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Abstract: Inspired by principles of the decision tree test method in software engineering, this paper
provides a discussion on intelligent Al test modeling chat systems, including basic concepts, quality
validation, test generation and augmentation, testing scopes, approaches, and needs. The novelty of
the paper lies in an intelligent Al test modeling chatbot system that is built and implemented based
on an innovative 3-dimensional Al test model for Al-powered functions in intelligent mobile apps
to support model-based Al function testing, test data generation, and adequate test coverage result
analysis.
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1. Introduction

An intelligent chat system refers to a computer-based intelligent chat system that has built-in AI
solutions that support diverse system-and-user interactions with customers and answer questions,
chat different subjects, and play as an intelligent agent (such as a finance agent, customer service agent,
real estate agent, and so on). An intelligent chat system usually is developed with Al techniques,
natural language processors, and machine models to accept, process, and understand diverse questions
as inputs from users, generate appropriate responses to answer their questions, facilitate them to
complete transactions, or walk users through a customer support process, and resolve their issues,
typically represented as a virtual avatar.

Due to the advantages of intelligent chat systems (such as chatbots) over other customer support
options, using chatbots is an effective method of customer engagement. It is becoming popular in
business operations due to the advantages in the following areas: a) its easy connectivity with diverse
social media channels and networks, such as websites, email, SMS, or messaging applications; b) cost
reduction in call centers; c) easy collection of consumer data from support interactions; and d) smart
interactions with customers.

According to a recent market analysis report [1], the chatbot market is expected to grow by USD
1.11 billion, progressing at a CAGR of almost 29% during the forecast period. Besides, organizations
across various industry verticals are increasingly adopting Al to make more informed decisions. This
provides enhanced customer service, opening several new opportunities for market vendors. In the
academic field, comprehensive reviews on plenty of state-of-the-art research outcomes in dialogue
systems [2] have been carried out, which is becoming a heated research topic.

This growing trend provides good business and research opportunities and brings technical
challenges and needs in chatbot system testing and automation. As a special type of intelligent mobile
app, testing smart chat systems must encounter similar challenges and issues [3]. For instance, smart
mobile apps and modern intelligent chat systems have the following features:

- Development based on NLP and machine learning models based on big data.
- Rich-media inputs and outputs, text, audio, and images.
- Text-to-speech and speech-to-text functions.
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- Text generation, synthesis, and analysis capabilities.

- Uncertainty and non-deterministic in response generation.

- Understanding selected languages and diverse questions and generating responses with diverse
linguistic skills. These special features bring many issues and challenges in quality testing and
evaluation of intelligent chat systems (like chatbots).

Certain issues [23] have been faced in testing intelligent chatbot systems as follows:

Issue 1 - Lack of quality validation criteria and quality assurance standards leads to difficulty in
establishing well-defined, clear, and measurable quality testing requirements.

Issue 2 — Lack of well-defined systematic quality testing methods and solutions.

Issue 3 — Lack of automatic test tools with well-defined, adequate quality test coverage.

Issue 4 — Lack of automatic adequate quality test coverage analysis techniques and solutions.

The current chatbot testing methods do not consider some important features of intelligent chat
systems, such as chatting patterns and steps, domain knowledge, memory, etc., which have been
discussed in this work. The focus here is on various testing approaches used to validate intelligent
chatbot systems and several non-functional quality testing services required for the system. Major
causes of quality validation challenges include uncertainty, NLP/ML model diversity, continuous
learning, platform diversity, big data diversity, and rich media inputs/outputs. To overcome these
challenges and test for diversity, quality testing adequacy was carried out using some conventional
testing methods. However, these methods were developed without considering Al-powered features
and do not support rich media input. This led to the study of Al test modeling for intelligent chatbot
systems.

The novelty of the paper lies in an intelligent chatbot-based 3-dimensional (input, context, and
output) Al test modeling of the mobile app, Wysa, which is an emotional and mental coaching chatbot
system. The main focus of the study is:

¢  Application of Al-based 3-dimensional test modeling and provides a reference classification test
model for chatbot systems.

*  Discussion of various test generation approaches for smart chatbot systems.

e Al to support test augmentation (positive and negative) for chatbots.

e  Test result validation and adequacy using an Al-based approach for smart chatbot systems.

® Al test results and analysis, specifically for the mobile app, Wysa.

The paper discusses intelligent chat system testing, including basic concepts, testing scopes,
approaches, and adequate validation criteria. In addition, the paper discusses 3D test modeling and
provides a reference classification test model. The paper is structured as follows: Section 2 reviews the
related research work on current smart chat systems. Section 3 discusses smart chat system testing,
including basic concepts, the validation process, testing focuses, quality parameters, quality validation
methods, and approaches. Section 4 discusses 3D intelligent test modeling and analysis with classified
test modeling. Section 5 presents the test generation and data augmentation for intelligent chatbot
systems. Section 6 reports test results and validation, with a statistical analysis of the results in Section
7. The concluding remarks of the work are presented in Section 8.

2. Literature Review

Many tools are available for chatbot development, but testing support for chatbots is very limited.
Many existing chatbot development platforms, such as Dialogflow, Watson, or Lex, provide a web
chat console that allows manual and informal testing of the chatbots. Only a few platforms, like
Dialogflow, can provide debug facilities and check the quality of chatbots by detecting intents with
similar training phrases. Some companies have developed testing tools for chatbots. For example,
haptik.ai provides a testing tool that allows automatic interaction with chatbots through simple scripts
and can be integrated with automation servers such as Jenkins. Botium can also be incorporated into
testing flows using them.
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For academic proposals, the authors introduced an approach for functional testing of a hotel
booking chatbot and applied Al planning techniques to generate test cases traversing a conversation
flow [9]. Divergent inputs (word order errors, incorrect verb tense, synonyms) were created from
an initial utterance set [10], and divergent examples were generated by lexical substitutions [11] that
retain the same meaning based on earlier studies. In recent years, there has been a surge of work on
evaluating chatbots based on test models. Some researchers evaluated chatbots using natural language
processing (NLP)-based approaches. Besides NLP-based test models, other recent test models can also
be leveraged to test dialogue systems. The weakness of existing chatbot frameworks [12] was that
different goals in diverse domain-oriented intelligent chat systems were not considered. To address
this, the authors adapt the Goal-Question-Metric model [13], which is a top-down hierarchical model.
The top level starts with a goal refined into several questions. Each question is a metric, objective, or
subjective. The natural language conversations flow diagram (NLCFD)-based test execution [14] was
then proposed as the set of specification traces, each of which is used to generate a set of test cases and
then to repeatedly execute each test case until all associated possible paths have been covered.

Some authors have worked on the review of the quality assurance and test automation of the
chatbot systems, including the works of [15-32]. Although these existing models have found various
chatbot issues, a comprehensive test model is lacking in addressing the special test focuses and needs
in domain knowledge, subjects, memory, diverse questions, and answers in the case of a mobile app
chatbot system. This paper focuses on test modeling challenges and needs and provides a reference
classification test model for the intelligent chatbot system, Wysa. The work provides several testing
approaches that validate the intelligent chatbot system, followed by a non-functional quality testing
service that helps improve its quality. The main aim of the study is to provide a 3D approach for Al test
modeling, where the tree model includes input, context, and output classification. Table 1 represents a
detailed survey based on Al test models of existing works and their differences in approach from the
one studied here.
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Table 1. Literature survey based on Al test models.
Ref Objective Automated| Test Modelling Test Generation | Augmentation
test vali-
dation

[4] Testing conversational sys- | No Simulated User | Scenario-Based, | Automated
tems with simulated users Testing and Behavior- | Testing Augmen-
(chatbot specialized in finan- Driven tation
cial advice)

[5] Sequence-to-sequence mod- | No Dialogue  gen- | Context- Automatically
els with long short-term eration model | response pairs | introduces vari-
memory (LSTM) for open- and person- | from two TV | ations in the
domain dialogue response ality model | series (Friends | input
generation using OCEAN | and The Big

personality traits | Bang Theory)

[6] A metamorphic testing ap- | No Metamorphic Metamorphic re- | Constructing
proach for chatbots and ob- testing lations to guide | grammars in
tain sequences of interactions the generation of | Backus-Naur
with a chatbot test cases and | form (BNF),

initial set of in- | mutations, and
puts functional correct-
ness

[7] Testing chatbots with Charm | No Used Botium to | Convo Genera- | Fuzzing/Mutation,

test coherence, | tion, Utterance | Iteration and Im-
sturdiness, and | Mutation provement
precision testing

[8] Turing test to Al chatbots | No Behavioral and | Classic behav- | Personality assess-
to examine how chatbots personality ioral games ments using the
behave in a suite of clas- testing Big-5 personality
sic behavioral games using survey
ChatGPT-4

Our Intelligent AI 3D test mod- | Yes (Used | 3-Dimensional Al-based model, | AI- model based

pur- eling, test generation, data | Al-based | Altest modeling | and NLP/ML | positive and nega-

pose augmentation, and test result | test vali- model tive augmentation
validation for chat systems | dation)
Wysa, a mental coach chatbot

3. Understanding of Testing Intelligent Chatbot Systems

Testing intelligent chat systems refers to system quality validation activities using well-defined

systematic methods and solutions to achieve the following three objectives:

Objective 1 - Validating the system chat intelligence and functions. It focuses on checking how
well an intelligent chat system can interact with users to accept and correctly process incoming inputs
in text/image/audio and generate the appreciated responses/answers. These interactive chats must
be validated in a pre-defined domain-specific knowledge scope, including content subjects, topics,
Q&A patterns, and interaction flows based on the predefined chat intelligence and functions at the
system level.

Objective 2 - Measuring and assuring system nonfunction quality by evaluating its QoS parameters
from different perspectives: a) language-oriented perception, diversity, and similarity; b) system-
oriented parameters, such as security, reliability, scalability, availability, and performance, c) chatting
related parameters, such as user satisfaction, response accuracy/relevance, content correctness, and
consistency.

Objective 3 - Evaluating the system to see if it is trustworthy for users and customers based on
user-oriented quality validation and evaluation.

3.1. Testing Approach

There are several testing approaches to validating intelligent chatbot systems. Table 2 compares
Al testing, Al-based software testing, and conventional software testing methods.
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Table 2. A comparison between Al testing, Al-based software testing, and the conventional software testing

methods.

Items

Al Testing

Al-based Software Testing

Conventional Software Test-
ing

Objectives

Validate and assure the qual-
ity of Al software and sys-
tem by focusing on system Al
functions and features

Leverage Al techniques and
solutions to optimize a soft-
ware testing process and its
quality

Assure the system function
quality for conventional soft-
ware and its features

Primary
Al-Testing
Focuses

Al feature quality factors:
accuracy, consistency, com-
pleteness, and performance

Optimize a test process in
product quality increase, test-
ing efficiency, and cost reduc-
tion

Automate test operations for
a conventional software pro-
cess

System Func-
tion Testing

Al system function testing:
Object detection & classifi-

System functions, behavior,
user interfaces

System functions, behavior,
user interfaces

cation, recommendation and
prediction, language transla-
tion

Test Selection Al test model-based test se- | Test selection, classification | Rule-based and/or
lection, classification and rec- | and recommendation using | experience-based test se-
ommendation Al techniques lection

Test Data Gen- | Al test model-based data dis- | Al-based data collection, clas- | Model-based and/or pattern-
eration covery, collection, generation, | sification, and generation based test generation

and validation
Bug Detection | Al-model based bug detec- | Data-driven analysis for bug | Digital and systematic
and Analysis tion, analysis, and report classification, detection, and | bug/problem management.

prediction

Different testing approaches are given below.

e  Conventional Testing Methods - Using conventional software testing methods to validate any
given smart chatbots and applications online or on mobile devices/emulators. These include
scenario-based testing, boundary value testing, decision table testing, category partition testing,
and equivalence partition testing.

e  Crowd-Sourced Testing - Using crowd-sourced testers (freelanced testers) to perform user-
oriented testing for given smart chatbots and systems. They usually use ad-hoc approaches to
validate the given systems as a user.

¢ Smart Chat Model-Based Testing - Using model-based approaches to establish smart chat models
to enable test case and data generation, and support test automation and coverage analysis.

¢ Al-Based Testing - Using Al techniques and machine learning models to develop Al-based
solutions to optimize smart chatbot system quality test process and automation.

¢ NLP/ML Model-Based Testing - Using white-box or gray-box approaches to discover, derive,
and generate test cases and data focusing on diverse ML models, related structures, and coverage.

¢  Rule-based testing - This methodology employs rule-based testing to generate tests and data
for handling intelligent chat systems. While effective for traditional rule-based chat systems, it
faces numerous challenges in addressing modern intelligent chat systems due to their unique
characteristics and the complexities introduced by NLP-based machine learning models and big
data-driven training.

* System Testing - In this strategy, quality of service (QoS) parameters at the system level will
be chosen, assessed, and tested using clearly defined evaluation metrics. This aims to quanti-
tatively validate both system-level functions and Al-powered features. Common system QoS
factors encompass reliability, availability, performance, security, scalability, speed, correctness, ef-
ficiency, and user satisfaction. Al-specific QoS parameters typically involve accuracy, consistency,
relevance, as well as loss and failure rates.

* Leaning-based testing - In this method, the activities and tests conducted by human testers are
monitored, and their test cases, data, and operational patterns are collected, analyzed, and learned
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from to understand how they design tests and data for a specific smart chat system. Additionally,
any bugs they uncover can be learned from and utilized as future test cases.

*  Metamorphic Testing - Metamorphic testing (MT) is a property-based software testing technique,
which can be an effective approach for addressing the test oracle problem and test case generation
problem.

3.2. Testing Scope
The testing scope is shown in Figure 1 (a) for smart chat systems, including the following:

¢ Domain Knowledge - Validate a smart chatbot system to see how well the current chatbot system
has been trained for selected domain knowledge and demonstrate its knowledge at different
levels during its chats and communication with clients.

¢  Chatflow Patterns - Validate a smart chatbot system to see how well it is capable of carrying out
chats in diverse chatting flow patterns.

¢  Chat Memory - Validate Chatbot’s memory capability about clients’ profiles, cases, chat history,
and so on.

*  Q&A - Validate Chatbot’s Q&A intelligence to see how well an under-test smart chat system is
capable of understanding the questions and responses from clients and providing the responses
like a human agent.

*  Chat Subject - Validate the Chatbot’s intelligence in subject chatting to see how well an under-test
chatbot system is capable of chatting with clients on selected subjects.

* Language - Validate a smart chatbot’s language skills in communicating with clients in a selected
natural language.

¢  Text-to-speech - Check how well the under-test chatbot system can convert text to speech correctly.

*  Speech-to-text - Check how well the under-test chatbot system can convert speech audio to texts
correctly.

/

Y Diversity
(_,) Relevance Reliability ()
.)
- K—-/
Correctness /

AD

Consistency

.
Satlsfactorv \Ecur%

E'-I-I7

Accuracy

Chat Patterns

Language

Perueptlon Scalability

Speech-To-Text Chat Subject
(a) (b)

Figure 1. (a) Testing scope for intelligent chat functions. (b) Non-function testing scope for intelligent chatting.

The non-function quality testing service required for the system shown in Figure 1 (b) includes
twelve quality validation focuses as follows:

*  Accuracy - To make sure that the system can accurately process and understand NLP and rich
media inputs, generate accurate chat responses in a variety of subject contents, languages, and
linguistics using a range of tests with a variety of chat patterns and flows, assess system accuracy
based on well-defined test models and accuracy metrics.
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e  Consistency - To ensure that the system can consistently process and understand a wide range of
NLP, rich media inputs, and client attention, as well as generate consistent chat responses in a
variety of subject contents, languages, and linguistics using a variety of tests with chat patterns
and flows, evaluate system consistency based on well-defined test models and consistency metrics.

*  Relevance - Use established testing models and profitability metrics to assess system relevance.
This ensures the system’s capability to comprehend and process a wide array of NLP and
multimedia inputs, identify pertinent subjects and concerns, and produce appropriate chat
responses across diverse domains, subjects, languages, and linguistic variations through varied
testing methodologies.

*  Correctness - Assess the accuracy of a chat system’s processing and comprehension of NLP
and/or rich media inputs, its ability to provide accurate replies related to domain subjects,
contents, and language linguistics, using well-defined test models and metrics.

*  Availability - Ensure system availability based on clearly defined parameters at various levels
such as the underlying cloud infrastructure, the enabling platform environment, the targeted chat
application Saa$S, and user-oriented chat SaaS.

®  Security - Assess the security of the system by utilizing specific security metrics to examine the
chat system’s security from various angles. This includes scrutinizing its cloud infrastructure,
platform environment, client application SaaS, user authentication methods, and end-to-end chat
session security.

*  Reliability - Assess the reliability of the system by employing established reliability metrics at
various tiers. This encompasses evaluating the reliability of the underlying cloud infrastructure,
the deployed and hosted platform environment, and the chat application SaaS.

®  Scalability - Evaluate system scalability based on well-defined scalability metrics in different
perspectives, including deployed cloud-based infrastructure, hosted platform, intelligent chat
application, large-scale chatting data volume, and user-oriented large-scale accesses.

e  User satisfactory — Assess user satisfaction with the system by employing well-defined metrics
from various angles. This includes analyzing user reviews, rankings, chat interactions, session
success rates, and goal completion rates.

e  Linguistics diversity — Assess the linguistic diversity of the intelligent chat system in its ability to
support and process various linguistic inputs, including diverse vocabularies, idioms, phrases,
and different types of client questions and responses. Additionally, evaluate the system’s linguistic
diversity in the responses it generates, considering domain content, subject matter, language
syntax, semantics, and expression patterns.

e  Performance - Assess the performance of the system using clearly defined metrics related to
system and user response times, processing times for NLP-based and/or rich media inputs, and
the time taken for generating chat responses.

*  Perception and understanding — Assess the system’s perception and comprehension of diverse
inputs and rich media content from its clients using established test models and perception
metrics.

4. Al Test Modeling for Intelligent Chatbot Systems

In software testing, the major objective of a test model is to provide a fundamental base for
building systematic test methods and defining adequate test coverage assessment criteria. There is
a strong demand for well-defined and practical test models for black-box validation of Al-powered
functions in modern intelligent mobile apps and smart systems.

4.1. Al Test Modeling and Analysis

There are three ways to derive 3D Al test models for Al-powered functions, including manual
derivation, tool-based interaction, and learning-based model derivation. The current version of the Al
Test tool supports interactive test modeling for test engineers. Figure 2 shows the 3D Al function test
model with T(F;) the AI function.
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Figure 2. 3D Al function test model.

There are 3D intelligent chat test modeling processes discussed as follows:

e 3D Intelligent Chat Test Modeling Process I - In this process, for the selected intelligent chat
function feature, set up a 3D classification tree model in 3 steps. 1) Define an intelligent chat
input context classification tree model to represent diverse context classifications. 2) Define
an intelligent chat input classification tree model to represent diverse chat input classifications.
3) Define an intelligent chat output classification tree model to represent diverse chat output
classifications. Figure 3(a) shows the schematic diagram for a single-feature 3D classification tree
model.

¢ 3D Intelligent Chat Test Modeling Process II - For the selected intelligent chat function features,
set up a 3D classification forest tree model in 3 steps. 1) Define an intelligent chat input context
classification tree model to represent diverse context classifications. 2) For each selected intelligent
chat Al feature, define one intelligent chat input classification tree model to represent diverse chat
input classifications. One input classification decision table is generated based on the defined
input tree model. As a result, a chat input forest is created, and a set of input decision tables
are generated. 3) For each selected intelligent chat Al feature, define one intelligent chat output
classification tree model to represent diverse chat output classifications. One output classification
decision table is generated based on the defined output tree model. As a result, a chat output
forest is created, and a set of output decision tables is generated. Figure 3(b) shows the schematic
diagram for the 3D classification forest tree model for selected features of intelligent chat functions.

e 3D Intelligent Chat Test Modeling Process III - For each selected intelligent chat function feature,
set up a 3D classification tree model in 3 steps similar to that of process I. A corresponding 3D
decision table will be generated. After a modeling process, a set of 3D tree models will be derived,
and related 3D decision tables will be generated.
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Figure 3. 3D classification tree model.

4.2. Al-Based Test Automation for Mobile Chatbot - WYSA

Wysa is an Al-powered coaching chatbot designed to provide mental health and emotional well-
being support. It acts as a virtual companion and coach, offering a safe and confidential space for
users to express their thoughts, feelings, and concerns. As an Al Coach, Wysa employs evidence-based
techniques from cognitive-behavioral therapy (CBT), dialectical behavior therapy (DBT), mindfulness,
and other therapeutic modalities to support users in managing stress, anxiety, depression, and other
mental health challenges. Wysa offers a wide range of features and functionalities, including mood
tracking, conversation analysis, personalized self-care exercises, goal setting, and coping strategies.
It can help users identify and challenge negative thoughts, practice relaxation techniques, develop
healthy habits, and set and track progress toward their well-being goals. Wysa Al feature scope is
included in Table 3. Figure 4 shows the input, context, and output classification tree sample for the
Al-based test automation for the mobile chatbot, Wysa.
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Figure 4. A sample of classification tree for Al-powered function in mobile app, Wysa.

Table 3. Wysa Al Feature Scope.

Concept Description

Mood Tracking and | Tracking and analyzing an individual’s mood or emotional state over time. It

Analysis involves recording and assessing mood patterns, fluctuations, and trends to gain
insights into emotional well-being.

Self-care Analysis Analyzing and evaluating an individual’s self-care practices and habits. It

involves assessing activities related to physical, mental, and emotional well-
being, such as exercise, sleep, relaxation techniques, and mindfulness practices.
Conversational Sup- | Analyzing the effectiveness and impact of conversational support provided

port Analysis by chatbots or Al systems. It involves evaluating the quality, empathy, and
appropriateness of responses to users” emotional or support-related queries or
needs.

Goal Setting Setting specific, measurable, attainable, relevant, and time-bound (SMART)

goals to promote personal growth and well-being. It involves identifying areas
of improvement, defining objectives, and establishing action plans to achieve
desired outcomes.

Sentiment Analysis Analyzing and determining the sentiment or emotional tone expressed in text
or conversations. It involves classifying text as positive, negative, or neutral to
understand the overall sentiment or attitude conveyed.

Well-being Resources | Providing personalized resources, recommendations, or interventions to support
and Personalised In- | individual well-being. It involves offering tailored suggestions, activities, or
tervention resources based on an individual’s needs, preferences, or identified areas of
improvement.
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Figure 5 shows the sample chat of the mobile chatbot system, Wysa, that works as a mental coach

replying with different options and thoughts a person can work on for self-care. The chat shows the

way Wysa tries to help a sad person uplift their mood by suggesting some links to mindful compassion.

It also shows that Wysa remembers the person chatting and refers to accessing the journey tab for the

previous chat. One can see the interactive pattern of Wysa. It tends to reply to short questions like “tell

me more’, to W- questions like "'when, where, why, what’, and knowledge questions based on analysis,

application, or comprehension. It shows how Wysa tries to keep an interactive chat by suggesting a
game.

<« “z Add a therapist

Tell me what happened.

| can't manage work life balance,
help me do that

I understand how you feel, Rads.
Its pretty natural to lose focus
when you have a lot going on in
your mind.

You can explore the slider below to
see some things | can help with.
You can also find more tools and
exercises in the self-care library.

o
Q)

Fun & Games Positive Thinking
TRY TH] RY THIS
Show self-care kit

Reply or say help.

Hey! 'm wysa

I'm here to help you de-stress
and nurture yourself

-
S

Add acoach
Show self-care kit

I can help you deal with some of
these feelings... which would you
like help with?

Low energy &

Want me to help you reframe these
thoughts?

Often, we end up feeling differently
about situations when we try to
look at them in a different way.

Yes,let's try

In any situation, what we think
affects what we do, and how we
feel.

Reply or say help

Add a coach

¥ ® Explain

If you see something unexpected
and possibly unpleasant - say
a spider, you could react in two

What do you think determines how
you feel?

My thoughts &

Now as a third case, if you thought
"Oh poor spider, | hope it doesn't
get trampled upon! What feelings
would come with that thought?

Concern
How do | do that?

S same situation_hut different
Reply or say help

Add acoach
How do | do that?

We have around 40,000 thoughts

everyday with their content ranging

from 'me’, "others” & the world" to
wish for.

Only some of them are actually
useful. Unhelpful ones can make
you feel helpless, negative,
hopeless, worthless, etc.
Rethinking those unhelpful
thoughts is a very powerful way to

feel better. Would you like to learn
how?

Not at the moment
Altight, 1l see you later.

Let me know if you want to talk
anytime. &

Addacoach

Rads! ) How are you today?

Add a coach
Playing cards and Jenga

Thank you for sharing this with me
° Rads. Im adding these moments

in your positive list. Say #happy

anytime to see your positive
Wishing you lots of contentment moments.
and satisfaction. What made you
feel recharged?

#4Thanks

Was it one of these things? Or a
combination of them?

There's something interesting that
Id like to share with you. Would you
like to hear it?

Spent time with family and friends
and work went well

Tell me!

Ive got a really fun and interesting
guessing game. &

Want totry it?
Yeah, sure X Maybe later
G D ..

Reply or say help.

That's nice! How did you spend
your time with family or friends,
Rads? @

Playing cards and Jenga

<@ Add acoach

Would you like to play?

Maybe later

Alight then! That's fine too.

What do you know about human
emoticons?

Sometimes we all need more
support,

Wysa Coaches are qualified
psychologists, and you can
book an appointment with them
immediately.

Would you like to work with a Wysa
Coach?

No, let's continue talking

Alright then! That's fine too.

Reply or say help

« @ Adda coach
What is an intention or goal you

would like to set to make things

even better for today?

Why do you ask so many questions?

I'm sorry, I'm not very good at
answering specific questions

yet. Please write to my team at
wysa@touchkin.com to help me
improve. You can also type #help
10 see some things | can help with.

Go on. Tell me.

Can we just talk like friends?

Alright. Add more.

Do you remember what we talked
about last time?

You can access our chats through
the Journey tab on the home feed
of the app.

That's all

Reply or say help.

(b) A memory and subject-oriented test model.

Figure 5. Chat sample for test modeling.

« @ Adda coach
-

1 am feeling happy today. | wish to
have a friendly chit chat with you.

Id love to hear more about what
makes you feel happy.

1 understand. Becoming our own
best friend can make us find that
inner peace and aligment.

Let's work on increasing our
compassion towards ourselves.
That sounds good
0
Mindful Compassion

Why?
This Mindfulness technique has proven to increase levels
of optimism and kindness, especially towards oneselr.

This subsection gives a classification test model for intelligent chat systems. It could support test

design for the following types of intelligent chat testing.

Knowledge-based test modeling - This is useful to establish test models focusing on selected

domain-specific knowledge of a given intelligent chat system to see how well it understands

the received domain-specific questions and provides proper domain-related responses relating

to responses. For service-oriented domain intelligent chat systems, one could consider diverse

knowledge of products, services, programs, and customers. Figure 6 (a) shows a knowledge-

based test model, while (b) shows the specific example where American history is considered the

knowledge domain and has topics and subtopics as shown in the figure.
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Domain Knowledge

I Domain #1 I Domain #2 Domain #i  Domain #M

I Topic #1 ! Topic #2 . Topic #K Topic #N

Knowledge Topic Concepts
Knowledge Comprehension
Knowledge Application
Knowledge Analysis
Knowledge Synthesis

(a) A General Domain Knowledge Model.

American History

Indigenous European American Civil War & Development &
inhabitants Settlement  Revolution Reconstruction  Modernization
Native Spanish Swedish Bhlon hetueen Progressive Era
a North & South
Hawailans
. The Winning of
The Beginning‘ The First Phase . Independence
[ i 1 | The Campaign of 1777 \
The European Heritage valley Forge
Eighteenth-Century European Warfare First Fruits of the French Alliance
The Colonial Scene Colonial Militia British Successes in the South
The Colonies in the World Conflict Nadir of the American Cause
The American Rifle Greene's Southern Campaign
The Colonial Heritage Yorktown: The Final Act

[ The Outbreak 1
Formation of the Continental Army
The Invasion of Canada and the Fall
of Boston
The New Nation
Evolution of the Continental Army
The British Offensive in 1776
Trenton and Princeton

(b) Knowledge-based model for American History.

Text-Based Subject

Travel .
|

: |
nn i ! l Attractions
Dinning Shopping Flight ot
Q&A Q&A
Location Product QA Q&a

Aftraction Attraction #k

| I "
Direction  Location  product Maker Product rﬁb

information information Comparison  \what attraction? What to do?

(c) Subject based modeling for travel.

Figure 6. Knowledge and Subject-based Test Modeling.
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Subject-oriented test modeling - This is useful to establish test models focusing on a selected

L]
conversation subject for a given intelligent chat system to see how well it understands the
questions and provides proper responses on diverse select subjects in intelligent chat systems.
Typical conversational subjects include travel, driving directions, sports, and so on. Figure 6(c)
shows an elaborate subject-based test modeling for travel and the certain queries that a person
generally has about it.

*  Memory-oriented test modeling - This is useful to establish test models for validating the memory
capability of a given intelligent chat system to see how well it remembers users’ profiles, questions,
and related chats, as well as interactions. Figure 7 shows the text-based input tree for short and
long-term memory.

Client i
. inioration . infn)cl]:gtt'\un
e
Client .
Client pm;///-/s:),,.f. Ease /./. CC\;eSr;t
O 5n ;
e S Client — i
/// B . . contact . cfy‘rlli:;
/ = Client / B :
/’/ schedule /‘/ \. sctlin‘:aedr:.lt\e
/ /
/ Passed / .
// Inquires // //. Inquiry
/ Previous Passed /
/’/ chats / _,_--/'. client cases // msehr:uﬁrv . /) ’). lil;rzzz
‘—\ priewae - Passed — s Current
Text-based \\ ® chats Text-based ™ chats
Input tree N Passed b
oo o™\ Wl i ® o
N Passed \\\ .
\ 5 P; d . Requests in the
\\chat servn’:)ei)/,. sei:?:ns \\same session‘/,,. New session
i fr' s Passed N C &
.‘4,5\”\_. schedule .;{_S-n‘. scll:l:;,\lljle
e Passed i
. services \‘. s;i::e
Figure 7. Memory-oriented Test Modeling.
*  Q&A pattern test modeling - This is useful to establish test models for validating the diverse

question and answer capability of a given intelligent chat system to see how well it handles
diverse questions from clients and generates different types of responses. Figure 8 shows the

text-based input tree for the question and answer pattern.

Word
,,—. Questions
Short i
Questions . e j_ . Idiom o
7 = : o
/, Questions ACKresponses
/ -\
/ How ’ §i =i
’/ . Questions / s
/ / :
/ / Why /
Text-Based / Questions //
< / /S /
Question / w /7 When /
Input Tree  / Questiopt Sl @ esiions /
/ e Text-Based /
.\— g . - —-,,_. Wh_at Response  / Product-Based
:\ Y Questions Input-Tree // Response
Where — &
: e ©
Questions AN
o k
Different ~— Open-context questions \
N\ Tvpe of Comm. Probing questions N
*\ Questions £ N

Leading questions

o — . Loaded questions \ Handling
Q ) sn Funnel questions \,  Negative
\ Recall and process \\ RESPOHSES/'
\ — Rhetorical questions \- 2
\\ ~— Open-end questions < S-n
. Specific questions
- Motivation questions

Unconventional questions
L lllegal questions

Figure 8. Q&A based Test Modeling.

— Greeting
Acknowledgement
Verification
Asking for details
Canned responses
Guiding step-by-step

| End chatting

rice-related response
Product feature response
Special offer response
Product links and
resources
Shipping responses
Payment responses

,. Handling Complaints
Confused customers
Handling mistakes
Transfer customer calls
5 . Putting on holds
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e Chat pattern test modeling - This is useful to establish test models for validating diverse chat
patterns for a given intelligent chat system to see how well it handles diverse chat patterns and
interactive flows.

*  Linguistics test modeling - This is useful to establish test models to validate language skills and
linguistic diversity for a given intelligent chat system. Four aspects of test modeling for linguistics
include sentences, diverse lexical items, different types of sentences, semantics, and syntax.

5. Test Generation and Data Augmentation for Intelligent Chatbot Systems

This section aims to discuss different ways to generate and augment the text and data for intelli-
gent chatbot systems.

5.1. Test Generation

In this section, different test generation approaches for smart chatbot systems are discussed,
namely, conventional, random, test model-based, Al-based, and NLP/ML models.

e Conventional Test Generation - It is simple and easy to use conventional software testing
methods to generate tests for a selected smart chatbot system but there are certain limitations to
this method, i.e., (1) difficult to perform test result validation using a systematic way, (2) hard to
evaluate adequate test coverage, and (3) high costs to generate chat input tests manually.

e Random Test Generation - Using a random generator to select random chatbot tests as inputs from
a given chatbot test DB to validate the under-test smart chatbot system. Random text generation
can be used to generate unique and engaging text that can be used in various applications, from
creative writing to marketing content.

e Test Model Based Test Generation - It is a model-based approach to enable automatic test
generation for each targeted Al-powered intelligent chat function/feature. It supports model-
based test coverage analysis and complexity assessment. It is important as Al-based test data
augmentation solutions and result validation are needed. Figure 9 explains the semantic working
of test model-based test generation.

t Context Tree

3D Classification
Tree Model for
Intelligent

Chat Output Tree

Test Script 1
t 3D Classification Decision _—— — 0

= —— Chat context
b Table Test Scheme for = 8 classification
Al-powered chat function ; decision table
Chat — Test Data - = |
Test DB - Augmentation = |

Chat output

s classificaticn
— T decision table

— (—ma— | Chat input
wWWwWw Test Data = = : | classification
\ Discovery = ' .| decisiontable

Figure 9. Test Model Based Test Generation.

L
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e Al-Based Test Generation - Using Al techniques and machine learning models to generate
augmented tests and test data for each selected test case. There are two types of data generated: 1)
Synthetic data, which is generated artificially without using real-world images; and 2) Augmented
data, which is derived from original images with some sort of minor geometric transformations
(such as flipping, translation, rotation, or the addition of noise) to increase the diversity of the
training set. This method also comes with its challenges, including: 1) Cost of quality assurance
of the augmented datasets. 2) Research and Development to build synthetic data with advanced
applications. 3) The inherent bias of original data persists in augmented data.

¢  NLP/ML Model Test Generation - Using white-box or gray-box approaches to discover, derive,
and generate test cases and data based on each underlying NLP/ML model to achieve model-
based structures and coverage.

5.2. Data Augmentation

Text augmentation is a technique used in natural language processing (NLP). It generates new
examples of text by applying transformations to the original text data. The main purpose of text aug-
mentation is to increase training dataset size and introduce variations in text. Generally, the common
transformations seen here are synonym replacement, random insertion, random deletion, random
swap, text masking, and character-level augmentation. It increases dataset diversity and enhances
model performance and generalization in NLP tasks. They are used in text classification, sentiment
analysis, named entity recognition, machine translation, etc. There are two types of augmentation
techniques, namely, positive and negative text augmentation.

The positive augmentation comprises synonym and keyboard augmentation. (a) Synonym
augmentation replaces words in a sentence with their synonyms. The purpose is to introduce lexical
variation and expand the vocabulary used in the training data. By replacing words with their synonymes,
the augmented data exposes the model to different word choices that convey similar meanings. This
technique helps improve the model’s ability to handle diverse vocabulary and increases its flexibility
in generating or understanding sentences with alternative word usage. (b) Keyboard augmentation
simulates errors that can occur during manual typing on a keyboard. These errors can include
accidental character swaps, deletions, or insertions, often caused by typographical mistakes or the
proximity of keys on a keyboard. By introducing such errors into the text data, keyboard augmentation
helps the model learn to handle and correct these types of errors. It improves the model’s ability to
recognize and interpret text data with typographical variations, enhancing its robustness in real-world
scenarios.

The negative augmentation comprises random word swap augmentation, random word delete
augmentation, Optical Character Recognition (OCR) augmentation, random char swap augmentation,
and random char insert augmentation. Table 4 shows the example of different negative augmentation.

Table 4. Negative Data Augmentation

Text Input Augmentation Text Output
I am Sad random char insert I am aSad
Iam Sad random char swap Iam Sda
Iam Sad random char delete Iam ad
Iam Sad random word swap Sad am I

I am Sad random word delete am Sad

I am Sad ocr augmentation 1 am Sad

6. Al-Based Test Result Validation and Adequacy Approaches for Smart Chatbot

Systems

1.  Conventional Testing Oracle - Test Oracle is a mechanism that can be used to test the accuracy
of a program’s output for test cases. Conceptually, consider testing a process in which test cases
are given for testing and the program under test. The output of the two is then compared to


https://doi.org/10.20944/preprints202502.1742.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 February 2025 d0i:10.20944/preprints202502.1742.v1

16 of 23

determine whether the program behaves correctly for test cases. Ideally, an automated oracle is
required, which always gives the correct answer. However, often oracles are human beings, who
mostly calculate manually the output of the program. Consequently, when there is a discrepancy,
between the program and the result, we must verify the result produced by the oracle before
declaring that there is a defect in the result.

2.  Text-Based Result Similarity Checking - For text-based chat outputs, Al-based approaches
can be used to perform text similarity analysis to determine if the intelligent chat test results
are acceptable. Figure 10 (a) and (b) shows the language-based similarity evaluation. Lexical
similarity is a measure of two texts” similarity based on the intersection of word sets from the
same or different languages. Lexical similarity scores range from 0 to 1, indicating no common
terms between the two texts, to 1, indicating total overlap between the vocabulary. Figure 10
(c) shows the second approach, keyword-based weighted text similarity evaluation with the
similarity formula.

Actual Text Chat Output (ATCO)
p >= X% +
ass Language-Based Text Similarity
Evaluation Based on LTSM (ATCO, ETCQ)
: < X%
Fail ° t
Checking Results Against The Expected Text Chat Output (ETCO)
Pre-Selected Criteria (X%)
A.B " AB;
S < . =14M
similarity = cos(0) = = - =
Al 1181

n 42 [yn p2
i=1 A / i—1 B}
where A; and B; are components of vector A and B respectively.

(a) Language-Based Similarity Evaluation.

w1 Term-Based Actual
Similarity [e— Language
>= X% Evaluation Output (ALO)

p Language-Based Text
ass 7 <1—‘r Similarity Evaluation
Fail #” < X% Char-Based Expected

Similar?ty |¢——— Language
w2 Evaluation Qutput (ELO)

LTSM(ALOQ, ELO, W) = W1 * Char-Based Metric (ALO, ELO) + W2 * Term-Based Metric (ALO, ELQ)

where W1+ W1 =1, Wiis the given weight parameter value

(b) Integrated Language-Based Similarity Evaluation.

>= X% : s
eyword-pase eighte ext similanty
Pass K d-Based Weighted Text Similarit
Evaluation Based on KWTSM (AKOS, EKOS, W)
. < X%
Fail

Actual Keyword Output Set (AKOS)

i . Expected Keyword Output Set (EKOS)
Checking Results Against The Weight Set (W)

Pre-Selected Criteria (X%)

wv;
Weighted — Cosine2(u,v; w) = Zwi -

7 2 2
t Jzt“i iVi

(c) Keyword-Based Weighted Text Similarity Evaluation.

where ||u[|4 = []v]]4=1

Figure 10. Similarity evaluation.
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3. Image-Based Similarity Checking - For image-based outputs, Al-based approaches can be used
to perform image similarity analysis to determine if the intelligent chat test results are acceptable.
Diverse machine learning algorithms and deep learning models can be used to compute the
similarity at the different levels and perspectives between an expected output image and a real
output image from the under-test chatbot system, including objects/types, features, positions,
scales, and colors.

4. Audio-Based Result Similarity Checking - For audio-based outputs, Al-based approaches can
be used to perform radio similarity analysis to determine if the intelligent chat test results are
acceptable. Diverse machine learning algorithms and deep learning models can be used to
compute the similarity (at different levels and perspectives) between an expected output audio
and real output audio from the under-test chatbot system, including audio sources/types, audio
features, timing, frequencies, noises, and so on.

6.1. Model-Based Test Coverage for Smart Chatbot system

One can establish a 3D Al test classification decision table for each targeted under-test computer
vision intelligence based on the established 3D Al tree model. Using this test classification decision
table as a test scheme, a set of 3D Al test classification test case sets (known as 3DT-Set) could be
generated. The four test coverage criteria can be defined below:

1.  3-dimensional Al Test Classification Decision Table Test Coverage - To achieve this coverage, the
test set (3DT-Set) must include one test case for any 3D element - T (CT-x, IT-y, OT-z) in the 3D Al
test classification decision table.

2. Context classification decision table test coverage - To achieve this coverage, the test set(3DT-Set)
must include one test case for any rule in a context classification decision table.

3.  Input classification decision table test coverage - To achieve this coverage, the test set (3DT-Set)
must include at least one test case for any rule in an input classification decision table.

4. Output classification decision table test coverage - To achieve this coverage, the test set (3DT-Set)
must include at least a tree case for any rule in an output classification decision table.

Here, the intent is only to provide various coverage criteria. This paper focuses on test modeling and
data generation, so a detailed explanation and an example of coverage criteria will be discussed in
future studies.

7. Al Test Result and Analysis

Wysa uses natural language processing (NLP) to understand and respond to messages in real
time. It provides access to a library of mental health resources, including articles, videos, and guided
meditations. Wysa provides insights into the user’s mental health patterns while tracking the user’s
mood over time. It offers exercises and techniques supported by the facts to assist you in managing
various mental health issues and provides a variety of chat modes, such as introspective, coaching,
and conversational, to meet the user’s needs and preferences. A built-in gratitude journal and mood
tracker are included to assist users in developing a positive mindset and monitoring their growth.

This section presents four different testing criteria, including general responses, memory-based
responses, emotive reflexes, and Q&A-based interaction performed on Wysa, and its performance
during manual and automated testing.

7.1. General Responses

By creating domain-driven tests and test models, this test aims to determine how well a chat
system can handle chat questions and answers related to a specific field based on domain-driven
validation. This would assist in identifying and evaluating the functionality of an application. Figure
11 shows the 3D diagram for the general responses.
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Figure 11. 3D diagram for the General Responses.

The app is strengthened, and its intended activities are emphasized. Figure 12 shows the test case
results of manual and automation testing for the general chat responses with their respective pie-chart
representations and bar-chart for multiple scenarios.

Number of test cases passed and failed by category

Result
mmm Number of test cases passed

Manual Testing: mw= Number of test cases failed

Fail

Test Case Count | Result

14 Pass

12 Fail Pass

Number of test cases

Automation Testing:
Fail

Test Case Count Result

43 Pass

20 Fail Pass

Expressing mental state Ask info or support General chat or feedback
Category

(a) General conversation-based testing. (b) Statistical comparison for general conversation.

Figure 12. General Response-based Testing and Analysis.

7.2. Memory-Based Responses

The chatbot must remember the context of the conversation and user preferences. Previously
discussed chats were used to answer a current question. It was tested to predict the outcome with
information and questions. Figure 13 shows the 3D diagram for the general responses. A variety of
scenarios were considered to assess both the chatbot’s past and present memory. For a chatbot like
WYSA, memory testing is crucial, as it must remember user preferences and conversations to properly
respond to what the user has been going through. Figure 14 shows the test case results of manual and
automation testing for the memory-based responses.
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Figure 13. 3D diagram for the General Responses.

Number of test cases passed and failed by category

Result
= Number of test cases passed
W Number of test cases failed

Manual Testing:
Fail

Test Case Count Result

16 Pass 3
14 Fail Pass £
2
£
Automation Testing:

Fail

Test Case Count | Result

24 Pass
Pass
17 Fail
General and specific info Asking about user goals Unclear or new info
Category
(a) Memory-based testing. (b) Statistical comparison for Memory testing.

Figure 14. Memory-based Testing and analysis.

7.3. Emotive Reflexes

Wysa application uses Al technology to test and analyze these emotive reflexes, enabling users
to better comprehend and manage their emotions. One of the key features of Wysa is its Emotional
Reflexes Test area, which is designed to help users better understand their emotional reactions to
different situations. This mental health chatbot makes use of a combination of cognitive-behavioral
therapy (CBT), meditation, and mindfulness techniques to help users manage stress, anxiety, and
depression. Figure 15 shows the test case results of manual and automation testing for the emotional
responses of the chatbot with their respective pie-chart representations and bar-charts for multiple
scenarios.
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Number of test cases passed and failed by category

Result
== Number of test cases passed
W Number of test cases failed

Manual Testing:

Fail

Test Case Count | Result

18 Pass

8 Fail Pass

Number of test cases

Automation Testing:
Fail

Test Case Count Result

28 Pass
Pass
12 Fail
Positive Emotions. Negative Emotions Neutral Mood
Category
(a) Emotive Response-based testing. (b) Statistical comparison for emotion-based

conversation.

Figure 15. Emotive Reflex-based Testing and Analysis.

A sample in Figure 16 shows the bug report, where the Al chatbot could not read the emoji and
respond with an appropriate message. So chatbots tend to be in the learning process with larger inputs.

Test Description Testing on Emoji inputs

Steps to Reproduce Step-1: Open Wysa Application

Step-2: Open Chatbot from the Self-Care Section
Step-3: Respond to the chatbot about your feeling with sad by dragging the
smile on the screen.

Step-4: Send a message to the chatbot as a emoji.

Attached Proof

Add a coach

ack, Pushya! € How

Most days we a

niddle of our emo

If you were to try and desc
current mo t K

are you feeling

That locks like 2

don't make a lot of sense t

Expected Result The chatbot reads the emoji and responds with appropriate message.
Actual Result It appears to be a collection of letters that don't make any sense when put
together.

Test Result Failed

Figure 16. Sample of a bug report for emotive reflexes.

7.4. Q&A Interactions

In addjition to responding to domain-relevant requests, the chatbot should also be able to answer
domain-specific queries. It is possible to measure the intelligence of a chatbot by its ability to respond
to complex, comprehensive questions using its memory and problem-solving skills. In addition to
comprehensive questions, there are also short questions, loaded questions, and analytical questions.
Figure 17 shows the test case results of manual and automation testing concerning the Q&A-based
chat responses with their respective pie-chart representations and bar-chart for multiple scenarios.
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Manual Testing:
Fail

Test Case Count | Result

14 Pass

10 Fail Pass

Automation Testing:
Fail

Test Case Count | Result

27 Pass
Pass
16 Fail
(a) Q&A-based testing.

Number of test cases passed and failed by category

Result
EEE Number of test cases passed
m Number of test cases failed

Number of test cases

‘General Topic Related Greetings Language Domain Knowledge
Category

(b) Statistical comparison for Q&A based conversation.

Figure 17. Q&A-based Testing and analysis.

8. Conclusion and Future Scope

With the fast acceptance of intelligent chatbots and applications in customer support, more and
more intelligent mobile chatbots are being deployed in diverse customer services and applications.
This requires adequate quality testing, modeling, and test automation platforms and solutions. This
paper provides a case study on mental health and emotional well-being supporting intelligent chatbot
systems, Wysa, from different perspectives, including 3-dimensional modeling (input, context, and
output), test generation, data augmentation, and test validation. It helps track and analyze mood,
provides conversational support, and helps in sentiment analysis. As a part of the analysis, the work
includes general responses, memory-based responses, and passionate responses for Wysa (intelligent
chatbot system). Also, it concludes that such systems are under testing and still have bugs that are
being resolved continuously.
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In the future, work can be done to build the tools to support chatbot automation and test data
augmentation. These different types of automation tools can simulate crime-based chatbots and call-
based chat systems to support test modeling. One can also refer to this work for intelligent computer
vision systems where Al-test modeling can be used to study image and document-based intelligence.
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