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psychology and involves three broad stages: rapport building and health topic identification, 

assessment of the patient’s opinion about making a change, and developing a plan. Using 

this framework patients can be encouraged to reflect on the options available and choose 

the best for a healthier life.  
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CHAPTER 1

INTRODUCTION

This work introduces a new application of machine learning and natural language

processing techniques in the health care field. Health care may be approaching a critical

juncture in the next 20 years due to the aging of the baby boomer generation [13] and the

shift in health care needs from acute care to chronic care and disease management [28]. By

changing health related behavior, many ailments can be prevented and existing ones can be

cured or prevented from worsening. Some of the health related behaviors include changing

diet, reducing or quitting alcohol consumption, getting more physical activity, reducing or

quitting smoking etc. Health practitioners believe that when it comes to making changes in

lifestyle, a lot of the power rests in the hands of the patients themselves. Thus, the key is to

encourage patients to reflect on the options available and choose the best. Providing proper

information and counseling sessions can go a long way in helping people make healthier choices

for a better life. The work presented here is part of the Companionbots project, discussed in

Chapter 3, which is working to create emotive, spoken-dialogue companion robots that can

engage in health-promoting dialogue with individuals in need of health monitoring.

Abandoning behaviors with adverse effects with the help of motivational interviewing

or counseling sessions is called health behavior change. This counseling method helps the

patient in resolving issues resulting in ambivalence and evoking motivation towards behavior

change. Providing counseling sessions that result in behavior change is a difficult task even for

expert practitioners, and hence poses a great challenge for automated dialogue systems. The

Companionbots system will use natural language analysis and generation to provide ongoing

support to the participant. Using such a system will give participants a sense of independence

in managing their health and should reduce the number of visits required by health care

professionals. A critical component of the dialogue is automatically detecting resistance to
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change, the central goal of this thesis. Miller and Rollnick (2002) define resistance as ”speech

that signals movement away from a particular kind of change. In this way it is the mirror

image of change talk.” The following examples elucidates more on resistance.

(1) Therapist: More than 14 beers a week puts you at a much higher risk for experiencing

a variety of health problems mainly related to your liver and your heart.

Patient: See, I find that hard to believe because my dad, he’s been an alcoholic for

like 50 years and he’s still going strong.

(2) Therapist: Well, Janie I think getting the smaller fries is a step in the right direction

but I really don’t think that’s enough. I think you really have to put more effort into

this.

Patient: I’m not going to eat a salad at Arby’s!

In the first example, the therapist talks about the health risks associated with excessive

alcohol consumption. The patient refuses to acknowledge those issues and backs it up with

the justification that his father is doing perfectly well even after consuming alcohol for 50

years. Similarly, in the second example, the therapist insists that Janie should put in more

efforts towards changing her diet but she refuses to comply. From both the examples, it

is clear that the patients implicitly or explicitly refuse or resists change in the behavior in

question.

Resistance can be manifested in various forms such as: quiet reluctance, outright

denial, unenthusiastic compliance, making excuses to avoid change or sometimes even lying,

being pessimistic and blaming others [23]. It can appear at any stage in a counseling session

and hence requires constant vigilance. Mason and Butler (2010) very aptly draws an anal-

ogy of resistance with dancing where constant attention is required to prevent oneself from

stepping on the partner’s shoe. Dealing with resistance is challenging even for experienced

counselors, and consequently poses many challenges to an automatic detection system as
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discussed in Chapters 5 and 6.

It is a natural tendency to be prejudiced against a patient as being stubborn but the

causes leading to resistance can vary greatly. One of the main reasons for resistance is

ambivalence. Given a suggestion for change, the patient might understand its importance

but may not deem it necessary to actually act on it. For example, Dennis understands that

he drinks more than the acceptable limits but he feels that he is healthy and successful and

alcohol has not affected his life in anyway. He is also confident that it will not happen in

future either. In other cases, there might be a third person/persons involved in the situation

and the patient is in conflict with that person. An example is, John does not feel his smoking

is a problem but is unhappy about his wife complaining against it and insisting that he signs

up for therapy. There might also be instances where a patient is genuinely unable to act on

a suggestion, like, in case of Terry, who feels physical activity is important but is unable to

join the gym due to financial reasons.

Encountering resistance is a fairly common phenomenon in motivational interviewing

due to indecisiveness about the offered suggestions. It should not be viewed as a sign of

failure. In fact, if a good rapport exists between the patient and the counselor, resistance

can catalyze change [23]. Hence, it is important to be flexible and try to roll with resistance

[24]. It is advisable to avoid conflict or argumentative responses because that might lead

the patient to further resist change. If signs of resistance are detected to one suggestion, it

is futile to generate more suggestions. Subsequent suggestions will only give the patient an

opportunity to find more reasons as to why they should not be executed. Instead, a good

strategy is to analyze the reason for disagreement and chalk out an action plan to overcome

those hurdles.

The goal of automated systems for counseling purposes is to simulate human-human

therapeutic dialogue. Addition of a resistance detection module can support the system in

moving closer towards this goal. If resistance is identified successfully, the dialogue system can
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be equipped with the additional functionality of generating appropriate responses to roll with

resistance and guide the conversation back to change talk. It will also add to the naturalness

of the system.

1.1. Expected System Output

The expected output of the system varies depending on whether resistance is success-

fully identified or not. Both the scenarios are shown in the following examples1

(1) Therapist: Don’t you think it’s worth making those changes in your diet?

Patient: No. No, I think my risks of health weren’t bad. I’m in pretty good shape.

<response with resistance>

Therapist:

• Resistance identified : Maybe making changes to your diet is not a priority at

this time.

• Resistance ignored : Lets talk some more about your diet.

(2) Therapist: It sounds like you are not that worried about alcohol really.

Patient: No, it’s bad, but it’s not as bad. <response with resistance>

Therapist:

• Resistance identified : I am wondering if this is worth discussing or if we should

discuss something else.

• Resistance ignored : How many drinks of alcohol do you consume per day?

It is clear from the above examples that the first case will elicit self reflection from

the patient and keep him engaged in the conversation. Whereas, in the second scenario, the

therapist’s responses to resistance will result in more resistance from the patient.

1These examples were created with the help of a clinical psychologist.
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1.2. Thesis Contributions

The contributions of this thesis are as follows:

• Health behavior change dialogue system framework : The framework is inspired from

the MI structure discussed in [23]. It involves three broad stages, rapport building

and health topic identification, assess patient’s opinion of change, and designing plan

and closing session. This chapter instantiates each of these stages and proposes

the natural language generation and understanding and machine learning aspects

involved in them.

• Automatic detection of resistance: This work proposes a technique for automatic

identification of patient resistance using natural language processing and machine

learning algorithms. It describes a list of different features from which a good first

sub set is identified. Supervised machine learning is performed on this feature set.

• Error analysis of results: Since this is the first reported work of automatic detection

of patient resistance, this thesis presents an error analysis of the results and suggests

possible solutions.

• Corpus: The link to the videos and transcripts used for this work will be shared in

future. Also, the annotations for the transcripts will be available to the research

community on request.

1.3. Overview of Thesis

The rest of the thesis is organized as follows:

• Chapter 2 discusses previous research on dialogue systems focused on health behavior

change. It also explores literature from psychology domain on identifying and dealing

with patient resistance to behavior change therapy and the use of language for the

same purpose.

• Chapter 3 presents the theoretical framework for health behavior change dialogue

system from natural language processing, machine learning and dialogue systems
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point of view. This framework is inspired by the motivational interviewing block

diagram discussed in [23]. Different NLP and ML components involved in using

the pieces of this block diagram in developing an automated system have also been

discussed.

• Overview of the resistance detection system, the corpus used for the task and its

annotation procedure is discussed in Chapter 4.

• The experimental design and results obtained are discussed in details in Chapter 5

and Chapter 6 presents an error analysis of the results reported in Chapter 5 and

discusses how the addition or removal of features affected the results.

• Chapter 7 discusses the different modifications implemented in re-annotation of the

data from the error analysis in the previous chapter. It also presents the second set

of experiments with their results.

• Chapter 8 discusses a tentative scheme to integrate the resistance detection system

in the Olympus dialogue system framework and the challenges that might arise in

the process.

• Chapter 9 summarizes the thesis and suggests potential directions in which this

thesis can be extended.
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CHAPTER 2

BACKGROUND

2.1. Dialogue Systems for Health Behavior Change

Automated dialogue systems have been used in a number of applications like computer

games[41, 11], story telling agents [4, 35] and as personal guides for various purposes [9, 7, 6,

10]. In the health domain, Bickmore et al., (2007) describe a virtual agent to motivate older

adults to walk more. Dialogue systems have also been used to explain health documents

to patients [5]. Nielsen et al,. (2010) described an overall architecture for a companion

robot capable of proactive dialogue with patients. This thesis builds on this architecture,

concentrating particularly on the natural language processing module, for health behavior

change dialogue. Bickmore and Sidner (2006) outline a plan-based framework, COLLAGEN,

based on the transtheoretical model and motivational interviewing to generate health behavior

change counseling dialogue for physical activity promotion. COLLAGEN conducts a session

in four steps: greeting exchange, discussion of previous day’s exercise, discussion of plans

for next day, and finally, farewell exchange. In addition to having similar steps, the proposed

framework in Chapter 3 also discusses in detail the natural language processing modules that

are involved in judging the user’s mindset at each step and guiding him/her towards making

a decision on changing health behavior. In their follow up work Bickmore et al., (2009)

they discuss several issues such as minimizing repetitiveness in the behavioral, linguistic and

visual aspect of the agent, establishing a therapeutic alliance between the user and the agent

for a successful dialogue, maintaining continuity over multiple sessions, and the challenge of

open-ended question generation. Bickmore and Sidner (2006) and Bickmore et al., (2009)

however, does not address the additional issue of verbal resistance from the patient which is

fairly common in motivational interviewing and needs to be addressed appropriately.

Use of telemedicine is becoming a common practice in providing remote clinical health
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care. It involves the use of various technologies like telephone, Facsimile, e-mail, video meet-

ings, etc. to provide medical services. However, telemedicine is not flexible and adaptive, or

when it is, it requires a human in the loop. It runs the risk of having a breakdown in the

relationship between health professionals and patients [18]. It might also require long wait

times on the patient side to receive a response from a health expert. Using virtual agents

to provide guidance for health behavior change can provide greater flexibility compared to

standard telemedicine practices. [3] described a virtual medical expert system that lever-

ages natural language processing techniques to provide medical help to user queries from a

knowledge base using pattern matching. In case the query does not have a match in the

knowledge base, it is directed to an expert. Bajwa’s work is not capable of dealing with

unknown medical conditions or generating small talk. The framework proposed in this thesis

provides information on unknown health conditions through Web search. In addition to this,

the framework adds the capability of generating small talk, which will help the user overcome

inhibitions that might arise in talking to a robot instead of a human.

Use of small talk by virtual agents has been discussed in the past for different appli-

cations. For example, Rea, a real-estate agent is equipped with the capability of engaging in

both social and task-oriented dialogue [9]. [4] include small talk in an ECA to achieve inter-

personal goals between an agent and a buyer. The medical advice provided by the proposed

dialogue system will be in the form of suggestions rather than instructions. This is intended

to make users reflect on their own choices comfortably instead of receiving instructions from

the system. The Nursebot project [34] discussed five different functions to assist the elderly

through personal robots. One of the functions is to provide virtual telemedicine based facil-

ities. Another robot called Paro [22] was developed to cater to the social needs of elderly

in nursing homes and was capable of generating a small set of vocal utterances in addition

to limited voice recognition and body movement. The proposed framework in this thesis will

also be capable of engaging the user in a complete conversation, both casual and therapeutic.
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2.2. Role of Language in Health Domain

Language plays a seminal role in understanding a patient in clinical psychology. Con-

sequently, there has been research on developing tools leveraging information from language

in providing better diagnosis. Coh-Metrix [16] is one such tool which uses lexical informa-

tion, part of speech taggers, syntactic parsers etc. in analyzing text and produces over 200

different measures of cohesion and readability. Cohesion can help readers in forming a logical

idea of the text which in turn can facilitate discourse comprehension. The Linguistic Inquiry

and Word Count (LIWC; [31]) is another text analysis software program which determines

the degree any text uses positive or negative emotions, self-references, causal words, and 70

other language dimensions. This information can be used to draw links between language

and social and behavioral traits of an individual. Phrasing and semantic content were used

to evaluate deceptive texts in two contexts, computer-mediated conversations and attitude

towards abortion [14]. The purpose of this thesis is to extend this automated language

identification and analysis research to the identification of resistance to behavior change in

dialogues between patients and health care providers.

Recently, there has been increased focus on mental health domain in the computational

linguistics community. Attempts have been made to exploit the abundant data available from

social media to equip mental health clinicians with better information in dealing with various

illnesses. For example, Twitter has been analyzed to reveal enhanced information in a range of

mental illnesses like post-traumatic stress disorder, depression, bipolar disorder and seasonal

affective disorder [12]. Similarly, a regression model was proposed in [36] to predict the degree

of depression in Facebook users through their status updates and survey responses. Postings

on social media combined with analysis of free text portions of Veteran Affairs medical records

have been used by [38] to predict suicide risk in veterans. Automatic detection of suicidal risk

factors has been reported also in [19]. They compare human annotation and lexical analysis

of Twitter data to rate the level of distress in each tweet. Research has also been reported
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in aiding dementia diagnosis [21], therapy for depression [20], predicting Alzheimer’s disease,

dementia and autism [29, 37, 33],

2.3. Resistance

It is worth noting that even though the concept of resistance in highly important

within the context of motivational interviewing and for the purpose of gaining benefits from

other psychotherapies, very few research studies actually investigate this concept. Patient

resistance has been discussed in the context of within-session mechanisms of motivational

interviewing in [1]. [2] examined resistance between those with severe generalized anxiety

disorder who did and did not receive MI prior to Cognitive Behavioural Therapy (CBT).

They observed that people who received MI prior to CBT showed lower levels of resistance.

[39] tries to resolve the differing perspectives on resistance and related phenomena based on

previous research. Resistance is a result of ambivalence and ways of dealing and addressing

ambivalence has been presented in [15].

There has been a few discussions on identifying and addressing resistance in clinical

psychology domain as mentioned in the previous paragraph. But there is no research on

automatic detection of resistance reported in the field of computational linguistics. [32]

identify and address different challenges like keeping users organized, not overwhelming the

users, maintaining engagement etc. in the development of automated systems for behavior

change therapy. But the authors have not identified detection and addressing of resistance

as a challenge.

Identification of resistance encompasses different sub tasks like negation detection

and sentiment analysis associated with it which are well explored topics in the field of natural

language processing. Both supervised and semi-supervised machine learning techniques have

been explored for sentiment analysis and negation detection [25, 30, 40]. [26] use semantic

relations for sentiment analysis. Resistance has contradiction in some form since the patient

is opposing change. So, negation is expected to be a useful feature. Negation has been
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used as a feature for detecting contradictions between texts [17]. [27] compare the behavior

of a group of people who volunteered to receive information from an artificial therapist and

another group who had to use the system because they were selected to do so. Their study

was aimed at developing a conversational agent to motivate users towards inculcating healthy

eating habits. But their system does not address the issue of patient resistance to therapeutic

dialogues which is a common phenomenon in MI and has the capability to derail successful

conversations if not addressed appropriately.
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CHAPTER 3

THEORETICAL FRAMEWORK FOR HEALTH BEHAVIOR CHANGE DIALOGUE

SYSTEM

This chapter1 is inspired by a structure for motivational interviewing in [23] and adapts

it to be used in framework for a companionable robot that can counsel its user and assist him

or her in making healthier choices for a better life. The proposed dialogue system framework

consists of three broad stages. The first stage focuses on building rapport with the patient

and identifying the health topic to be discussed. The second stage involves identifying the

issues and challenges perceived by the patient as the primary barriers to enacting health

behavior change, and then motivating the patient to make appropriate changes to overcome

those issues. The final stage summarizes the overall plans and goals, and encourages the

patient to follow through with those plans. The entire process from building rapport with

the patient through motivating changes in health-related behavior may span several sessions,

and of course, is likely to be repeated for other behaviors not originally targeted.

3.1. Building Rapport and Identifying Health Topics

In order to initiate a counseling session it is essential to build and maintain rapport

with the patient. This helps the patient feel more comfortable with the situation, which

facilitates more open communication. Reasonable rapport needs to be established in the

initial stages when the Companionbot is first introduced to the patient. However, since

the Companionbot is meant to be present constantly with its human companion, rapport

building and maintenance is expected to be an ongoing process. Depending on whether

the Companionbot is meeting the user for the first time or if it is engaging in a follow-up

conversation, rapport building is carried out in the following ways:

1A major portion of this chapter has been adapted from: Bandita Sarma, Amitava Das and Rodney D. Nielsen,

A Framework for Health Behavior Change using Companionable Robots, in Proceedings of the 8th International

Natural Language Generation Conference, 103-107, 2014
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• For the first session, no user model is available. To elicit initial information from

the user, and thus to begin building a model, the Companionbot will ask the user

about his or her health conditions, like and dislikes, habits, hobbies, and routines,

using predefined questions from clinical sources.

• In subsequent sessions, the Companionbot’s questions are generated using one or

more of the following types of information acquired from previous sessions:

(1) Health topics discussed in all previous N − 1 conversations. Topics are stored in

the form of N − 1 bag of words, each having M keywords. All of the original user

utterances are parsed and a semantic representation of the sentences, topics,

key propositions, user model information, etc. are stored.

(2) All suggestions, information provided, etc., in the previous N − 1 sessions

offered by the Companionbot, regardless of whether the person accepts, agrees,

disagrees, rejects, contemplates, unable to hear the Companionbot, etc.

(3) All importance and confidence scores associated with health topics are consid-

ered independently of whether or not they led to a suggestion.

(4) Patient concerns such as a common cold, distress about family matters, etc.

during the (N − 1)th conversation.

Apart from the above information, the questions generated by the Companionbot

also addresses the following issues:

(1) Immediate concerns that the patient would like to discuss before anything else

(2) Progress made thus far, specifically as related to past suggestions offered by

the Companionbot

Throughout both the casual and health behavior change dialogue, the Companionbot will

identify the patient’s interpersonal relations, health conditions and beliefs, likes and dislikes,

habits, hobbies, and routines. These will be stored in a user model, which the language

generation engine will exploit to engage the user in dialogue that is guided by, and infused
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with, personal context. A language understanding component will constantly assess the user’s

engagement level in the conversation. If the user seems to be disinterested at any point, one

of the strategies that can be used is the Typical Day strategy [23] is used to deal with the

situation where the Companionbot will ask the user what a typical day for them is like. This

strategy may also require context information which can be but not limited to the following

information from the user model: likes and dislikes, hobbies, habits, routines, relationship

with family and friends, existing health concerns. Other sources might be environmental

conditions (hot, cold, rainy weather), date and time.

When the system has achieved an adequate level of rapport, the next step is to

identify a health topic of concern to the patient, so that the Companionbot can initiate a

focused discussion geared towards health behavior change. The project will start with a small

list of conditions and the behaviors that, when altered, can bring about an improvement

in the condition. For example, heart disease includes diet and exercise, among others, as

the associated behaviors. These conditions will be identified primarily using named-entity

recognition and keyword spotting. If the Companionbot identifies heart disease as the topic,

then the discussion could focus on food habits or exercise related issues.

For any given health issue, there might be more than one associated behavior. It is

essential to identify the most appropriate topic for that session or the following few sessions

if there are more than one associated behaviors. If a good rapport exists with the user, any

subject can be discussed. So, a rapport evaluation should be done at the beginning of the

session.

• Single behavior : Single behaviors can be identified with one of these conditions:

– The patient presents a symptom or symptoms which the Companionbot iden-

tifies as having a link with a particular behavior. These symptoms can be

identified through content word extraction, POS tagging and semantic role la-

beling. Health behavior change strategies specific to these symptoms can then
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be found in a knowledge base containing information about diseases with their

associated health behaviors and their symptoms.

– Health checks with practitioners can reveal single behaviors that are compromis-

ing the user’s health. The Companionbot can directly refer to this information

and start the counseling process on this behavior, if the patient does not men-

tion any immediate concerns in the rapport building phase.

• Multiple behavior : If multiple behaviors may remedy the patient’s health concern

the following steps should be executed:

– If sufficient rapport is built, ask an open ended question like, ”Before we get

down to any details, what would you like to talk about? Changing your diet,

getting more exercise or maybe there is something else that is more pressing

for you today?”

– If the user does not suggest anything, present a list of behaviors associated

with the health concerns that the user has from the user model. This list of

behaviors will be identified previously and their related information will be stored

in a database.

– Behaviors that are not relevant or have already been discussed can be removed

from the list.

– Discuss the behavior selected by the patient.

It is important to make the patient feel that the Companionbot is on the same side

and that it is not suggesting behavior change because it disapproves of the patient’s cur-

rent lifestyle. One strategy that can be used here is to avoid negating anything the user

says. Rephrasing and paraphrasing of user responses can be used for this purpose. The

Companionbot’s response can start with something like:

• ”So, what you are saying is that....”

• ”It sounds like you....”
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The Companionbot should delay its responses and allow the user some thinking time

if s/he gives an impression of being threatened after the health topic is raised. It is difficult

to decide the silence time for an automatic system since there is no defined length of silence

period in human-human counseling sessions. Therefore, the time should be decided depending

on the situation and could vary from a few seconds to periods as long as five minutes.

3.2. Assess the Patient’s Opinion of Change

Once a health concern is identified, the next step is to determine how important

the patient thinks it is to change the associated behaviors and how confident he or she

is about enacting those changes. This is an important stage because not all people have

the same mindset regarding behavior change. Some might understand the importance of

it but are not confident about achieving it while others might not consider it important at

all. The Companionbot thus, has two tasks, first, to understand the user’s perceived level

of importance and second, to understand his or her level of confidence. Mason and Butler,

(2010) describe two techniques to do this, i. e., use of scaling questions and use of a

conversational approach. The former technique is more structured since it uses numerical

values to decide on the user’s importance and confidence levels. Therefore, the Companionbot

will use this approach initially. Also, it is easier for the Companionbot to make a decision if

there are numerical values instead of invoking a language understanding module to understand

what the user’s opinion is. The latter method uses conversational questions without eliciting

any numerical value from the user and the decision is made depending on both verbal and

nonverbal cues from the user.

Sample questions for introducing the assessment session are as follows:

• ”I am not really sure exactly how you feel about <change>? Can you help me by

answering two simple questions, and then we can see where to go from there?”

• ”Have you ever sat down with someone and told them exactly how you feel about

<change>? I’d be interested to hear how it sounds from your perspective.”
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• ”In a discussion like this, it can be a mistake to jump too quickly to talk about doing

this or doing that. I certainly don’t want you to feel pressured in any way. We could

talk about something else.”

Sample questions to obtain the importance score:

• ”How do you feel at the moment about <change>? How important is it to you

personally to <change>? If 0 was ’not important’ and 10 was ’very important’,

what number would you give yourself?”

• ”How do you feel at the moment about <change>? How much do you want to

<change>? If 0 was ’not at all’ and 10 was ’very much’, what number would you

give yourself?”

Sample questions to obtain confidence score:

• ”Now if it is okay with you, I would like to ask you a couple of questions about your

confidence. On a scale from 0 to 10, how confident are you that you can <change>,

with 0 being not at all confident and 10 being extremely confident?”

• ”If you decided right now to <change>, how confident do you feel about succeeding

with this? If 0 was ’not confident’ and 10 was ’very confident’, what number would

you give yourself?”

For example, if change = quitting smoking, then first <change> becomes ’quitting smoking’

and second <change> becomes ’quit smoking’. If the word before <change> is about then

it should be replaced by verb + ing + noun. If the word before <change> is to or can then

it should be replaced by verb + noun. The noun is the behavior.

If there is a large difference between the user ratings of importance and confidence, the

Companionbot will discuss the lower-ranked factor first [23]. If the scores are approximately

equal (e.g., the patient gives both importance and confidence a medium rating), then the

Companionbot’s dialogue will focus on helping the user understand the importance of the

behavior change [23]. Low values for both importance and confidence scores indicate that the
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Figure 3.1. Block diagram for assessing patient’s opinion of change

user is not ready for these health behavior changes [23], and the Companionbot should move

on to a different health topic or behavior. If both the scores are high, the Companionbot can

move on to the next stage, summarizing the discussion and motivating the behavior changes.

Figure 3.1 shows the block diagram representation for this module.

3.3. Design Plan and Close the Session

The Companionbot moves toward concluding the conversation by asking an open-

ended question regarding how the user feels about the health behavior changes that they

have been discussing, for example, ”Where does this leave you?”. A user’s attitude can be

classified into one of three categories, ready for change, not ready for change, or ambivalent.
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If the patient is ready for change, the Companionbot will provide suggestions on how

to bring about the change in the behavior decided upon by leveraging knowledge from the

user model and the conversation history. There may be patients who are not ready for the

health behavior change. Ways on how to tackle such a situation is already discussed in

Subsection 3.2. If the patient is ambivalent about changing a behavior, the Companionbot

will close by providing information to help the patient reflect on the pros and cons of the

health behavior change until it is appropriate to bring it up again in a future session.

A knowledge base will be maintained about the behaviors associated with common and

critical health conditions. Information about health conditions outside the current knowledge

base will be retrieved using a web search.

A separate machine learning classifier will be used to identify a patient’s opinion on

change. Some possible features from the patient responses that can be used by the classifier

to distinguish between the above three classes are:

• Statements against change tend to start positive, but end negative.

• Undecided statements often use the words like think, thought.

• Undecided statements may contain the phrase ”I don’t know.”

• Undecided statements may contain conditionals like ”if.”

• Statements for change often include words like ”try,” ”start,” ”important.”

Figure 3.2 shows the block diagram representation of the closing the session module.

If a session exceeds a predefined time, deemed to be the limit of most patients’ ability to stay

adequately focused on health behavior change, or if the system recognizes that the patient is

losing his or her focus, the Companionbot will check-in with the patient, and if appropriate,

will bring the session to a close by providing information to help the patient reflect on the

pros and cons of the health behavior change until it is appropriate to bring it up again in a

future session.
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Figure 3.2. Block diagram for designing plan and closing the session

3.4. Challenges

Automatic generation of dialogue becomes a particularly challenging task when its

purpose is to guide people through sensitive or personal issues like health behavior change.

Some patients may not like to be told what is good or bad for them. In such a case, the

patient might begin resisting suggestions for change [23]. To mitigate this scenario, the

Companionbot will include patient resistance detection in the framework. If mild resistance

is detected, the discourse is automatically directed towards bringing the user back on track.

Whereas if there is high resistance, the Companionbot moves on to a different topic In case

the user continues resisting then the Companionbot will close the session.

Another challenge in developing health behavior change dialogue systems is to ensure
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that they do not sound monotonous. This is possible only if the responses are generated

dynamically and hard coding is limited. During rapport building and user modeling, questions

will be generated by the Companionbot from various sources like the Internet, medical forms,

information provided by physicians, family members, etc. At other times, responses will be

constructed using both syntactic and semantic information from the user utterances.

Maintaining continuity between the multiple sessions is another issue that needs to

be addressed [8]. Bickmore and Sidner (2006) advocate dedicating a part of the dialogue to

reviewing prior discussions, associated actions, and patient plans, as well as discussing what

the patient has done since the last session to follow though on their plans. The Companionbot

maintains a detailed user model including logs of the previous sessions, which will be used to

review prior discussions, plans and actions and to guide ongoing motivational interviews.

Another challenge is choosing appropriate evaluation measures to determine the sys-

tem’s usefulness in bringing about the desired change in the patient. The efficacy of the

system will be judged by monitoring the user’s behavior regularly. Any noticeable changes,

such as weight gain or loss and increased or decreased smoking, will be tracked. How fre-

quently a patient interacts with the Companionbot is an implicit qualitative measure of how

much he or she appreciates it. We also plan to use questionnaires to elicit user ratings of the

system for its acceptability and quality on a Likert scale.
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CHAPTER 4

OVERVIEW OF RESISTANCE DETECTION SYSTEM

Motivational interviewing or counseling sessions can be used to guide patients towards

bringing about changes in their lifestyle or behavior in order to reduce chances of illnesses

or alleviate existing ones. The process usually involves a practitioner eliciting change talk

from the patient by encouraging self reflection and providing suggestions for bringing about

the discussed changes. Change is an on-going journey. It is fairly common for patients

to face indecisiveness at different stages of this journey which might result in resistance to

change. Practitioners should hold back suggestions for some time and attempt at resolving

ambivalence in such a situation. Identifying resistance at its early stages itself is not a

trivial task for humans. Hence, the challenge multiplies when it is sought to be detected

automatically. This chapter gives an overview of a system for automatic detection of patient

resistance discussed in Chapter 5.

As discussed in Chapter 1, resistance is movement away from change. At first glance,

the task of identifying resistance might seem similar to negation, negative sentiment or

disagreement detection. But it is difficult to identify resistance solely based on whether

a sentence has negation or a negative sentiment associated with it. Analysis of different

video transcripts used for this task indicates the presence of resistance on occasions without

negation identified by the Stanford parser. Let us look at the following example,

• Therapist: And I’m glad about that. These are just safeguards that, as I told you,

we use with all our patients, to make sure things are safe for you, and the more . . .

Patient: You do this with all your patients?

• Therapist: We do this with all our patients who take these pills. And the more

reassurances we have that you’re not losing control, then the more comfortable we
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feel giving you the medication.

Patient: I’m not losing control.

Both patient turns in the above example have resistance. However, the first turn has no

negation whereas the second turn does.

In addition to this, a patient might have positive sentiments regarding the suggestions

by the counselor but have negative view towards change. The following example shows such

a case. The patient understands that excessive use of marijuana is harmful but refuses to

acknowledge its intensity and the need for change.

• Therapist: Hmm. Alright, alright. Well, you know there’s been a number of studies

that have been done that have found that excessive pot use can have incredibly

detrimental consequences.

Patient: Yeah you know I read those studies every once in a while and I don’t know,

sometimes they just don’t make any sense to me. Like you know they say it lowers

your sex drive, well it doesn’t lower my sex drive. They say it affects your memory,

well actually I have noticed a few memory things here and there but it’s not like you

know I always leave my keys around or anything. so I don’t think it’s as bad as those

studies make it out to be.

As discussed in Chapter 1, resistance may be caused by various factors and may manifest in

different forms. It is not uncommon to have different sentiments in a single patient response

with resistance. Hence, sentiment analysis as a standalone technique is not sufficient to

identify patient resistance to change talk.

4.1. Corpus

For the task of identifying resistance to therapy, transcripts of motivational inter-

viewing sessions are required. Data was collected in the form of 14 videos uploaded in

various psychotherapy based YouTube channels. The videos were transcribed using an online

transcription service (https://www.speechpad.com/). Apart from video data, there were 9
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Table 4.1. Composition of training and test data

Data with Resistance without Resistance Total

Training 161 (16%) 841 (84%) 1002

Test 38 (19%) 159 (81%) 197

transcripts from different MI related websites available freely for download. The final number

of transcripts were 34 since few videos had multiple interview sessions in them. Of the 34,

27 transcripts were used for training the system and 7 as test data.

The transcripts had varied demographics. Although details about the patients and the

practitioners were missing in the video descriptions, the patients belonged to different age

groups, ranging from late twenties to seventies. Fifteen videos had female patients and the

remaining 19 had male patients. The sessions dealt with the following issues: depression,

smoking cessation, getting off pain medication, reducing alcohol intake or avoiding it alto-

gether, change of medication for hypertension, making changes in diet to lose weight, getting

off recreational drugs, assisting veterans in coping with civil society. Some of the videos were

scripted while others were authentic but it is difficult to get an exact figure due to absence

of specific details.

Altogether the training data had 1002 instances and test data had 197 instances.

Of the 1002 training instances, only 161 had resistance. In the test set, 38 instances had

resistances. Table 4.1 shows the detailed composition of the training and test data.

4.2. Annotation

Each patient dialogue turn in the transcripts was annotated to indicate the presence

or absence of resistance to health behavior change talk by two linguists and supervision of a

therapist trained in health behavior change counseling. For the experiments in this research,

each turn by the patient was considered as an instance. Resistance was annotated at turn

level as opposed to event, clause, sentence, etc. level because of the following:
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Table 4.2. Agreement scores from first round of annotation

Kappa F1-measure

Annotator 1 & Annotator 2 0.507 0.579

with Gold Standard 0.71 0.748

(1) It is sometimes difficult to identify resistance in a single sentence without reading

the complete patient turn, especially in longer turns. For example,

Here it is, doctor. This is the way it is. I go to work, I come home, I eat supper, I

take a shower, I go to bed, I get up . . . if it’s a good day I go ahead and go to

work, and come home, take a shower, go to bed, and I don’t have a life. And the

days I’m not working, I’m sleeping.

(2) A test transcript was annotated at turn level for the presence or absence of resis-

tance. The kappa value between annotators was very low and it did not improve

even after modifications of annotation guidelines for subsequent iterations.

Two rounds of annotation were performed. In each round different sets of trained

linguists performed the task. In the first round, the annotation guidelines included the def-

inition of patient resistance to therapy as well as detailed descriptions of the four possible

forms in which resistance manifests, viz., arguing, interrupting, negating and ignoring [24].

These guidelines were prepared in collaboration with a therapist trained in health behavior

change counseling. Two annotators completed the annotation with the therapist adjudicating

instances where annotators disagreed. The agreement scores between the two annotators

and F1-measure is shown in Table 4.2.

In subsequent rounds, the definition of resistance and the descriptions of the various

forms in which it manifests were summarized in the guidelines. This was done keeping in mind

that it might be more convenient to read summaries instead of the verbose descriptions used

previously. However, it can be seen from Table 4.3 that this did not improve the agreement

between annotators.
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Table 4.3. Agreement scores from second round of annotation

Kappa F1-measure

Annotator 1 & Annotator 2 0.428 0.468

with Gold Standard 0.669 0.692

Feedback from the annotators show that annotation of resistance is not an easy task

since both the therapist and the patient’s intentions are to be inferred. Also, in annotating

certain cases, especially pessimistic style responses, listening to the audio or watching the

video might assist in better identification of resistance.

4.3. Approach

The main goal of this research is to detect patient resistance using automated com-

puter algorithms and machine learning techniques so that a dialogue system engaged in

counseling a user can change the discourse to bringing the user back on track to change talk.

To achieve this, supervised machine learning is performed and the task is treated as a binary

classification problem. The classes are, resistance and no resistance. The different features

used in the experiments are bag of words, negation, but with negation, Linguistic Inquiry and

Word Count lexicon, position of personal pronouns and ratio of definite to indefinite articles.

Details on these features and their affect on the system performance are discussed in Chapter

5. Feature extraction was performed for each of these instances. Hence, the total number

of feature vectors is equal to the total number of patient turns in the transcripts.

First, a set of salient features were selected using a Support Vector Machines classifier.

To accomplish this, different features and parameter settings were tested using ten fold cross

validation on the training data. Finally, the system was tested on a held out test set using the

parameters and features that produced the best F1-Measure during cross validation. Table 4.1

shows that the corpus used for this task is unbalanced. We know from information retrieval

theory that system accuracy value on unbalanced data can be misleading. This is because
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a system might predict all of the majority class examples correct but get the minority class

examples wrong and still have very high accuracy which implies that the classifier is actually

biased towards the majority class. F1-measure is used as the evaluation measure. Chapter 5

presents a detailed discussion on the experiments and the results.
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CHAPTER 5

EXPERIMENT 1

This chapter discusses the first set of experiments performed, the features used in the

process and the evaluation of the system on a held out test data set.

5.1. Machine Learning Features

The system for automatic detection of patient resistance to suggestions for health

behavior change uses the features described below. Experiments were performed using one

or more of these features to check the effect of a particular feature on the performance of

the system.

• Bag of Words: This feature set contains the simple binary existence of words.

Stopwords were removed from the patient responses prior to this feature extraction.

The stopwords were identified from the corpus vocabulary.

• Negation: This is a binary feature representing the presence or absence of negation

in one client turn. Sentences with resistance usually are also accompanied by nega-

tion. Clients often negate suggestions made by the practitioner. This feature was

extracted by using the Stanford parser.

• Phrases: Statistical analysis of training data revealed that certain phrases like the

examples 1, 2 and 3 shown below are fairly common in patient turns with resistance.

Table 5.1 presents a list of 10 such phrases found in the training data. A single binary

feature represents the presence or absence of one of these phrases. The frequency

of phrases was used as a feature instead of a simple binary representation in some

experiments.

(1) well...I cannot/can’t.....

(2) I guess

(3) I don’t want
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Table 5.1. Phrase statistics

Phrase
Frequency of occurrence in training data

without resistance with resistance

..well..I cannot/can’t.. 6 3

..I guess.. 5 42

I don’t want.. 2 9

..not working.. 5 6

..at all.. 3 5

..don’t know.. 2 7

..so.. 27 118

..nothing.. 4 5

..not really.. 2 4

well.. 21 100

• Position of Personal Pronouns: Second or third person pronouns often occur in the

subject position of subordinate clauses when patients hold someone else responsi-

ble for their own inability to work on a change. Also, first person pronouns are

present in the subject of subordinate clauses followed by a negated verb in turns

with resistances. The following example highlights these two points:

– Well, I have told them that I cannot eat certain things but they continue to

serve me things I cannot eat and when I eat them I get sick.

This feature looks for the position of first, second and third person personal pronouns

in the subject or object of subordinate clauses, resulting in a feature vector of length

six.

• Ratio of Definite to Indefinite Articles: Turns with resistance contain a higher ratio

of definite to indefinite articles since patients tend to justify their disagreement with

the practitioner citing specific examples.
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• LIWC categories: Tausczik and Pennebaker (2010) developed a lexicon, Linguistic

Inquiry and Word Count (LIWC), to count psychologically relevant words in people’s

writings. There are 69 categories of words in LIWC and this word usage was supposed

to capture the psychological aspects of writers and what they wrote. This is a 69

length binary feature.

• Use of “but-neg”: Clients frequently use the word but followed by a negative clause

to negotiate with the practitioner and provide reasons as to why they can not or

should not make a change. This is a binary feature to denote if a client turn has the

word but accompanied by negation in the turn or not.

5.2. Experimental Design

The feature selection process is described in Feature Selection section where different

combinations of the features from Section 5.1 are used to select the most informative set.

The final set of features are used in different classifiers described in Classifier Selection section.

5.2.1. Feature Selection

Feature selection was based on 10-fold cross validation on the training data. Table 4.1

in Chapter 4 showed that the data is imbalanced. In cross validation on the training data,

the imbalanced data set resulted in relatively poor performance. Hence, the majority class

(No resistance) was subsampled to ensure a 1:1 ratio of instances per class in the training

folds. The held out folds for cross validation were unbalanced.

Table 5.2 shows the F1-measures obtained using various feature combinations. Also,

it shows that the addition of all the 69 LIWC categories degrades the F1-measure from 0.455

to 0.444. Hence, one LIWC category was added at a time to the bag of words and negation

features to decide which categories are helpful. Finally, 13 out of the 69 categories were

selected. Addition of the selected 13 LIWC categories to the feature set did improve the

F1-measure compared to using bag of words and negation alone but was not included among

the best performances as observed later after error analysis.
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Table 5.2. F1-measures obtained for various feature combinations before addi-

tion of phrases

Feature F1-measure

Bag of words 0.450

Bag of words, Negation 0.455

Bag of words, Negation, LIWC 0.444

Bag of words, Negation, But-neg 0.451

Bag of words, Negation, Personal pronoun

positions

0.460

Bag of words, Negation, Article Ratio 0.452

Bag of words, Negation, LIWC (selected 13

categories)

0.461

Bag of words, Negation, Personal pronoun

positions, But-neg

0.459

Bag of words, Negation, Phrase frequency 0.452

Bag of words, Negation, Phrase frequency,

Personal pronoun positions

0.464

Bag of words, Negation, Phrase frequency,

Personal pronoun positions, But-neg

0.463

Bag of words, Negation, Personal pronoun

positions, Phrases

0.460

An error analysis was performed on the results obtained after experimenting with

different feature combinations (shown in Table 5.2). This revealed that certain phrases

occur frequently in patient responses with resistance (discussed in Section 5.1). So, the

phrase feature was included in the feature vector and it can be observed that the classifier
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Table 5.3. Average F1-measures obtained for various classification schemes for

the five sections during cross validation on training data

Classification Scheme F1-measure

AdaBoost 0.456

Bagging 0.445

LogitBoost 0.432

Random Forest 0.444

Support Vector Machines 0.436

Majority Voting 0.434

performance improves in most cases when this feature is used in combination with other

features.

Table 5.2 shows that {Bag of words, Negation, Phrase frequency, Personal pronoun

position} was the top performer and hence was used for the remaining experiments.

5.2.2. Classifier Selection

The classifier selection part uses the {Bag of words, Negation, Phrase frequency,

Personal pronoun position} as the feature set selected from Feature Selection. Parameter

selection and estimation of the system performance was performed through two levels of

cross validation on the training data.

The 841 instances of the majority class (No resistance) were divided into five trials

with approximately equal number of instances in each selected at random. The 161 instances

with resistance were added to each of these trials such that the ratio of the majority class to

the minority class is maintained at 1:1. Ten fold cross validation was performed to estimate

the performance of the classifier in each of the five trials. There was an inner loop of 10 fold

cross validation within each of the 5 outer trials for parameter selection.

Experiments were run using AdaBoost, Bagging, LogitBoost, Random Forest, Sup-
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Table 5.4. Result on the held out test data

Measure Value Standard devia-

tion

F1-measure 0.394 0.0081

Precision 0.305 0.004

Recall 0.558 0.019

port Vector Machines and Majority Voting for each of the five trials. Table 5.3 shows the

average F1-measures obtained from cross validation on the training data across all trials. As

can be seen, AdaBoost outperformed all other classifiers, including majority voting. Hence,

AdaBoost is used throughout all of the following experiments.

5.3. Results

To check the efficacy of the system, a separate held out test set was used. This

data set was not used at all during training or parameter tuning. From Classifier Selection

section, AdaBoost is selected as the final classification scheme with Bag of words, Negation,

Phrase frequency, Personal pronoun position as the features. The five trials discussed in

Section 5.2.2 are used to test the system on the held out test set. Table 5.4 shows the

average F1-measure obtained across all five trials and the standard deviation.

The baseline for comparison of these results used bag of words as feature. Bag of

words gave an average F1-measure of 0.261 across all the five trials on the test data. The

majority baseline was not used as the baseline because judging all instances as no resistance

would give a recall value of zero and would result in zero F1-measure.

The inter-annotator agreement of 0.507 shows that humans are far from perfect at

identifying resistance. An average F1-measure of 0.394 by this system is promising. The

system detects resistance in 55.8% of instances. Misclassification of instances without resis-

tances as having resistance should not have a significant impact on the system since it would
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ease off the conversation a bit to allow the patient an opportunity to reflect. In the face of

uncertainty, the system can ask a clarifying question which may reduce the frequency of false

positives and false negatives.

The underlying distribution of the training set was artificially changed to have a ratio

of approximately 1:1 per class. Thus, the system performed better in labeling instances with

resistance but did a poor job at retrieving the resistance instances among the ones retrieved.

Hence, the recall value is higher than the precision.
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CHAPTER 6

ERROR ANALYSIS

This chapter presents an error analysis of the results and then suggests features to

address these errors. The error analysis was performed on the results obtained from cross

validation on the training data.

The instances with resistance misclassified can be mainly categorized into the following

types:

(1) Disagreement: The patient disagrees with the therapist’s suggestion or point of view

regarding a behavior. Disagreement can lead to resistance. For example,

• Therapist: I’m confused as to why you see this difference between alcohol and

pot. Pot impairs you too.

Client: Well, not that I can tell really.

In this example, since the therapist attempts to understand why the patient finds

a difference between alcohol and marijuana since marijuana is equally harmful. The

patient disagrees and does not feel that using marijuana impairs him.

(2) Justification: In this case, the patient most probably disagreed with the therapist

or refused to act on a change in the previous turns. In the current turn the process

continues and the patient presents justifications for his views. For example,

• Therapist: Yeah. In fact more than about 14 beers a week puts you at a much

higher risk for experiencing a variety of health problems mainly related to your

liver and your heart.

Client: See I find that hard to believe because my dad, he’s been an alcoholic

for like 50 years and he’s still going strong.

In this example, the patient does not believe the information provided by the therapist

and backs it up by giving the example of his father.
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(3) Lack of importance: The patient does not feel it is important to make a behavior

change. For example,

• Therapist: It sounds like you think your smoking might not be that much of a

priority, hard to keep it a priority when you’re in work and you’re busy. It’s a

priority now because you’re sitting in a health setting talking about your heart.

Patient: That’s it. Exactly. It’s a priority now because only a few weeks ago.

In four or five months time, who knows, a heart attack will be a thing in the

past.

This example shows that the patient considers smoking cessation as a priority only

at that moment because he is in a health setting. In any other time, it would not

be so.

(4) Lack of confidence: The patient understands the importance of change but is not

confident about being able to execute it. In the example below, the patient is not

confident about quitting smoking because he tried it in the past and failed. He feels

that counseling increased his craving for cigarettes.

• Therapist: It might even less than not work. It might make it less likely.

Patient: I think it’s less likely. I quit smoking before for about four months.

Then I blew out my knee, and you know, I went down to see my brother, and

boom, right back to it. And you know, it’s the same thing with drinking. I think

I was actually more, how shall I say, I seem to have more of a craving when I

was going through counseling.

(5) Not sure about alternate behavior: Sometimes the patient understands the impor-

tance of change and is even ready to work it out. But is unable to do so for the lack

of a substitute habit. In the example below, the therapist suggests using nicotine

patches for smoking cessation. The patient likes that option but is not sure how to

spend his breaks if not smoke.
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Table 6.1. Percentage of false negatives in the different categories

Error Percentage

Disagreement 14.3

Justification 19.05

Lack of importance 30.9

Lack of confidence 9.5

Not sure about alternate behavior 7.14

Miscellaneous 33.33

• Therapist: Yeah you gradually come off the nicotine. That’s how the patch

works.

Patient: That sounds like an option. Umm, still what am I going to do with

my hands? What am I going to do for a break? I mean uh you know I take 5,

6, 8 smoke breaks a day. What am I going to do then?

(6) Miscellaneous: Some of the errors were unique and could not be categorized into

any of the six categories above. These were unenthusiastic compliance, disapproval,

lying, ambivalence, denial, surprise at the therapist’s opinion and as a result, ques-

tioning it, pessimism etc. Among these, it is difficult to identify resistance in case

of unenthusiastic compliance, pessimism and disapproval with text alone.

Table 6.1 shows the percentages of instances with resistance misclassified in each of

the above categories. 23.8% of the false negatives belong to two categories. The remaining

false negatives belong to only one.

Table 6.2 shows the percentages of instances without resistance misclassified by the

classifier. This table shows that there are not too many errors in the lack of importance, lack

of confidence and not sure of alternate behavior categories because they are usually specific

to instances with resistance. It was also observed that almost 80% of the instances without
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Table 6.2. Percentage of false positives in the different categories

Error Percentage

Disagreement 3.2

Justification 9.2

Lack of importance 0.4

Lack of confidence 0.9

Not sure about alternate behavior 0.9

Negation 80

resistance misclassified had negation in them which might have resulted in the error.

From the disagreement and justification categories, it can be observed that the patient

and the therapist are not on the same page on the agenda. The therapist usually makes

a suggestion or asks a question in context of behavior change and the patient responds

in disagreement. In other words it can be hypothesized that the information about the

therapist dialogue act is important in identifying resistance. The proposed model does not

account for this. To include this aspect, the therapist’s turns were annotated with labels

implicit suggestion, explicit suggestion, interruption by patient, question and no label. Six

new features were added to indicate whether the patient had resistance in the previous two

turns and therapist turn labels from previous two turns along with the current. The gold

standard annotations were used directly as features. Instances with resistances with one of

the labels present in the most recent therapist turn were 19.7% and those without resistance

were 9.7%. Also, the instances with resistance without any label in the most recent therapist

turn had some label in the therapist turn in the previous two to three turns. However, using

this feature did not affect the final F-measure in any way. On analysis of the annotations,

it was observed that almost 89% of the therapist turns were not annotated with any label.

Closer analysis revealed that some of the therapist turns were clearly questions but were not

labeled so since they did not end with a question mark. Moreover, many therapist turns
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which did end with a question mark were also not annotated as questions. Hence, the results

obtained after including this feature cannot be called conclusive.
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CHAPTER 7

EXPERIMENT 2

This chapter reports the experiments performed after error analysis of the first set

of experiments. First, the guidelines for annotation of resistance were modified. Then the

transcripts were re-annotated. The fresh annotations were used in repeating the first set of

experiments discussed in Chapter 5.

7.1. Re-annotation

From error analysis, it was observed that most of the false negatives belonged to the

lack of importance and lack of confidence categories. So, to help annotators distinguish

better between resistance and no resistance, two additional tags called lack of importance

and lack of confidence were introduced. Also, taking into account the feedback received from

previous annotation rounds, audio and video files were used along with the text to assist in this

round. The values in Table 7.1 show improvement in the new agreement scores compared to

the previous annotations performed using text only. It is unknown whether the improvement

in the Kappa value can be attributed to annotators’ increased familiarity with the data, the

finer-grained annotations, or the annotation procedure change to use the audio and video as

well as the text.

Table 7.1. Agreement scores after re-annotation using audio and video in com-

parison to previous annotations

new Kappa old Kappa

resistance, lack of importance and

lack of confidence separately

0.611 -

resistance, lack of importance and

lack of confidence together

0.642 0.507
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Table 7.2. Modified composition of training and test data

Data with Resistance without Resistance Total

Training 173 (17%) 829 (83%) 1002

Test 39 (20%) 158 (80%) 197

Re-annotation resulted in slight changes in the data composition. The revised number

of instances with and without resistance is shown in Table 7.2.

7.2. Experiments

After the first round of error analysis the therapist turns were annotated with various

dialogue acts (discussed in Chapter 6). Thorough analysis of a trial transcript with annotated

therapist turns revealed that among all dialogue acts, question constituted the majority (45

of 50 therapist turns). So, including the therapist’s dialogue acts in the feature would not

provide any useful information to the classifier. Hence, this feature was discarded. Instead,

only the interruption by patient tag was used as a feature. It had a binary value denoting

whether the patient interrupted the therapist or not. If a patient is interrupting the therapist,

it is highly likely that there is some form of resistance present. Apart from this feature, the

previous features were retained.

The distribution of classes in the training data was modified to have a 1:1 ratio

as mentioned in Chapter 5. This resulted in 5 different trials. A 10-fold cross validation

was performed on each of the 5 trials of the training set to fix the classifier parameters.

The average cross validation F1-measure values obtained on the training data are shown in

Table 7.3.

As mentioned in Chapter 5, the system had a low precision and this might have

occurred due to changing the data distribution to 1:1. In order to investigate this, the ratio

of instances with resistance to those without resistance was changed to 2:3. The average

cross validation F1-measures obtained on the training data for this data distribution are shown
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Table 7.3. Average F1-measures obtained for various classification schemes for

the five trials during cross validation on training data having 1:1 class distribu-

tion ratio

Classification Scheme F1-measure

AdaBoost 0.406

Bagging 0.445

LogitBoost 0.432

Random Forest 0.444

Support Vector Machines 0.403

Table 7.4. Average F1-measures obtained for various classification schemes for

the five trials during cross validation on training data having 2:3 class distribu-

tion ratio

Classification Scheme F1-measure

AdaBoost 0.429

Bagging 0.477

LogitBoost 0.462

Random Forest 0.495

Support Vector Machines 0.468

in Table 7.4.

7.3. Results

From the average cross validation F1-measures in Table 7.3, it is observed that Bagging

and Random Forest have almost similar cross validation F1-measures for 1:1 class distribution.

For 2:3 class distribution, Table 7.4 shows that Random Forest has the best F1-measure. The

average F1-measures, precision and recall values on the held out test data across all trials are

reported using Random Forest for both 1:1 and 2:3 class distributions in Table 7.5. From
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Table 7.5. Average F1-measure, precision and recall values on the held out test

data for different class distributions in training data

Measure 1:1 2:3

F1-measure 0.445 0.409

Precision 0.309 0.328

Recall 0.795 0.544

Table 7.6. Comparison of average F1-measures using Adaptive Boosting on

re-annotated data and old annotations

Measure 1:1 (old) 1:1 (new) 2:3

F1-measure 0.394 0.441 0.427

Precision 0.305 0.32 0.355

Recall 0.558 0.727 0.536

Table 7.5, it can be observed that changing the class distribution ratio to 2:3 improves both

the precision and F1-measure values.

Since Adaptive Boosting had the best F1measure in the first round of experiments

reported in Chapter 5, a comparison is presented in Table 7.6 with the current set of experi-

ments using Adaptive Boosting as the classification scheme. Table 7.6 shows that changing

the class distribution ratio to 2:3 improves the precision a little (3.5% approximately), but the

recall drops (19% approximately) resulting in worse overall performance on the F1-measure

(1.4% drop).

7.4. Error Analysis

For error analysis, the instances with resistance misclassified as not having resistance

(false negatives) were categorized into one of the four forms in which resistance manifests

itself as per the annotation guidelines, arguing, interrupting, negating and ignoring. It was

observed that 65% of the instances belonged to one of the subcategories of the negat-
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ing category, with around 64% belonging to the subcategory disagreeing of the 65% under

negating. This shows that in most of the patient turns with resistance, there is some form

of disagreement usually with the therapist, but occasionally with a third party. In case of

disagreement in instances without resistance, the patient usually disagrees to engaging in

a harmful behavior which is different from disagreeing to a suggestion by the therapist. A

semantic feature designed to capture this difference might provide useful information to the

system in distinguishing between resistance and no resistance.

The error analysis also showed that around 35% of the false negatives had resistance

in the immediate preceding patient turn; whereas among the true negatives it was just in

approximately 14% of the cases. Including the label of the immediate preceding turn or the

previous two turns might be a useful feature for the classifier.
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CHAPTER 8

RESISTANCE DETECTION MODULE IN A HEALTH BEHAVIOR CHANGE DIALOGUE

SYSTEM

The previous three chapters provided detailed descriptions on the development of

a patient resistance identification system and an analysis of the system performance. The

next step is to integrate the resistance detection system into a dialogue system. This chapter

discusses about how this can be achieved in context of Olympus, a dialogue system framework

created at Carnegie Melon University in the late 2000s.

There exists a variety of dialogue system architectures, however, they typically consist

of an automatic speech recognizer (ASR) which converts the speech input to plain text, a

natural language understanding module to parse and understand the text, a dialogue manager

which processes the parsed text and determines what the output should be, a language

generation engine to generate the output text and finally, a text-to-speech module to present

the output to the user. The resistance detection module will be interacting with the language

understanding module and the dialogue manager. It will take the output from the language

understanding engine and the output class will be provided as input to the dialogue manager.

Depending on the class (presence/absence of resistance) of the patient turn, the output of

the dialogue system is expected to vary.

8.1. Implementation using Olympus

Olympus provides a platform for researchers to test their ideas in building conver-

sational agents. The components in Olympus are RavenClaw (dialogue manager), Apollo

(low level interaction manager), Phoenix (natural language understanding module), Rosetta

(language generation module) and Kalliope (synthesis interface).

In order to integrate and test the resistance detection module, the following compo-

nents need to be modified within Olympus:
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• Phoenix: This is the semantic parser that uses context free grammars to extract

meaning from input texts. Each application needs to have a grammar specified.

Grammar rules are specified in the .gra file. Phoenix is robust to grammatical errors

and can parse the input text into a representation understood by other components

of the framework. Slots are defined for each task in the application. Different

variations of specifying the task are listed under its respective slot. For example, in

building the user model, slots would be, likes, dislikes, daily routine, etc. All slots

in the .gra file should be listed and grouped by function in another file called .forms

file. The .gra and the .forms files together form the task grammar.

• RavenClaw: This is the dialogue manager which plans the response to the user. It

uses two data structures, task tree and agenda. The task tree is essentially the

work flow of a given application. It specifies all the tasks that a human user wants

to accomplish through the system. Each task is connected to another through an

agent. A list of these agents are stored in an ordered way in agenda which is updated

after every dialogue turn. The current agent is always at the top of agenda.

• Rosetta: This is a template based language generation engine. It receives inputs

from RavenClaw as to which template should be activated. The selected template

is completed and provided as output to the user.

Figure 8.1 shows the position of the resistance detection system within the Olympus

framework.

Figure 8.2 shows the position where the resistance detection system will be necessary

with respect to the framework proposed in Chapter 3. Although this framework is not task

oriented, this figure depicts it following the task tree data structure used for RavenClaw. It

is assumed that the agenda for discussion is already decided. The execution of the task tree

occurs from the left sub tree to the right. The first task is to explore the user’s perceived

importance of the behavior change and his confidence to perform the task at hand. The sub
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Figure 8.1. Position of resistance detection system within the Olympus framework

tasks under this are:

• Request Importance Score: Request the importance score on a scale of 0-10. This

has further tasks:

– Ask Open Ended Questions: If the score is low, ask open ended questions and

the further ask the user for pros and cons. This block uses the output from the

resistance system since resistance is expected to surface if the user’s perceived

importance level regarding that change is low.
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– Get Reason For High Score:If the score is high, inquire the reason for the score.

• Request Confidence Score: Request the confidence score on a scale of 0-10.

– Ask Open Ended Questions: If the score is low, ask open ended questions and

the further ask the user for past experiences and if they were successful. Also,

the second task to be executed is about the user’s personal strengths. This

block uses the output from the resistance system since resistance is expected

to surface if the user’s perceived confidence level regarding that change is low.

– Get Reason For High Score:If the score is high, inquire the reason for the score

8.2. Challenges

Health behavior change dialogue is not entirely task oriented. It requires dynamic

generation of responses depending on what the user says. The patient needs to be closely

monitored for different factors throughout the conversation, such as: level of engagement,

presence or absence of good rapport as well as resistance. Although there is an ultimate goal

to be achieved during the session, depending on these factors, the system responses need

to be modified. This is not possible to achieve in a fully task-oriented system like Olympus.

Hence, it is a challenge to modify the proposed system and align it towards a task-oriented

format to be more suited to Olympus.
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Figure 8.2. Positions of the resistance detection system within the proposed

dialogue system framework
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CHAPTER 9

SUMMARY AND FUTURE DIRECTIONS

With the increase in the number of diseases, there is also increased need in the number

of health care providers and facilities to cater to the patients. This has led to the development

of alternative automated technologies developed specifically to assist patients in keeping track

of their own health and notifying health care providers during emergencies. Use of virtual

agents facilitates remote monitoring of patients and increases accessibility of health care

facilities in rural areas. One might argue that similar assistance can be provided through

technologies like telephone, Fascimile, e-mail etc. However, these technologies are not flexible

and usually requires a human in the loop. Virtual agents have greater flexibility in this aspect.

The dialogue system framework proposed in this thesis is capable of engaging in casual

and therapeutic dialogue with its human companion. Casual dialogue is included with the aim

of building and maintaining good rapport with the user. The therapeutic part of the dialogue

is used to guide the user through the process of health behavior change for a healthier life.

Since the system will be capable of small talk aimed at connecting with the user on an

emotional level, it can be hypothesized it will be perceived as being much more natural than

existing conversational robots.

Automatic generation of dialogue becomes a particularly challenging task when its

purpose is to guide people through sensitive or personal issues like health behavior change.

Some patients may not like to be told what is good or bad for them. There are still others who

are ready to cooperate but are indecisive when it comes to making choices. In either case,

resistance to therapy surfaces which can have an adverse effect on the counseling session.

Inclusion of a resistance detection module can mitigate this scenario and this thesis primarily

dealt in development of such a system. Chapters 4 through 6 discussed the development

of this system using linguistic features and machine learning techniques. In the first set of
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experiments, the system performs reasonably when compared to human annotations. An error

analysis was performed on the system output (discussed in Chapter 6) and the annotation

guidelines were modified depending on the findings. A second set of experiments were carried

out using the re-annotated data. The system performance improved in the second round.

The ultimate application of the resistance detection system is to be integrated in a

health behavior change dialogue system. Chapter 8 discusses the application of the resistance

detection system in context of Olympus, an existing dialogue system framework. It also

discusses the challenges that exist in the integration process.

9.1. Future Work

According to [23] resistance can be demonstrated in multiple forms such as quiet

reluctance, outright denial, unenthusiastic compliance among others. People often use non

verbal behavior along with the verbal content to enhance their stance. Hence, it can be

hypothesized that including information from multiple modalities in the classifier will have a

positive effect on the system. This observation was also pointed out in the annotator feedback

and use of audio and video files in the second round of annotation improved the agreement

scores. This experiment can be extended to the classification task as well. Features from

non verbal behavior like body language, facial expression and hand gestures can be included

in the classifier. In addition to this, change in tone of voice can also be taken into account.

A marked difference in the voice tone from high to low is expected from vehement denial or

quiet compliance. While patient turns without resistance is expected to be in neutral tone.
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APPENDIX

ANNOTATION GUIDELINES
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.1. Resistance Annotation

Resistance is encountered in clinical settings when patients either directly or indirectly

oppose changing their behavior, or discussing potential changes in their behavior. Resistance

can take many forms. For our purposes we make the following distinctions:

• Standard Resistance

• Lack of Confidence

• Lack of Importance

Each of these is described in further detail below. An example of annotation will be provided

at the end of the document.

When annotating, use the following tags:

• <res> for standard resistance

• <loc> for lack of confidence

• <loi> for lack of importance

The tag should be placed at the end of the client turn. Each turn may only have a single tag

(not multiple tags). A turn with no resistance should be left blank.

.1.1. Standard Resistance

This is what might be thought of as traditional resistance. The client has decided that

they do not want to make the proposed change and may express that through a number of

ways including, but not limited to arguing, hostility, challenging the therapist, blaming others,

reluctance, dishonesty, and ignoring the therapist.

.1.2. Lack of Confidence

In some cases, a client may be open to change and understand the importance of

making the change, but feel that they will be unable to commit to the proposed change or

behavior. This is not standard resistance, because the client is willing to change, but their

lack of confidence is still a hindrance to the change process.
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.1.3. Lack of Importance/Ambivalence

Typical resistance occurs when the client has made the decision that they do not want

to change, but in some other cases, the client may be on the fence about change-specifically,

they may not yet be convinced that the change is particularly important for their life, but they

are still open to hearing the arguments in favor of change, even if they are not yet willing to

act on them.

.1.4. Example of Annotation

Therapist: Well Mr. Smith did you know that we normally suggest no more than 14

drinks a week. If you look at this chart you’ll see that . . .

Client: I’ve already seen the chart I’m telling you that I don’t have any problems related to

my drinking. <res>

Therapist: Well actually Mr. Smith, we suspect that the stomach pain that you are experi-

encing might be related to alcohol.

Client: How’s that?

Therapist: Alcohol can take a toll on your digestive system and drinking more than the rec-

ommended amount has been linked to ulcers like what you are experiencing.

Client: So you’re saying that if I keep drinking, I’m going to keep having this pain.

Therapist: It seems likely. We can help you treat the pain but as long as its being aggravated

by the alcohol the pain may not be manageable by medication alone.

Client: That makes sense. Well I’m glad I know that but the pain isn’t bad enough for me

to stop drinking. <loi>

Therapist: I see. Well Mr. Smith you should also know that the pain is likely to become

worse if your drinking continues.

Client: How much worse?

Therapist: It’s hard to say but the pain is likely to increase over time. You are also at greater

risk for other conditions that may develop like heart disease.
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Client: Wow so I have to stop drinking completely.

Therapist: That would be a great change to make to prevent further complications. How

confident are you that you could make that change?

Client: Honestly, I don’t know. It’s such a part of my life you know. How am I supposed to

relax if I can’t even have a beer you know. <loc>

.2. Therapist Turn Annotation

For this annotation task, you will be reading transcripts between clients and therapists

in which the therapist is trying to encourage a positive health behavior change for the client.

Your task is to look for the following:

• therapist turns containing questions and suggestions

• client turns which interrupt the therapist

.2.1. Question

For our purposes, a question is defined as a statement which is formed and expressed

so as to illicit specific information. A question can take many types and forms which may or

may not be ”traditional” questions.

• WH questions contains a traditional question word such as ”who”, ”what”, ”when”,

”where”, ”why” and ”how”

• Yes/No questions seeks a yes or no response and uses a standard subject-verb

inversion

• Tag questions a declarative statement followed by a short question confirming

validity of the statement

• Summarizing statements requiring confirmation similar to tag question, except that

the declarative statement will always be a summary or rephrasing of what the other

person has previously said and may not include a direct tag question
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• Imperative information seeking segments orders, demands or requests the person

to tell them pieces of information

Examples of questions:

• How are things going at work?

• Do you enjoy your new job?

• Overall, your work is going well, right?

• So, you like your job, but you dislike your coworkers and your boss.

• Tell me more about your boss.

Notice that in the examples above, some questions end in question marks, but some

do not. To alleviate this confusion from your task, we have removed all periods, question

marks and exclamation points from the texts.

When you see that a therapist turn contains a question, add the tag [question] to

the end of the turn. The tag should be placed at the end of the turn, even if the question

statement is not at the end.

.2.2. Suggestion

A suggestion from the therapist may be explicit or implicit. An explicit suggestion

might be, ”you should smoke less”. An implicit suggestion might be, ”smoking less would

reduce your risk of heart disease”. In the implicit example, the therapist is not directly telling

the client what they should be doing, but it is clear that they believe the client’s health and

lifestyle would be improved by the change.

When you see that a therapist turn contains a suggestion, whether explicit or implicit,

tag it with [suggestion] at the end of the turn. As with questions, the tag should be placed

at the end even if the suggestion is not at the end of the turn. If a therapist turn contains

both a suggestion and a question, use both tags, with [question] preceding [suggestion]
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.2.3. Interruption

In some cases, the therapist will not be allowed to finish their thought because of an

interruption by the client. In this case, tag the client turn as [interruption] at the end of the

turn. For this task, we are only concerned about cases where clients interrupt the therapist,

not the reverse. Therefore, a therapist turn should never receive the [interruption] tag.

.2.4. Sample annotation

Therapist: Hi Mr. Smith. My name is Dr. Abbott. How are you doing today?

[question]

Client: Well, I’m alright I suppose, all things considered.

Therapist: So what brings you in today? [question]

Client: It’s my wife. She thinks I have a drinking problem but I assure you I do not.

Therapist: Your wife huh? [question]

Client: Yes. Yes.

Therapist: Why do you think your wife feels that your drinking is a problem? [question]

Client: I don’t know it’s been the same for nearly 20 years. She knew what she was getting

in to so I don’t see why she should have a problem with it now.

Therapist: I see. So how many drinks would you say that you have in a week? [question]

Client: Well, I usually have 2 to 3 beers with dinner then a couple more throughout the

evenings.

Therapist: So 2 to 3 beers with dinner plus a couple more. That’s 5 to 6 beers a night.

That’s 35 to 45 drinks a week.

Client: I suppose so.

Therapist: Well Mr. Smith, did you know that we normally suggest no more than 14 drinks

a week? If you look at this chart you’ll see that . . . [question] [suggestion]

Client: I’ve already seen the chart. I’m telling you that I don’t have any problems related to

my drinking. [interruption]
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