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Abstract

Assistant Robots can be an efficient and low-cost solution to Patient-Care. One
important aspect of Assistant Bots is succesful as well as Socially Intelligent
Communication with the Patient. A new Conditional Entropy Retrieval Based
model is proposed and also an Attitude Modeling based on Popitz Powers. The
Conditional Entropy Model and the Attitude Model are combined in order to
record Attitude Changes in Dialogue Interactions between Patients and Doctors.
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Chapter 1

Introduction

1.1 Healthcare Robotic Assistants

Figure 1.1: Artificial Intelligence by bykst on Pixabay

Ageing population is a phenomenon that occurs when the median age of a
country or region increases due to rising life expectancy and/or declining fertil-
ity rates. As stated in [1], this is a phenomenon for the modern world. By 2050,
people over the age 85 will increase by 300 % compared to the year 2015. Aging
population already strains the current health service system. There are short-
ages in the workforce of health sector and there is a need for space expansion of
care facilities. When people are old, there is a reduction in physical activities
which results in a reduction of their independence and, subsequently, their pro-
longed stay in hospital facilities where they need attendance or their nursing at
home. While these aged people may be in need of 24-hour surveillance, usually
due to behavioral, social and economic factors this is not possible. Because of
these issues, home-based and community-based healthcare services have started
to assist elderly people in the developed world in order to:
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• Relieve the pressure of health services while keeping up with the high
demand in the quality of the services delivered

• Helping the elderly people to be close to their families achieving a certain
level of independence.

• Help the nursing staff in their every-day repeating duties of taking care of
the patients accurately and leaving their fatigue aside.

• Provide higher efficiency and quality of services through robots in the area
of teleoperation and rehabilitation processes.

• Suppport the elderly patients not only physiologically but also psychologi-
cally or in terms of memory assistance such as personal robots, companion
robots and entertainment robots.

• Participate in therapies of cognitive disabilities such as autism spectrum
disorder.

Figure 1.2: Enon Assistant Robot

Due to the above need for assistance of people in health-care facilities or
in home-based nursing combined with the ongoing Technological advances in
Assistant Robots, the interest in and research on personal robots has been rising
rapidly.

1.2 Patient-Robotic Assistant Dialogue Interac-
tion

During the last years, many systems were designed that aim to facilitate the
verbsl communication between humans and robotic assistants and specifically
healthcare assistants.
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In the research area of Assistant bots for healthcare services, social skills
are necessasary for robots if we want them to be accepted by the users [3],[7].
Consequently, the Patient-Assistant Relationship in terms of effective commu-
nication and emotional intelligence on the robot’s part has been given emphasis.
and This new approach is called Social Assistive Robotics, SAR, [8].

SAR represents the merging of two traditional robotic applications: assistive
and interactive robotics and the aim is to integrate social skills in the work of
robotic patient-caregivers. This area has been very active with robotic research,
such as Brian in 2008, Clara in 2005 and SIRA in 2005 in [3], [9], [14], [15], who
continue the work of their innovative predecessors Pearl, MOVAID and Care-
O-Bot.

Automatic speech recognition has resulted in more natural interaction be-
tween humans and robots. Human speech can be noisy and not straightfoeward
in terms of the context and any system that interpretes or produces human-robot
dialogues must be able to perform effeciently even with noisy and stochastic
speech. In [15], in the Spoken Dialog Management System Design which is a
Partially Observable Markov Decision Process, POMDP, proposed by Pineau
and Thrun in [5] is used, because a POMDP is a natural way of modelling di-
alog processes. The machine interpreter cannot have direct knowledge of the
state of the user and it can only make conclusions about the patient’s state
from the noisy speech speech user data. The HPOMDP framework provides
the mechanism for modelling uncertainty about what the user is trying to com-
municate [6]. The possible states that are modelled are the actions, transition
probabilities, rewards, observations and observation probabilities that comprise
the Hierarchical POMDP, HPOMDP.

Care-O-Bot, a mobile service robot, performs supporting tasks for patients
that are their in their home. Care-O-Bot also conducts Media management ,
for example Videophone, TV, stereo, Day-Time-Manager, time for medicine,
communication with medial and public facilities, physician, hospital, clininc,
authorities and supervision of vital signs and emergency call.

The Brian project focused on social intelligence to make robot assistants
aware of the user’s status through recognition of the user’s pose and gestures. As
a result, the robot is able to make better decisions and to complete the requested
tasks. Moreover, it uses reinforcement learning and integrates emotions in the
robot’s behaviour to establish bi-directional social communication.

The SIRA robot project implements the same applications as the nursing
assistant robot, Pearl, while also integraating the human-robot interaction, HRI,
abilities including a 3D face, speech processing and dialogue management for
recognition of affective speech and natural language.

Carnegie Mellon University in the U.S. designed and implemented a robotic
nurse assistant, Pearl, and deployed it at a nursing home to assist older people
and the nursing staff [2]. Pearl provides a walking aid, reminds patients of their
medicine time and accompanes patients to destinations for appointments and
events. As an improvement of HRI, Pearl uses an articulated head unit with
facial expression on a visual display [4]. The software component developed for
Pearl to provide the cognitive functions is called Autominder. Autominder has
three main components: a Plan Manager, which stores the client’s plan of daily
activities, a Client Modeler , which uses information about the client’s observ-
able activities and a Personal Cognitive System, which can reason between what
the client is supposed to do and what she is doing, and makes decisions about
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when to issue reminders. As the elderly patient follows their daily routine, sen-
sor information is collected by the assistant and sent to the Client Modeler. The
Personal Cognitive System creates a reminder plan that is marginally optimum.

[44] paper reports a Wizard-of-Oz, WOZ, experiment for elderly in the home
health care system. They collect dialogue examples of elderly users through the
WOZ experiment and conduct a recognition experiment. The experimental
result demonstrates that a user’s response following a system’s question tends
to consist not bare Yes/No answer but content words without Yes/No word and
that the performance of speech recognition is improved using WOZ data and
experiment analysis results and conclusions.

AVATALK-Survey addresses survey nonresponse, a critical training need in
survey research. AVATALK-Survey generates responses integrating a range of
emotions implementing contextual. With Avatalk, patients can engage in un-
scripted conversations and see and hear their realistic responses. The main
Avatalk components are a Language Processor and a Behavior Engine. The
Language Processor maps the input to an underlying semantic representation
and semantic representations to gestural and speech output. The Behavior
Engine maps Language Processor output to behaviorswhich include decision
making and problem solving, performing actions in the virtual world, and spo-
ken dialogue. AVATALK virtual humans act realistically as if they are angry,
depressed, serene, or in pain. Behaviour and Emotions are expressed through
facial expression, lip synching, gesturing, choice of utterances, conversational
expectancies, and branching logic.

1.3 Socially Intelligent Healthcare Robotic As-
sistants

It has to be noted that robotic assistants, which offer services of psychologi-
cal enrichment to elderlyr people, is also a very active research field recently.
These robotic assistants can improve physiological and psychological function-
ing, either by providing entertainment or by performing social stimulation to
people. Furthermore, they can urge patients to more frequent social interac-
tion either between tem and their doctors and nurses or between them and
their families and friends. For example, robots such as PARO and AIBO have
been found to display similar therapeutic value to having animals as compan-
ions. They proved able to stimulate communication among elderly people in a
nursing home through interaction as well as entertainment [15], [16].

As robots are engaged in health service applications, provide services and
assistance, and even cooperate with humans, they have to be in position to
engage in social interaction with the patients. Recent research has highlighted
the importance of social intelligence and interaction in the area of Human-Robot
Interaction.

HRI Studies: Up to now, most HRI studies and evaluations of social robots
are based on small-scale experiments or theoretical considerations [17], [18], [19].
In eldercare facilities, many experiments have been conducted with PARO and
Pearl robots [20], [21],[22] which quantified the positive reactions and results
from the interaction between elderly people and robots but did not directly
assess the acceptance of the technology. Studies are still needed for evaluating
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the effects and influences of aspects of a robotic design including behaviour,
appearance, perceived adaptability or social intelligence.

Recent studies on interaction with robots stress the importance of social
intelligence [24], [36], [26], [27], [28], even more so in a healthcare and eldercare
environments. In [19],Emotion Related Data Collection is performed, focusing
on levels of Trust and Responsibility in the Robot Characteristics. A more social
intelligent robot can interact easier and therefore be accepted easier. In [19] they
conducted an experiment to collect a large amount of structured interaction data
to investigate the influence of acceptance of a robot interface by elders. The
objective of [19] is to describe methods, experiences and lessons learned from
these experiments.

Research involving explicit tests of robots or agents with elderly users has
been carried out by Wada et al. [29] and Shibata et al. [30]. These studies
concerned the seal shaped robot Paro. The aim of this study was to observe the
use of a robot in a setting described as ”robot assisted activity” and to prove
that elders felt more positive after a few sessions by measuring the moods of the
participants with a face scale form and the Profile of Mood States questionnaire.

Another experiment that took place in an eldercare institution concerned a
robot named Pearl as described by Pollack [32] and Pineau et al. [31]. The
robot was used in open-ended interactions, delivering sweets guiding elders to
the location of a physiotherapy department.

Related research in which acceptance did play a significant role is described
by De Ruyter et al. [38]. It was about a robotic interface,the iCat made by
Philips, which was tested in a Wizard of Oz experiment. The participants
were exposed to an introvert and an extravert version of the iCat interface
to see whether this difference in interaction would lead to different levels of
acceptance. To measure acceptance, the UTAUT questionnaire, Unified Theory
of Acceptance and the Use of Technology, [34]) was used. UTAUT is a model
that incorporates several influences on acceptance of technology. The aim of the
study was to find out to what extent participants would use the iCat at home
after having interacted with it.

A widely used tool to evaluate social abilities is Gresham & El-
liott’s Social Abilities Rating System (SSRS) [35]. Although this tool
usually is applied in social research, the five basic features Coopera-
tion, Empathy, Assertion, Self-Control and Responsibility match the
aspects found in Human-Robot Interaction literature on social, or
sociable, robots and agents [36], [37]. Besides, these five also appear to be
relevant abilities in De Ruyter et al. [38] and Markopoulos et al [31] and selected
the following behavioral features to be integrated in the robot’s behaviour :

• listening with attention

• being kind and pleasant as well as eager to help and able to complete tasks

• recording personal details about people and reminding them

• being expressive

• admitting possible mistakes

Most conventional emotion models have a limited ability to communicate
with humans. Usually, a human being observes and judges the expressions of
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Figure 1.3: Robots Take the Stage by Brett Davis in flickr.

the emotion model, and the recognition rate is the evaluation of the model.
In [11], in communication between WAMOEBA−2 and humans, there is no
scenario like this. The psychological impressions in humans change dynamically
according to the behavior of the robot and/or the humans. The characteristics
of WAMOEBA−2 communication are as follows

• Adaptability in real world: WAMOEBA−2, an independent and behavior-
based robot, it is not needed that the environment must be standardized
such as the movement of humans.

• Diversity of the ways to communicate: Human beings can communicate
without special interface tools. Moreover, neither words nor gestures for
communication are specified, and preliminary knowledge is not required

• Development of communication: Communication is developed according
to the behavior of humans and WAMOEBA−2 in real-time. There is no
”story” and/or ”scenario” set beforehand by a designer

• It is believed that the ”freedom degree” mentioned above (where humans
are not restrained in communication with robots) is an important element
in order to realize robot-human emotional communication.

In this work, our contribution is two-fold. We propose a new word
representation and a Retrieval based algorithm that is based in Con-
ditional Entropy and it is used to retrieve the suitable answer in a Di-
alogue communication when an Input is given. Additionally, a Model
for Attitude Modelling and Attittude Change is proposed and tested
on Dialogue data that regard the Healthcare system and specifically
the communication between Patient and Robotic Assistant as well as
between Patient and Doctor.

The following work is organised as follows: first we introduce a
novel Conditional Entropy based Retrieval Based Model that is des-
tined for choosing the suitable response phrase from a database of
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response phrases, secondly, a new model of Attitude Space and Atti-
tude Change that are based on Heirich Popitz’s Powers is presented
and finally, in the last part, we analyse and give the results from our
experiments on Dialogue Data.
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Chapter 2

Conditional Entropy
Retrieval Based Model in
Dialogue Systems

The goal of an Assistant Robot is to be effective. In the case of verbal commu-
nication, both the perception of the information of the dialogues and the level of
friendliness are important for the Robot to accomplish its task in communicating
with a patient.

Natural language processing is a field of computer science, artificial intelli-
gence, and computational linguistics concerned with the interactions between
computers and human (natural) languages. As such, NLP is related to the
area of human-computer interaction. Many challenges in NLP involve: natural
language understanding, enabling computers to derive meaning from human or
natural language input; and others involve natural language generation. Up
to the 1980s, most NLP systems were based on complex sets of hand-written
rules. Starting in the late 1980s, however, there was a revolution in NLP with
the introduction of machine learning algorithms for language processing. This
was due to both the steady increase in computational power and the gradual
lessening of the dominance of Chomskyan theories of linguistics, whose theoret-
ical underpinnings discouraged the sort of corpus linguistics that underlies the
machine-learning approach to language processing[55]. Some of the earliest-used
machine learning algorithms, such as decision trees, produced systems of hard
if-then rules similar to existing hand-written rules. However, part-of-speech tag-
ging introduced the use of hidden Markov models to NLP[54], and increasingly,
research has focused on statistical models, which make soft, probabilistic deci-
sions based on attaching real-valued weights to the features making up the input
data. The cache language models upon which many speech recognition systems
now rely are examples of such statistical models. Such models are generally
more robust when given unfamiliar input, especially input that contains errors,
as is very common for real-world data, and produce more reliable results when
integrated into a larger system comprising multiple subtasks. Finally, the latest
trend applies Deep Learning on Natural Lnguage Processing, with DeepMind
one of the most widely known[56], currently belonging to Google. Recent re-
search has increasingly focused on unsupervised and semi-supervised learning
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algorithms. Such algorithms are able to learn from data that has not been hand-
annotated with the desired answers, or using a combination of annotated and
non-annotated data. Generally, this task is much more difficult than supervised
learning, and typically produces less accurate results for a given amount of input
data. However, there is an enormous amount of non-annotated data available,
including, among other things, the entire content of the World Wide Web, which
can often make up for the inferior results. We will propose an innovation based
on Information Theory for Natural Language Processing [58], [59].

The other important aspect that we have to consider when designing an As-
sistant Robot is the notion of a Social Robot. In [48], Dautenhahn and Billard
proposed the following definition: ”Social robots are embodied agents that are
part of a heterogeneous group: a society of robots or humans. They are able
to recognize each other and engage in social interactions, they possess histories
(perceive and interpret the world in terms of their own experience), and they
explicitly communicate with and learn from each other.” According to [46], the
human characteristics of interaction which are desirable in the communication
with Assistant Robots too are expressing and perceiving emotions, communi-
cating with high-level dialogue, learning and recognizing models of other agents,
establishing and maintaining social relationships, using natural cues, like gaze
and gestures, exhibiting distinctive personality and character as well as learning
or developing various social competencies. In order to develop Social Robots,
researchers focused on different aspects of the robot. In [47], a series of human
- alike face characteristics and movements as well as pacing in speech tries to
resemble those of humans. Speech is also a highly effective method for commu-
nicating emotion through tones, pitches and pacing. Dialogue is a joint process
of communication. It involves sharing of information (data, symbols, context)
and control between two (or more) parties. Billard and Dautenhahn describe
a number of experiments in which an autonomous mobile robot was taught a
synthetic proto-language [49]. Steels has examined the hypothesis that com-
munication is bootstrapped in a social learning process and that meaning is
initially contextdependent[50], [51]. Natural language dialogue is determined
by a set of factors ranging from the physical and perceptual capabilities of the
participants, to the social and cultural features of the situation in which the
dialogue is carried out To what extent natural language dialogue interfaces for
robots should be based on human-human dialogue is clearly an open issue[52].
Moreover, creating a robot that communicates at a human peer level using
natural language remains a grand challenge. More specifically, when we focus
in the verbal communication as we do in this work, and, moreover, when the
Robot happens to be an Assistant Robot for patients, we strongly feel that the
attitude of the Robot towards the patient should vary in friendliness. We use a
new metric based on the Popitz Powers to apply different levels of friendliness
in the communication of the Assistant Bot with the patients, depending on the
patient’s Sentiment expressions and Polarity and strength of the expressions as
in [57].

Information Theory and more specifically Entropy have been applied be-
fore as we mentioned, [58]. Many problems in natural language processing can
be reformulated as classification problems in which the task is to estimate the
probability of class a occurring with context b or p(a,b) using the criterion of
Entropy Maximization as stated in this work which states: The correct distri-
bution p(a,b) is that which maximizes entropy or uncertainty subject to the
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constraints which represent evidence. However, since we deal with Assistant
Robots, within the scope of which are certain phrases and certain tasks, and
since, in the communication with a Robot, we are looking for a suitable re-
ply phrase B of the Robot to the phrase A coming from the patient, we used
the Criterion of the Minimization of the Joint Normalized Conditional Entropy
H(B/A)
H(B) .

Let us assume that the patient communicates a sentence A to the robot
which consists of some words. The Robot, based on that given sentence A, has
to respond with a proper sentence B that makes sense as a proper reply to A.
Let us also assume that there are dialogues between Robot and patient for every
case stored in memory. How can the Robot choose fast the most suitable answer
sentence B from the dialogues without the use of large Markov matrices that
that need to be stored in memory?

Up to now, the representation of sentences was either a zero-one vector,
according to which words appeared in each sentence, or a probablistic vector
representation based on word occurrencies. In order to highlight the connections
between the words in the dialogues that belong to the same snetence as well as
the connections between the words that belong to sentence A and the suitable
response B, we chose a different representation of each sentence vector. If we

want to use the Minimization of the Conditional Entropy, H(B/A)
H(B) , as a criterion,

we sholud couple th respective words beforehand. For this reason, we form an
Adjacency Matrix ADJ that has the nmyber 0 when there ar no connections
and the number 1 in position ADJ(i,j) if word i is in the same sentence as word
j or if word i is in sentnce A and word j in sentence B of the reply. So, now,
our Word Represntation Vectors are the rows of the Adjacency Matrix ADJ. In
this way, the necessary couplings of words have been created beforehand, based
on our texts so it is expected when the user inputs sentence A, the Robot will

estimate the Conditional Entropy H(C/A)
H(C) for all sentences C in our database and

will return the sentence C that minimizes the Normalised Conditional Entropy
H(C/A)
H(C) . At this point, we have to note that since every word is represented

as the respective row of the Adjacency Matrix ADJ, the Entropies o sentences
A,B or C are given by the following formulas that apply to Joint Entropies.
If sentence A consists of words w33, w2 and sentence C consists of the words
w5, w10, w25 then

H(C/A)

H(C)
=

H(w5, w10, w25/w33, w2)

H(w5, w10, w25)

=
−
∑1

k=0(pk(w5, w10, w25/w33, w2) · logpk(w5, w10, w25/w33, w2))

−
∑1

0 pk(w5, w10, w25) · logpk(w5, w10, w25))

where in pk k takes only 2 values, 0 or 1 as these are the only values present
in the Adjacency Matrix ADJ.
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At this point, we should note that whenever a sentence A comes up, certain
words appear, w5, w10, w25 as we mentioned. These words ahve strong
relations to many others in the Adjacency Matrix and hence in their

representation such as common words in C and A or words that are connected
to these words through different sentence interactions that have nothing to do
with interaction C-A. In order to exclude those relationships and discriminate

against them, we modified our formula further.
Let us denote the sentences space S and the words space W. If sentence A
comes up in the dialogue, that means that all the other sentences in our

database did not come up, that means that the event that is realised is not the
event A but the event A ∩ (S −A). In the same way, when sentence C comes
up, it means that all the other sentences in our database did not come up, it

means that the event that is realised is not the event C but the event
C ∩ (S − C).

H(C, (S − C))/A, (S −A))

H(C, (S − C))

=
H((w5, w10, w25), (W − (w5, w10, w25))/(w33, w2), (W − (w33, w2)))

H((w33, w2), (W − (w33, w2)))

Figure 2.1: The Representation Vectors wi for the Words come from the rows
Adjacency Matrix ADJ where there are zeros everywhere except when two words
can be found in the same sentence or two words can be found in a sentence and
the corresponding dialogue answer to that sentence.
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Chapter 3

Popitz Powers in Attitude
Change Modeling for
Dialogue Interaction

Attitude plays a significant role in human behaviour, communication and inter-
action as stated in [76]. Attitude can invoke emotions and most importantly
urge to certain behaviour paterns [11]. This is the reason why Attitude Re-
search in the Social Studies between humans should make the transition to the
interaction between humans and robots. A good review of basic emotions and
attitudes is [10]. Artificial attitude is used in social robots for several reasons.
Artificial emotion can also provide feedback to the user, such as indicating the
robot’s internal state, goals and to an extent intentions [12]. Artificial atti-
tude can act as a control mechanism, driving behaviour and reflecting how the
robot is affected by, and adapts to, different factors over time [13]. The basic
behavioural attitudes can be modelled with the help of

”In Phenomena of Power, the foundational theorist Heinrich Popitz treats
power as an essential concept of the social sciences. Instead of striving for
a power-free society, he argues, mankind should try to delimit power where
possible and establish counter-power where necessary. Phenomena of Power
delves into the socio-historical manifestations of power and breaks through to its
general structures. Philosophically trained, historically informed, and endowed
with the power of observation, Popitz uses everyday examples, such as how the
passengers on a ship may organize their deckchairs, to illustrate his theory of
power. He clearly articulates how the mechanisms of power taking and power
stabilization work and how to track them in the social world” as stated in [76].

The Popitz Powers that are applicable to Dialogue Patient-Robotic Assis-
tant Interaction are Trust, Love and Action. Trust is implemented when the
communication establishes a relationship between the two parties that is based
on Trust and the clear, explicit and accurate expressing of events. Love is im-
plemented if the communication invloves any kind of sentiment or appeal to
sentiment. This could vary from a mere expression of a feeling to trying to
manipulate the other party through invoking certain emotions. Last but not
least, Action is implemented in the communication where there is a clear warn-
ing for taking more drastic measures and an urge to instant action. In terms of
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Figure 3.1: ”Creepy Robot Friend” by Brett Davis in flickr

Attitude, these Powers can be translated into the words Trust, Sentiment and
Instrumental Power. We call the last Power Instrumental because the Assistant
Robot and the Patient will possibly engage in this kind of interaction in case
the patient displays warning signs of neglecting themselves or self-destructing
tendencis and the Assistant will have to warn them about this behaviour and
possibly to reach out to the Instruments that are responsible for their health
such as the doctor or a psychatrist.

Attitude can be thought of as a Vector Space with three dimensions, Trust,
Sentiment and Instrumental Power. Throughout a dialogue, there are utterances
and interactions of clear Trust, clear Sentiment and clear Instrumental Power
as well as combinations of them.

Trust, Sentiment and Instrumental Power can model Attitude Change as
the Conditional Entropy in interacting dialogue phrases of different Attitude.
Dialogues, as we mentioned in the previous section can be modeled as networks
of interactive words in a context of respecting Attidute interactions. Practically,
this is means that if Agent K is having a conversation with Agent J then we will
form three Word subnetworks. The first Word Subnetwork will contain linked
words from the interasction during which K addresses a sentence to J in a Trust
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Figure 3.2: Proposed Procedure.

Figure 3.3: Trust, Sentiment and Instrumental Power vector Space Model.

Attitude and J also responds with Trust. The second Word Subnetwork will
connect words in sentences where K addresses a sentence using the Sentiment
Power and J responds using the same Attitude, Sentiment. The same goes for
interactions of the type Instrumental-Power-Instrumental Power. When those
networks are formed, each conversation that holds those word connections, ad-
dreesses a phrase and the other party responds with the same attitude. So, we
consider that there is minimum information load in terms of Attitude through-
out every single of those three dialogues as no change in Attitude takes place.
In a real conversation though, things are not as flat. When we talk to each
other, one does not respont to the other in the same way, we do not have in-
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teractive couples of phrases of the same Attitude. In real life dialogues, when a
person addresses us a question in a certain Attitude, our response Attitude may
vary from Trust to Sentiment to Insterumental Power. The Attitude Change
has also been studied by [77]. This Change in Attitude can take place due to
our feelings, a spur of the moment or due to an intention we have to stirr the
conversation and the events to a specific direction. In this work, after forming
the basic Attitude subetworks dialogues, Trust-Trust, Sentiment-Sentiment, In-
strumental Power-Instrumental Power, we study the Conditional Information
throughout Attitude Changes among these subnetworks.
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Chapter 4

Experiments - Results

4.1 English Language Model Dialogues

In our first experiment where we wanted to thest the Effeciency of the criterion
for the Minimization of the Joint Normalized Conditional Entropy. The data
that we used where 26 Conversations from [60] where sentence A was each
sentence of each dialogue and sentence B was the next sentence after A.

We provide the Joint Normalized Conditional Entropy H(C,(S−C))/1,(S−1))

H(C,(S−C))

when the first sentence was given as input and all the other sentences C from
the first dialogue were tested in Table 1. As we can see in Table 1, the value of
the Joint Normalized Conditional Entropy is minimum for sentence 2 which is
its proper reply and we already coupled sentence 1 and sentence 2 in that way
in ADJ Adjacency Matrix.

We provide the dialogue from which we displayed these results in the Ap-
pendices as ”Weather Dialogue”.
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Table 4.1: Joint Normalized Conditional Entropy when Sentence 1 was given.

sentence H(C/1)
H(1)

1 0
2 0.9728019
3 1.032618
4 1.3564
5 1.76516
6 1.628056
7 2.024814
8 1.797272
9 1.090229
10 1.294418
11 1.294418
12 1.334918
13 2.274115
14 1.090229
15 1.332042
16 1.147255
17 2.169356
18 1.151982
19 1.151982
20 1.151982
21 1.635344
22 1.269823
23 1.028011
24 1.103319
25 1.028011
26 1.028011
27 1.028011
28 2.210161

4.2 Patient-Assistant Healthcare Dialogues

The data we used for the second experiment were three dialogues in the three
different attitudes, Trust, Sentiment and Instrumental Power. The dialogues
were based on a sensor results report by the Medical Lab of the Aristotle Uni-
versity of Thessaloniki which were an offer of Professor P.Bamidis and PhD
Candidate A.Billis and also on the respective recommendations for each medi-
cal symptom that was recorded by the sensors. More specifically, the symptoms
that were recorded and reported by the sensors regarded depression and were:

• Insomnia

• Crying

• Hypertension

• Reduced Mobility

• Reduced Social Interaction

• Agitation

• Depressive Mood

The dialogues produced comprised of couples of patient-assistant interactions
in the form:
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Assistant: I noticed you have insomnia. Is there a reason why you
can’t sleep?
Patient: I was nervous.
Assistant: You can take deep breaths. You can drink a glass of milk
or pour yourself a Louiza tea.

As we can see, in the first Assistant-Patient interaction, the Assistant re-
ports the symptom that was recorded by the sensors and asks the patient about
it and the patient complains about this symptom by replying to the assistant.
In the second Assistant-Patient interaction, the Assistant, based on the pre-
vious two phrases, which are the symptom related question and the patient’s
complaint, provides a suitable recommendation. The content of the recommen-
dations as well as the complaints is edited by psychologists and converted into
basic dialogues.

After the basic phrases are created for each role in the patient-assistant inter-
action, under the supervising of the social scientist of our team, Dr Hasanagas,
three different attitude variations were produced of the initial interactions. In
the first variation, the assistant enquires and recommends in an attitude that
provokes Trust as well as the patients expresses his/her complaint ib a way that
is clear and neutral and responding to that Trust level towards the assistant. In
the second variation, the patient complains in an intense and sentimental way
and the assistant also conveys its recommendation in a Sentimental way. Finally,
in the last variation, the patient complains in a way that might defy his/her
doctor’s instructions and medication and might even display self-distracting ten-
dencies. This is the case when the recommendation of the assistant is realised
in a way that makes a direct reference to the instrumental power that may be
further used in order to make the patient as soon as possible realise the potential
dangers and to comply with the doctor’s suggestions.

After the three attitude variations were produced, our network of inter-
connected words is formed. All the words that are present in the three texts are
recorded. The duplicates are deleted. For each one of the three attitudes, Trust,
Sentiment and Instrumental Power, the words that happen to be in the same
sentence as well as the interaction sentence, symptom+complaint - recommen-
dation, are connected symmetrically in the adjacency matrix. In this way, some
information on the context of words is stored, with respect to which ones are
combined with which ones in each sentence. Moreover, the interacting words of
each pair, symptom+complaint - recommendation, link the words semantically
and store information in the Adjacency matrix with respect to the sentence’s
content.

As a first step, we remove punctuation and we create an Adjacency Matrix
where we connect the words that are found in the same sentence as well as the
words that belong to a dialogue interaction couple of sentences, which practically
menas sentence K and the following response-sentence of the other party.

In the next step, we feed each of the Dialogue Phrases to the input and
record the most suitable response sentence that each algorithm gives us. The
three Retrieval Based Algorithms that are used are our Conditional Entropy
Model, Deep Neural Networks and RBF Kernel Support Vector Machines. The
success rate is recorded in the Table. Support Vector Machines displays a better
fit for the presence of some words in the response sentences but not for a large
enough percentage of them and Deep Neural Networks returned incorrect words
and most of them were common as they are very successful in Recognition tasks
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Figure 4.1: Word Adjacency Matrix for the 3 Dialogues.

but the disadvantage is that they require large datasets to train on and our
dialogues are small and 3 in number. Our method seems to outperform the
other two in this first experiment.

Table 4.2: Success Rates in Conditional Entropy Retrieval Based Model, Deep
Neural Netrworks and RBF Kernel SVM

Method Success Rate %
Conditional Entropy 55.21

Deep NN 34.2
RBF Kernel SVM 26.41

In Figure4.2, we display the some results from the execution of the algorithm.
As we caqn see, when the input to the system were phrases 23, 25, 26, 27, 28,
29, 30 or 31, the Conditional Entropy algorithm displayed minimum Entropy
for the correctly most suitable phrases that correspond to each of the inputs,
which are 23, 25, 26, 27, 28, 29, 30 and 31 responses.

In Figure4.3, we display the case of result 24 where phrase 24 was the input
however the minimum Condiitonal Entropy, which gives us the suitable response,
was estimated to be the property of response 12. Input phrase 24 and response
12 are displayed in Figure4.3 and we can see that they are not the perfect
Complaint-Recommendation couple however they are still linked semantically.

In Figure4.4, we display the case of result where phrase ”Why don’t you
try my pills! Get out of the way!” was the input. This phrase does not exist
in the texts that the algorithm has access to. However, since it is asked, it
chooses a suitable response with the help of the Conditional Entropy Retrieval
method. The suitable response according to the algorithm is display under the
input phrase and it is indeed once again connected semantically and up to a
level logically.
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Figure 4.2: Minimum Conditional Entropy cases.

Figure 4.3: Incorrect sample 24 and returned response from the algorthm. The
response is not the optimum but it is stiil linked semantically to the input.
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Figure 4.4: Suitable Response returned by the Conditional Entropy Retrieval
Model to our input sentence that is not present in the database.
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4.3 Attitude Change Flow in ”Good Doctor”-
”Bad Doctor” Dialogues

For this last experiment, the Dialogues of two Doctor-Patient Interaction videos
were recorded. The Videos were created by the Medical Lab of the Aristotle
University of Thessaloniki and their aim to was to videotape one Medical Ex-
amination where the Doctor displays a proper behaviour or is a ”Good Doctor”
and one Medical Examination where the Doctor displays an improper behaviour
that should be avoided or is a ”Bad Doctor”. We recorded the two conversa-
tions in text files. In the next step, we created the three Attitude variations,
Trust, Sentiment and Instruemntal Power, for the interacting phrases of the two
Dialogues and we connected the words in those three subnetworks. Because of
these connections, we expect the Conditional Entropy-Uncertainty to rise every
time an Attitude Change taks place in the real dialogues. Therefore, we com-
puted our Conditional Entropy metric in every successive couple of phrases in
the ”Good Doctor” and the ”Bad Doctor” dialogues.

Figure 4.5: Good Doctor Dialogue Conditional Entropy Flow

Below, we present some of the phrases where the Conditional Entropy dis-
played an increase so we expect a Change in Attitude and the respective phrases.

Below, we present some of the phrases where the Conditional Entropy dis-
played an increase so we expect a Change in Attitude and the respective phrases.

We notice that the Bad Doctor Dialogue displays more Attitude Changes
which also seem to be bigger in terms of Conditional Entropy measure. On
the other hand, the Good Doctor Dialogue seems to flow without many varia-
tions in attitude and with peaks that are lower. All in all, it sholub noted that
since the words in the word network were connected through interactive phrases,
stimulation-response, for every attitude of the three, Trust, Sentiment or Instru-
mental Power, we expect Conditional Entropy to be smaller when there is an
accordance in Attitude in the stimulation and the response and an increase in the
Conditional Entropy when there is an inaccordance. An inaccordance may be a
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Figure 4.6: Phrases where Peaks of Conditional Entropy take place.

Figure 4.7: Bad Doctor Dialogue Conditional Entropy Flow

case for example when one agent of the dialogue chooses a phrase with an At-
titude of Trust and the other agent responds abruptly, disrupting the conversa-
tion andm aybe showing anger, so we have an interaction of Trust-Instrumental
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Figure 4.8: Phrases where Peaks of Conditional Entropy take place.

Power. Another example is when an agaent addresses a phrase of Instrumenta
Power, like a warning, and the response has an attitude of Sentiment where the
other agent becomes sentimental and starts complaining. In this case we have
an interaction of the form Instrumental Power-Sentiment where the Conditional
Entropy is again expected to have a higher value. This expectation coincides
with the above results that we displayed in the Conditional Entropy Flow for all
the pairs of phrases in the dialogue, phrase1-phrase2, phrase2-phrase3 and so
on, where the pairs of phrases that have inaccordance in Attittude, tend to ex-
hibit larger values of Normalised Conditional Entropy while the pairs of phrases
that have accordance in Attitude, tend to exhibit smaller values of Normalised
Conditional Entropy.
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Chapter 5

Conclusions

In this work, we derived a new Retrieval Based model based on Normalised
Conditional Entropy which was applied to Dialogue data that regard the inter-
action of Patients and Robotic Assistants. Our experiment showed that they
outperform the Retrieval Based models that are currently used which are Deep
Neural Networks and Support Vector Machines. Moreover, three possible types
of Attitudes where defined in Dialogue Interaction which were based on three
Popitz Powers, Trust, Love and Action. The three Attitudes that we deployed
are Trust, Sentiment and Instrumental Power. Using the Conditional Entropy
Retrieval Based model that we proposed, we recorded the Attitude Changes
in the pairs of Dialogue phrases in two Patient-Doctor Dialogues. The Condi-
tional Entropy Flows that we recorded proved that the phrases where Attitude
Changes take place and there is an inaccordance in Attitude between the the
stimuli and the response, tend to exhibit higher values of Conditional Entropy.
Also, throughout the Dialogues, when there is a Good communication between
the Doctor and the patient the Conditional Entropy Flow is more smooth in
contrast to bad Doctor-Patient Communication where there are more Attitude
changes and greater variability in the Conditional Entropy of the phrases.
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Chapter 6

Appendix

6.1 Weather Dialogue

Oh, it feels so cold this morning.

It sure is. Early this morning my car’s windshield was covered with frost. I had to spray it with water before I

could head to school.

Who would have thought it could be this cold in early December, especially in California.

I know. The temperature was 35 degrees Fahrenheit when I woke up this morning. I was freezing as soon as I got

out of bed. The cold weather just hit me by surprise.

I cannot remember when it was this cold in early December.

Brace yourself for the rain this afternoon. Cold and wet, Yuck!

It is going to rain this afternoon?

Not only this afternoon, but also the rest of the week.

Oh, it is going to be miserable. I have a full class schedule today and tomorrow. To walk from class to class, I will

have to juggle my books and my umbrella trying not to get wet. You carry too many books. Why don’t you leave

some of them in your locker?

My locker is a long way from my English classes. This is the reason why I carry all my books with me. Is it going

to rain hard or just drizzle?

The news said that it would start to drizzle around noon, and then it would rain really hard by three o’clock.

No hope for better weather this week?

There is a slim chance of sunshine by Saturday. However, it will be foggy, windy, and rainy before the sun comes

out this weekend.

I am glad that it rains even though I do not like rainy weather. We have a very dry season so far this year.

Yes, I can hardly remember when it rained last time. Well, as long as there is no thunder or lightning, I can bear

it.

We rarely have thunder or lightning in California.

We are very lucky that California has one of the best weather conditions in America. When it is hot, it is not

humid; when it rains, there is no thunder or lightning, and the cold weather during the winter season is quite mild

compared to the weather of the other states.

Yes, we are lucky. However, sometimes when I look at the Christmas pictures, I just wish we had some snow. It

looks so pretty when everything is covered by a blanket of pure white snow.

Living in southern California all my life, I have never seen snow. I would not mind playing in the snow once in a

while.

Yes, it would be fun to make a snowman or go skiing.

We have never seen snow; we have never made a snowman, and we have never gone skiing. We better do something
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about this.

May be we should plan a trip to Aspen, Colorado during winter break. I heard that the skiing season is fantastic

up there.

I don’t think we can afford a trip to Aspen. It is very expensive up there.

I am just wishing. I know what I will be doing during winter break. I will be working very hard to save money for

a new car.

With the cars that we drive, it is better that we live in a place where there is no snow. You are right, we are better

off with no snow. Ok, I have class right now; see you later in the library.

See you later.

6.2 Trust-Trust Complaint-Recommendation In-
teractions

I noticed you have insomnia. Did you experience difficulty sleeping? Is there a particular reason? I was nervous.
You can take deep breaths. You can drink a glass of milk or pour yourself a Louiza tea. You can read a book. You
can take a warm bath.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? I think I have been eating a lot at
night.
Don’t eat coffee, alcohol or eat too much 3 hours before you go to sleep.

I noticed you have insomnia. What did you do wrong and you can’t sleep well? I drink too much water and I
need to pee many times at night.
Don’t drink too much water before you go to sleep.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? I do my exercise routines in the
evening and then I cannot sleep.
Try to exercise earlier in the evening in order to relax later.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? I remembered those things again
and I got a little sad.
Try to avoid discussing unpleasant subjects before going to sleep.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? My friends came and my routine got
disrupted.
Keep a steady routine before going to bed.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? TV is always showing bad news.
Try to avoid unpleasant TV programs before going to bed.

I noticed you have insomnia. Is there a reason why you can’t sleep? I feel extreme heat.
You can lower the room temperature. You can wear light clothes. You can drink a cool glass of milk or water. You
can take a shower with lukewarm water.

I noticed you have insomnia. Is there a reason why you can’t sleep? I feel pain.
You can change your sleeping position into one that is more comfortable. You can take a painkiller.

I noticed you have insomnia. Have you started a new drug recently? I have started this new pill recently.
You can discuss with your doctor about possible medication side-effects.

Have you been crying? I feel sad.
Talk to someone you love and cares about you. You can go out for a walk. You can read a book. You can watch
TV.

Have you been crying? Something happened to a person I care about.
Talk to someone you love and cares about you. You can call them tomorrow.

Have you been crying? I feel sad.
Have you started a new drug recently?

Have you been crying? I feel guilty. It’s my fault.
Don’t blame yourself. Talk to someone you love and cares about you. You can talk to a psychiatrist.

Have you been crying? I am moved by the movie. It was so sad.
Talk to someone you love and cares about you.

Have you been crying? I don’t feel good about myself.
Talk to someone you love and cares about you. Talk to a psychiatrist.

Have you been crying? I feel sad. I feel bad. I don’t know why.
You can write down your thoughts in order to realize your negative feelings. You can talk to someone who cares
about you.

You haven’t been moving your body a lot recently. Is there something wrong? I feel pain.
Try small exercises. Avoid movements that hurt. You can take painkillers. You can have a massage.

You haven’t been moving your body a lot recently. Is there something wrong? I feel dizziness.
Avoid sudden movements. Measure you blood pressure. Have you skipped any meals?

You haven’t been moving your body a lot recently. Is there something wrong? I feel tired.
Listen to your favorite music. Eat a small chocolate. Take a small walk. Take a warm bath.

You haven’t been moving your body a lot recently. Is there something wrong? I am not in a good mood.
Listen to your favorite music. Eat a small chocolate. Take a small walk. Call your friends.

You haven’t been moving your body a lot recently. Is there something wrong? I didn’t sleep well last night.
Listen to your favorite music. Watch TV. Take a small walk. Call your friends.

You haven’t been moving your body a lot recently. Is there something wrong? I am bored.
Maybe you can start a new hobby. You can call someone you care about. You can watch TV. You can go for a walk.
You can eat a small chocolate.

I noticed you haven’t met with someone or even talked to someone these last days. I am not in a good mood.
You can start a new hobby. You can go to church. You can call a friend or family member.

I noticed you haven’t met with someone or even talked to someone these last days. I don’t have friends.
You can organize your schedule from the previous day. You can take your friends with you when you go out.

I noticed you haven’t met with someone or even talked to someone these last days. I don’t have time.
You can choose free activities and share them with your friends. You can visit a friend. You can call a friend over.
You can call a friend.

I noticed you haven’t met with someone or even talked to someone these last days. I save money.
You can sit on the balcony for a while. You can call a friend. You can go for a short walk.

I noticed your blood pressure is increased lately. Are you felling ok? I fell sad. I feel nervous.
Avoid coffee and alcohol. Call a friend or family member. You can go out for a walk.

I noticed your blood pressure is increased lately. Are you felling ok? I feel pain. I’m in pain.
You can lie down. You can eat more fruit and vegetables. You can call your doctor.

I noticed your blood pressure is increased lately. Are you felling ok? I didn’t take my pills.
Take your pills as soon as you remember it. If next dose is close, just wait for next dose. Talk to your doctor.
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I noticed your blood pressure is increased lately. Are you felling ok? I had a bad night sleep.
You can talk to your doctor. Avoid coffee, alcohol and smoking.

I noticed your blood pressure is increased lately. Are you felling ok? I had my drugs changed recently.

Talk to your doctor for possible side-effects. Avoid coffee, alcohol and smoking.

6.3 Sentiment-Sentiment Complaint-Recommendation
Interactions

I noticed you have insomnia. Did you experience difficulty sleeping? I am going to collapse. I will soon start crying.
You can take deep breaths and drink a nice glass of milk or Louiza tea. You can read your favourite book or take
a nice warm bath.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? I cannot stop eating. My boulimia
kicked in.
We should always care about ourselves and don’t eat coffee, alcohol or eat too much 3 hours before you go to sleep.

I noticed you have insomnia. Why am I so thirsty? I cannot stop drinking water.
It is better if you drink water earlier before going to bed.

I noticed you have insomnia. Is there a reason why you didn’t sleep well?
Exercising in the evening exhausted me and I cannot sleep at all. Your body needs some hours to relax before going
to sleep. Why don’t you try exercising earlier?

I noticed you have insomnia. Is there a reason why you didn’t sleep well? I can never forget those things. I
think I will start crying.
What is your most happy thing you can think before bed?

I noticed you have insomnia. Is there a reason why you didn’t sleep well?
My friends didn’t let me rest all day. You can always take care of yourself doing the same things every day.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? Don’t you see what is happening to
the world?
I know TV is like that but why can’t you try something more relaxing?

I noticed you have insomnia. Is there a reason why you can’t sleep? I am sweating like there’s no tomorrow.
Do you want to lower the room temperature wear something lighter? If you want you can drink a cool glass of milk
or water take a nice shower.

I noticed you have insomnia. Is there a reason why you can’t sleep? My back is killing me!
In which position is your body more comfortable? Do you need a painkiller?

I noticed you have insomnia. Have you started a new drug recently? How can I sleep if they keep changing the
pills every day?
Did you think about medication side-effects? Do you want to discuss it with your doctor?

Have you been crying? My heart sunk.
You know that there are people who care about you. Do you want to call them? What is pleasant to you? Reading
a book or watching TV?

Have you been crying? My poor friend is in terrible state.
Why don’t you try to get some sleep and maybe you can call them tomorrow.

Have you been crying? I should be punished. I should be dead.
You are only human. Do you want to talk to someone? Maybe your family or the psychiatrist?

Have you been crying? Sad movies tear my heart out.
Do you want to talk to someone so that you can feel better?

Have you been crying? I don’t deserve to be alive!
Do you want to talk to someone? Maybe your family or the psychiatrist?

Have you been crying? I don’t know what is happening to me.
Do you want to try to write down your thoughts? Do you want to talk to someone?

You haven’t been moving your body a lot recently. Is there something wrong? My legs are killing me!
Do you want to try small exercises or a massage. If it hurts too much you can take a painkiller.

You haven’t been moving your body a lot recently. Is there something wrong? The room is spinning.
Do you want to sit down for a bit? Maybe you can measure your blood pressure or eat something.

You haven’t been moving your body a lot recently. Is there something wrong? I can’t keep my eyes open.
Maybe it is better if you took a small walk or if you talked to someone.

You haven’t been moving your body a lot recently. Is there something wrong? I cannot bring myself to do
anything.
Maybe it is better if you took a small walk or if you talked to someone. Do you like music?

You haven’t been moving your body a lot recently. Is there something wrong? I can’t get any sleep.
Maybe it is better if you took a small walk or if you talked to someone. Do you like TV?

You haven’t been moving your body a lot recently. Is there something wrong? There is nothing to do.
Maybe you can go for a walk or you can start a new hobby or talk to someone.

I noticed you haven’t met with someone or even talked to someone these last days. I don’t want to see anyone.
Maybe you can go for a walk or you can start a new hobby or talk to someone about it.

I noticed you haven’t met with someone or even talked to someone these last days. I am alone in this world.
You can always talk to someone or you can go to the church.

I noticed you haven’t met with someone or even talked to someone these last days. I wish I had the time.
Do you want to organize your schedule from the previous day or invite your friends when you go out?

I noticed you haven’t met with someone or even talked to someone these last days. I am broke and cannot do
anything.
Are there any free activities that you can share with your friends? Can a friend come to your house?

I noticed your blood pressure is increased lately. Are you felling ok? Nothing can make me relax.
Do you want to sit on the balcony for a while or listen to some music?

I noticed your blood pressure is increased lately. Are you felling ok? My head is killing me.
Do you want to take a painkiller? It is better if you avoided coffe or alcohol.

I noticed your blood pressure is increased lately. Are you felling ok? I don’t want any more pills.
Your family knows that you take your pills regularly. Do you want to talk to your doctor?

I noticed your blood pressure is increased lately. Are you felling ok? I can’t sleep even for one second.
It is better if you can reduce alchol, coffe or smoking. If you want to, you can talk to your doctor.

I noticed your blood pressure is increased lately. Are you felling ok? They keep changing my drugs.

It is for your own good.Do you want to talk to your doctor for possible side-effects?
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6.4 Instrumental Power-Instrumental Power Complaint-
Recommendation Interactions

I noticed you have insomnia. Did you experience difficulty sleeping? I was nervous ok?
It is already late and you will be exhausted, go to bed even if you don’t feel like it.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? I think I have been eating a lot at
night.
Why do you eat or drink before bed? Don’t you care about yourself?

I noticed you have insomnia. What did you do wrong and you can’t sleep well? I am never drinking water
again at night.
Then you have to stop drinking water before bed immediately.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? My exercise is keeping me from
sleeping. I am quitting.
It is very clear. Never exercise before bed or you will have difficulty sleeping.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? I am going to fall into depression.
It is important to think positive before bed otherwise you will have a problem sleeping.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? I will never call my friends again.
It is your responsibility to keep a steady routine before going to bed.

I noticed you have insomnia. Is there a reason why you didn’t sleep well? TV makes me want to jump off a
cliff.
You should choose wisely the TV programs you watch or you will experience insomnia.

I noticed you have insomnia. Is there a reason why you can’t sleep? I am going to faint from the heat.
If you want the symptoms to stop, you sholu lower the room temperature immedialtely.

I noticed you have insomnia. Is there a reason why you can’t sleep? I wiil faint from this pain. If you don’t
want to hurt, you must take a painkiller.

I noticed you have insomnia. Have you started a new drug recently? I will quit this new bloody pill.
You cannot stop this pill before you talk to your doctor.

Have you been crying? I am getting depressed.
If you do not take the initiative to take a walk or talk to someone, your mood will not change.

Have you been crying? Did you see what happened to him? I am getting depressed. If you call them now, you
will be more stressed. You can call them tomorrow.

Have you been crying? Why should I stop crying?
Didn’t you think of new drugs the doctor prescribed first?

Have you been crying? I feel guilty. It’s my fault. If you make your own conlusions and don’t talk to the
psychiatrist, you will not solve this problem.

Have you been crying? I am going to fall into depression because of that movie.
If you will not talk to someone, you will feel bad for no reason.

Have you been crying? I want to hurt myself. I hate myself. I want to die. This is the time to talk to a
psychiatrist.

Have you been crying? I don’t know why I want to hurt myself.
If you will not talk to a friend or a psychiatrist, your mood cannot change.

You haven’t been moving your body a lot recently. Is there something wrong? I feel so much pain I am going
to tear up my clothes.
The correct solution is to take a painkiller or call your doctor.

You haven’t been moving your body a lot recently. Is there something wrong? I feel dizziness and want to hit
my head against the wall.
If you do not eat properly and you make sudden movements, what do you expect?

You haven’t been moving your body a lot recently. Is there something wrong? I feel tired and do not want to
do anyting.
If you do not take initiative to change your life and go out for a walk or have a hobby, you will not feel better.

You haven’t been moving your body a lot recently. Is there something wrong? I am not in a good mood and
do not want to do anything.
It is time to get out of the house and walk.

You haven’t been moving your body a lot recently. Is there something wrong? I didn’t sleep well last night.
Listen to your favorite music. Watch TV. Take a small walk. Call your friends.

You haven’t been moving your body a lot recently. Is there something wrong? I am bored and do not want to
do anything.
It is time that you started a new hobby.

I noticed you haven’t met with someone or even talked to someone these last days. I am not in a good mood
to do anything.
It is time to start communicating with more people by going out or talking to someone.

I noticed you haven’t met with someone or even talked to someone these last days. I don’t have friends and I
will never have friends.
If you don’t take the initiative to call your friends or to meet them, nothing will change in your life.

I noticed you haven’t met with someone or even talked to someone these last days. I don’t have time and I
chose my program.
It is clear that you should take out some activities from your program so that you will meet your friends more.

I noticed you haven’t met with someone or even talked to someone these last days. I save money and I don’t
want to spend it on useless things.
If you really want it, you can always find free activities to do with your friends.

I noticed your blood pressure is increased lately. Are you felling ok? I fell sad. I feel nervous and too stiff to
relax.
If you really want to relax, sit on the balcony or listen to music.

I noticed your blood pressure is increased lately. Are you felling ok? I feel pain. I’m in pain and I want to
smash you you bloody machine.
If you feel pain and you are so uncomfortable, the solution is to call your doctor.

I noticed your blood pressure is increased lately. Are you felling ok? I didn’t take my pills and I won’t.
Call your doctor and do not jeopardize your health.

I noticed your blood pressure is increased lately. Are you felling ok? I will stop those bloody new drugs. Take
your pills as soon as you remember it and do not jeopardize your health.
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