠⊘ , function c: {Ai} → Ai , i 𝜖 I  is a choice function if c(Ai) = ai, ai 𝜖 Ai 

, where Ai is called the set of alternatives, U is the universal set and I is a set of natural 

numbers. Based on this choice function the mathematical definition of a decision d is a 

selected alternative a 𝜖 A from a nonempty set of alternatives A, A ⊆ U, based on given 

set of criteria C. 

𝑑 = 𝑓(𝐴, 𝐶) = 𝑓: 𝐴 × 𝐶 → 𝐴, 𝐴 ⊆ 𝑈, 𝐴 ≠⊘ 

Where x is a Cartesian product. 
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The number of possible decision n can be determined by the sizes of A and C in 

above equation. Here, n= #A ∙ #C # is the cardinal calculus on sets) where𝐴 ∩ 𝐶 =⊘. No 

decision may be derived in case of #A=0 and/or #C=0. 

This model provides a fundamental mathematical model of decision making. 

Alternatives A and criteria C for a given decision making goal are the factors determining 

the decision. A unified theory proposed in [1]  is based on axiomatic and recursive 

cognitive process from the categories of decision making mentioned above. The cognitive 

process is explained with the mathematical model mentioned above. When a problem 

presents itself, strategies and previous experiences related to that scenario is recalled. 

Alternative solutions and potential strategies are set of A and C respectively. Based on 

these two sets of information, applying the decision mathematical model, decision is 

formed.  This mathematical model is used for experiments to quantitatively analyze 

decision making process. According to this research, every decision, complex or simple, 

is a Cartesian product of a set of alternatives and a set of selection criteria. The chance 

of the decision being ideal depends on how large these sets are. New decision problems 

are extremely complex, but once a rational solution becomes available the cognitive 

process becomes simpler. This means if the solution is known either from previous 

experience or known strategy, the cognitive process to reach to that solution is much 

shortened and simplified [1]. 

This indicates that when individuals are making complex decision without 

displaying a large amount of Beta signal power, they may be making intuitive decision 

based on previous experiences. Recent studies however have found that increased 

gamma signal power is proportional to slow reaction time if the participants do not 
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anticipate the correct answer beforehand. On the contrary fast responses were also 

related to increasing gamma signal power if participants could predict the correct answer 

[11]. 

Due to inconsistent conclusions such as this, gamma signal power is not calculated 

in this thesis. The other four categories of frequency bands are much more prominent in 

a signal as well as reliable to analyze.  

There are three major approaches to analyze EEG- using coherence, using fuzzy 

logic and measuring signal power (quantifiable method).  

 

2.6.1 Analyzing EEG by Measuring Coherence 

 

 Coherence from electrode pairs can be compared to understand the attentiveness 

of individuals. Coherence is signal synchronization. It is a frequency domain based 

function that can be measured for electrode pairs. Considering the data collected from 

these electrode pairs as two wide stationary time series, coherence is a function of 

continuous time signals x and y. To derive coherence, the absolute square of the cross-

spectrum Sxy is normalized by auto-spectra Sxx and Syy [18] [19]. This value lies within 

interval [0,1]. Coherence hereby is defined as: 

Γ𝑥𝑦(𝑒𝑗𝜔) =  
𝑆𝑥𝑦 (𝑒𝑗𝜔)

√𝑆𝑥𝑥(𝑒𝑗𝜔)
 

This function above is complex and further simplified into: 

Γ𝑥𝑦(𝑒𝑗𝜔) = |Γ𝑥𝑦 (𝑒𝑗𝜔)|𝑒𝑗𝜆(𝑒𝑗𝜔) 
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 Where |Γ𝑥𝑦 (𝑒𝑗𝜔) is the squared magnitude of coherence and 𝜆(𝑒𝑗𝜔) is the phase 

coherence [18] [20] [19] . These two equations are used to calculate coherence at every 

frequency band for every test case mentioned in [20] for every pair of electrodes. Two 

scenarios are mentioned in this paper- one where participants are attentive to a single 

primary task and the other where participants are performing dual cognitive task (when 

the primary task becomes secondary and the participant becomes distracted).  

The coherence is measured for both scenarios. Each electrode has been paired 

with every other electrode (10 pairs for a total of 5 electrodes) to see coherence. The 

coherence for all subjects are averaged to compare results. The experiment performed 

in [20] shows that Theta band is related to cognitive distraction. The difference in 

coherence measured among the front lobe sensors at Alpha band between two scenarios 

is low during primary task processing as well as high coherence is seen among the front 

lobe and occipital lobe sensors. Dual task increased the coherence between front lobe 

sensors and other sensors at Beta band. According to this study, a distracted mind is 

characterized by existence of Theta band and increased coherence at Beta band in frontal 

lobe [20]. 

 

2.6.2 Using Fuzzy Logic 

 

Another method to analyze EEG data is to categorize the raw data into three main 

states- Arousal, Valence and Dominance. Arousal is defined as low Alpha activity, high 

Beta activity and coherence in parietal lobe. The ratio of Alpha and Beta is deemed as an 

indicator of excitation.  
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 𝐴𝑟𝑜𝑢𝑠𝑎𝑙 =  [𝛼(𝐴𝐹3 + 𝐴𝐹4 + 𝐹3 + 𝐹4)]/𝛽(𝐴𝐹3 + 𝐴𝐹4 + 𝐹3 + 𝐹4)], 

where AF3, AF4, F3 and F4 are the electrodes placed on the frontal lobe area of the scalp 

according to the 10/20 system mentioned earlier in the chapter. 

Valence is related to drowsiness and consciousness. Data from prefrontal lobe 

electrodes is used to calculate valence. 

𝑉𝑎𝑙𝑒𝑛𝑐𝑒 =  
𝛼𝐹4

𝛽𝐹4
−

𝛼𝐹3

𝛽𝐹3
 

Increasing ratio of Alpha and Beta activity in frontal lobe with increasing Beta 

activity is parietal lobe is considered as Dominance. 

𝐷𝑜𝑚𝑖𝑛𝑎𝑛𝑐𝑒 =  𝛽𝐹𝐶6/𝛼𝐹𝐶6) + (𝛽𝐹8/𝛼𝐹8) + (𝛽𝑃8/𝛼𝑃8) 

All sensors denoted as FC is situated in frontal lobe area. These sensors are part 

of an extended 10/20 placement system. These formulas are used to build the fuzzy logic. 

Fuzzy logic can be used with algorithms to identify mental states [21]. 

Using the same components (Arousal, Dominance and Valence), acquired 

measurements can be placed on the valence/arousal plane. It is a 2D diagram where 

Valence is horizontally plotted on X axis and Arousal is plotted on Y axis. Right side of 

the X axis (Valence) represents positive emotion (such as excited, happy, and pleased) 

and left side represents negative emotions like annoyance, anger, nervousness etc.  
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Figure 2-7 2D Emotion Model [22] 

Upper side of Y axis represents high intensity of emotions both positive and 

negative and the lower side represents less intense behavior such as relaxed, peaceful, 

calm, sad, bored, sleepy etc. Using this 2D plot, emotional state can be detected [22].  

Emotion can play big role in decision making. Irritation and depression both can 

lead to clouded judgement and bad decisions. EEG signals can be compared on this 2D 

emotion model to understand the current state of mind to further indicate feasibility of 

making an executive decision. However, this model is rather subjective and lacks 

definitive parameters for participants to be able to further categorize for decision making 

applications. 

A much more conclusive and quantifiable method is described in [15]. This paper 

proposes a data analysis method. According to [15], signal power need to be calculated 

using fast Fourier transform (FFT) and a 1s Hamming window with no overlap for the 

frequency bands. There are usually 32, 64, 128 or 256 channels used for EEG studies. 
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This signal processing system can sample up to 1000 Hz. Baseline for participants were 

established and then data collected during given task is compared with the baseline to 

detect any signal power or frequency shift. Values are spatially averaged and normalized 

with the natural logarithm to reach final outcome of the experiment. [15] 

Similar approach to [15] has been taken in other studies to analyze EEG such as 

in [16] and [2]. Both of these papers uses Emotiv Epoch to collect data and analyzes raw 

data in LabVIEW. In [16], Feature vector is computed using 𝐹𝑣 = (∑𝑟𝑛)/𝑛 where Fv is the 

feature vector and the ratio of EEG signal power spectrum is denoted as r. The number 

of subjects is denoted by n in this formula. The raw signal is recorded and read with Read 

Biosignal.vi in LabVIEW. Read Biosignal.vi is placed inside a while loop separated from 

the rest of the block diagram with a timer to keep the EEG data intact while the complete 

file runs. After the loop is finished, the data passes through to the next stage of the 

diagram. Short-Time Fourier Transform (STFT) is used to process the EEG signal. This 

creates the spectrogram image. Waveform classical filter is used to filter the raw signal 

and then the signal is converted through Fast Fourier Transform (FFT) to transfer it from 

time domain to frequency domain. This part of the design is also placed inside a while 

loop. This while loop is activated only after the first while loop containing ReadBiosignal.vi 

is executed. Another vi is created to perform statistical analysis. The outcome of the 

statistical analysis is saved in an excel file. These files are recalled into the vi to extract 

ratios of affected frequency Alpha, Beta, Delta and Theta band values. These values are 

then assigned to state machine to indicate directions. 

In [2], very similar approach is discussed. The frequency bands were obtained 

using IIR butterworth filter. Single tone measurement module is used to obtain the 
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amplitude and frequency for each frequency band. This diagram is placed under a for 

loop that executes for N=10 number of times. Mean.vi is used outside of the for loop to 

calculate mean value of amplitudes for each frequency band. This information is analyzed 

to designate mental state detected for the data.   

This thesis however, will not be calculating ratio of EEG power spectrum or 

amplitude. Instead the outcome of this design will be dependent on EEG signal power for 

each frequency band as well as the percentage of each band existing in the entire 

recorded EEG signal. The design is included inside a single loop instead of multiple 

consecutive loops. The design implemented in this thesis consists of a single while loop. 

The challenge with having a single loop is that the average or mean value is only 

calculated during the current iteration. Once the loop stops, the final values only reflect 

the latest iteration values. This challenged has been resolved with arrays built with 

feedback mechanism. As a result each iteration returns the mean value considering all 

previous iteration. This way the run time of the program is faster, streamlined and efficient.  
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CHAPTER 3  

DESIGN METHOD   

In this chapter, the design method is discussed in depth. The goal for this design 

is to build a system where EEG data can be uploaded to reach conclusion about 

individual’s state of mind. LabVIEW is used to develop the system. The system reads raw 

EEG data, removes artifacts and computes single-sided power spectral density. The 

frequency measurements then go through array functions to determine the prevailing 

frequency band. Mean values are used to determine prominent frequency band. 

Proposed appropriate cognitive state for making decisions are detected by the 

comparison logic (identified as Category 1) based on theoretical assumption of the 

functionality of the frequency bands.  

The user interface shows the artifact free EEG signal amplitude over time as well 

as the PSD over frequency.  The current values of signal power and distribution 

percentage are displayed. These values reflect the result from the latest while loop 

iteration. The mean value for entire file is displayed as Delta, Theta, Alpha, Beta and the 

percentage of these frequency bands. The indicative behavior is listed on the front panel 

and the prominent frequency band is indicated with a Boolean LED.  

 

 

 

Figure 3-1 Flow Chart of Design 
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3.1 Reading EEG Data   

LabVIEW offers a range of toolkits to read and process biomedical signals. The 

Biomedical toolkit contains Read Biosignal Express VI that can read raw biomedical 

signal.   

 

Figure 3-2 Read Biosignal Block 

It supports a wide range of formats including European Data format (edf). EEG 

data can be uploaded with specified file path. The file path is available at the front panel 

and EEG raw data file can be uploaded from the user interface. Uploaded data can be 

read channel by channel. Specific channels can be selected for analysis per given 

condition. The express VI is initialized at zero error in. This VI reads biosignals block by 

block. The block sizes are in seconds and they can vary depending on the length of the 



26 
 

EEG recording. The loop stop condition is wired with the End of File (EOF) terminal of the 

block. The loop stops when it reaches the end of the uploaded EEG recording. 

 

3.2 Extracting Artifacts 

  Raw EEG signals are often contaminated with EMG and other occipital movement 

related signals. These are called artifacts. Removal of artifacts is essential as these 

signals can easily overpower the low voltage EEG signal. Most of these artifacts are 

above the frequency range of interest. A waveform classical filter is used to remove the 

artifacts in this case. This digital filter is appropriate for biomedical signals. In this design 

a low pass filter with ripple specification of 0.1 dB at pass band is used. The passband 

allows signals below 40Hz to pass through the filter which accommodates all the 

frequency bands necessary for this purpose.  

 

Figure 3-3 Filter to Extract Artifacts 

The settings for this filter requires two inputs for the passband even if the function 

selected for the filter is lowpass. However the second passband is ignored if lowpass is 

selected. This feature is not necessary if the collected data has been scrubbed off of the 

artifacts as part of pre-processing. However, this design will have this pre-processing 

component. The file path in Read Biosignal VI is accessible to user and the user is free 
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to choose any form of data to use this system. If the data is free of artifacts, addition of 

this filter does not change the outcome. 

 

3.3 Filtering Frequency Bands  

EEG FFT Spectrum VI is used to separate the frequency bands (Alpha, Beta, Delta 

and Theta) from the raw signal. This VI computes the single-sided power spectral density 

(PSD). Welch method is used to divide the time series into overlapping subcategories of 

signal elements. Periodogram of these subcategories are then averaged to plot the PSD. 

In this design Hanning window has been applied to the signal. The length of the Hanning 

window is 1024. It controls the trade-off between bias and variance of the PSD. For this 

design the VI returns the PSD values in linear scale. Frequency bands for EEG are 

defined in the VI to extract accordingly. A 50% overlap is used for the Hanning window.  

 

Figure 3-4 Extracting Frequency Measurements 

An unbundling function is used to extract the elements. The Unbundle by Name 

function obtains the FFT spectrum as a cluster and creates terminals for respective 
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frequency bands for the measured value to be used independently. The PSD for EEG 

recording is plotted using EEG Spectrum Helper VI. Frequency measurements returns 

the value for frequency domain measurement of the frequency bands mentioned earlier. 

The value returned is the absolute value of power in each frequency band. The 

percentage shows the distribution of power in respective frequency band.   

 

3.4 Calculating Mean Values 

 Mean VI is used to compute the mean value of power for each frequency band. 

This VI calculates the mean of the input sequence. In this case, the loop runs until the 

end of file. Depending on how long the EEG recording is, the loop can run multiple time 

to process the entire raw signal. This VI only calculates the mean for the values last 

inserted to it.  

 

Figure 3-5 Computing Mean Value 
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This creates a challenge when the file is long enough for the loop to run multiple 

times as the returned mean value will not reflect the entire signal. This issue is resolved 

by adding a feedback loop with Mean VI. A Build array function is used to build an array 

of values returned from the EEG FFT Spectrum VI. This function adds elements to an n-

dimensional array. Each time the while loop runs and a new value results from EEG FFT 

Spectrum VI, this function enters the value into its n-dimensional array. The feedback 

node attached to its output to input stores data from one iteration to another. Therefore, 

at the end of the final loop the array contains values from all iteration. This array is an 

input to the Mean VI which then takes the values from all iteration in consideration in order 

to compute mean value.  

Mean values for the frequency band distribution as well as the signal power are 

calculated and presented at the front panel. 

 

3.5 Boolean Logic   

 The logic used to determine the current state of mind is built with array functions. 

The mean values calculated in the previous step is inserted into the build array function. 

This function contains the mean distribution percentage of all the frequency bands. This 

array of values from the frequency bands is inserted into an Array Max & Min function. 

The max value is compared with the values inserted into the build array function to identify 

the prevailing frequency band. When the prevailing frequency band is identified, a true 

false comparison function is used to assign them to the indicative behavior for a prominent 

frequency band.  
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 To identify proposed cognitive state for decision making (category 1), a set of 

comparison operators is used to evaluate the distribution of frequency bands in the signal. 

The comparisons create a condition such that Alpha band cannot be prominent as it 

indicates relaxation. Theta band cannot overpower Beta band because it indicates high 

stress. Delta band is not compared with other bands because prominence of Delta 

requires information about the test subject’s wakefulness. This is because Delta can 

represent deep sleep, and when the subject is awake, it can relate to internal 

concentration [13].  

 

3.6 Theory Behind The Logic Design To Detect Proposed Cognitive State For Decision 

Making 

According to [17], decision making process involves situation analysis, risk 

analysis, trade-off analysis (which includes mental algebra and alternative analysis) and 

finally implementation of decision. This framework requires cognitive processing for each 

of these steps. As mentioned in chapter 2, pre-frontal lobe is responsible for cognitive 

functions such as the tasks mentioned above [6]. However, the parietal lobe and the 

central region also shown as responsible for decision making [11]. Decision making can 

be a complex task that includes all part of the brain. For the purpose of this thesis, the 

data collected from all areas will be used to measure signal power and percentage 

distribution.  

Alpha waves are well-known for their relaxing effects. During the awake resting 

state, Alpha waves prevail. During a resting period, the Alpha frequency band is seen to 

have maximum magnitude followed by Delta, Theta and Beta with lowest magnitude. 
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Increasing Beta frequency is shown with lower magnitude in resting state. The magnitude 

of Alpha waves are higher when eyes are closed compared to when eyes are open [23]. 

According to [24] decreasing Alpha activity is seen higher during baseline activity 

compared to task activity. Decrease in Alpha is consistent with higher cognitive demand 

in decision making. The study in [24] consisted of 9 male and 7 female subjects aged 18 

to 34 and decision making concepts designed to simulate real world, daily living decisions 

(such as taking a bus, choosing a friend, job, medication etc.). The authors also observed 

a higher activity in Beta, Theta and Delta band through experiments. This establishes the 

condition that for decision making Alpha frequency bands shall not be prominent. For this 

design Alpha frequency band is conditioned to be lower than Beta and equal to or lower 

than Theta frequency band activity.   

Beta waves are associated with cognitive processing. Activity in this frequency 

band will increase when there is cognitive challenge and increased demand for cognitive 

task [23]. According to [7], increasing Beta activity has been identified with high 

concentration and attention. The experiment carried out by the authors of [7] 

demonstrated an excited state with Beta waves and Delta waves in scenarios that 

requires attentiveness. An experiment of 50 people (from the age of 18 to 35 years old) 

was performed. The experiment was performed on usability of websites and their user 

interface. When the test subjects were observed as comfortable with a friendly user 

interface, this excited state disappeared. This establishes the condition that Beta signal 

shall be greater than Alpha and Theta.  

Delta is known for its presence during deep sleep state. On the other hand, it has 

been shown in studies that in awake state it can also relate to cognitive concentration. 
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Delta has been found alongside of Beta in experiment performed to study usability in [7]. 

A review of experiments conducted on Delta band concluded that during concentration 

activity increases for tasks that is led by frontal lobe (such as mental calculation, sematic 

task and Sternberg paradigm). Sternberg paradigm is a working memory task where test 

subject were shown video of several digits and tested the number of digits they could 

remember after the video. This task activated process of attention and internal 

concentration. All of these experiments demonstrates that there is a clear relation 

between cognitive activity and increased activity in Delta frequency band [13]. Therefore, 

for decision making, existing Delta activity shall be considered as an indicator of cognitive 

concentration.  

   Theta power has fundamental role in decision making. The experiment 

performed in [25] shows that data collected from central electrode Cz shows that task 

modulation is related to decrease of Theta power. Trials show easy high coherence task 

is related to Theta band. Dynamic evidence accumulation is proportionate to higher Theta 

band [25]. On the other hand a study presented in [10] shows that EEG Theta/Beta ratio 

as a potential biomarker for effects of stress on attention. The study consisted of 77 

participants performing task that induce stress vs control task. The study confirmed a 

negative relation between Theta/Beta ratio and stress-induced attentional control [10]. 

Recent work also found Theta power is related to decision difficulty. Incorrect responses 

are related to decreased confidence and an increased response time is seen with Theta 

power oscillation. The study conducted in [11] shows that Theta decreases with 

increasing memory load. In attention based tasks such as driving, Theta is also seen as 

an indicator of distraction that negatively impacts performance [20]. This establishes the 
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condition that for mind to be in a peaceful stable state, Theta power shall be less than 

Beta.  

The conditional relationship identified above is the basis for Boolean logic to detect 

a viable mental state to make decision. The decision making models discussed in chapter 

2 and the discussion above leads to the conclusion that to be able to make a decision, 

observing problem statement and related information is necessary which requires 

adequate Beta signal power. To explore and come up with alternative and possible 

solutions, internal concentration is necessary. Stress however will hinder the thinking 

process, so decreasing Theta is necessary to be able to reach to a plausible solution.  

 

3.7 Workflow of The Design 

EEG signals can be recorded and uploaded for processing with this design. The 

Read Biosignal VI accepts a wide variety of formats and recording apparatus. After the 

file has been uploaded, it is analyzed by predetermined block size. Block size is set to 

100 seconds. In cases where the file sizes are smaller, the block reads the entire file as 

a block. At the beginning of each loop, the EEG signals are launched from Read Biosignal 

VI.  

The signal then goes through the waveform classical filter set to lowpass. This 

lowpass filter is an elliptic filter. Elliptic filters have equal ripple in both pass and stop band. 

For low pass filter in this design the ripple configuration is specified as 0.1 in passband 

and 60 in stopband. Using elliptic filter helps minimize transition width of passband ripple 

[26]. This filter extracts unnecessary artifacts from the signal. Most of the artifacts caused 
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by muscle movement or eye movement is above 40 Hz. This filter passes signals with 

frequencies lower than 40 Hz which encompasses all frequency bands used in this thesis.  

The filtered signal then passes onto the EEG FFT spectrum analyzer that breaks 

up the signal into a cluster of frequency bands. The analog EEG signal is then digitized. 

FFT is applied to the signal. A digitized version of an analog signal is an approximation 

of the analog signal. Applying EEG FFT Spectrum VI decomposes the signal into the 

approximated frequency component of the original signal. However, power spectrum 

analysis of EEG is based on a presumption that EEG consists of periodic waveforms of 

different frequencies. However, EEG is not a stationary signal. During analysis the 

components change in frequency and amplitude at every window as transient waveforms 

appear intermittently. Therefore, choosing appropriate parameters for FFT is crucial for 

EEG signal processing. Hanning window is used for this design. Tapered window such 

as Hanning window is most appropriate for this case. It decreases spectral leakage. Short 

sections of data is selected each time with overlap with previous window. Data is 

computed repeatedly and transformed into frequency domain. An average of absolute 

values from these short sections are computed for each time-window leading to a time 

frequency spectrum [27].   Choosing a short window duration minimizes the effect of being 

non-stationary and generates a smoother PSD plot [28]. Although the smaller the window, 

the larger the bias. A balanced parameter for EEG signal processing is a window length 

of 1024. On the other hand, power leakage can be seen from one frequency bin to 

another. Tapered window resolves the issue by having 0 amplitude at the edges of the 

window and a 100% rise in the middle. By overlapping these tapered windows, data at 

both edges of each window will contribute same weight to the spectrum as the middle. 
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The overlap in this design is set to 50% which is half the window length. This means each 

sample will make equal impact on the spectrum. Popular belief is that complex signals 

are composed of sine waves. Brain does not produce sinusoidal waves. Therefore the 

signal can be decomposed into component frequency bands [28].    

The cluster of divided frequency bands is then used by unbundle function to 

separate the measured value at every frequency band. The EEG spectrum is plotted at 

this point. The measured value of signal power and distribution percentage is then passed 

onto the build array function. The value for each frequency band then goes onto 

computing mean value. The mean value is then used for comparison logic to detect 

mental state. At this point, if the file is larger than the predefined block size, the loop with 

run again from the Read Biosignal VI. This VI is not initialized, so at the second iteration 

it runs data blocks from the rest of the file. This block of data from second iteration goes 

through the filters and the mean value for signal power as well as distribution percentage 

is saved in the array with help of build array function and feedback loop. The mean 

function then computes the mean for both of the values obtained from first and second 

iteration.  
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Figure 3-6 Logic to Detect Category 1 

Accordingly for each iteration the values are saved in the array and mean is 

calculated over all the values from all past iterations. The mean values displayed at the 

user interface is updated with latest mean value each time the loop is executed until end 

of file. The mean values for percent distribution of frequency bands are used to compute 

the state of mind of test subject based on the theoretical logic.  

For the cases where the subject is awake, a max value of Delta will indicate 

concentration. A max value of Theta will indicate stress, a max value of Alpha will 

represent meditation and prominent Beta value will indicate problem solving or thinking. 

Conditional parameters defined in previous section will evaluate measured values to 

verify if the Alpha activity is lower or equal to Theta and lower than Beta, whether Beta 

activity is higher than Theta and Alpha, Theta to be lower than Beta and if Delta exists in 

the signal. If the signal satisfies all these conditions, it is an indicator of appropriate mental 

state appropriate for decision making.   
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CHAPTER 4  

DESIGN EVALUATION   

 

This chapter evaluates the functionality of the design and verifies that the system 

produces desired output.  

 

4.1 Using Simulated Input 

 To understand whether the system is detecting the variance in frequency band, 

the Read Biosignal block in the design has been replaced with Simulate EEG block. The 

Simulate EEG Express VI allows modification of simulated EEG signal with desired 

amplitude levels and power distribution settings. The amplitude and frequency of the 

noise can be modified. The sampling rate can also be adjusted. This blocks output 

amplitude is in micro volts such as any real EEG signal. In this case, the default of 100 

microvolts is used. This simulated signal can be set to be affected by white noise and 

power noise to be more realistic to natural EEG signals. For this verification test, the white 

noise and the power noise will be set to default (zero). Sampling rate for this case is set 

to 1000 Hz. The block size (the time length of simulated EEG signal for each time the VI 

runs) is set to 100 seconds. This test only evaluates the functionality of detecting varying 

levels of Alpha, Beta, Delta and Theta levels at the output. The relative power distribution 

settings will be modified for the purpose of this test. The loop is not used as part of the 

test bench as the simulation block produces EEG data uninterruptedly. One block of data 

is analyzed to achieve the final result. The feedback loops with arrays are also eliminated 

from the test bench as there is no multiple loop iteration to save the data from. Therefore, 
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calculating mean value is not necessary as the direct value from the simulation block is 

used.   

 

4.1.1 Test 1.1  

Alpha power distribution is set to 1. Beta, Theta and Delta power distribution is set 

to 0.23.  

 

 

Figure 4-1 Simulate EEG Express VI settings 
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The purpose of this test is to verify whether the design is able to detect higher 

Alpha power distribution in the EEG signal. Simulate EEG Express VI enables 

manipulation of the EEG input so that the Alpha frequency band is prevails in the raw 

EEG signal. As seen in figure 4-1, the Delta, Theta and Beta power distribution are set to 

0.23. Unlike real life raw EEG signal, this signal can be manipulated to have dominant 

Alpha frequency band signal power.  

The sampling rate is set to 1000 Hz. Commercially available EEG recording 

headsets typically record signals at 256 Hz sampling rate, however much more precise 

EEG can be recorded at 1000 Hz sampling rate. As mentioned above, block size is set to 

100s and with no loop iteration, 100 seconds of recording gets processed in a single run 

of the test bench. All the other settings are set to default. This simulated EEG signal 

functions identically to real life EEG signal recording (with exception of no noise) and 

processed by the design to separate designated frequency bands and measure signal 

power.  

This output shows that the processed EEG spectrum is for 0-100 seconds 

(because block length is 100s). The amplitude of the spectrum is detected to be within 

100 uV as specified in the simulated input. The PSD shows that Alpha power density is 

higher than the other frequency bands. 

In real life scenario, the Alpha frequency band is prevalent when the test subject 

is meditating or in relaxation mode. The output display shows the indicative behavior to 

be Meditating.  
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Figure 4-2 Increased Alpha Signal Power at Output 

The Alpha percentage at the output shows increased number at 42.78% while Beta 

is at 18.15%, Theta is at 22.61% and Delta is at 16.46%. This variance is seen because 

the Simulate EEG Express VI imitates the real EEG signal and it is unrealistic to have the 

same percentage of all frequency bands even though the relevant power distribution is 

equal at the input. Therefore, the simulated EEG rearranges the power distribution 

keeping the dominant signal intact. 

Simulate EEG VI produces 100 seconds of EEG signal that runs through the entire 

script in a single iteration. Therefore the average signal power and average percentage 

calculated (set of values on the right side of Figure 4-2) is same as the individual loop 

measured values (on the left). The individual loop values are rounded to whole numbers.  
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4.1.2 Test 1.2 

Beta power distribution is set to 1. Alpha, Theta and Delta power distribution is set 

to 0.23. 

Similar to previous test, the simulated EEG is configured to imitate the state of 

mind of a test subject who is cognitively engaged in performing problem solving. All the 

other settings remain the same except for the Beta power distribution, which is set higher 

than other frequency bands. The EEG preview displays a 5 second sample of the entire 

100s simulated recording.   

 

Figure 4-3 Simulate EEG Input Configuration with Increased Beta Power Distribution 
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At the output, the PSD displays a dominant Beta signal power. 100 seconds of 

EEG data is analyzed. The signal power measurements also show that the Beta signal 

power is 105.44 uV2 while Alpha is 25.24 uV2, Delta is at 27.77 uV2 and Theta is at 32.66 

uV2.  The percentage of Beta frequency band is also higher than the others. Beta signal 

power is measured 55.17% while Alpha is 13.21%, Theta is 17.09% and Delta is 14.53%. 

Slightly higher power distribution of Theta power is seen at the output. This occurrence 

can be explained by behavioral characteristic discussed in section 3.6 in chapter 3 of this 

thesis. The test subject can be expected to have increased stress levels accompanied 

with increased cognitive load. The indicative behavior is detected as ‘Thinking’. 

 

Figure 4-4 Increased Beta Power Distribution 

 

 

4.1.3 Test 1.3 

Theta power distribution is set to 1. Alpha, Beta and Delta power distribution is set 

to 0.23. 
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For this test, the Simulate EEG Express VI is configured so that the relative power 

distribution for Theta is set to 1 and all the other frequency bands are set to 0.23. The 

rest of the settings are kept identical to the previous test conditions to make the results 

comparable. 

 

Figure 4-5 Increased Theta Activity at Simulate EEG Input Configuration 

 

At the output, the user interface displays a detected level of stress. From previous 

chapters, it is known that the literature shows a higher Theta to Beta ratio is an indicator 

of stress. This functional verification shows that this design is able to detect a higher 

signal power distribution of Theta band.  
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The user interface shows that the Theta is highest at 108.35 uV2 while Delta 

frequency band is the next highest signal power 40.32 uV2 and Beta is measured 29.75 

uV2. Alpha is lowest.  

 

Figure 4-6 Increased Theta Activity at the Output 

 

4.1.4 Test 1.4 

Delta power distribution is set to 1. Alpha, Beta and Theta power distribution is set 

to 0.23. 

For this test, Delta power distribution is configured to be the highest. From the 

literature review, it is known that high Delta can be an indicator of sleep if the subject is 

in deep sleep, or it can also indicate internal concentration if the subject is engaged 

cognitively in performing a task. The output displays that the Delta power is highest at 

46.97% and Theta is next highest at 21.58% and Beta at 17.12% while Alpha is at lowest 

14.33%. 
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Figure 4-7 Input Configuration Setting for Increased Delta in EEG Signal 

 

Figure 4-8 Increased Delta Activity at the Output 
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4.1.5 Test 1.5 

Simulated EEG data where Beta is highest, then Delta, then Theta and Alpha is 

lowest to detect Category 1 assuming that represents an appropriate state of mind to 

perform a decision making task well. 

 

 

Figure 4-9 Input Signal Configuration for Test 1.5 

 For this test, the relative power distribution for Delta is set to 0.8, Theta is set to 0.6, 

Alpha is set to 0.3 and Beta is the highest at 1. All the other configurations from previous 

tests are identical. The purpose of this test is to confirm that the design is able to detect 

the varying levels of signal powers from different frequency bands. Therefore, the output 

is expected to show the same order of signal power distribution in the signal. This test will 
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also verify if the design is able to detect such conditional parameters as a viable mental 

state for making executive decision. 

 

Figure 4-10 Output Showing That the Variance in Power Distribution is Detected 

 

The output or user interface for this test displays as expected a dominant Beta 

signal power (71.24%) and the next largest percentage is Delta signal power (51.57%), 

then Theta (48.12%) and Alpha is lowest at 23.77%. The user interface of the test bench 

shows both the actual value (rounded to two decimal numbers) as well as rounded 

integers. The user interface also displays the result “Category 1”, which means EEG 

signals that satisfy the conditional parameters used for this design are able to be detected 

as an indicator of appropriate state of mind for decision making.   
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4.2 Experimentation with Real EEG Data 

Validation of the conditional logic to detect Category 1 is necessary in order to 

validate the design. In section 3.7 of this thesis, the logic is described as such that Alpha 

signal power distribution needs to be less than Beta signal power and less than or equal 

to Theta signal power. Beta signal power distribution is required to be greater than Alpha 

and Theta signal power. Theta signal power is required to be less than Beta signal power. 

It is well known in the literature that Alpha and Beta frequency band dominance is 

indication of relaxation and problem solving/ cognitive load respectively. However, such 

comprehensive validation requires extensive experiments tailored to various decision 

making activities. This experiment concentrates on the relationship of Theta with Delta 

and Beta. The relationship between Theta and Beta is experimented in [10]. According to 

[10], Theta has been seen as a biomarker for stress. Analyzed data in this thesis shows 

similar outcome. On the other hand, the Theta-Delta relation has not been experimented 

as commonly. The contradictory traits of Delta frequency band and appearance of Theta 

in diverse scenario makes it challenging to correlate them. Therefore, this thesis analyzes 

data from an experiment that provides statistical evidence that Theta frequency band is 

associated with stress and it is correlated with level of Delta activities. This means when 

stress level increases, internal concentration level starts decreasing.  

 

4.2.1 Data Collection   

The EEG recording used in this thesis is obtained from the Departments of 

Computer Science and Engineering (CSE) at University of North Texas. An experiment 

was conducted by the Inspire lab of department of Computer Science and Engineering to 
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collect raw EEG data. EEG recordings used for this thesis are from 20 participants from 

University of North Texas between the ages of 18-33. The EEG recordings were collected 

for the study of insider threats and information security [29] [30]. This thesis uses a subset 

of an extended set of EEG recordings that was collected as part of the experiment used 

by Department of Computer Science and Engineering for [29] [30].  

 

4.2.2 Experiment 

Participants were asked to perform 6 tasks in total. Each of these tasks were 

performed separately and participants were given written consent to read and sign that 

explained the procedure of the experiment. Participants were from the university 

community. The experiments were conducted by the Department of Computer Science 

and Engineering with the approval of Institutional Review Board (IRB) from the University 

of North Texas [29] [30].  

For the purpose of this thesis, recordings from only Task 1 through 4 were used. 

For Task 1 participants were asked to perform data entry. Task 2 was a timed data entry 

task. Task 3 was to perform a programming exercise and task 4 was a timed programming 

exercise. In the second and fourth tasks, the experiment was timed to induce stress 

among the participants.  

 

4.2.3 Data Analysis 

Data provided by the Department of Computer Science and Engineering at 

University of North Texas has been cleaned of all artifacts prior to processing. The pure 
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EEG was processed through the system discussed in this thesis. Signal power (in uV2) 

as well as signal power distribution (in percentage) was measured for all tasks from 20 

subjects. The signal power distribution percentage determines the dominant trait in the 

recording. The EEG recording is uploaded into Read Biosignal Block. The program is 

then set to run. Each iteration the LabVIEW program analyzes 100 seconds of recording. 

The signal powers and percentages are calculated for each loop and saved in the 

respective arrays for Alpha, Beta, Theta and Delta. Each additional loop adds a new 

calculated value to the array for the subsequent 100 seconds of recording until the end 

of the recording. The mean values are calculated as the loops are iterated and the final 

mean values reflect result for the entire recording. Due to the nature of the tasks, all the 

recordings show a dominance of Delta signal power which is an indicator of internal 

concentration. The signal power mean values and power distribution percentages are 

then recorded in a data sheet for all the frequency bands for further analysis.  

 

Figure 4-11 Raw EEG Data Uploading 
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Figure 4-12 First Iteration of the Loop. Values Going to Arrays. 

 

Figure 4-13 Second Iteration of the Loop. New Values Get Added to Arrays 
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Figure 4-14 Output Displayed at User Interface 

The user interface or front panel of the program shows the EEG signal in time 

domain as well as the spectrum in frequency domain. The frequency band power displays 

values for most current loop iteration. The mean values display result for the entire signal. 

The Boolean indicator lights up green for the dominant frequency band. The indicative 

behavior displays the associated behavioral trait with a particularly dominant frequency 

band. In this case, Delta signal power distribution is prominent in the entire signal, 

therefore the indicative behavior is ‘Focus’. 

 

4.2.4 Theta-Delta and Theta-Beta Relationship Due To Stress 

The signal power values of frequency bands Alpha, Beta, Theta and Delta are 

collected on datasheets for all four tasks and divided into two groups- Data Entry task 

results and Programming task results. These sets of data are again separated into two 

categories- Control and stressed environment.  
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Table 1 : Experiment Data Sheet for Data Entry Task 

Test
Subject # 

Data Entry Data Entry Under Stress 

Alpha Beta Theta Delta T-D 
Ratio 

Alpha Beta Theta Delta T-D 
Ratio 

4 44.72 66.56 88.38 6654.11 0.01328 83.34 128.04 130.79 13268.67 0.00985 

6 6.97 6.77 20.32 628.39 0.03233 10.23 12.47 22.01 761.01 0.02892 

7 18.93 15.53 53.69 1129.28 0.04754 28.79 20.36 73.29 1485.21 0.04934 

9 12.44 9.27 26.59 1073.9 0.02476 11.57 9.86 22.73 662.04 0.03433 

10 112.09 134.3 138.33 805.58 0.17171 170.39 197.65 160.35 1420.1 0.11291 

12 22.16 6.66 17.59 749.08 0.02348 23.07 6.74 18.87 341.88 0.05519 

13 13.52 11.12 58.96 2686.07 0.02195 15.84 10.36 70.99 2193.71 0.03236 

14 24.95 10.94 53.39 4415.52 0.01209 19.13 8.59 39.99 2574.32 0.01553 

15 14.85 13.27 26.39 490.63 0.05378 17.22 15.91 38.44 517.2 0.07432 

16 26.31 19.7 47.9 1109.56 0.04317 10.25 13.65 27.46 658.17 0.04172 

17 15.08 10.93 40.75 1175.91 0.03465 16.79 11.8 50.18 1687.01 0.02974 

18 9.27 12.68 16.54 1088.91 0.01519 11.07 14.08 20.14 723.16 0.02785 

20 31.07 28.18 65.01 2751.22 0.02363 31.79 25.6 59.65 2679.71 0.02226 

21 19.2 14.24 52.25 1516.65 0.03445 17.47 11.48 74.2 3137.46 0.02365 

22 76.86 75.03 173.94 6508.66 0.02672 97.9 109.85 180.24 16141.5 0.01116 

23 10.69 6.63 22.87 500.5 0.04569 12.09 10.33 35.86 611.34 0.05865 

24 12.28 12.21 29.6 805.55 0.03674 13.05 15.64 28.24 758.59 0.03722 

26 64.58 81.41 99.19 1649.26 0.06014 102.53 130.02 152.25 1001.38 0.15204 

28 11.71 4.9 34.56 1190.59 0.02902 13.63 5.28 33.25 939.46 0.03539 

29 34.79 14.06 178.59 7484.37 0.02386 103.42 59.53 283.06 7150.99 0.03958 

 

As seen in Table 1, there is a correlation between Theta and Delta signal power. 

The ratio shows an increasing trend for each test subjects when under stress.  
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Table 2 : Experiment Data Sheet for Programming Task 

Test
Subject # 

Programming Programming Under Stress 

Alpha Beta Theta Delta T-D Ratio Alpha Beta Theta Delta T-D 
Ratio 

4 28.97 49.79 58.21 6189.23 0.00940 22.21 35.81 40.07 498.69 0.08035 

6 10.45 13.78 31.73 1056.56 0.03003 5.28 5.82 16.43 720.86 0.02279 

7 
20.42 16.01 50.27 

10484.7
2 0.00479 

11.66 10.59 33.65 554 
0.06074 

9 10.65 8.63 17.38 588.77 0.02951 14.5 9.12 29.61 338.17 0.08756 

10 241.0
4 

219.56 369.97 3582.39 
0.10327 

165.9
6 

333.3 
328.5

4 
349.54 

0.93992 

12 13.66 6.53 15.21 326.39 0.04660 23.91 8.51 22.58 1746.9 0.01292 

13 
10.76 11.01 49.5 2724.42 

0.01816 
8728.

1 
5216.

57 
1954
9.88 

83502
3.2 0.02341 

14 15.62 8.27 28.22 1013.23 0.02785 14.75 7.87 23.25 354.83 0.06552 

15 9.29 11.56 13.86 219.5 0.06314 10.77 8.61 25.08 519.87 0.04824 

16 
7.96 7.53 18.66 1457.17 

0.01280 
4.75 5.63 20.92 

1137.1
1 0.01839 

17 
14.02 11.7 36.78 1431.41 

0.02569 
10.69 8.07 38.88 

1968.3
2 0.01975 

18 
13.52 16.84 31.4 1654.45 

0.01897 
12060

.85 
7379.

91 
2779
6.33 

99193
5 0.02802 

20 45.78 54.37 124.83 7062.54 0.01767 17.03 11.08 75.73 724.25 0.10456 

21 
12.73 8.42 42.4 1217.94 

0.03481 
18.93 10.53 72.57 

2501.7
8 0.02900 

22 155.8
2 

188.97 317.03 
12619.9

2 0.02512 
9.54 11.46 34.44 

3393.4
7 0.01014 

23 10.33 8.43 16.75 504.17 0.03322 15.25 12.21 35.1 1880.1 0.01866 

24 
21.57 27.11 39.61 1390.67 

0.02848 
226.0

7 
70.41 

444.8
9 

28152
9 0.00158 

26 223.8
8 

192.03 333.76 630.89 
0.52903 

5.72 5.83 9.34 221.33 
0.04219 

28 8.83 4.21 13.04 437.51 0.02980 11.82 5.65 13.51 361.33 0.0373 

29 
27.78 25.19 178.46 6070.96 

0.02939 
16.42 7.34 

129.7
6 

5302.5
4 0.02447 
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For programming task as well it is noticeable that for most participants, the Theta to Delta 

ratio increased while under stress. The subject numbers are not chosen randomly in this 

test. This non-sequential numbering of test subjects is simply due to non-viable test data. 

 

Figure 4-15 Theta to Delta Ratio for Data Entry Task 

 When the data is plotted on a graph, the trend is clearly visible. The signal power 

ratio for Theta and Delta is plotted on the graph against test subjects. The graph displays 

that for data entry task, the majority of the participants show a higher ratio while under 

stress. Participants 10, 17, 21 and 22 are anomalies. For these subjects, the stress level 

decreased while timed. Participants 12, 13, 14, 15, 18, 23, 24, 26, 28 and 29 show higher 

level of stress while timed. The rest of the participants (4, 6, 7, 16 and 20) were not 
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affected by stress. It is to be noted that in the graph, the subjects are in a sequential order 

even though they do not correspond to the original subject identification number. For 

example, the first test subject on the graph is identified as participant number 4, second 

test subject is participant number 6 and so on.  

 

Figure 4-16 Theta to Delta Ratio for Programming Task 

For the programming task, a similar trend is seen. The majority of the participants 

show an increasing ratio of Theta to Delta. Except for participant 12, 15, 22, 23, 24 and 

26, the rest of the participants are affected adversely by stress. This experiment does not 

take into consideration each participant’s comfort level with programming. Therefore, a 

varying stress level is seen among the participants.  
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According to discussion in [10], Theta is responsible for stress. In this thesis, Theta 

is correlated with Delta instead of Beta and a similar trend is seen. Stress induced test 

has shown a higher ratio of Theta and Delta for both the data entry task as well as the 

programming task. This thesis also verifies the hypothesis mentioned in [10]. The Theta 

to Beta ratio increases for stress induced tasks.     

 

Figure 4-17 Theta to Beta Ratio for Programming Task 
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Figure 4-18 Theta to Beta Ratio for Data Entry Task 

 

The numbers show that for the data entry task, the majority of participants have 

shown a higher level of stress when the tasks are timed. For the programming task, a 

similar trend is seen. This confirms that Theta is an indicator of stress and can interfere 

with the ability to concentrate or do problem solving. 
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CHAPTER 5  

RESULTS AND CONCLUSION 

5.1 Results 

As discussed in the previous chapter, it is seen that experimental data supports 

the fact that Theta frequency band is associated with stress. Demanding cognitive task 

can induce stress. However if stress occupies cognitive functioning, the processing of 

information and problem resolution slows down. Activity at Beta frequency band is 

necessary for problem solving and Delta is necessary for internal concentration [11] [13]. 

Increasing Theta band activity impedes these cognitive functions. According to [17], 

situation analysis, processing of relevant information observed from the environment, 

problem solving or trade-off analysis and mental math are the steps to effective decision 

making. Delta and Beta frequency band activity is necessary to carry out tasks of this 

nature. From the results of the experiment, it is seen that Theta is negatively correlated 

to Delta and Beta frequency band activity.  

 

5.2 Discussion  

Decision making is a complicated process that requires multiple type of tasks to 

be carried out simultaneously as well as in a cause-effect manner (trade-off analysis and 

mental algebra). Literature supports the ideology that Alpha frequency band activity has 

adverse effects on decision making tasks [24]. Beta frequency band needs to be higher 

than Theta for problem solving tasks [10] as well as Theta results in delayed responses 

affecting response confidence [11]. Delta is an indicator of internal concentration and has 

a negative correlation with Theta [13]. From the experiment in chapter 4, it is seen that 
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both Delta and Beta have negative correlation with Theta. This logic is used to build 

Boolean conditions to detect cognitive states where the subjects stress level or Theta 

activity is lower than their problem solving ability (Beta frequency activity), they are 

cognitively focused on the task (presence of Delta frequency band activity) and Alpha 

frequency band activity is lower than Beta (per the results discussed in [24]). In test 1.5 

from chapter 4, it is seen that the design discussed in this thesis is able to detect such 

cognitive state. Although extensive experimental data collected on specific decision 

making tasks are required to validate this conditional logic. Therefore, to be able to 

perform decision making task, the cognitive state should satisfy these conditions-  

𝐴𝑙𝑝ℎ𝑎 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 < 𝐵𝑒𝑡𝑎 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 

𝐴𝑙𝑝ℎ𝑎 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 ≤ 𝑇ℎ𝑒𝑡𝑎 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 

𝐵𝑒𝑡𝑎 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 > 𝑇ℎ𝑒𝑡𝑎 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 

𝐷𝑒𝑙𝑡𝑎 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 ≠ 0 

 

5.3 Conclusion 

This thesis presents a platform where EEG recordings can be quantified. This 

helps understanding of the baseline parameters for behavioral performance. This design 

can be used to analyze any EEG recording to understand human behavior in signal power 

measurements which provides an opportunity to study, identify and define parameters to 

detect a specific signal pattern. As is seen in the experiment, Theta frequency band 

activity is associated with stress and stress is negatively correlated with concentration 

and problem solving. Therefore, stress can be detected with this design. Similarly, major 
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cognitive functions such as thinking, concentration and relaxation can be detected. 

Decision making can vary from situation to situation as there are many factors related to 

this brain function such as personal preference, relevant experience, social bias and 

presumptions. Quantifying this process makes it easy to understand how each related 

factor affects executive decision making and identify ideal cognitive state for individuals.  

 

5.4 Future Work 

A series of experiments can be designed as part of the future work that validates 

the detection of viable cognitive states suitable for decision making. The experiment 

should consist of a statistically appropriate number of participants and should create test 

scenarios where participants are instructed to make choices based on given situation and 

preference. These recordings then can be analyzed using the design discussed in this 

thesis to measure signal power and power distribution of each frequency band present in 

the entire recording. Similar to the data analysis done in chapter 4, the measurements 

can be used to hypothesize the effectiveness of the Boolean condition to detect cognitive 

states that results in Category 1.   
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