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Abstract 

Understanding the Impact of User Frustration Intensities on 

Task Performance Using a Novel Adaptation of the OCC Theory 

of Emotions 

 

Have you ever heard the saying ―frustration is written 

all over your face‖?  Well this saying is true, but that is 

not the only place.  Frustration is written all over your 

face  . . . and your body.  The human body has various 

means to communicate an emotion without utterance of a 

single word.  These biological-based emotional cues are 

displayed in both human-human interaction (HHI) and human-

computer interaction (HCI). The Media Equation says that 

people interact with computers as if they are human.  This 

includes becoming frustrated with them when they do not 

produce an expected outcome.    In fact, most emotions are 

exhibited when a user perceives the computer is not 

performing the action it was told to do.  The emotion 

experienced from this type of event is called user 

frustration. User frustration occurs when the human 

perceives the computer is interfering with the completion 

of a task.  Confusing help menus, perceived loss of control 

and many other factors contribute to user frustration; 

however, little is known about just how much frustration is 

caused by these irritating, yet often-experienced events.        
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Research has shown that human body-based measures such as 

heart-rate, posture, skin temperature, etc. can be used to 

measure user frustration.  An elevated heart-rate and skin 

temperature often denote frustration, as well as decreasing 

posture.  This research utilizes known methods such as task 

interference and system delays to elicit frustration from 

users.  Frustration is measured from human bio-signal data 

such as heart rate, posture, skin temperature, and 

respiration.  Along with this, a novel adaptation of the 

OCC Theory of emotions is used to determine the amount or 

intensity of user frustration experienced by a person.  

Intensities computed from this OCC adaptation are used to 

examine their effect on task performance metrics. 
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Glossary 

Acceptable delay the amount delay that does not affect 

human productivity in collaborative 

virtual environments 

Acceptable level 

of frustration 

or acceptable threshold; the amount of 

frustration that does not affect user 

productivity in human-computer 

interactions.  Acceptable level of 

frustration is different for each 

individual user. 

Acceptable 

threshold 

or acceptable level of frustration; the 

amount of frustration that does not affect 

user productivity in human-computer 

interactions.  Acceptable delay is 

different for each individual user. 

Affective 

computing 

computing that is concerned with giving 

computers the ability to understand and 

interpret human emotions 

All-other-time or AO time; total time spent that is not 

FBP nor FNP 

Agent a computer program that assists humans 

when interacting with a computer 

application 

Aggression behavior intended to cause pain or harm; 

and can be verbal or physical; this action 

usually is exhibited when a person has 

been severely angered 

Anger emotion closely related to frustration 

however it differs from frustration by in 

the severity of the stress caused by the 

outside environment 

Appraisal theory theory of emotional psychology that states 

emotional responses result from a dynamic 

evaluation of needs, beliefs, goals, 

concerns, and environmental demands that 

occur consciously or unconsciously 

Autonomic system system within the human body that 

regulates processes within the human body 

when some sort of stress has occurred; 

changes to this system during stress  

include elevated heart-rate, blood 

pressure, and body temperature 

Avatar a graphical representation of a human or 

animal that assists or helps humans as 

they interact with a computer application  
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Bandwidth term from collaborative virtual 

environments research that is the 

throughput of network connection 

Body-based 

measure 

or bio-signal; system within the human 

body that involuntary changes due to 

emotions 

Body language term used to describe a humans ability to 

read or interpret changes to a person’s 

stance, facial expression, or voice while 

engaging in conversation 

Blood volume 

pressure 

(BVP), or blood pressure, the amount of 

blood pumped by the heart in one minute 

compared to the strain on arterial blood 

vessels; the human autonomic nervous 

system increases blood flow to the human 

heart during stress 

Bio-signal or biological signal; or body-based 

measure; found within the human body that 

involuntary changes due to emotions 

Circulatory 

system 

or cardiovascular system; the human body 

system composed of organs and tissues by 

which blood is circulated through the body 

Collaborative 

virtual 

environments 

CVEs; these are usually online 

environments where users have the 

capability to share information, play 

videogames, and/or chat 

Degrees of 

frustration 

or levels of user frustration; or amount 

of frustration; refers to user frustration 

experienced by a person engaged in 

interactions with a computer 

Duration the total time spent frustrated for a 

particular level of frustration 

Emotion 

regulation 

Evocation of thoughts or behaviors that 

influence which emotions people have, when 

they have them, and how people experience 

or express emotions . 

Galvanic skin 

response 

or electrodermal response (EDR), the human 

autonomic nervous system changes the 

skin’s conductivity when stress is 

experienced.  The GSR is usually monitored 

on the fingers and/or palms. 

Feedback In human communication, feedback is the 

interpretation of the message from the 

sender to the receiver.  Feedback occurs 

continuously in human communication. 
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Frustration 

 

emotion that is closely related to anger, 

however it differs from frustration by the 

severity of stress caused by the outside 

environment 

Graphical user 

interface 

or GUI; part of computer system that the 

user interacts with to provide input to 

the underlying computer software 

Heart-rate or beats per minute, the human autonomic 

system increases blood flow during 

stressful events. 

Human-computer 

interaction 

HCI; the study of the behaviors, actions, 

relationship, and communications between 

humans and computers 

Human-computer 

interactions 

HCIs; Interactions between a human and a 

computer; the human is using the computer 

to complete a task or goal 

Human-human 

interaction 

communications between humans; also known 

as human communication 

Intensity or level of frustration; or amount of 

frustration experienced by a user 

Intrusive refers to category of sensors that monitor 

human biological data that are often 

distracting or interfering with a human’s 

movement of a body part 

Involuntary 

reactions 

human reactions that cannot be controlled 

voluntarily by a human; refers to 

reactions occurring in the human autonomic 

nervous system 

Levels of user 

frustration 

or varying degrees of frustration; or 

amount of frustration; refers to user 

frustration experienced by a person in 

human-computer interactions 

Muscular system human body system composed of skeletal, 

smooth, and cardiac muscle 

negative period 

of performance 

time of a user frustration level that 

negatively impacts user productivity. 

Passive not active; refers to the sensors used to 

capture human biological signal data. 

Physiological 

indicator  

or physiological indicator of user 

frustration; these are body- based 

measures or biological signals that can be 

used to identify user frustration.  These 

indicators include heart rate, blood 

volume pressure, galvanic skin response, 

and body temperature 

Productive time total time spent trying to accomplish a 

task without interruptions or user 
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frustration by a user interacting with a 

computer           

Respiratory 

system 

human body system composed of organs by 

which oxygen is taken into the body 

Sensor device used to gather data points for the 

physiological indicators of user 

frustration; sensors include a heart rate 

and blood-volume pressure monitor, and 

galvanic skin response monitor 

Task performance or user productivity; see user performance 

User performance  or user productivity; measures include 

number of typos, number of formatting 

errors, number of times to skip a task, 

etc. 

User Interface UI; GUI; graphic part of tool user 

interacts with  

User 

productivity 

or user performance; see user performance 

User frustration   emotion that occurs when users interacting 

with a computer are faced with a situation 

that hinders or impedes their progress 

towards  completing a task 

Voluntary 

reactions 

the opposite of involuntary reactions; a 

reaction to the outside environment that 

can be controlled by a human 
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CHAPTER 1 – INTRODUCTION 

 

One-third to one-half of the time spent using a computer 

is wasted [8]. Most of this wasted time is spent 

interacting with and recovering from frustrating events, 

instead of being productive and completing the task you set 

out to perform.  In human computer interactions, user 

productivity or user performance is degraded by a number of 

factors; these factors include the inability to learn the 

graphical user interface, confusing help menus, and 

automated helper actions that hinder rather than help.  For 

these reasons, people often experience user frustration 

while interacting with a computer, Figure 1-1.  User 

frustration is frustration that occurs when a human is 

interacting with a graphical user interface and the 

computer produces an unexpected outcome that interferes 

with task completion.  These unexpected occurrences that 

block a user from completing their task are called task 

inhibitors. Task inhibitors contribute greatly to the 

amount of frustration experienced by a user interacting 

with a computer.  However, measuring the amount of 

frustration experienced by a user is often self-reported 

through the use of post-questionnaires or surveys about the 

overall computing experience.  Also, post-questionnaires do 
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not properly access just how much frustration is 

experienced by a user.  Research in Affective Computing has 

shown that user frustration is tractable through human 

body-based measures; perhaps utilization of other methods 

may provide an alternative to self-reporting.   

Throughout this research, intensity, amount of 

frustration, degree of frustration, or level of frustration 

are all used interchangeably to describe the how much 

frustration is experienced by a user. 

 

1.1 The Approach Used in this Research   

This research introduces an adaptation of the OCC theory 

of emotions model that links users’ reactions to 

frustrating events which take place during human-computer 

interactions.  It uses OCC theory to separate frustration 

into different intensities.  The questions this research 

will seek to answer are: 

1) Can user frustration be separated into different 

levels or intensities without the use of post-

experiment questionnaires? 

2)  Is there a level of user frustration that does not 

negatively impact user performance? 

3) What are the conditions that cause a user to not 

experience decreased productivity?  
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Figure 1-1 Dramatic representation of frustrated and happy users. 

                         

Affective computing is interested in giving computers the 

ability to sense emotions through the use of human body-

based measures or bio-signals, [63].  Previous research has 

used body-based measures to identify frustration in the 

human body and modify the user interface when it is 

experienced, [64], [68] and [70].  This research uses data 

from human heart-rate, posture, skin temperature, etc. to 

identify the different intensities of user frustration in 

computer users.  It measures the impact of frustration 

intensities on user productivity.  This research tries to 

identify the maximum frustration intensity that maximizes 

user productivity thereby denoting a frustration intensity 

that does not degrade user performance. 

 

1.2 Research Outline 

This research builds upon previous work in affective 

computing and human computer interaction to understand user 

frustration.  This research is structured to give a 

background of affective computing and psychological 

≠ 



4 

 

theories behind emotions, focusing on frustration and 

categories of emotions that are similar to frustration.  

Next a background on current techniques is given to 

understand how frustration can be measured using human 

body-based signals.  Then, related studies are described 

that have used human body-based signals to analyze user 

frustration.  Next, other studies are examined that have 

used the OCC Theory of emotions along with bio-signals to 

measure emotions.  Finally, the proposed solution describes 

the methods used to test the novel model of separating 

frustration into intensities.  Results, conclusions, 

discussion are then provided as an analysis of the data 

collected in this study.  Lastly, future endeavors are then 

discussed. 
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CHAPTER 2 – BACKGROUND 

 

2.1 Frustration, Anger, & Aggression 

Freud believed that frustration occurs when a situation 

hinders or stops someone from reaching their goal [30]. In 

order for frustration to take place two things must have 

occurred:   

1) A user has been expected to perform certain actions 

and  

2) These acts have been prevented from occurring in 

some form or fashion [31].  

Previous research in human emotions shows that 

frustration is not exhibited the same in all cultures, [29] 

& [32].  In some Asian cultures such as the Japanese and 

Eskimo, very little anger is elicited to anyone outside of 

the familial unit; so much so that averting anger and 

avoiding a disruption of the harmony of the social 

situation is a norm.  However, in Western cultures some 

feel the need to express anger so as to avoid boiling over 

at a later point, [49] & [76].  In Chinese cultures, 

discussions have a clear structure so as to prevent 

conflict from erupting.  However, cultures like the 

Japanese and Chinese reported feeling anger primarily in 

the presence of outsiders and not in a family setting.  
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Americans, because they are thought to be more at ease 

around family and relational settings, reported expressing 

anger more often in these types of environments.  From 

this, one might assume that Western cultures appear to be 

happier or jovial around strangers whereas in Eastern 

cultures the opposite is true.  Although there are 

differences in the way humans display frustration 

externally, frustration is exhibited the same through 

biological changes in the human autonomic system, [4].   

In behavioral psychology, anger is believed to be a 

response to a specific undeserved offense interfering with 

goal attainment [22]. Frustration and anger are similar 

emotions; many psychologists believe that frustration is 

the precursor to anger.  Quoting from Klein: 

―Indeed, for our purposes, frustration may be 

viewed as either a discrete state, related to 

anger, or as a strong (highly aroused), 

negative emotional state on the continuous 

scale‖. 

And Brit, Janus, and Bessiere describe frustration as: 

―A cause, frustration is an external event, 

acting as a stimulus to an individual and 

eliciting an emotional reaction, (Britt and 

Janus 1940). The emotional response, in this 

case, is the effect. The individual is aroused 

by this external cause, and a response is 

often directed towards the environment (such 

as yelling, hitting, or anger)‖. 
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In this text, Bessiere describes frustration as the goal-

blocking event that causes the emotion anger.  Other 

research in behavioral psychology says that frustration 

occurs due to external barriers blocking goal attainment 

and internal factors blocking satisfaction, [15].  Because 

of this disagreement between competing theories of 

frustration and anger, it is necessary to define 

frustration as a compound function encompassing the 

negative emotional state and the goal-interfering external 

event. Anger, for purposes of this research, will be 

defined as a highly aroused negative emotional state and 

goal-blocking event that a person perceives will harm or 

endanger them if a goal is not completed.     

Aggression is any behavior intended to cause pain or 

harm, and can be a verbal or physical action.  Aggressive 

acts (e.g. hitting a refreshment machine when snacks and 

beverages are not dispensed) are directed at any object or 

agent that interferes with goal-directed behavior 

(frustration). Frustration does not always lead to 

aggression; however aggressive acts are always a direct 

result of high amounts of anger or frustration.       

Frustration can easily lead to anger and aggression if a 

person feels strongly against blockage of goal completion.  

Frustrated persons are less likely to engage in activities 
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caused by aggression, but angered persons often engage in 

aggressive activities. Computer users exhibit aggression 

through pounding on the keyboard, giving up on completing a 

task, and hitting or shouting at their computer, Figure 

1-1.  For this research, aggression will not be measured 

directly.  However, indirectly an observer will record such 

actions like pounding the keyboard, speaking loudly to the 

computer, and any other characteristics of aggression 

exhibited by subjects participating in the study, Section 

4.5.1.  

This research focuses on frustration and identifying the 

different levels of frustration that may impact a user’s 

productivity.  It treats frustration as an inclusion of 

both external and internal factors that block a user’s 

satisfaction with a computer system.  Although previous 

research has identified that users can quickly become 

frustrated to the point of anger in human-computer 

interactions, this research does not try to understand the 

difference between frustration and anger.  This research 

does however, assume frustration is a direct leading cause 

to anger, but will not examine anger.  It does not try to 

pinpoint when frustration changes to anger, nor will it use 

sensors or devices to monitor when users exhibit signs of 

aggression.   
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2.2 OCC Theory of Emotions & Frustration 

The OCC Theory of emotions was created in 1988 by Ortony, 

Clore, and Collins to model human emotions, [59].  Unlike 

other emotional theories, it was created for use in 

artificial intelligence applications for emotion synthesis.  

Ortony, Clore, and Collins did not create their emotional 

model to give machines the ability to generate emotions; 

however it was created to give machines the ability to 

interpret human emotions and understand circumstances that 

affect emotion intensity. Unfortunately, the authors did 

not anticipate that it would be used the most in generating 

emotions for embodied characters or agents in intelligent 

user interfaces. Exploration of more uses of the OCC theory 

will be described more in the Related Work Section 3.5.   

One differentiating characteristic from other emotional 

theories is the characterization of emotions by situations 

that cause them to occur.  Also, OCC says that emotions are 

not really experienced until they have reached and 

surpassed a certain threshold that is set within an 

individual.  People’s perceptions of the world cause them 

to experience emotions differently, [2], and essentially 

emotions arise because of the way an individual construes a 

situation.  For an example, a person that is confined to a 

time-constraint is more likely to experience a greater 
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amount of frustration if they are impeded from completing a 

task, whereas someone without a time limit may experience 

less. 

In this theory, the authors impose a clear structure on 

emotion-eliciting situations.  Emotions are grouped 

together and relationships exist amongst individual 

emotions in related groups.    These 22 groups are called 

emotion types.  Emotion types have different factors 

affecting the intensity of an emotion.  Factors that tend 

to increase emotion intensity often increase the potential 

for other emotions to occur in that emotion type. For 

instance, a student may have a deadline to submit his/her 

homework assignment and his/her computer crashes.  

Initially, the student may feel extreme anger towards his 

computer.  However, as the consequences of the event 

unfold, he/she may begin to feel fear over missing the 

submission deadline.  

In OCC theory, people perceive the world to be events, 

agents, and objects.  Emotions occur due to consequences of 

events, actions of agents, or aspects of objects.  In the 

example given above, the computer is the agent, the action 

of the agent is the computer crashing, and failing the 

homework assignment is the consequence of the computer 

crashing.  
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The previous examples show a clear and defined goal that 

a human wants to accomplish.  In real-world situations, 

humans often have competing and conflicting goals that 

impact the intensity of an emotion.  The OCC, however, does 

not define a structure to assess the consequences of the 

occurrence of multiple, conflicting goals. 

The amount of emotion experienced by an individual 

pertains to: 

 the congruence of an event’s consequences with 

one’s goals (i.e. the user is pleased when his 

computer ―helps‖ him by automatically typing a 

word into a report, but displeased if it inserts 

an incorrect word),   

 the consequences of actions of agents(one’s self, 

people, or inanimate objects such as computers) 

according to some standard (i.e. a person is 

displeased when he realizes he has lost his 

report due to his failure in saving the 

document), and  

 the consequences of people’s attitudes or 

disposition to like or dislike certain objects or 

aspects of objects (i.e. people’s attitudes about 

root canals causes the idea of going to the 

dentist to be unappealing.) 
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OCC emotion types are divided into six classes:   

 Well-being emotions - (e.g. joy, distress) 

emotions that are a result of reacting positively 

or negatively to events that have implications in 

obtaining one’s goals 

 Fortunes-of-others emotions – emotions that are 

result of consequences of an event happening for 

another person (e.g. pleased, displeased) 

 Prospect-based emotions – emotions that are a 

result of reactions to the prospect that an event 

will or will not occur (e.g. hope, fear, 

satisfaction, relief) 

 Attribution emotions – emotions that are a result 

of consequences of actions attributed to an 

agent; responsibility of one’s self or others for 

an action  (e.g. disapprove, approve) 

 Compound emotions – emotions that are a mixture 

of attribution and well-being (e.g. anger and 

gratitude),  

 Attraction emotions – momentary reactions of 

liking and disliking (e.g. appealing and 

unappealing) 
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Figure 2-1 OCC Theory of Emotions model
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The emotional model in this research implements the OCC 

theory of emotions to understand the relationship between 

task performance and the amount of frustration experienced 

a user.  This affective theory was chosen out of the other 

models because it:  

1) identifies the potential for an emotion (frustration) 

to occur (e.g. arousal from excitement is similar to 

frustration due to internal changes in the human body)  

2) separates emotions into different intensities and  

3) tries to understand the variables (conditions) that 

affect the intensities of an emotion (frustration). 

 

2.3 Affective Computing & The Media Equation 

Human-computer interaction, like human-human interaction, 

is a social process.  People communicate emotion when 

engaging in interpersonal communication.  Each participant 

in a conversation is often able to predict the emotion of 

another by observing facial expressions or body language.  

This human intuition that measures another person’s 

emotional state from human physical characteristics is the 

basis of human-human communication.  Computers, 

unfortunately, have not been given the ability to determine 

a person’s emotion from human physical characteristics.   

As Picard asserts in her book Affective Computing, [63], 
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computers of the future will be able to estimate a user’s 

emotion from human biological signals or bio-signals.  

Researchers in computer science have already begun creating 

systems that are able to monitor human body-based measures 

to determine an emotion, [10], [37], [38], and [64].   

People already show emotions during human-computer 

interactions, but providing bio-signals to the computer 

will help it determine a user’s affect or emotion.  This is 

the basis of the research field affective computing.   

People often treat computers as if they are human.  

Reeves and Nass, in the Media Equation, theorize that 

humans treat new media such as cell phones, tablets, 

laptops, and video games as if they are interacting with 

real persons, [66].  This display of emotion includes 

positive and negative emotions.  Positive emotions 

displayed in HCIs, signal that activity toward a goal can 

end and resources can be reallocated for other tasks.  

However negative emotions produce an opposite response and 

motivate users to engage in actions to set things right or 

prevent unpleasant events from occurring, [51].   User 

frustration occurs when the computer produces a response 

that inhibits the user from completing a task.  Research in 

HCI suggests that the impact of user frustration may be 

reduced in computers that interpret human emotion and 
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empathize with the user.  As of now, computers can only 

provide feedback in the form of pop-up messages or actions 

directly related to user input. 

Feedback is a necessary component of human-human 

communication and HCI.    Feedback from humans, in both 

types of communication, is transmitted through gestures, 

body language, or spoken language, [66].  However, in 

human-computer communications, the human often gives 

feedback in ways the computer cannot understand.  People 

will speak out loud, gesture to their computer, or become 

hot under collar when it produces an unexpected response.  

Unlike humans, most computers are limited to verbal and 

visual feedback mechanisms.  Computer feedback is necessary 

to completing any task on the computer and takes various 

forms.   

Resnick and Lammers, [67], categorize machine responses 

into three groups:  machine-like, neutral, and human-like.  

Machine like examples are ―Processing the request‖ or 

―Error occurred in program, must restart‖.  Human-like 

responses try to emulate human speech by including more 

words that signify empathy.  Examples of human-like 

responses are ―How may I help you today‖ or ―Did you forget 

to save your file?‖.  Usability studies have shown that 

humans react better to human-like responses over machine 
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responses because humans feel the computer is more like 

them.  Resnik and Lamars used human-like machine responses, 

for system errors or interruptions while users performed a 

task on a computer.   Results from this study showed that 

users were more likely to make mistakes while using the 

system with human-like responses because they were more 

likely to be distracted from their task.  Moon and Nass, 

[56], in a similar study showed that humans were less 

likely to blame a computer equipped with human-like 

responses for incorrect decisions because they perceived 

them to be like themselves.     

The aforementioned studies show that users were less 

likely to exhibit frustration towards a computer if it was 

more human-like (able to empathize with their 

frustrations), however most users were distracted from 

their tasks if the computer emulated emotion through human-

like response.  The studies described above reduced user 

frustration by masking the computer’s inability to really 

empathize or interpret the users’ frustrations.   Also, the 

studies did not show a positive effect on user productivity 

or task performance when emulating human emotion. From this 

research, one might think that computers of the future will 

need the ability to interpret human emotions, rather than 
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emulate emotion in order to reduce frustration and increase 

task performance experienced by the user.     

 

2.4 User Frustration & Its Causes 

User frustration is the frustration that occurs when a 

human is interacting with a computer system.  It is 

experienced by all users of any electronic device; however 

it is most often associated with desktops, laptops, 

tablets, and any other form of new media.   

Computer users often fall into three categories:  the 

beginner, the novice, and the advanced user.  The beginning 

user has no experience with a computer, the novice has some 

experience, and advanced users interact with computers on a 

daily basis.  Today, there are not many new computer users 

because of the ubiquitous nature of computers in our 

society.  Humans interact with computers constantly, either 

through surfing the web, their cell-phones, or even 

watching downloaded shows on television.  However, there 

are individuals that ignore or refuse to interact with 

computer devices; this type of user is usually older and 

accustomed to life without computers.  Unfortunately, user 

frustration is experienced more by this group because of 

their unfamiliarity with the computer and unwillingness to 

learn.  Users who are unfamiliar with the computer are less 
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likely to want to use a device again if they have had a bad 

experience.   

Each user, whether beginner, novice or experienced 

exhibits frustration differently  The amount of frustration 

experienced by a user is directly related to the person’s 

amount of experience with a computer and the goals and/or 

tasks the user is trying to accomplish while interacting 

with a computer.   

Goal theory suggests that goal formation and achievement 

is related to task performance.  Task performance relates 

to how well an individual performs in accomplishing his/her 

task; it is dependent upon the importance of the task and 

if the task is perceived to accomplishable [48].  Knowledge 

about goal theory suggests that frustration will vary 

according to the importance of a task.  Appraisal theory 

suggests that a users’ emotional responses, either 

subconsciously or consciously, to a task they are trying to 

achieve is a result of their evaluation of needs, beliefs, 

goals, concerns, and environmental demands as they relate 

to the task, consciously or unconsciously, [71].    One can 

infer from goal theory and appraisal theory that users will 

experience different amounts of frustration depending on 

the importance of the task and internal and external 

factors directly related to the task. In short, user 
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frustration not only affects the external environment 

surrounding a user, but also the perception of that task is 

changed if an obstruction has been encountered.    

User frustration often affects the cognitive processes in 

the brain. When a user experiences a task inhibitor a 

number of times, the user perceives that he/she has lost 

control of a situation.  This perception of loss of control 

influences the user’s reaction to either give up on the 

task or continue to work toward completion of the task. 

Since each user is unique, each person’s threshold for 

giving up is different. However, once the user has 

experienced frustration, he/she is more likely to expect 

future annoyances.  The law of hedonic asymmetry states 

that human beings remember more bad experiences than 

positive experiences.  To test this theory, Nass & Reeves 

in 1996, [66], conducted a study with new media such as 

laptops, palm pilots, etc. to prove or disprove this law.  

The results from the study showed that users were more 

likely to remember problematic experiences with new media 

rather than positive experiences.  Anderson and Guerrero in 

a separate study not involving computers, [1], showed that 

interruptions are a springboard for frustration because the 

user must complete a task usually not related to the 

primary task they are trying to complete.  This type of 
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frustration leads to cognitive overload and can cause the 

user to have a temporary memory loss of where and what they 

were trying to accomplish in the primary task, [69]. 

Most research related to user frustration has focused on 

identifying the causes of user frustration and reducing the 

occurrence of these causes.  The causes of user frustration 

include: 

 users’ lack of knowledge or training with a piece 

of software 

 and their unwillingness to read instructions,  

 slow response time between communications,  

 poorly built user interfaces,  

 unclear error messages, 

 computer jargon used in help menus,  

 interruptions,  

 computer hardware or software failure, and 

 users’ unfamiliarity with computers [9].  

Knowing the causes of user frustration is useful in 

reducing frustration; however frustrations continue to 

occur in the most expertly designed systems.  

User frustration in human-computer interactions has been 

studied, reviewed, analyzed, and researched without 

resolution. Intelligent user interfaces is a field of study 
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primarily focused on preventing and reducing user 

frustration through adaptive and/or adaptable interfaces.  

Prevention techniques include but are not limited to: 

 interactive help systems,  

 automated helper tools 

 undoable edits for changes made by automated 

helper tools, and 

 automated menu placement and selection 

Although these methods have been successful at reducing the 

amount of frustration experienced by the user, they often 

annoy rather than help.  Reduction of user frustration in 

these types of interfaces is important because it often 

leads the user to concentrate on dismissing a secondary 

unimportant task, rather than working on the primary task.  

These secondary tasks often take the form of dismissing 

pop-ups or other helpful, but annoying messages.     

Researchers in HCI have developed models to try and 

understand user frustration and how it is experienced by 

different types of user.  Studies pertaining to human 

health, [99], have been conducted to examine the physical 

affect everyday frustrations on both the human and the 

tasks they perform.  More studies related to user 

frustration and its effects are described more in Section 

3.1.     



 

23 

 

2.5 Relationship between Frustration, Annoyance, & Stress 

In HCIs, there is an implied relationship between 

frustration, annoyance, and stress.  Previous research in 

the field of human-computer interaction has often used the 

words interchangeably, [8].  By Freud’s definition, [30], 

frustration is thought to be any task inhibiting event that 

keeps a user from accomplishing his/her goal.  Annoyance is 

a mental state characterized by irritation or distraction 

from one’s goal.  Annoyance leads to frustration which 

leads to stress experienced within the human body.  Stress 

is experienced from encounters with task-inhibitors.  

Depending on the severity or importance of the goal, the 

intensity of stress experienced from frustration or 

annoyance varies.  For this research, stress recorded from 

human bio-signals data is associated with user frustration 

to determine the intensity of the frustration.  Stress and 

frustration may be used interchangeably. Also, for this 

research, annoyance is used to describe the frustration-

inducing event that creates a hindrance for users.     

   

2.6 Problem Description 

Humans experience user frustration while interacting with 

a computer.  However, research in HCI has not identified 

how much frustration is needed to negatively impact a 
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user’s task performance.  This research tries to identify a 

threshold for user frustration in individual users that 

does not decrease user productivity.  Because each user is 

different and has reacts differently during human-computer 

interactions, each user will have their own unique, 

individual threshold.   
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CHAPTER 3 - RELATED WORK 

 

3.1 The State of the Art of Understanding the Amount of 

User Frustration in HCIs 

User frustration is virtually impossible to eliminate in 

human-computer interaction because of varying human 

reactions and emotional responses to task inhibitors.  

Computer users often perform simple tasks without error, 

but these simple tasks can often lead to intense periods of 

frustration due to the importance of the task, the amount 

of stress they are under, changes in the speed of 

completing the task, and many other attributes pertaining 

to the task.  The intensity of the frustration experienced 

differs due to the individual involved and circumstances 

surrounding the event, [8] & [19].    

The level of frustration varies depending on several 

factors that include: 

 severity of the interruption, 

 time lost to the task inhibitor, 

 the importance of the goal, 

 the determination of the user to accomplish the 

task, 

 the user’s belief that the task is doable, 
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 the user’s belief in their own abilities to 

accomplish the task (self-efficacy) , and  

 the user’s computer experience.   

This research builds upon previous research in human-

computer interaction that analyzes the amount of user 

frustration experienced by persons interacting with a 

computer.  

 

3.1.1 Bessiere Computer Frustration Model 

Bessiere et al, [9], at the University of Maryland 

analyzed both the psychological and social effects of user 

frustration on the user in the workplace.  In this paper, 

Bessiere outlined various causes that can impact the amount 

of frustration experienced by a user.  These include, but 

are not limited to: 

 the user’s mood and other psychological factors 

affecting the user externally, 

 cultural and societal influences and 

 the user’s experience with interacting with computer 

 Bessiere created the Computer Frustration Model to help 

users, developers, and managers counteract the effects of 

user frustration on people interacting with computers in a 

business environment.  In the model, incident and 
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individual factors are outlined that affect the level of 

frustration experienced.  Incident factors relate to the 

computer and the task the user is wanting complete.  

Individual factors relate to the psychological and/or 

cultural or societal influences affecting the user.   

Types of incident factors are: 

 Level of Goal/Commitment, 

 Severity of Interruption/Time Loss, 

 Strength of Desire. 

Types of individual factors include the computer experience 

variables, mood and other psychological factors, and 

cultural/societal influences upon a user.  In this study, 

workplace users recorded used diaries to record frustrating 

incidents immediately after they occurred.  Participants in 

the study would estimate the amount of time lost due to 

frustrating incidents and log them in their diaries, along 

with details about the event.  Subjects were also asked to 

observe other users during interactions with the computer 

and log them in their journals.  Subjects being observed 

were asked to verbally share their frustrations.  Some of 

the causes logged in the diary included error messaged, 

timed out/dropped/refused connections, system delays, 

freezes, long download times, and missing features.  Most 

users were familiar with dealing with such frustrating 
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events; however that did not lessen the amount of 

frustration experienced by the user. 

 

Figure 3-1 Bessiere Computer Frustration Model, [8] 

 

Bessiere et al introduced a Computer Frustration Model, 

Figure 3-1, which described characteristics and events that 

lead to user frustration.  This model was developed 

determine ways to reduce computer frustration in HCIs.  In 

this study, Bessiere et al measured incident and session 

levels of frustration.  Incident frustration is measured as 

the level of frustration of that incident and session 

frustration is the overall frustration after a session.  
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Results from this study indicated that the majority of 

users were: 

 very frustrated with problems that occur on their 

computers,  

 mad at the computer after a frustrating incident, and 

 able to recover from frustrating experiences after a 

computer session. 

Although frustrating incidents did not affect the 

majority of users, this study also concluded that a user’s 

mood after a computer session correlated with the user’s 

computer anxiety and perceived level of experience. 

 

3.1.2  Mentis User Action Framework 

Mentis conducted a study in 2003 to gauge the impact of 

user frustration in HCIs through memorable experiences, 

[53].  In this study, 66 participants were asked to 

remember frustrating incidents with technology.  These 

incidents were coded into a framework called the User 

Action framework (UAF).  The UAF is a schema for 

classifying these incidents related to their occurrence in 

the interaction cycle.  The results from this study showed 

that users were most frustrated with the GUI’s response to 

user’s actions.  Also learned from this study is that 
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memory can be used to determine what experiences made the 

most emotional impact on user.     

The models developed by Bessiere and Mentis were 

developed in 2002 and 2003 respectively.  These models 

provided significant insight into the impact of frustrating 

incidents on computer users for developers and usability 

engineers.  However, this research did not explore ways 

outside of user self-reporting to quantify the amount of 

frustration experienced.  Also, Bessiere’s work was focused 

solely on the workplace user.  My research utilizes aspects 

of the Computer Frustration Model to understand and 

quantify the amount of frustration experienced by the 

average computer user through an adaptation of the OCC 

Theory of Emotions. 

  

3.2 The State of the Art of Systems That Use Human Bio-

Signal Data to Recognize and Respond to User 

Frustration 

This research uses human body-based measures such as 

heart-rate, posture, and skin temperature to determine user 

frustration.  Research in identifying user frustration 

through the use of human body-based measures has exploded 

since the introduction of affective computing by Picard in 

1997, [62] & [63].   
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The human autonomic nervous system controls involuntary 

changes to parts of the body without a single thought.  

Most people are familiar with this system through teachings 

learned in their high-school anatomy and physiology class.  

What is often taught about this system is its importance in 

events where a person experiences a terrifying event that 

makes them fear for their life. This system is usually 

synonymous with the fight or flight phrase that tells us 

the human body prepares for either case when being 

Table 3-1 Human-body based measures compiled by Daily and Picard. 
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threatened with injury or harm.  However most people do not 

know the human autonomic system is controlling involuntary 

actions when non-threatening, stressful events occur also.  

When a human experiences a terrifying event their heart 

rate increases and endorphins are rushed into the blood 

stream, however when frustration occurs slight changes 

occur in the human body.  Blood pressure and heart rate 

increase, skin’s conductivity of electricity (measured by 

galvanic skin response) increases due to sweat secretion, 

muscles contract in the face (facial expressions), and a 

increase in body temperature occur in a human during a 

frustrating event. These human biological, body-based 

measures can also be called physiological indicators of 

frustration or signals of frustration.     

Changes in the human body can also be used to determine 

other emotions in interactions between humans and 

computers, [3]. Picard in 1997 was a pioneer in developing 

the field of affective computing to use human body-based 

measures to determine emotion. Since then, her research has 

led to the discovery of other human biological signals that 

can be used to determine human emotional states. Table 3-1 

list these biological signals.     

Bio-signals that can be monitored to analyze user 

frustration can be divided into categories based upon the 
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system they affect in the human body.  The three common 

types of body-based measures are:  circulatory, 

respiratory, and muscular signals.  Circulatory signals 

pertain to changes in the circulatory system, respiratory 

changes in the respiratory system, and muscular changes in 

the muscular system.  Circulatory signals usually involve 

changes to the heart, blood-carrying organs, or blood.  

Respiratory signals usually involve changes to organs 

related to breathing.  Muscular signals involve changes to 

muscles and muscle groups in the human body.   

Signals of frustration can be monitored with electronic 

sensors that collect data about changes to the human body.  

The sensors that measure the physiological indicator can be 

categorized by its method of gathering data.  Sensors 

gather data intrusively and/or passively.  Intrusive 

sensors are usually attached to human and may get in the 

way of a user and the computer.  However researchers have 

found ways to overcome this by embedding intrusive sensors 

into everyday devices used along with the computer.  

Anttonen and Surakka, [3], used electro-mechanical film 

(EMFi) to measure heart-rate sitting in a chair and 

interacting with a computer. McLaughlin et al, [99], used a 

pressure-sensitive mouse to predict frustration in users of 

a computer.    
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Table 3-2 Physiological indicators of frustration, [80]. 

 
 

Scheirer et al and Riseberg et al, [72] & [70], 

frustrated users on purpose to determine if a user’s 

emotional state can be predicted from physiological 

indicators of frustration.   Scheirer et al used blood 

volume pressure, heart rate, and skin conductivity with 

Hidden Markov Models to determine frustration.  This study 

determined that using blood pressure and skin conductivity 

is useful in correctly classifying frustration.  Riseberg 

et al used skin conductivity, blood pressure, and muscle 

tension (measured by electromyography) to measure user 

frustration in participants.  Biological data along with 

computer events (captured by mouse events and screen 
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events) to frustrate the user were input into Hidden Markov 

Models to distinguish between frustration states and non-

frustration states. Results from these and other studies 

have shown frustration or anxiety is demonstrated in 

increased blood pressure, skin conductivity, muscle 

tension, and heart rate, [70] & [68].  

For this research, several methods are used to gather 

data about user frustration in human-computer interactions.  

These methods include monitoring heart-rate, posture, and 

skin temperature collected by the medical sensor BioPac. 

The goal of this research is to identify the varying 

degrees of user frustration in human-computer computer 

interactions.  This research examines the impact the 

different levels of user frustration have on user 

productivity.   It tries to determine if a level exists 

that does not negatively impact user performance for a 

particular user. 

 

3.3 The State of the Art of Usability Testing 

Incorporating Task-based Performance Measures 

Usability testing identifies problems areas within a GUI; 

however these tests often fail to identify aspects that 

cause frustration.  Usability engineers often measure a GUI 

based on three criteria; effectiveness, efficiency, and 
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user satisfaction.  Effectiveness is the user’s ability to 

successfully complete a task.  The efficiency criterion is 

concerned with time; this includes time to learn the GUI 

and time spent on errors.  The user satisfaction criterion 

is concerned with how happy a user is with a GUI. It 

includes the number of times a user has expressed 

frustration and the usefulness of a GUI. Table 3-3 lists 

the full concerns for each criterion [58]. 
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Effectiveness 

 The percentage of 

tasks Completed 

 The ratio of 

successes to 

Failures 

 The workload 

 The number of 

features used 

(a) Usability test measures  
concerned with 

effectiveness (b) Usability test measures 
concerned with user 

satisfaction 

User Satisfaction 

 Rating scale 

usefulness 

 Rating scale 

satisfaction 

 Number of times 

expressed 

frustration 

 Perception 

technology supports 

tasks 

 

 

 

 

 

 

 

 

 

 

(c) Usability test measures concerned 

   with efficiency [58] & [65] 

Efficiency 

 Time to complete a task 

 Time to learn the GUI 

 Number of errors 

 Frequency of help 

documentation used 

Table 3-3 Measures of usability testing 

  

There are other ways in determining how useful an 

application is rather than asking the user directly.  

Picard and Daily, [62], suggest that usability studies must 

find alternatives to asking what the users feel about an 

application.  In this work, Picard asserts human factors 

engineers should use task-based performance measures 

instead of asking how the user to identify their feelings. 

My research uses data from physiological indicators of 

frustration as an alternative to asking what the users 
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feel.  It also incorporates task performance measures, 

along with usability testing measures to get an overall 

assumption on how the user is performing with the software.   

 

3.4 The State of the Art of Systems that Use Task-Based 

Performance Measures with Bio-Signal Data to Recognize 

User Frustration 

This research builds upon work in human-computer 

interaction that explores the relationship between the 

amount of frustration experienced and user performance. 

Picard & Daily, [62], in 2005 presented a list of human 

biological signals to use in determining a user’s emotional 

state in human-computer interactions; lists these body-

based measures along with their function, detection 

devices, and communication mechanisms.  In this paper, 

Picard & Daily also illustrate how measures from 

physiological indicators can be combined with task-based 

performance measures to identify a user’s overall 

satisfaction with an interface. Picard and Daily suggest 

behavioral task measures, such as asking the user how many 

times they seemed to be interrupted and how long it seemed 

to finish a task, as alternatives to asking how a user 

feels.  This paper did not present a system that used task-

based performance measures along with bio-signal data to 



 

39 

 

determine user frustration.  However, it did discuss how 

these two could be combined for use in future systems.   

Determining a user’s threshold for frustration requires 

an extension of the research performed by Picard and Daily.  

This research is an extension of the discussion presented 

at the end of the paper by Picard and Daily.  This research 

uses task-based performance measures, like the examples 

explained in the paper, along with human bio-signals to 

help in determining a user’s affect.  Physiological 

indicators of frustration are used to analyze the intensity 

of user frustration and its impact on task performance.        

 

3.5 The State of the Art of Systems with an Adaptation of 

the OCC Theory for Emotions 

The OCC Theory of Emotions has been mostly used in 

intelligent user interfaces to generate emotions for 

embodied characters.  Bartneck used the OCC Theory of 

emotions in his PhD thesis “eMuu - An Embodied Emotional 

Character”, to communicate the status of a music gathering 

application to a user, Figure 3-2.  In Bartneck’s research, 

users would set preferences for the type of music they 

liked to listen to and an internet application would 

automatically download music based on these preferences.  

The emotional character, would then communicate its 
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feelings to the user based off of the negative and positive 

events associated with music downloading such as 

successfully a downloading a song, empty search results, or 

a peer network abruptly aborting a music download.   

 

 

Figure 3-2 eMuu, emotional music downloading application.  

 

The OCC Theory was also implemented in 2003 by Zhou in 

his PhD thesis ―An Affective Student Model to Assess 

Emotions in an Educational Game‖.  In this work, Zhou 

implemented the OCC theory along with Dynamic Decision 

Networks (DDN) to determine students’ emotional states in 

an educational game, called Prime Climb.  This study 

accounted for the uncertainty of modeling human emotions by 

incorporating DDNs.  Prime Climb was/is an educational tool 
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developed for 6th or 7th grade students that teaches them 

the concepts of number factorization.  From this work, it 

was shown that OCC theory can be adapted for use 

ascertaining students overall learning in educational 

software.   

After the creation of Prime Climb, the OCC theory of 

emotions was adapted by Katsionis and Virvou in 2005 to 

model student affect when using educational software.  In 

this study, Katsionis and Virvou adapt the OCC to 

understand how students learn.  Essentially the system 

(VIRGE, Virtual Reality Game for English) would learn or 

infer from user’s emotions on how well the student is 

performing and what needs the students may require to be a 

successful learner. Students would interact or play in a 3D 

virtual environment and learn English orthography and 

grammatical rules.   While the student is interacting in 

the environment, the system would keep track of cognitive 

and behavioral characteristics indicating their emotions.  

Behavioral characteristics tracked by the system include  

 mouse movements – movements without any obvious 

intent indicate the student’s confusion 

 speed of answering – quick to answer indicates 

satisfaction with one’s answers, whereas slow to 

answer indicates hesitation and the need to avoid 
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mistakes or incorrect answers; student may also 

be fearful of making mistakes 

 use of the advisor agent –frequency of use 

indicates students like or dislike for this 

helper agent 

 use of the inventory map (how often the student 

feels lost) – frequency of use of this feature 

indicates the student feels lost and the student 

wants to avoid confusion, and  

 use of the inventory (how comfortable the student 

is within the environment) – frequency of use of 

these features indicates the student’s like or 

dislike for these tools and the student’s intent 

to avoid mistakes   
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Figure 3-3 Katsionis educational software to teach English to Spanish 

students 

 

Cognitive characteristics tracked by the system include  

 error frequency – high frequency of errors leads 

the student to have shame about their scores 

achieved in the game 

 error persistent occurrence (consecutively 

answering questions wrong for a specific English 

orthography or grammatical rule) – when this 

occurs a student can become disappointed in one’s 

self,  
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 correct answers frequency (% of correct answers 

among all answers) – a high percentage of correct 

answers leads the student to have pride in their 

answers, and  

 correct occurrence (consecutively answering a 

question correctly) – this leads the student to 

feel satisfaction in one’s answers .   

 

 

Figure 3-4 Katsionis adaptation of OCC Theory 

 

The above observable and/or measurable characteristics 

were substituted in the OCC model to understand student’s 



 

45 

 

emotional reactions to events and actions of agents within 

VIRGE.  These values were then used as intensity variables 

within the original OCC Model calculations for emotion 

intensity.  

 

IF (EMOTION-POTENTIAL) > (EMOTION-THRESHOLD)  

THEN 

SET (EMOTION-INTENSITY) = (EMOTION-POTENTIAL) –   

                          (EMOTION-THRESHOLD) 

ELSE 

SET (EMOTION-INTENSITY) = 0; 

(3.1) 

Before performing the calculations to determine emotion 

values, Katsionis and Virvou bounded the values according 

to the users mean value added or subtracted its standard 

deviation value.  Essentially, the student would not be 

penalized or rewarded for values outside of his/her usual 

behavior.  Equation 3.2 shows the upper and lower bound 

calculation, as well as the intensity calculation values.  

The Mean and standard deviation was calculated from a 

system log that holds values for all students interacting 

with the educational tool.   

 

1)  T. High = Mean Value +   

              Standard Deviation 

2)  T. Low = Mean Value -   

             Standard Deviation 

(3.2) 
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IF (VALUE) > (T. HIGH)  

THEN 

SET (INTENSITY) = (VALUE) –   

                  (T. HIGH) 

ELSE IF (VALUE) < (T. LOW)  

THEN 

SET (INTENSITY) = (T. LOW) –  

                  (VALUE) 

ELSE 

SET (INTENSITY) = 0; 

(3.3) 

Intensity values were calculated for each emotion 

identified through the behavioral and cognitive 

characteristics.  These intensities were then used to 

provide evidence of student emotional states while in the 

system.  Results from this study showed that the OCC Theory 

can be adapted to interpret student affect when interacting 

with educational software.     

   

3.6 Research Objective 

The objective of this research is to analyze the effects 

of user frustration on user productivity while humans are 

interacting with a computer to determine a threshold for 

frustration that does not negatively impact performance.  

This research is limited to the following constraints: 

 Users tested are persons between the ages of 18-

55 

 User frustration is be measured by a person’s 

heart-rate (HR), posture, skin temperature (ST), 
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respiration (R), and other measures collected by 

the BioHarness device. Please refer to Section 

4.5.2 for a full list of signals collected. 

 User performance is measured by: 

o number of times a subject skips a task  

o number of typos  

o consecutive number of typos  

o number of formatting errors   

o number of uncompleted tasks  

o number of times student did not follow 

directions 
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CHAPTER 4 - PROPOSED SOLUTION 

 

Human-body based measurements such as a person’s heart-

rate, posture, skin temperature, respiration, etc. are used 

to determine the different levels of user frustration.  

These measures were chosen because they have been 

determined to indicate if user frustration exists [64]. In 

addition to gathering these measures, other bio-signal data 

will be gathered using the  BioPac BioHarness.  This device 

captures a multitude of signals that will all be used in 

the calculation of determining the amount of frustration. 

Task performance measures such as  number of typos, word 

missplessings and formatting problems, etc. are recorded to 

assist in understanding the impact of intensities on user 

productivity. Visualization techniques such as 

histogramming, parallel coordinates, and scatter plots are 

used to show the relationship between intensities and user 

performance. 
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User 
observations, 

experience, etc. 

4.1 Proposed System Diagram 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

Figure 4-1 Proposed System Design 
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Goal 1.3 

4.2 Primary Research Goal 

The goals of this research are to:  

1)  identify intensities of user frustration 

2) identify if intensities of user frustration exist (if 

any) that will not decrease task performance,  

3) identify conditions (if any) that do not cause user 

frustration to decrease. 

Figure 4-2 Proposed research goal trees
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4.3 Primary and Secondary Research Questions 

 

Figure 4-3 Primary research questions 

Primary 

HypothesisResearch 

=  All frustration intensities decrease  

user productivity 

 

To test this research hypothesis, two methods will be 

used.  The first method will utilize the ANOVA: Single 

factor test to calculate the p-value from participant data.  

Since analysis of variance is used on normal data only, we 

first test the data-set to determine if it normal.  If the 

data is normal, we will calculate the p-value and reject 

the Research hypothesis if p-value < α=0.05. 

Next, as another means of hypothesis testing, I will 

count the number of frustration intensities where task 

performance decreased and where task performance remained 

unchanged.   

What is the effect of 
frustration intensities 

on productivity?

Are there frustration 
intensities that do not 

decrease user 
performance?

What are the conditions 
allowing intensity to not 

decrease task 
performance?
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(4.1) 

 

 

We will reject the null hypothesis that frustration 

intensities decrease with all intensities if the number of 

intensities that increase task performance and the number 

of intensities that have no change on task performance are 

greater than the number of intensities that decrease task 

performance, Equation 4.1. This will be done for each 

participant in the study.
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4.4 Proposed Task Tree 

 

Figure 4-4 Proposed Task tree for solution 
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4.5 Proposed Experiment Design 

The following sections describe the methods used to test 

the hypothesis of this study.   

 

4.5.1 BioSignal Data Gathering Study 

BioSignal data is gathered using BioPac’s BioHarness 

chest strap, Figure 4-5. The bio-signal data gathered from 

this device includes heart rate, breathing, respiration 

rate interval, etc. as described in Section 4.5.2.  The 

data gathering experiment system diagram is in Figure 4-7. 

In this experiment, users are given a maximum of 45 minutes 

to create a flyer using instructions outlined in Appendix A 

– Introduction & Appendix B – Instructions.  The first 

fifteen minutes of the study, the users interact with a 

system that does not add additional system delays.  This 

research assumes that the control study does not have 

delays due to network failures, slow connections etc.  The 

instructions include a series of tasks to be used in 

completing the flyer.  Users can opt to skip one or more 

tasks if they choose to.  When skipping a task, the user 

must notify the lab technician and give him/her the number 

of task he/she is skipping.  The lab technician notes the 

time and instruction number after this notification.  
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Please refer to Appendix A – Introduction for the full 

script. 

 

Figure 4-5 BioHarness. 

 

The software used to create the flyer is an open-source 

tool called TinyMCE.  TinyMCE is a word processing tool 

that closely resembles Microsoft Word.  Users interacting 

with the tool may be familiar with its interface because of 

its close resemblance to other word processing tools.  This 

tool was chosen because most people are familiar with word 

processing software and many people use them in their 

everyday lives. TinyMCE was modified to include 500 ms 

delays in communications between the user and application.   
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Figure 4-6 TinyMCE, web-based word processing tool. 

 

Before beginning the study, the participant is given an 

introduction to the software, the participant is given an 

introduction to the software, Appendix A – Introduction, 

showing them how to use the software and field any 

technical questions.  This experiment was conducted in a 

computer laboratory with a minimum of two computer 

workstations.  During the introduction, the user will be 

told their names will not be used in the publications 

resulting from this experiment.  Each participant was 

assigned a number and their names were not collected in 

this data gathering experiment.  The participants were also 
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told their bio-signal might be used in publications 

describing this research.  After the user has been given 

information about the data collected and has agreed to 

participate in the study, they are shown how to wear the 

BioHarness device.  Next, the subject is provided 

information about what tasks they must accomplish during 

the experiment.    
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Figure 4-7 Bio-Signal Experiment System Design 

 

After the introduction the participant was left alone to 

conduct the experiment and the lab monitor exited to the 

back of the laboratory to return their terminal.  After the 

subject has completed the study, participants were asked 

about their overall experience in the experiment.  

Observations were logged by the lab technician. 

The bio-signal data gathering consisted of two 

experiments:  one experiment will be the control 

experiment.  This experiment allowed the user to interact 

with the tinyMCE software without added system delays to 

induce frustration.  This data was used in visualizations 

to identify differences between frustration induced data 

and control data. The other experiment included an added 

Laboratory Environment 
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system delay of 500 ms that the user must overcome in order 

to complete their task.  Previous studies list system 

delays as the leading cause of user frustration, [68], 

[70], and [72]. 

 

4.5.2  BioPac BioHarness 

The BioPac’s BioHarness cheststrap is a device that was 

created by for use in scientific studies relating to 

exercise science and human factors studies
1
.  This device 

collects the following data measurements:    ECG - (only 

collects this measurement during live
2
 experiments), 

Breathing, RR Interval, Heart Rate, Respiration Rate, Skin 

Temperature, Posture, Vector Magnitude, Peak Acceleration, 

Breathing Wave Amplitude, X axis acceleration min, X axis 

acceleration peak, Y axis acceleration min, Y axis 

acceleration peak, Z axis acceleration peak, Z axis 

acceleration min.  These measurements were collected every 

4 milliseconds for the duration of the study.  Table 3-1 

shows the specifications for the BioHarness device, [11]. 

                     
1 The BioPac cheststrap device is used for collection human 

physiological data.  For more information on this device, refer to 

[11]. 
2 Live experiments are those that utilize the wireless USB plug-in 

device that captures data from the BioHarness cheststrap.  Data for 12 

participants used the wireless plug-in device, however wireless 

connections were often lost and the device had to be restarted several 

times.  Restarting the device did not affect the user.  Participants 

#13-43 used the logging device on the BioHarness and data was 

downloaded later. 
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Table 3-1 BioHarness specifications. 

Parameter  

Reporting 

Frequency 

(Hz)  

Range  Units  Description 

Heart Rate  1  
25 – 
240  

BPM  Beats per Minute  

Breathing Rate  1  3 – 70  BPM  Breaths per Minute  

Skin Temperature  1  10 – 60  °C   

Posture  1  ±180  Degrees  Vertical = 0°  

Peak Acceleration  1  ±16  g   

Breathing Wave 
Amplitude  

1    V   

ECG Amplitude  1    V  

ECG Noise  1   V   

X Acceleration Min  1  ±16  g  
Vertical axis, output 
1/10 g’s  

X Acceleration Peak  1  ±16  g   

Y Acceleration Min  1  ±16  g  Lateral axis  

Y Acceleration Peak  1  ±16  g   

Z Acceleration Min  1  ±16  g  Sagittal axis  

Z Acceleration Peak  1  ±16  g   

   

The BioHarness device operates in Radio Frequency (RF) 

transmitting mode for live viewing of data or data logging 

mode. Data collected during RF mode included an extra 

measure for ECG; ECG is not available in the data logging 

mode.  This mode was used for 12 of the participants in the 

study.  This mode was not continued during the study, 

because the RF mode would lose connection easily.  To 

offset this in intensity value calculations, ECG intensity 

values computed if it was recorded; if not, an intensity 

value of 0 was given for ECG.   
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4.6 Proposed Data Analysis Design 

Data analysis consists of using the OCC theory to 

determine frustration intensities, use of the software for 

WEKA data visualization techniques and statistical analysis 

on the results of the study. 

 

4.6.1  Adapting the OCC Theory 

This research introduces an adaptation of the OCC theory 

of emotions model that links users’ reactions to 

frustrating events which take place during the study.  

These reactions are measurable through task performance 

measures as well as observable characteristics that result 

from interaction with the modified TinyMCE
3
 word processing 

tool.  This research builds off of previous work by, [42] 

that has used the OCC theory to calculate intensity 

variables of emotions.  The key differentiator in this 

research provides a method for calculating intensity 

variables for the emotion user frustration through the use 

of task-based performance measures and bio-signal data.  

This helps to distinguish between emotions that cause 

similar responses in the human autonomic system such as 

excitement. 

                     
3 TinyMCE is an open-source word processing tool that is used for 

embedding in webpages, [54]. 
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OCC Theory does not have an emotion type called 

frustration.  For this study, the emotion type anger was 

used for frustration because it is a goal-based and 

standards-based emotion that directly relates to the task 

participants will be asked to complete.  In the study to 

understand frustration intensities, users were asked to 

complete several tasks (accomplish goals) within a certain 

amount of time and each user may make judgments about the 

blame (on him/herself or the TinyMCE software) in response 

to system delays added to the interface. 

My adaptation of the OCC Theory focuses on mapping task-

based performance metrics and human body-based measures to 

the OCC emotional label anger and its intensities.  The 

subsection chosen from the original OCC model focuses on 

the Well-being and Attribution emotional categories of the 

original OCC theory.   All of the bio-signal data and task-

based performance metrics will be used to draw conclusions 

about the amount of frustration experienced by a user.   
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Figure 4-8 Adaptation of OCC for this research. 

 

The basic model for any emotion type in the original OCC 

theory is below.  This model was developed by Ortony, 
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Clore, and Collins to determine if an emotion has really 

occurred.   

IF (EMOTION-POTENTIAL) > (EMOTION-THRESHOLD)  

THEN 

SET (EMOTION-INTENSITY) = (EMOTION-POTENTIAL) –  

                          (EMOTION-THRESHOLD) 

ELSE 

SET (EMOTION-INTENSITY) = 0; 

(4.2) 

Since research has proven that bio-signal data can be 

used to identify frustration; this research will use bio-

Signal data and task performance measures to represent 

frustration in the OCC model.   

For each bio-signal data point, intensity and overall 

intensity is calculated: 

  

 

 

(4.3) 

As mention in the Section 2.2, the OCC Theory suggests 

that an emotion has not occurred until reached or surpassed 

a certain threshold.  The theory states that if an 

intensity variable is lower than this threshold then the 

emotion has not been experienced.  This is a wonderful 

axiom to apply to the emotion frustration because its human 

physical response is similar to other emotions such as fear 

and excitement.  Therefore for this research, the threshold 
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value is to be calculated based off of a user’s normal or 

usual behavior when reacting to frustrating incidents.  

This is the major distinction between Katsionis and 

Virvou’s method.  In this research, intensity values for 

bio-signal data are calculated according to the user’s 

internal reactions to frustration-inducing incidents and 

not according to an aggregate of other’s responses. 

 

 

 

(4.4) 

 

The calculations for Upper and Lower are used because it 

will provide a user’s normal reaction to frustrating 

events. As the Computer Frustration Model outlines, 

individual factors such as computer anxiety, 

cultural/societal influences, and mood also affect the 

intensity of frustration.  Individual factors are outside 

factors that external to the goal, desire, or task a person 

is trying to commit while using the computer.   These 

external factors may inadvertently affect someone’s 

biological signals before they enter the study if they are 

rushing or in a bad mood.  Calculating Upper and Lower will 
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help to provide a bound for bio-signal data and represent 

the normal computer session.   

Now that the values are bounded by the subject’s usual 

behavior, we determine if frustration has occurred by 

comparing the bio-signal data to Upper and Lower, Equation 

4.4.   

 

 

   

 

   

 

(4.5) 

Before the overall intensity is calculated for an 

instance in the dataset, all data is normalized for each 

bio-signal from [0, 1], Equation 4.6.       

 

 

(4.6) 
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After the intensities are calculated for each individual 

bio-signal, it is necessary to calculate the overall 

intensity for each instance
4
 in the bio-signal data.   

 

 

(4.7) 

 

Along with computing intensity variables for the bio-

signal data, intensity variables are needed for the task-

based performance measures.  These measures are described 

below: 

 number of times a subject skips a task– this is 

metric is associated with the one’s feelings for 

him/herself skipping a task and leads the user to 

experience the frustration  

 number of typos– this metric is associated with 

the Actions of the UI and the action of one’s 

self when interacting with the interface.  

Increased number of typos leads the user to 

feeling frustration because system delays cause 

slower interface output, leading to more typos.   

                     
4 Overall intensity is calculated from each bio-signal intensity value 

for all instances in the dataset.  An instance is collected every 4 ms 

for every bio-signal collected by the BioHarness. Refer to Section II  

BioPac BioHarness. 
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 consecutive number of typos– the number of typos 

encountered consecutively in a document.  This 

metric is associated with the Actions of the UI 

and Actions of one’s self.  Increased consecutive 

typo causes the user to feel frustration with 

him/her self and with the UI. 

 number of formatting errors– this metric is 

associated with the user feelings for oneself and 

toward the UI.  Increased formatting error leads 

the user to experience frustration towards 

oneself and towards the UI.   

 number of uncompleted tasks– this metric is 

associated with the user’s feelings for oneself 

and feelings towards the UI.  Increased 

uncompleted tasks cause the user to feel 

frustration with oneself and the UI.  This metric 

is different from the number of skipped tasks 

because it accounts for the tasks that the user 

did not get to complete because the study had 

ended. 

 number of times student did not follow 

directions– this metric is associated with the 

user’s feelings for the UI.  Users may not follow 
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instructions because they feel frustration 

towards the UI. 

In order to calculate intensity values for task 

performance measures, it is necessary to determine a 

threshold value as defined in Equation 4.2.  Like bio-

signal data, intensities calculated for task performance 

measures should account for the users’ usual behavior when 

interacting with an interface.  Intensities are calculated 

for the both the test data only.  The control data provides 

a baseline for calculating all intensities in the test 

data.  This research assumes the control study, without the 

added frustrating events, provides a baseline for the 

subject’s usual behavior.  Therefore, the calculations for 

the task performance intensities are: 

 

 

 

 

 

 

(4.8) 

The control high and control low variables are the maximum 

and minimum values recorded for that user.  User values are 

not compared to each other.   
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Because intensity values for task performance measures 

are not collected until after the user’s interaction, these 

measures are not combined with bio-signal intensities until 

data analysis.  Visualization techniques, such as scatter-

plots, histograms, etc. are used to show the relationship 

between task performance intensities, user productivity 

metrics, and bio-signal intensities.  Results from task 

performance measures & intensities and bio-signal 

intensities were loaded into Microsoft Excel and WEKA for 

use in this analysis.     
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CHAPTER 5 – RESULTS 

5.1 Data Description 

Bio-signal intensities were calculated for each of the 

subjects in the study. Frustration intensities calculated 

were first tested for normality using histograms. The 

histograms determined that for the bio-signal data, data 

was non-normal, Appendix D – Bio-Signals Histograms.  

However task performance data was normally distributed. 

These bio-signal and task-performance intensities were 

used to compute the total number of intensities that 

decreased, increased, or left task performance unchanged.  

This data was determined to be normal.  Therefore, in the 

next section we were able to the ANOVA to test our research 

hypothesis:  All frustration intensities decrease user 

productivity. 
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5.2 Data Analysis through Visualization 

The data was visualized with various techniques 

including:  histograms, parallel coordinates, and scatter 

plots. The data mining tool WEKA and jmathplot
5
 were used to 

visualize the bio-signal data; task performance data was 

visualized using Microsoft Excel.     

 

 

Figure 5-1 Duration of the study without added frustrating incidents 

 

                     
5 jMathPlot is an open-source tool for plotting mathematical data, [41]. 
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Figure 5-2 Duration of study for involving frustration incidents. 

 

43 subjects participated in the study.   Two of the 

individuals were excluded because task performance data was 

missing or incomplete.  There were 20 females and 23 males.  

The age of the participants ranged from 18-45.  The study 

was conducted in the computer laboratories of the George 

Washington University.  The lab practitioner conducting the 

study asked informal questions after the study to 

understand the mood of the user upon finishing.  Users were 

given the option to skip a task and go on to the next tab, 

if they did not want to complete the task.  When asked why 

participants did not skip a task and go on to the next, 

some subjects said they wanted to follow directions and 

felt that the task was easy enough without skipping a task.  

A few users opted to skip a task, but when on to complete 

the skipped task before the end of the study.  The only 
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participant to skip a task and stay with his decision was 

the oldest participant in the study.   

 

Figure 5-3 Task Performance Measures results from the control study 

that did not include frustrating incidents. 

 

Some users expressed the need to beat the system by 

riding through the system delays or not observing the 

output from the user interface.  Most participants were 

vocal in expressing their dislike for the system.  One 

subject talked to the screen and said, ―Come on‖.  It seems 

that users adapted to the interference.  Results from the 

above graphs shows that users were bothered by the task-

inhibitors, but were undeterred and did not let this affect 

their task performance.  One subject expressed that she is 
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used to system delays and deals with them often when 

working on the computer.       

 

 

Figure 5-4 Task Performance measures from the study that included 

frustration inducing events. 

  

Results from the study showed that on average users were 

able to complete the task assigned to them without going 

over the allotted time of 15 minutes.  The duration of the 

study with added delays was faster, Figure 5-1.  This was 

surprising since the study included system delays that 

created a barrier to task completion.  Perhaps, this is due 

to the user being familiar with system delays and knowing 
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how to recover quickly from such events.  In sports, stress 

from frustration is often a motivating factor to continue 

and often out-perform some hidden goal.  Maybe the same can 

be said in beating frustrating events experienced during 

human-computer interactions?  

0
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formatting errors
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num typos

skipped tasks

Figure 5-5 Task Performance Intensities from the study that introduced 

system delays.6 

 

Since bio-signal data was captured every 4 ms throughout 

the time of the study, much data was logged.  As described 

in the Proposed System Diagram, an overall intensity was 

calculated for each of the signals at every 4 milliseconds.  

Below is a graph showing the average overall intensity for 

each subject in the study that introduced system delays.   

                     
6 Task Performance intensities were not calculated for the control study 

as these metrics served as a baseline for intensities computed in the 

study that included system delays.  See Section on  Adapting the OCC 

Theory. 
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Figure 5-6 Mean & Standard deviation of bio-signal intensity values 

generated for study with added system delays. 

 

Figure 5-7 Task performance intensities with bio-signal mean. 
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Using an adaptation of the OCC theory to generate 

intensities for both bio-Signal and task performance 

measures gave an insight into what the users were really 

feeling and experiencing while interacting with the TinyMCE 

software.  Results from the above graph shows that 

internally users are having a reaction to task-inhibitors 

such as system delays, however, most seem to be not 

bothered or their task performance measures unaffected.  

See Appendix D – Bio-Signals Histograms for a full display 

of participant data. 

The graph in Figure 5-7 shows that as bio-signal 

intensities remain relatively level, with small peaks and 

valleys, task performance intensities such as number of 

skipped tasks and consecutive number of typos increases.  

Although, the graph above shows a relatively linear mean 

for all participants, examining the bio-signal data shows 

that slight variations are recorded.  These slight 

variations also correspond with task performance 

intensities. 

 

5.3. Hypothesis Testing 

Section 4.3 describes the hypotheses tests used to test 

the research hypotheses in this study. Results from the 

first method of using an ANOVA:  single factor test was 
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used to test the research hypothesis.  The results are 

shown in the tables below. 

Table 5-1 Summary Statistics for measures used to test hypothesis 

Groups Count Sum Average Variance 

Count # intensities where task performance 
metrics remain unchanged 41 136 3.317073 2.22195122 

Count # intensities where task performance 
decreased 41 36 0.878049 1.209756098 

Count # intensities where task performance 
increased 41 74 1.804878 1.86097561 

 

Table 5-2 ANOVA used to test the research hypothesis. 

ANOVA             

Source of Variation SS df MS F P-value F crit 

Between Groups 124.2927 2 62.14634 35.22580645 9.20016E-13 3.071779 

Within Groups 211.7073 120 1.764228 
  

  

  
     

  

Total 336 122         

 

The p-value calculated for the sample was 9.20016E-13 for 

subjects with an α=0.05.  Since the p-value is less than 

the 0.05, the research hypothesis can be rejected.  

Therefore, all frustration intensities do not decrease user 

performance.  

To test this research hypothesis further, intensities 

were computed for each individual in the study using the 

equations in Section 4.6.1.  Table 5-3 lists the 

frustration the number of intensities for all subjects in 
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the study that increased productivity, decreased 

productivity, or left it unchanged. 
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Table 5-3 Frustration Intensities for each subject in the study. 

Subject Name Count # intensities where 
task performance metrics 

remain unchanged 

Count # 
intensities 
where task 

performance 
decreased 

Count # intensities where 
task performance increased 

subject001 2 3 1 

subject002 3 0 3 

subject004 2 3 1 

subject005 2 1 3 

subject006 2 3 1 

subject007 3 0 3 

subject008 3 0 3 

subject009 3 0 3 

subject010 6 0 0 

subject011 2 1 3 

subject012 1 2 3 

subject013 6 0 0 

subject014 3 3 0 

subject015 3 0 3 

subject017 6 0 0 

subject018 6 0 0 

subject019 0 3 3 

subject020 3 0 3 

subject021 2 1 3 

subject022 3 0 3 

subject023 2 3 1 

subject024 4 1 1 

subject025 4 0 2 

subject026 3 2 1 

subject027 3 0 3 

subject028 2 0 4 

subject029 2 1 3 

subject030 2 0 4 

subject031 4 2 0 

subject032 3 1 2 

subject033 3 0 3 

subject034 4 0 2 

subject035 3 0 3 

subject036 2 1 3 

subject037 4 0 2 

subject038 5 1 0 

subject039 5 1 0 

subject040 4 2 0 

subject041 6 0 0 

subject042 4 1 1 

subject043 6 0 0 

Total 136 36 74 
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Figure 5-8 Bio-Signal intensities with Hypothesis test measures. 

 

 

 

 

Figure 5-9 56% of subjects experience frustration intensities that 

allowed task performance metrics to remain unchanged.   

 

Most users in the study did not experience frustration 

intensities that dramatically decreased task performance 
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measures.  Some users even experienced an increased task 

performance during the actual experiment than the control 

part of the study.  An explanation of this, could be that 

the users were did not find the frustrating inducing event 

to be actually that frustrating or users have become very 

familiar with these types of events and are able to recover 

quickly from them after their occurrence.  In fact, 55% of 

users experienced an amount of frustration that allowed 

user productivity to remain constant and not decrease. 

 

Figure 5-10 83% of subjects experienced frustration intensities that 

did not decrease productivity. 

 

Since each user’s experience with the frustrating event 

is different, intensities were calculated separate from 

other users’ metrics obtained in the study.  This 
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uniqueness between subject reactions is seen in Table 5-3 

in reactions for subject018 and subject019.  Subject018’s 

was relatively un-phased by delays in the UI, whereas 

subject019’s performance decreased. 

 

Figure 5-11 46% of subjects in the study experienced frustration 

intensities that increased task performance. 

 

5.4 Limitations & Discussion of Results 

5.4.1 Limitations 

Task performance metrics were collected after the study, 

whereas, bio-signal data was calculated during the study.  

Since task performance metrics were not collected at 4 ms 

intervals during the study, like bio-signal data, there is 

a clear difference between the number of bio-signal 

intensities computed and the number of task performance 

intensities.  To account for this disparity, bio-signal 
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intensities were averaged for each bio-signal by using the 

overall-intensity calculated from the study.  95% of all 

values calculated for each bio-signal lie within the 

measure of the mean; however the mean is not an actual 

value recorded from the bio-signal data. Section 6.2 

discusses how this will be remedied in future work. 

          

5.4.2 Discussion 

Users are more familiar with frustrating incidents than 

ever before due to the ubiquity of computers.  Although 

developers, testers, and usability engineers have improved 

the computing interfaces, frustrations still linger.  With 

the everyday use of cell phones, TVs, tablets, mp3 players, 

etc., users have al, but become accustomed to certain 

frustrations. Although frustration occurs as shown in the 

graphs above, it seems that the normal user, as observed in 

this study, has adapted themselves to the events.  Perhaps 

a Picard, it is necessary to understand and interpret the 

frustration events and limit their frequency rather than 

adapting the interface.  

The research question or hypothesis this dissertation 

seeks to analyze and answer is if task performance is 

negatively impacted by frustrating events.  From analysis 

of the graphs above, there seems to exist intensities that 
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allow a user to be productive without affecting task 

performance.  These intensities can better assist usability 

testers and developers if one can maximize the occurrence 

of such intensities.   
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CHAPTER 6 - CONCLUSIONS & FUTURE WORK 

 

6.1 Conclusion 

This dissertation presents research on assessing the 

amount of user frustration experienced by users from human 

body-based measures and user productivity measures.  

Because accessing the amount of user frustration 

experienced by users is usually limited to self-reporting, 

this work relies on a novel adaptation of the OCC theory of 

emotions to separate frustration into different 

intensities.  Since setting task-completion goals are a key 

component to computing frustration intensities, users were 

studied interacting with an application that interfered 

with goal-completion.  Data from human bio-signals was 

collected along with task performance measures such as 

number of errors, numbers of typos, etc. to determine 

intensity affect on these measures.   
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Results showed that frustration intensities do exist that 

allow for a user to have high productivity and high stress.  

Perhaps in the future, these intensities can be used as 

input to developers and usability practitioners. 

    

6.2 Future Work 

Future work from this research includes using bio-signal 

data, task performance measures, and contextual data about 

what artifacts or widgets a person is interacting with 

while using an application.  Perhaps including contextual 

information, along with bio-Signal and task performance 

measures could allow developers to gain more insight into 

what widgets users are encountering the most problems.  

Also, collecting localized task performance measures along 

with bio-signal measures taken at shorter intervals will 

help relate these two measures together.    These measures, 

if used during usability testing, could provide a more 

useful metric in determining how a person really feels 

about a new application.  

The population that this research was conducted on was a 

study of users from 18-45 with some computer experience.  

Most participants in the study were college students and 

used the computer on a daily basis.  Perhaps, with an older 

population or a population that is less experienced than 
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the population tested in this study, the effect of user 

frustration intensities may be greater.  It is for this 

population that this research may prove the most useful. 

 

6.3 Applications 

Results from this research are applicable to various 

fields in computer science. These fields include usability 

testing in human-computer interaction and robot-machine 

interactions.   

 

6.3.1 Usability Testing of Applications for  

Person’s Unable to Show Emotions 

Conducting usability studies for applications created for 

persons with disabilities such as Autism Spectrum 

Disorders, amnesia, and Alzheimer’s is often difficult.  

Usability studies rely mostly on the person to tell the 

practitioner how an application made them feel either 

through video recordings of the test, or pre- and post-

questionnaires.  For most of the disorders described, 

subjects are unable to show or describe how an application 

is making them feel.  Particularly, users with spectrum 

disorders may be unable to convey the amount of frustration 

they felt while interacting with a user interface.  The 

proposed research is applicable to the usability testing 
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fields because it provides another measure to understand 

how useful and productive an application may be.  However, 

this research can be most useful for developing tools 

designed for users with disabilities.  Understanding the 

different intensities of frustration, along with task 

performance measure will provide a much needed window into 

the souls of people with these disorders.   

 

6.3.2 Understanding the Subtly of Frustration in HCIs 

Humans have the unique ability to read body language.   

This unique ability often tells us when a person doesn’t 

want to be bothered for an interruption, it tells us when 

someone isn’t being truthful, or it tells us when someone 

is in a bad mood.  Computers unfortunately do not have this 

ability.  A person’s mood before interacting with a 

computer affects their experience [93].  Results from this 

research could be used in determining a person’s mood 

before  they sit at the computer.  This could be useful 

in robotic research and artificial intelligence. 

This research is applicable to many areas in the field of 

Human-Computer Interaction.   This research could be used 

to understand the subtleties of human emotion, in 

particular anger and frustration.  Human beings are able to 

distinguish between situations when a person is mad and has 
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reached their boiling point and when a person is ―ticked-

off‖.  Computers, unfortunately, do not have the capability 

to read body-language, however this research could help in 

distinguishing the subtleties of emotion.  
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APPENDIX A – INTRODUCTION 

 

This appendix includes the introduction to be read aloud 

before beginning the experiment.  The notes to the lab 

monitor are included in the introduction and are in italic.   

 

(Before reading the introduction, write down the subject’s 

sex and observations about their mood before beginning the 

study.)   

 

(Also note the time the student has arrived for the study 

in the notebook provided) 

 

Introduction to Experiment 

Hello, my name is (insert practitioner name here) and 

today I am conducting a usability test on the software 

called TinyMCE. Thank you for taking the time to 

participate in our usability test today.   

I will now explain what the software TinyMCE is and how 

you will be using it in our study today.  The usability 

test will take approximately 30-45 minutes, however some 

users may complete the task in less time. 

In this usability test, you will be asked to complete 

several tasks using TinyMCE.  TinyMCE is an online word 
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processing tool that resembles any other word processing 

software.  If you are familiar with the average word 

processing software, you will be used to the interface of 

TinyMCE.    Please look over the interface for five 

minutes.  If you have questions about a particular widget, 

please ask at this time.  Are there any questions? 

   (Q&A is five minutes.) 

The study consists of two parts.  You will be asked to 

create the flyer twice using TinyMCE.  Let the lab monitor 

know when you are done completing the first flyer.   

(After the participant has created the flyer 1 and you 

have been notified, open another window in the browser to 

http://www.student.seas.gwu.edu/~gjwashi/study/editor/.  

Write the time the subject has begun the editor task.) 

If you have any technical problems please come get me in 

the back of the lab room.  Please begin the test now.   

 

  

http://www.student.seas.gwu.edu/~gjwashi/study/editor/
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APPENDIX B – INSTRUCTIONS 

 

This is a study to test how you respond to user frustration 

using a common word processor. This word processor is 

similar to Word.  User frustration will be measured through 

the use of the Zephyr chest strap. To put on the strap, 

first buckle it in the front. Then, fit it around the front 

so it is high on your waist. If you need to, you can go in 

the bathroom and adjust it under your clothes so it fits 

correctly.  

 

During the test, you will be performing up to a total of 13 

tasks.  You will have only thirty, 30 mins. to complete the 

tasks. You will be using the Editor task and shopping task 

from the main page. You will be able to quit and proceed to 

the next task at any time. However you must notify the lab 

monitor that you are moving on the next task.  

 

In the editor task you will perform three tasks:  

1. Type up the celebration flyer on pg WD1.85. 

2.  Center all the text 

3.  Make all text on the flyer Arial 

4. Add a picture to the memo after the second line.  The 

url for the image to 



 

107 

 

    add is 

http://www.student.seas.gwu.edu/~gjwashi/study/editor/image

s/coffee.jpg 

5.  Click the Appearance tab on the image adding tool to 

make the dimensions  

     300 x 448 

6. Color the address line and last line of the flyer Blue 

7.  Make the top line of text Font 24, Arial Black 

8.  Change the font size of the second line to 36. 

 

Take five minutes to familiarize yourself with the editor 

menu.  Are there any questions? 
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APPENDIX C – EXAMPLE FLYER 
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APPENDIX D – BIO-SIGNALS HISTOGRAMS 

Below are histograms of overall intensities, calculated 

for each subject in the study:  1-2, 4-15, 17-43. 

 

D- 1 Overall intensity bio-signal histogram for subject001. 
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D- 2 Overall intensity histogram of bio-signals for subject002. 
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D- 3 Histogram of Overall Intensity calculations for bio-signals  for 

subject004. 
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D- 4 Histogram of overall-intensities for bio-signals for subject 005. 
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D- 5 Histogram of Overall intensity for bio-signals for subject 006. 
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D- 6 Histogram of overall intensities for bio-signals for subject007. 
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D- 7 Histogram of overall intensities for bio-signals for subject008. 
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D- 8 Histogram of overall-intensities for subject009. 
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D- 9 Histogram of overall intensity scores for bio-signals for 

subject010. 
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D- 10 Histogram of overall intensity scores for bio-signals for 

subject011 
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D- 11 Histogram of overall intensity scores for bio-signals for 

subject012 
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D- 12 Histogram of overall intensity scores for bio-signals for 

subject013 
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D- 13 Histogram of overall intensity scores for bio-signals for 

subject014 
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D- 14 Histogram of overall intensity scores for bio-signals for 

subject015 
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D- 15 Histogram of overall intensity scores for bio-signals for 

subject016 
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D- 16 Histogram of overall intensity scores for bio-signals for 

subject018 
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D- 17 Histogram of overall intensity scores for bio-signals for 

subject019 
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D- 18 Histogram of overall intensity scores for bio-signals for 

subject020. 
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D- 19 Histogram of overall intensity scores for bio-signals for 

subject021. 
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D- 20 Histogram of overall intensity scores for bio-signals for 

subject022. 
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D- 21 Histogram of overall intensity scores for bio-signals for 

subject023. 
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D- 22 Histogram of overall intensity scores for bio-signals for 

subject024 
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D- 23 Histogram of overall intensity scores for bio-signals for 

subject025. 
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D- 24 Histogram of overall intensity scores for bio-signals for 

subject026. 
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D- 25 Histogram of overall intensity scores for bio-signals for 

subject027. 
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D- 26 Histogram of overall intensity scores for bio-signals for 

subject028. 
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D- 27 Histogram of overall intensity scores for bio-signals for 

subject029. 
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D- 28 Histogram of overall intensity scores for bio-signals for 

subject030. 
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D- 29 Histogram of overall intensity scores for bio-signals for 

subject031. 
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D- 30  Histogram of overall intensity scores for bio-signals for 

subject032. 
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D- 31 Histogram of overall intensity scores for bio-signals for 

subject033. 
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D- 32 Histogram of overall intensity scores for bio-signals for 

subject034. 
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D- 33  Histogram of overall intensity scores for bio-signals for 

subject035. 
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D- 34 Histogram of overall intensity scores for bio-signals for 

subject036. 
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D- 35 Histogram of overall intensity scores for bio-signals for 

subject037. 
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D- 36 Histogram of overall intensity scores for bio-signals for 

subject038. 
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D- 37 Histogram of overall intensity scores for bio-signals for 

subject039. 
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D- 38 Histogram of overall intensity scores for bio-signals for 

subject040. 
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D- 39  Histogram of overall intensity scores for bio-signals for 

subject041. 



 

148 

 

 

D- 40 Histogram of overall intensity scores for bio-signals for 

subject042. 
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D- 41 Histogram of overall intensity scores for bio-signals for 

subject043. 
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APPENDIX E - SOURCE CODE 

 

import weka.core.converters.ConverterUtils.DataSource; 
import weka.core.Instances; 

import weka.core.Instance; 

import weka.core.Attribute; 

import weka.filters.Filter; 

import weka.filters.unsupervised.attribute.MathExpression; 

import weka.filters.unsupervised.attribute.Normalize;  

import weka.filters.unsupervised.attribute.NumericTransform; 

import weka.estimators.NormalEstimator; 

import weka.core.converters.ArffSaver; 

import weka.core.converters.ArffLoader; 

import weka.core.converters.AbstractFileLoader; 

import java.io.File; 

import weka.core.FastVector; 

 

 

public class HumanStudy { 

 

  private DataSource source = null;  

  private Instances data    = null; 

  private Instances newData = null; 

 

  public HumanStudy(String inputSource, boolean isDirectory) { 

    if (isDirectory) { 

 

      try { 

        //load the directory for processing 

        loadDirectory(inputSource);     

      } catch(Exception ex) {System.out.println(ex);} 

 

    } else if (!isDirectory) { 

      try{   

        source = new DataSource(inputSource); 

        data   = source.getDataSet();  

 

        if (source == null ||  

            data == null) { 

          System.out.println("source or data is null"); 

          System.exit(0); 

        }  

 

         Instances taskData = null; 

              

          File taskFile = new File(inputSource +"/task 

data/csv/arff/subject_task_data.arff"); 

 

          if (taskFile.exists()) { 

            //load the task performance data for later user 

          ArffLoader loader = new ArffLoader(); 

            loader.setFile(taskFile); 

  

      taskData = loader.getDataSet(); 

   } 
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   else System.out.println("Task file" + 

taskFile.getAbsolutePath()); 

 

  

        if (taskData !=null) 

   transformTaskData(taskData, inputSource); 

 else System.out.println("task Data is null"); 

 

        if (data!=null) 

          transformBioData(data, source); 

        else System.out.println("bio data is null");          

     

       } catch (Exception exception) { 

         System.out.println(exception); 

       } 

    } else {  

      //do nothing 

      }     

  } 

 

  public void loadTaskDirectory(String directoryPath) throws Exception 

{ 

    Instances taskData = null; 

    

    File taskFile = new File(directoryPath + "/task 

data/csv/arff/subject_task_data.arff"); 

 

    if (taskFile.exists()) { 

      //System.out.println("task data arff exists"); 

      //load the task performance data for later user 

      ArffLoader loader = new ArffLoader(); 

      loader.setFile(taskFile); 

  

      taskData = loader.getDataSet(); 

 

      System.out.println("Subject Task Data loaded"); 

     } else System.out.println("Task file" + 

taskFile.getAbsolutePath()); 

 

     if (taskData != null) 

        transformTaskData(taskData, taskFile.getParent()); 

     else System.out.println("task Data is null");     

  } 

 

 

  public void loadBioDirectory(String directoryPath) { 

    File dir       = new File(directoryPath); 

    String[] files = dir.list(); 

     

    for (int i=0; i<files.length; i++) { 

      

      if (files[i].endsWith(".arff")) { 

        try {  

          

          File file = new File(directoryPath + File.separator + 

files[i]);   
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          if (file == null) { 

            System.out.println("file is null"); 

            System.exit(0);  

          } else { 

     //System.out.println(file.getAbsolutePath()); 

          } 

 

   //now load the user performance metrics for this user 

    

 

          DataSource dataSource = new DataSource(file.getPath()); 

          Instances  dataSet    = dataSource.getDataSet(); 

 

          source = dataSource; 

           

          System.out.println("Begin processing of dataSet for " + 

files[i]); 

          if (dataSource == null) { 

            System.out.println("dataSource is null"); 

            System.exit(0); 

          }           

            

 

          //transform the dataSet into intensities 

          if (dataSet != null) { 

 

      

             

            //check to see if bio intensities have been created 

            File intensitiesDir = new File(directoryPath + 

File.separator + "intensities"); 

            File intenseFile    = new File (intensitiesDir.getPath() +  

                                            File.separator +  

                                            file.getName().substring(0, 

file.getName().lastIndexOf(".arff")) + "_int.arff"); 

             

            if (intenseFile.exists()) { 

              System.out.println("File already exists: " + 

intenseFile.getName()); 

            }  else { 

              System.out.println("Intensity file does not exist for: " 

+ intenseFile +  

                                 "\n     Begin creating bio-signal 

intensity file..");     

               

             

              transformBioData(dataSet, source);                

   

            } //end if                

     

             

          } else { 

            System.out.println("dataSet is null"); 

            System.exit(0); 

          }            
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          System.out.println("Completed conversion of file:"+ files[i] 

+ "\n"); 

  

        } catch(Exception exception) { 

          System.out.println(exception); 

        } 

      }//end if 

    }//end for 

    System.out.println("All bio files have been converted"); 

  } 

 

  public void loadDirectory(String directoryPath) throws Exception { 

    loadTaskDirectory(directoryPath); 

    //loadBioDirectory(directoryPath);         

  }//end load Directory 

 

    

 

  public void transformBioData(Instances arffData, DataSource source) 

throws Exception { 

    //apply the standard deviation filter to the all of the 

    //columns in the dataset 

    //Step 0, Perform a FFT over the data to get  

    //timeseries data into information 

     

  

    //adaption of OCC 

    //for each column in the dataset 

    //for each instance in the column, transform it to intensity 

    //Step 1, transform the values into intensities 

    MathExpression intensities = new MathExpression(); 

    intensities.setExpression("ifelse(A>(MEAN+SD), A-(MEAN+SD), 

ifelse(A<(MEAN-SD), (MEAN-SD)-A, 0))");   

 

    //inform function about dataset after setting options 

    intensities.setInputFormat(arffData); 

 

    //apply filter 

    newData = Filter.useFilter(arffData, intensities); 

    System.out.println("Transforming values into intensities 

complete"); 

 

    if (newData == null) { 

       System.out.println("newData is null"); 

       System.exit(0); 

    } 

 

    //print it out so we can see it 

    //System.out.println(newData.firstInstance().toString()+ "\n");  

 

    System.out.println("  Begin normalization of bio data"); 

          

    //apply the normalization filter 

    //normalize the data between [0,1],  

    Normalize normalize = new Normalize(); 

    normalize.setInputFormat(newData); 

    newData = Filter.useFilter(newData, normalize); 
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    System.out.println("Normalization complete");     

 

    if (newData == null) { 

      System.out.println("   newData is null"); 

      System.exit(0); 

    } 

     

    /*MathExpression normal = new MathExpression(); 

    normal.setExpression("A*10"); 

    normal.setInputFormat(newData); 

    newData = Filter.useFilter(newData, normal);*/ 

 

    //System.out.println("Normalization complete"); 

 

    //print it out so we can see it 

    //System.out.println(newData.firstInstance().toString()+ "\n");  

 

    //System.out.println("Num of instances"+ newData.numInstances()); 

    double[] overall_intensities = new double[newData.numInstances()]; 

         double[] time = new double[newData.numInstances()]; 

 

     

    //Step 3, For each intensity,  

    //calculate the Overall Intensity 

    for (int i=0; i<newData.numInstances(); i++) { 

      //get a row of values 

      Instance instance  = newData.instance(i); 

      if (instance == null) { 

        System.out.println("instance is null"); 

        System.exit(0); 

      } //else System.out.println("instance is not null"); 

 

      double ecg       = 0.0; 

      double breathing = 0.0; 

      double skinTemp  = 0.0; 

      double posture   = 0.0; 

      double RR        = 0.0; 

      double hr        = 0.0;       

      double respiration = 0.0; 

      double vm          = 0.0; 

      double peak        = 0.0; 

      double wave        = 0.0; 

      double y_accel_min = 0.0; 

      double y_accel_peak = 0.0; 

      double x_accel_peak = 0.0; 

      double x_accel_min  = 0.0; 

      double z_accel_peak = 0.0; 

      double z_accel_min  = 0.0;  

      

      //now get each individual value in that row  

      //System.out.println("Now get the values");     

 

      //for instance, determine if ECG or HR is given 

      if (newData.attribute("ECG") != null) { 

 

       //System.out.println("starting with ECG"); 



 

155 

 

         

        //get the ECG value 

        ecg = instance.value(newData.attribute("ECG"));  

          

        //get the Breathing value 

 if (newData.attribute("Breathing") != null) 

          breathing = instance.value(newData.attribute("Breathing")); 

        else System.out.println("Breathing is null"); 

 

        //get the Skin Temp value 

 if (newData.attribute("Skin Temp") != null) 

          skinTemp = instance.value(newData.attribute("Skin Temp"));       

 else System.out.println("Skin Temp is null"); 

 

        //get the Posture value 

        if (newData.attribute("Posture") != null) 

        posture = instance.value(newData.attribute("Posture")); 

 else System.out.println("Posture is null"); 

 

        //get the respiration rate value 

        if (newData.attribute("RR") !=null) 

         RR = instance.value(newData.attribute("RR"));  

        else System.out.println("RR is null"); 

 

      } else if (newData.attribute("Heart Rate") != null ) { 

        //System.out.println("Starting with Heart Rate"); 

         

        //get the HR value 

         hr = instance.value(newData.attribute("Heart Rate")); 

       

         //System.out.println("Get the Breathing"); 

 

        //get the Breathing value 

         if (newData.attribute("Breathing") !=null) { 

           breathing = instance.value(newData.attribute("Breathing"));  

         } else System.out.println("Breathing is null"); 

          

  //System.out.println("Get the RR");          

 

         //get the RR 

         if (newData.attribute("RR") != null) 

    RR = instance.value(newData.attribute("RR")); 

  else System.out.println("RR is null"); 

         //System.out.println("Get the Skin Temp");      

         

         //get the Skin Temp value 

  if (newData.attribute("Skin Temp") !=null) 

    skinTemp = instance.value(newData.attribute("Skin Temp"));       

  else System.out.println("Skin Temp is null"); 

 

        //get the Posture value 

        if (newData.attribute("Posture") !=null) 

           posture = instance.value(newData.attribute("Posture")); 

        else System.out.println("Posture is null");    

 

        //get respiration rate 

 if (newData.attribute("Respiration Rate") != null) 
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          respiration = instance.value(newData.attribute("Respiration 

Rate")); 

        else System.out.println("Respiration Rate is null");    

        

        //get vector magnitude 

        if (newData.attribute("Vector Magnitude") != null) 

          vm = instance.value(newData.attribute("Vector Magnitude")); 

 else System.out.println("Vector Magnitude is null");  

 

       //get peak acceleration 

 if (newData.attribute("Peak Acceleration") !=null) 

          peak = instance.value(newData.attribute("Peak 

Acceleration")); 

 else System.out.println("Peak Acceleration is null"); 

    

        //get breathing wave 

        if (newData.attribute("Breathing Wave") != null) 

   wave = instance.value(newData.attribute("Breathing Wave")); 

 else System.out.println("Breathing wave is null"); 

 

       //get y acceleration min 

 if (newData.attribute("Y Acceleration Min") != null)  

          y_accel_min  = instance.value(newData.attribute("Y 

Acceleration Min"));     

 else System.out.println("Y Acceleration Min is null"); 

 

       //get y acceleration peak 

       if (newData.attribute("Y Acceleration Peak") != null)  

          y_accel_peak  = instance.value(newData.attribute("Y 

Acceleration Peak")); 

 else System.out.println("Y Acceleration Peak is null"); 

 

       //get x acceleration min 

 if (newData.attribute("X Acceleration Min") != null) 

          x_accel_min  = instance.value(newData.attribute("X 

Acceleration Min")); 

 else System.out.println("X Acceleration Min is null"); 

 

       //get x acceleration peak 

 if (newData.attribute("X Acceleration Peak") != null) 

          x_accel_peak  = instance.value(newData.attribute("X 

Acceleration Peak")); 

   else System.out.println("X Acceleration Peak is null"); 

   

       //get z acceleration min 

 if (newData.attribute("z Acceleration Min") != null)  

          z_accel_min  = instance.value(newData.attribute("z 

Acceleration Min")); 

 else System.out.println("z Acceleration Min is null"); 

 

      //get z acceleration peak 

       if (newData.attribute("z Acceleration Peak") != null) 

         z_accel_peak  = instance.value(newData.attribute("z 

Acceleration Peak")); 

 else System.out.println("z Acceleration Peak is null"); 
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      } else { 

        //do nothing 

      } //end else 

  

      //add them up 

      double total =  ecg + breathing + skinTemp + posture +  

                      RR + hr + respiration + vm + peak +  

                      wave + y_accel_min + y_accel_peak +  

                      x_accel_peak + x_accel_min +  

                      z_accel_peak + z_accel_min;  

 

      //compute the avg 

      double avg = total/instance.numValues() + 1; //1 is added for ECG 

 

      //add the overall_intensities to its array 

      //also add the time data to its array 

      overall_intensities[i] = avg; 

 

      //System.out.println("Computing time"); 

 

      //now compute the time, 4 msec/sample 

      time[i] = i * 0.004;  

 

      //System.out.println("overall_intensities["+i+"]="+ 

overall_intensities[i]); 

 

    } //end for 

     

         

    FastVector atts = new FastVector(); 

    atts.addElement(new Attribute("Overall Intensities")); 

    atts.addElement(new Attribute("Time msec")); 

 

    //System.out.println("relationName " + newData.relationName()); 

 

    Instances orgInts = new Instances("Anger 

Intensities",atts,newData.numInstances()); 

          

    //should have wrote incrementally,  

    //in the above for loop 

    //but maybe this will be faster 

    //by writing to the file in one swoop 

    for (int j=0; j<overall_intensities.length; j++) { 

      Instance anInstance = new Instance(2); 

      anInstance.setValue((Attribute)atts.elementAt(0), 

overall_intensities[j]); 

 

       

      anInstance.setValue((Attribute) atts.elementAt(1), time[j]); 

 

      //System.out.println("org intensities instance " + anInstance); 

 

      orgInts.add(anInstance); 

    } 

 

    

    // Make the last attribute be the class 



 

158 

 

    //orgInts.setClassIndex(orgInts.numAttributes() - 1); 

 

     

    System.out.println("overall intensities has been created"); 

 

         

    //System.out.println(newData.firstInstance().toString()+ "\n");  

 

 

    //Step 5 write the Overall Intensities Data to a new File 

    //for exploring visualizations 

    writeBio(orgInts, source);     

  } 

 

  public void writeBio(Instances orgInts, DataSource source) throws 

Exception { 

    //get the original File to get the File Name 

     if (source == null) { 

        System.out.println("source is null"); 

        System.exit(0); 

     }     

 

     File originalFile = ((AbstractFileLoader) 

source.getLoader()).retrieveFile(); 

     String originalFileName   = originalFile.getName(); 

 

     if (originalFileName.endsWith(".arff")) { 

       originalFileName = originalFileName.substring(0, 

originalFileName.lastIndexOf(".arff")); 

       //System.out.println("file name=" + originalFileName); 

     } 

 

     System.out.println("parent Directory" + originalFile.getParent()); 

 

     writeBioArff(orgInts, originalFileName, originalFile.getParent());  

  } 

 

  public void transformTaskData(Instances taskData, String 

directoryPath) throws Exception {    

    Instances test = computeControlIntensities(taskData);  

 

    //write task Intensities 

    writeTaskArff(test, directoryPath); 

   

  } 

 

  public Instances computeControlIntensities(Instances taskData) throws 

Exception { 

    Instances control = new Instances(taskData, 

taskData.numInstances()/2); 

    Instances test    = new Instances(taskData, 

taskData.numInstances()/2); 

    //System.out.println("Begin deleting instances from control"); 

     

    //System.out.println("control instances"+control.numInstances()); 

     for (int i=0; i<taskData.numInstances(); i++) { 
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        //want to separate the test from the control data for 

processing 

        if 

(taskData.instance(i).stringValue(taskData.attribute(0)).contains("test

")) 

          test.add(taskData.instance(i)); 

        else if 

(taskData.instance(i).stringValue(taskData.attribute(0)).contains("cont

rol")) 

          control.add(taskData.instance(i)); 

 

                  

      } //end for 

      control.compactify(); 

      test.compactify();        

 

       

 

 

     System.out.println("num test isntances" + test.numInstances());     

     System.out.println("num control instances " + 

control.numInstances()); 

     return computeTestIntensities(control, test); 

  } 

 

  public Instances computeTestIntensities(Instances control, Instances 

test) throws Exception { 

    /* normalization = (actual_value - min(this_column)) / 

(max(this_column) - min(this_column))*/ 

    System.out.println("Get the min and max from each instance");    

 

    System.out.println("Begin transforming task data into 

intensities");   

  

    for (int i=0; i<test.numInstances(); i++) { 

      Instance controlInstance = control.instance(i); 

       

      //System.out.println(control.instance(i)); 

       

      double high = 0.0; 

      double low  = 0.0; 

       

       

      //transform everything except for min and max in last two 

attributes 

      for (int j=0; j<test.instance(i).numAttributes(); j++) { 

         if (controlInstance.attribute(j).isString() || 

             controlInstance.attribute(j).name().equals("Duration") || 

             controlInstance.attribute(j).name().equals("Min") || 

             controlInstance.attribute(j).name().equals("Max")) { 

             break; 

 } 

          

         double testValue =    test.instance(i).value(j); 

         //System.out.println("test value" + testValue); 

         double intensity = 0.0; 

         low  = controlInstance.value(control.attribute("Min")); 
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         high = controlInstance.value(control.attribute("Max")); 

         //System.out.println("low " + low + " high " + high); 

          

 

 

  if (testValue>high) { 

    intensity = testValue - high; 

            

 

  } else if (testValue<low) { 

    intensity = low - testValue; 

      

  

  } else intensity = 0.0; 

          //System.out.println("before " + test.instance(i));   

           //update this value in the test set 

           test.instance(i).setValue(test.instance(i).attribute(j), 

intensity); 

 

          //System.out.println("after " + test.instance(i));           

  

       }//end for 

    }//end for 

 

    /*test.renameAttribute(0, "Skipped Tasks Intensity"); 

    test.renameAttribute(1, "Typos Intensity"); 

    test.renameAttribute(2, "Consecutive Errors Intensity"); 

    test.renameAttribute(3, "Formatting Intensity"); 

    test.renameAttribute(4, "Uncompletted Intensity"); 

    test.renameAttribute(5, "Follow Directions Intensity");*/ 

 

    System.out.println(test); 

 

    return test; 

  }// end method 

 

 

  public void writeBioArff(Instances overallIntensities, String 

originalFileName, String parentDirectory) throws Exception { 

      

      

     if (overallIntensities != null) { 

 

        //System.out.println(overallIntensities); 

       //finally save the new intensities to a arff file 

     ArffSaver saver = new ArffSaver(); 

 

       saver.setInstances(overallIntensities);  

 saver.setUseRelativePath(true);      

 

     saver.setFile(new File(parentDirectory+"/intensities/" + 

originalFileName + "_int.arff")); 

 

     //write the new Arff file with the intensities 

     saver.writeBatch(); 
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     System.out.println("writing new arff file complete" + 

saver.retrieveDir()); 

 

     //after saving it, reset the writer 

     saver.resetWriter();      

     

 

     System.out.println("writing new arff file complete" + 

saver.retrieveDir()); 

 

 

     } else { 

       System.out.println("Dataset is null, cannot save file"); 

       System.exit(0); 

     } 

 

      

  } 

 

  public void writeTaskArff(Instances testIntense, String 

directoryPath) throws Exception { 

     System.out.println(directoryPath); 

      

      

     if (testIntense != null) {          

         System.out.println("directory Path" +directoryPath); 

         System.out.println("num instances"+ 

testIntense.numInstances()); 

        //for each line in the testIntense, output a file 

       // for (int i=0; i<testIntense.numInstances(); i++) { 

           

           

           //System.out.println(testIntense.instance(i).stringValue(0); 

           

          ArffSaver saver = new ArffSaver(); 

          //saver.setStructure(testIntense); 

          //saver.setRetrieval(ArffSaver.INCREMENTAL); 

           

          //originalFile name 

          //String orig = testIntense.instance(i).stringValue(0); 

          //System.out.println(orig); 

          /*String fileName = "subject_" +  

                            orig.substring(orig.indexOf("0"), 

orig.length());*/ 

 

          //System.out.println("updated fileName" + fileName); 

 

          //save each instance in the testIntense as a user intensity 

file 

           

   //System.out.println("name " + fileName); 

          saver.setFile(new File(directoryPath+"/"+ 

"subject_task_int_data" + ".arff")); 

          //System.out.println(testIntense.instance(i)); 

   //saver.writeIncremental(testIntense.instance(i)); 

          //saver.writeIncremental(null); 

          saver.setInstances(testIntense); 
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          saver.writeBatch(); 

           

 

     //  }//end for 

 

     } else { 

       System.out.println("Dataset is null, cannot save file"); 

       System.exit(0); 

     } 

 

     System.out.println("writing task arffs complete" + directoryPath); 

  } 

 

     

 

  public static void main(String[] args) throws Exception {  

    if (args.length <= 1) { 

      System.out.println("input arff file location and if it is a 

directory"); 

      System.exit(0); 

    } 

     

    HumanStudy study = null; 

    if (args[1].equalsIgnoreCase("true")) { 

       //System.out.println("Process bio-Signal directory"); 

       study = new HumanStudy(args[0], true); 

          

        

        

    } else if (args[1].equalsIgnoreCase("false")) { 

      System.out.println("Use file"); 

      study = new HumanStudy(args[0], false); 

                

    } 

     

  } 

} //end class 


