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ABSTRACT

Recent advances in artificial intelligence (AI) systems have resulted in their ability to
provide precise recommendations in response to users’ questions (prompts). However, the
black-box nature of AI models leaves users unaware of how conclusions are reached or deci-
sions are made. Al models are pattern replicators. Large language models produce outputs
as a result of computing millions of pieces of data and are good at predicting the next word
in a sequence. However Al experts, designers, and builders are not able to explain why the
Al system behaves in certain ways, makes decisions that are biased, and violates people’s
privacy. As a result, users are unable to trust them. The concern is that since Al systems
currently exhibit discriminatory behavior, there’s a possibility that, in the future, they could
deceive even the experts. Hence the need for transparency is an urgent need. Users need
to be convinced that these AI system align with some societal standards and moral val-
ues. According to the EU’s Al Act, transparency includes providing information about the
system’s capabilities, data usage, and performance metrics, as well as allowing for human
oversight and intervention if necessary. Explainability in Al is important to building trust,
as it enables transparency in decision-making. In our research work we focus on explainabil-
ity of the outcome by asking the Al agent questions such as why, how, and what is at stake.
Explainability is often expressed as key to making Al systems understandable to humans.
Explanations provide insights into how a system made a decision.

This thesis work introduces the idea that holding the view that explanations are essential
to transparency tells us only part of the story. In order to achieve transparency, Al systems
should have user interfaces that are interactive and follow other software development usabil-
ity guidelines. The goal of this thesis was to operationalize transparency. For the purposes
of this thesis, we narrowed the focus to transparency for the user through the user interface,
specifically about the data fed into the Al system and its outcomes. For this research we
considered two classes of systems for our study. First, Al text generators that produce tex-
tual content in response to a prompt (a sentence/couple of sentences text) given as input to
the Al system. The second class of systems leans towards providing personalized medical
care, Al-Clinical Diagnosis Support Systems. We designed prototypes for a transparent user
interfaces for these systems. Using semi-structured interviews and questionnaires we con-
ducted a user study to gather user perspectives on a selectively transparent user interface.
We used Notion.ai for the study with 30 participants and Docus.ai for our second study with
50 participants. For our second study with Docus.ai we interviewed 8 doctors and 8 medical
students to gather their feedback on the prototypes. Both the studies were aimed at inves-
tigating the effect of progressive disclosure and adjusting the explanations so as to adapt to
users’ mental models for improving the transparency of Al text generation systems. In both
use cases we involved the domain experts in the design of the prototype. User feedback con-
firms that the progressive disclosure process as a way of building a transparent user interface
in Al systems is operative. The order as well as the choice of explanation techniques pre-
sented to the user is important. Explanations should be presented to user gradually and in
small chunks such that they bring the user’s mental model closer to the conceptual model of



the system. In order to operationalize selective transparency, the designers of the Al system
should have knowledge of the requirements of the domain in which the Al systems functions.
While designing a transparent user interface for Notion.ai We learned that the while provid-
ing explanations, the Al agent must be cautious to not expose too much information because
a end user could game the system. While designing a similar one for Docus.ai results from
the study informed me that there were risks involved in providing the end user, a possible
patient, focused specific information about their ailments. The thesis that elaborates on the
study and its findings provide valuable lessons.

INDEX WORDS: Natural Language Processing, Artificial Intelligence, Machine
Learning, Explainability, Transparency
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CHAPTER 1

Introduction

Artificial Intelligence technologies are being adopted more widely, including non-transparent
machine learning models like neural networks. This makes understanding how these models
work increasingly difficult. Current Al research aims to develop computers that can do what
humans can but existing systems cannot. To make machines that think and behave like
humans has been the goal of mankind for a very long time. Geoffrey Hinton who is a joint
winner of the 2024 Nobel Prize in Physics and an Al pioneer, says, “ the only way to get
artificial intelligence to work is to do the computation in a way similar to the human brain.”
The goal is to uncover the principles behind intelligence. This could drive advancements in
artificial intelligence Arruda (2017). Since algorithms are the language of computers, machine
learning algorithms that learn from patterns of data, and make decisions or recommendations
give the appearance of thinking like humans Richards & Venkatasubramanian (2023).

To the general public, generative Al is defined as Al that creates new content. Prior research
while discussing generative Al refers to the foundational models that generate ”human-like”
content JosGarca-Pealvo & Vazquez-Ingelmo (2023). Large Language Models (LLM), as a
prominent type of foundational model, use sophisticated deep-learning architectures, and
very large training datasets. This has resulted in making these models very powerful in their
capacity to identify intricate linguistic patterns and provide responses that are contextually
appropriate. Word embeddings capture word context relative to other words and predict the

nearby words. LMs using word embeddings determine the probability of a given sequence of



words occurring in a sentence. Because of this, LLMs have emerged as a powerful type of Al
tool that can that be used for a wide range of tasks, including natural language processing
(NLP), information retrieval, translation, etc. Generative Al system solutions are disrupting
old ways of doing things and new ones are being generated.

From a societal perspective, there will be significant adjustment costs, Schatsky & Muraskin
(2022) as workers affected by these changes may face challenges in adapting to new roles
or industries. With the introduction of models such as GPT-3, Gemini and other LLM’s,
applications such as ChatGPT, Copilot, and others are used extensively in areas such as
content creation, legal research, software development, finance, marketing, and research.
They have been widely successful in the producing outcomes that can be used in everyday
life. To sum up, these foundational models have demonstrated great versatility for their use
in the real-world.

In spite of their great success and wide acceptability, these LLMs introduce problems that
cannot be overlooked. While powerful, often these Al agent are inaccurate, error-prone, and
faulty. We list some of the problems that we noticed while conducting our research in the

two domains with two different Al systems:

1. The outcomes of the Al models are unpredictable. This uncertainty in the responses
exist because Al models rely on stochastic processes during training to handle complex
tasks and mimic human behavior. This reliance introduces an element of randomness
into the model. For example,in our research, we used Notion.ai, an Al text editor and

we observed that for the same prompt, the application generated different texts (See



Figure ??7). This lack of consistency in the outcomes can be problematic when the Al

systems are used for decision-making.

2. LLM’s use the training data to generate the next word. If the training data is biased
or inaccurate due to the lack of real-world knowledge or if the model uses statistical
pattern rather than understanding the input then the outcome produced by the Al
systems is sometimes wrong. In domains such as healthcare where accuracy can impact

lives hallucinations can be catastrophic Jha et al. (2023).

3. Biases in the outcome are due to the training data and the algorithms used to generate
the output. The training data contains the biases that are present in society. The
models learn from this data and replicate the biases in the outcome. Algorithms are
also at fault since they are designed to mimic human-like reasoning but unlike humans
there is no self-correction mechanism within the algorithms. For this sort of correction
to happen Al agents require intervention from the end user. Our findings indicate that
an increased interactivity between the Al agent and the end user can help mitigate

bias.

Social rights organizations and advocacy groups have called for action against Al systems
that propagate bias and unfairness towards specific groups in society. Groups like the Algo-
rithmic Justice League have called for a ban on using these tools because of their inherent
biases and a possible misuse of information Buolamwini (2024). However recent research
work Lazar (2024), Joublin et al. (2023), Jermakowicz (2023) indicate that using these Al

systems have shown significant gains in productivity. Avoiding these tools does not advance



technology or benefit humanity. Instead, investing in further research and resources can help
address these issues. Stricter regulations and greater transparency in system design could
also mitigate some of the problems.

As more LLMs are released worldwide, some general and some tailored to specific use cases,
there is an urgent need to solve the problems inherent in these Al systems. Through this the-
sis, we highlight two key actions that should be taken to address the challenges in engineering

these Al systems.

1. The black-box nature of the AI model has to be controlled and compensated so that
the end user to understand and be willing to follow the recommendations provided by

these Al systems.

2. There have to be guardrails that can help mitigate or make the users aware of the
problems that exist in Al systems. Prompt engineering strategies, impartial review
panels for training data, and custom training methods improve model accuracy. Strict
rules on handling content outside the model’s intended purpose are also important.

Together, these approaches can act as guardrails for some of the problems listed above.

The research community is very active in finding ways to mitigate these problems. We
decided to focus on how to operationalize selective transparency as a tool to mitigate some
of the above listed problems. Figure 1.1 shows our research agenda and the papers that are
published or under review.

We divide the thesis into three sections as described below, illustrated in Figure 1.2.)
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Foundational Elements of Transparency

In the field of HCI and Responsible Al, transparency is considered an important pillar.
Responsible Al (RAI) refers to the idea that Al systems should be designed and developed
so that they are ethical and fair. Ethical responsibilities include ideas such as minimization
of bias, accountability, etc.
RAI requires that Al systems are human-centered. Such an Al agent responds to stakeholder
needs, provides clear explanations, and reasoning for the outcomes. These Al systems are
interactive, context-aware, offer support, and communicate understanding to the different
users and stakeholders. Since different stakeholders have diverse requirements as end users,
with varying transparency needs, responsible Al systems must adapt their interactions to
address their specific demands.
EU’s Al act defines transparency to include explainability and traceability Commission
(2021). For an explanation to be useful for transparency, it should be understandable
Schoonderwoerd et al. (2021). For our research study, we defined transparency as why
the decision was made, how it was made and what is at stake.
The need for explainablity has become an essential requirement for people to adopt the Al
systems deployed in various domains. Many of these explanations are algorithmic-centric
and represent a researchers point of view. Explanations should be such that a real-world
novice user can understand the Al system’s functionality and recommendations. Only then
a user may consider to system to be less opaque and more transparent.

To operationalize this idea we decided to design a mock-up of user-centered transparent
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Figure 1.2 Operationalizing Transparency in Al Systems through Progressive Disclosure in
User Interface Design

user interface for an Al system. Our research question was, Does progressive disclosure
of explanations help increase end users’ perception of the AI system’s trans-

parency?

User Studies with Class A application, Notion.ai

In this chapter we discuss the central idea where usability standards from software engi-
neering blends with explainability techniques from machine learning to design a user interface
that enhances Al system transparency for the end user. The user interface is interactive,

incrementally reveals the system functionalities Spillers (2010) in small chunks using appro-



priate explainability techniques. The choice of explainability techniques implemented and
the order in which they are presented to the user is important in operationalizing trans-
parency. The user has control to stop this progression at all times. The choice of techniques
helps in deciding how much of the information should be revealed and thereby customizing
the interface for the end user. This sort of selective transparency is important so that the
Al system is responding to the needs of the stakeholder. In this chapter we discuss the two
empirical studies we conducted. First set of studies was with the Al text editor Notion.ai
copyright inc (7777) primarily used for note-taking and is popular with students. An Al text
editor gives recommendations based on the prompts given as input. The end users found the
text generated by Notion.ai to be accurate. Therefore these Al systems are a popular choice
as an Al assistant or Al-enabled productivity tool. We iteratively designed the prototypes
keeping the human in the loop as we finalized the design of the transparent user-interface
before conducting the user studies. We began the study by collecting and analyzing data
from Class A systems. Next, we selected the healthcare domain to conduct a similar user
study. Both studies included questionnaires, semi-structured online and face to face inter-
views. This allowed us to compare findings between the two studies. We ran three studies
with general users (N=30) and iteratively improved the prototype of the user interface (See

Figure 4.1).

User Studies with Class B application, Docus.ai



To explore differences in transparency perception, we chose healthcare for our next user
study. In this chapter we discuss our research work and user studies conducted using the
Al medical assistant, Docus.ai 7, an AI-Clinical Decision Support System. We conducted
three studies with different stakeholders, 8 doctors, 8 medical students, and 50 general users
(patients, care givers, and health care providers.) We involved the domain expert, the
medical professionals in the design of the prototype, and iteratively refined the design of the
system. While the type of studies conducted were the same for both systems, the questions
asked in the questionnaire and semi-structured interviews were different because they were
based on the explainability techniques used and the progressive disclosure implemented for
the AI medical assistant.

From our studies we learn that using progressive disclosure and explainability techniques

helps improve user’s perception of the system being transparent.

We summarize our contributions from the two user studies below:

Figures 1.3 and 1.4 summarize our experiments and findings with the two Al systems.
1. We designed a mock-up of a transparent user interface for an Al system integrating the
user in the whole process. Creating a mock-up helped us make quick modifications to the
design when we wanted to integrate the user feedback. The prototype of the user interface
implements a sequence of explainable techniques that are gradually exposed to the end user
using progressive disclosure. The information about the inner workings of the Al system is

exposed to the user in small increments and only when requested by the user.
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Figure 1.4 Class B- Docus.ai Study Snapshot



2. We used different explainability techniques to explain the output from the AI system.
Users prefer on-demand explanations and value diverse explanation methods, especially when
the explanations gradually give the users a better understanding of the Al system.

3. We examine the differences in designing transparent user interfaces for commercially
available Al applications. We conclude that effective design requires tailoring the interfaces
to their specific functionalities and domain-specific needs. User feedback confirms that the
progressive disclosure process as a way of building a transparent user interface in Al systems
is operative.

4. We conduct multiple empirical user studies aimed at exploring the impact of progressive
disclosure and various explainable techniques on perceived transparency.

5. Explanations should be such that they bring the user’s mental model closer to the
conceptual model of the system. The order as well as the choice of explanation techniques
presented to the user is important.

6. The explanation techniques used on the user interface to operationalize transparency
vary based on the Al system and the context in which it functions.

7. Simple controls on the user interface such as triggers, word clouds, keyword highlights
are powerful explainability techniques that help users understand the inner workings of the
Al system.

8. The prototype of a transparent user interface for Class A and Class B Al systems
highlights the words in the prompt that influence the outcome. This explainability technique,

used in the design of prototypes for both Al systems, helped improve user perceptions of



transparency.
9. Audio-visual aids as explainability techniques improved user perception of transparency
in both Class A and Class B systems. We used this explainability technique in the design of
prototypes for both Al systems. Our findings from the study indicate that it helped improve
user perceptions of transparency.
10. Feedback from Class A user studies shows that users prefer explanations about how
prompts influence outcomes and want suggestions on improving them for more relevant Al-
generated results. Prior research reports similar findings Liao & Wortman Vaughan (2024).
11.User feedback from our studies with Class A application - Notion.ai (as seen in Table
4.3) indicates that providing explanations that use the interpretability of the AI models may
not be suitable as end-user explanations.
12. Our studies with Class B application-Docus.ai suggest that Al systems in healthcare
should be context-aware, selectively disclosing outcomes after interacting with the end user.
Further more these Al agents must be socio-technical, collaborative, with the end user main-
taining control over the system at all times.

In this emerging area of work we aim to build on frameworks of human explanations
from social science, and empirically study how to operationalize transparency to improve

user experience with Al systems.
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CHAPTER 2

Related Work

The Human-Computer Interaction (HCI) community has advocated for design principles
that can improve transparency. In this thesis we aim to provide empirical evidence in iden-

tifying and validating interactive elements that can influence Al transparency.

This chapter draws upon prior work in explainability and transparency for AI models and
applications, such as clinical decision support systems, and Al text editors. We provide an
overview of the technical landscape in HCI-AI, focusing on transparency, explainability, and
usability to set the context for our discussion. Several recent papers offering deeper insights
into these areas are highlighted, along with relevant work in the field.

The papers evaluated are grouped into two categories: challenges related to LLMs, par-
ticularly in healthcare and education domains, and explainability techniques that enhance
transparency. Additionally, we identify existing gaps in the research, which open up inter-

esting questions for future exploration.

2.1 Mental Models

We refer to the Al system’s conceptual model as envisaged by the designer that the designer
wants the user to understand as the target conceptual modelNorman (2002). This is often
intended to be a a simple, useful explanation of how the system works. The user’s mental
model is formed as they interact with the system and it keeps evolving. Nielson Nielsen

(1994) states that these are simplified versions of a much more complex version of the system.



Users do not perceive the system to be transparent because of a difference in the user’s
understanding of the system and the actual behavior of the system Norman (2002). This is
a problem because it prevents the user from being prepared for or being able to explain the

system’s behavior.

2.1.1 Explanations in relation to mental models:

Explanations should be such that they help the users develop accurate mental models of
the system as quickly as possible Vitale et al. (2018). Explanations that explain the why
and the why not help bring the user’s mental model closer to the actual functioning of the
system and reduce the gulf of execution Lim et al. (2009a) Norman (2002). Explanation
interfaces are commonly used to help users build better mental models. These explanations
are a part of the user interface through which the AI agent endeavors to increase user’s
confidence level in the Al system’s output. Explanations that require the Al agent and the
user to interact, allowing information to flow in both directions, where the user controls the
interaction and the Al system responds, improve the transparency of the system. Making
an Al system’s reasoning transparent can help improve a user’s mental model of the system
Eiband et al. (2019). User experience improves when users are exposed to the reasoning of
the Al system Kulesza et al. (2012). It is the responsibility of the AT agent to bring the user’s
mental model closer to that of the system Eiband et al. (2019) Tsai & Brusilovsky (2020).
Progressive disclosure is an interactive design technique where the user is progressively ex-
posed to the Al system’s workings. Initially the Al system only provides the user with high

level explanations and then reveals the more granular, detailed explanations in a progressive



step-by-step-process Shneiderman (1986) Chromik et al. (2019) when the user asks. The
explanations are provided through visuals, text, and audio/video formats, keeping in mind
that users’ cognitive load limits their capacity to absorb information during an interaction.
This then helps bring the user’s mental model gradually closer to the Al system’s conceptual
model without overwhelming them. Users typically ask for explanations to improve their
understanding of the Al system and to improve their ability to use the system correctly and
predictably Bosch et al. (2019). Just one explanation is rarely enough Chromik et al. (2019).
Therefore by interacting with the user, when the Al system provides various explanations
using different modalities, the user gradually builds a mental model of the Al system that
is closer to the target conceptual model. The interaction happens in stages where the user

and the Al system take turns in initiating the interaction. The user has control at all times.

2.1.2 Human - AI Interaction

In human-human interactions, both members try to understand the discrepancies in their
mental models and provide explanations. Similarly the Al agent must provide explanations
such that the interaction between the human-ATI agent through explanations reduces the gulf
of execution Norman (2002) Chromik et al. (2019). Explanations that aid users in building
mental models can be categorized into two kinds, natural examples and inspection examples
Chromik et al. (2019). Natural examples are examples that are textual, simplified responses
to user queries that explain how the system functions. Inspection and exploratory techniques
are ones that allow users to explore how changes in the input will impact the output. While

using these two techniques, the user is in control and makes the queries and the Al agent



responds with an explanation. Identification of such explanations that help understanding
of the Al system’s features and help users’ mental model come closer to that of the actual

design of the system Lim et al. (2009a) are necessary to achieve the goal of transparency.

2.2 Transparency and Explanation Techniques.

Machine learning based systems have problems related to the accuracy of their outcomes,
the output having biases and concerns such as that the resources they use could be violating
privacy laws Daneshjou et al. (2021). Prior research indicates that transparency in Al
systems is a possible solution Larson (2022) Nicol Turner Lee & Barton (2019). Transparency
is about the AI system providing explanations about its outcome to the users. The Al
system can implement explainability through the user interface Panigutti et al. (2023). This
positively influences user experience in various aspects such as perceived dependability and
makes the system seem more attractive to end users Springer & Whittaker (2019) Vitale

et al. (2018).

2.2.1 Transparency definitions

Current literature has several definitions for transparency. In our thesis we use the following
definition “The ability of the AI system to be able to convey clearly what it
can and cannot do”Weller (2019). Explanations that aid the users in seeing the inner
state or functionality of the system support transparency Lim et al. (2009a). The validity
of an explanation is determined by who needs the explanation and what they want to do

with it. Transparency provided by simply explaining the code or showing the data may not



suffice as explanations for an end user who is impacted by the outcome of the AI system
Rubin (2020b). Explanations that answer questions such as what, where, how, and why
an Al system arrived at a decision help build transparent Al systems Lim et al. (2009a).
Explanations that increase understanding, and provide information about the uncertainty
inherent in Al systems help the user know how to appropriately rely on the systemLiao
(2022). Transparency extends beyond explainability to encompass traceability and effective
communication EU (2024). For an Al system to be transparent, it must not only justify
its outputs but also provide insights into the data and processes underlying its decisions.
Despite progress in this area, several challenges remain unaddressed.

One major limitation is the lack of integration with socio-organizational contexts. Al
systems often fail to account for the organizational structures in which they are deployed,
leading to poor alignment with clinical practice Schoonderwoerd et al. (2021).

Another critical gap is the limited focus on causality. Simple correlation has no causal
implications, while controlled correlation is a step in the direction of causal explanation Pearl
& Mackenzie (2018). Many systems provide correlation-based insights, but clinicians require
causal explanations to understand why certain recommendations were made. This becomes
important in situations where the outputs of Al systems deviate from clinical intuition
Holzinger et al. (2020).

To address these gaps, a shift toward explanation techniques that prioritize user inter-
action and incremental information delivery is needed. This shift introduces the concept of

progressive disclosure.



2.3 Progressive Disclosure

Progressive disclosure is an idea that was introduced by Xerox in 1981 Johnson et al. (1989).
While designing an user interface, the system gradually discloses its inner functionality
through multiple screens so as to not overwhelm the user. In this way the system hides
its complexity until the user is ready for it. It reduces excessive information, moving the
user from general to specific details about the system Kimball & Harslem (1982) Spillers
(2010).

The term ”training wheels” in the user interface was further popularized Carroll & Car-
rithers (1984), with the purpose of providing a limited exploratory environment to the users.
Springer Springer & Whittaker (2019) puts to use this idea of progressive disclosure to im-
prove transparency using explanations. We expand this work by conducting an empirical
study to better understand how users learn the behavior of Al systems using progressive dis-
closure so that they can successfully accomplish their tasks. We identify various explanations
that disclose the Al system’s functionality gradually without inundating the user.

Compared to the prior work conducted with progressive disclosure, to the best of our
knowledge no one investigated transparency in the context of Al systems in prompt engi-
neering tasks. In the user studies we identify examples of conversation breakdown and use
explanations such as keyword highlighting Ashktorab et al. (2019) to aid the process of re-
pair. Too much transparency can be distracting, especially with new users, as the users are
creating a conceptual model about the system in their minds. Simple, minimal explanations

provided as needed basis being made available on the user interface can be fruitful. Users



do not have to receive all of the explanations at one time.

2.3.1 Progressive Disclosure in Human-AlI Interaction

As discussed in the earlier section, progressive disclosure, a concept from Human-Computer
Interaction (HCI), provides a promising framework for addressing the challenges of trans-
parency and explainability in healthcare Al. By incrementally releasing information, progres-
sive disclosure allows users to access high-level summaries first and delve into more detailed
explanations only as needed Shneiderman (2020).

In healthcare, this approach is especially helpful for reducing cognitive overload and
aligning users’ mental models with the system’s behavior. Springer & Whittaker (2019).
By tailoring the amount and type of information presented to the user’s needs, progressive
disclosure ensures that explanations remain both relevant and manageable Chromik & Butz
(2021).

Despite its potential, the application of progressive disclosure in healthcare-focused Al
remains minimally investigated. Leveraging this usability standard could address the limita-
tions of current systems, particularly by enabling interactive and user-centered explanation

techniques.

2.4 Context sensitive word embedding

In the context of NLP systems, Al systems predict the next word to be generated by using
word associations. By assigning numerical values to text based on the context in which they

occur, text data can give insights into understanding of a word through its context. When



words are represented by their word vectors, every word token representation only captures
what the word means in that context. When word tokens have their own vector, the vector
value for that word is dependent on the context words around it. As a result, when a word

occurs, the next word that is more likely to occur than others is because of context sensitive

word embedding Porter (2023).

2.4.1 Prompt engineering

In the context of prompt engineering, research discusses which information in a prompt is
useful in producing outcomes that are usable. There is plenty of research that discusses the
ability of Large Language Models to understand human syntax He et al. (2024) Brown et al.
(2020b). Because of the progress made with LLMs it is now possible to use natural language
as a tool for human-Al communication Singhal (2023).

A transparent Al system explains its inner logic by highlighting the keywords in the
prompt as well as providing suggestions for fine tuning the prompt. The structure of the
prompt, the words that locally co-occur, and the lexical information of the words in the
prompt, impact in the production of a high-quality outcome. In a dataset of words that
are used to create these prompts, the parts of speech become some of the features. Content
words such as nouns, verbs, and adjectives carry the most information in a sentenceKauf et al.
(2023). Human comprehension is capable of overlooking word order linguistic errorsBrown
& Fish (1983). Our research shows that NLP systems are also insensitive to word order.
Language models use the lexical-semantic content (content words) rather than the sentence’s

syntactic form (word order) to predict the next word needed to generate Al text. When one



of the function words is a determinant then in that context it acts as either an adjective or
an adverb, and has an impact on the Al generated text. Wu Wu et al. (2022) suggests short
sentences work better, since longer sentences lead to ideas being in conflict with each other.
O’Connor O’Connor & Andreas (2021) states that identifying words that can be removed
is helpful in figuring out how much information is useful. Design of prompts that elaborate
the user’s requirements can be effective in getting the LLM to produce good outcomes Betz

et al. (2021).

2.4.2 Instruction prompt tuning

This method is a hybrid soft-hard prompt tuning approach. The idea is to identify a soft
prompt to be a prefix and then add task-specific few-shot exemplars to create a prompt that
is required to accomplish the user’s goals. Instruction prompt tuning can be used to train a

model to follow instructions in one or more domains Singhal (2023).

2.5 Al in Healthcare

AT particularly through Machine Learning (ML), has transformed the healthcare landscape
by enabling advanced Clinical Decision Support Systems (CDSS). These systems assist clin-
icians with tasks such as diagnostic support, treatment planning, and prognostic predictions
Yang et al. (2019) Musen et al. (2001). However, several challenges continue to hinder the
effective integration of these CDSS that run on AI models into clinical workflows.

First, the opaque nature of Al decision-making remains a major obstacle. Deep Learning

models, while highly accurate, often lack transparency, making it difficult for clinicians to



understand and develop confidence on their outputs Peters et al. (2017). Second, a recur-
ring issue is the mismatch between Al recommendations and clinical expertise. Clinicians
frequently encounter situations where Al-generated insights conflict with their knowledge or
experience, leading to skepticism about the system’s reliability Wang et al. (2021). Finally,
AT-CDSS must address the diverse needs of stakeholders within the healthcare ecosystem.
These include physicians, nurses, administrators, caregivers, and patients, each of whom has
distinct informational and cognitive requirements Taneva et al. (2014). Designing systems
that satisfy these varying perspectives is a significant challenge.

The limitations of existing CDSS highlight the need for systems that prioritize trans-
parency and adaptability, paving the way for solutions that incorporate explainability, as

discussed in the next section.

2.5.1 Ezxplainability in Healthcare

Explainability is foundational to improving both the understandability and usability of Al in
healthcare Markus et al. (2020) Ali et al. (2023). For clinicians to effectively use Al systems,
it is important for them to understand the reasoning behind the system’s recommendations.
Despite this need, current Al systems often fall short in providing explanations that are
comprehensible, actionable, and tailored to the dynamic context of clinical environments
Combi et al. (2022).

A critical limitation of these systems is the reliance on static explanations. These generic
justifications do not adapt to the user’s expertise or the specifics of a clinical case, reducing

their utility in decision-making Holzinger (2018). Furthermore, these systems lack interactiv-



ity. This makes it difficult for clinicians to understand Al decisions or compare the outputs
with their own expertise.

Another challenge is contextual misalignment. Healthcare is a high-stakes domain where
explanations must be concise and informative. When AI systems overwhelm users with
excessive or irrelevant information they risk becoming counterproductive.

These gaps emphasize the need for explanation techniques that are both adaptive and
interactive. As we explore transparency in the following sections, we will discuss approaches
that address these limitations and how they could improve the usability and broader adoption

of Al systems.

2.6 Summary of Gaps in the Literature

The review of existing work highlights interrelated challenges that hinder the adoption of
LLM infused Al systems in society: 1. The opaque nature of Al models limits their ease of
use with Al assistants and Al text editors . 2. Static and obscure explanations fail to meet
the varying needs of different stakeholders. 3. The potential of progressive disclosure as a
tool for interactive and incremental transparency has yet to be fully explored.
To address these challenges, our work proposes a novel approach that integrates progressive
disclosure into the design of transparent user interfaces for AI-CDSS. Specifically, we:
-Develop interactive explanation interfaces that adapt to the user’s expertise and context.
- Incorporate varied explanation techniques, including audio-visual methods, to help users

understand the system’s inner workings.



- Include causal reasoning to align explanations with clinical decision-making processes.

- Leverage progressive disclosure to present information incrementally, reducing cognitive
overload and enhancing user understanding.

- Using explanation techniques and progressive disclosure bring the user’s mental model
closer to the target mental model to improve user understanding of the decisions made or
recommendations provided by the Al system.

This approach bridges the gaps identified in the literature, offering a user-centered solution
that operationalizes transparency and explainability in Al systems that function in specific

domains of healthcare and education.
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CHAPTER 3

Elements that influence transparency

Machine-learning based systems that make predictions or recommendations to its users and
explain why a decision was made increases the user’s understanding of the system and
improves the overall user-experience of the system. Artificial Intelligence (AI) models operate
as black boxes where most parts of the system are opaque to users. In this chapter, we identify
elements that influence transparency in the field of HCI. Based on the insights gained we
gather that a simplified explanation of the AI system is key. We conclude the chapter
with our proposed idea of representing an Al system, which is an amalgamation of the Al
Model (algorithms), data (input and output, including outcomes), and the user interface, as
visual interpretations (e.g Venn diagrams) can aid in understanding Al systems better and

potentially making them more transparent.

3.1 Survey Approach and Methodology

We conducted a review of papers to understand better the state of the art on transparency
in Al systems. Our perspective is that making systems transparent may help us understand
and control these Al systems. The EU AI Act lists transparency as one of its pillars for
trustworthy Al systems (Article 13 - Transparency and provision to its users.) Commission
(2021). Our research work started by trying to find an answer to the question RQ1: “what
the elements that influence transparency in machine learning systems”. We examined and
downloaded 223 papers that were relevant and placed them in content relevant folders.

Then we conducted an in-depth research and identified 48 papers. We used search terms



such as: HCI AND AI AND Transparency,OR. explainability OR mental models OR user
interfaces. We followed an iterative process in two phases(see Figure 3.1). In phase I we
addressed RQ1. As we read through these papers and found answers to this question, we
identified two other related research questions analysed in phases II and III: RQ2: “how
is transparency different from explainability?” and RQ3:  “what kinds of explanations will
authentically improve transparency?”. As the next step, we examined each of the 48 research
papers and classified them based on each of the three research questions. We found different
definitions for transparency depending on the context it operates. We define transparency
as ”the ability of the AI system to be able to convey clearly what it can and
cannot do” Weller (2019). Our research was done using Google scholar and selecting
papers after 2000. For understanding on work around artificial intelligence and software
engineering usability principles, we examined papers around 1990. Topics related to HCI
and the concept of Mental Models included papers that were published in the 1980s. The
following HCI areas were identified in the papers: TUI (Intelligent User Interfaces), HCAI
(Human Centered Al) and HAII (Human-Al Intelligence). For every paper that we reviewed
we looked at the abstract,introduction and discussion sections. If we found the paper to
be relevant we saved it to folders and revisited them again for a detailed study according
to the research question it addressed. By following this process we found a research gap.
Within AT systems the design of user-interfaces that follow usability principles so that they
have effective interaction with users is an open research area. Further research in the area

of Intelligent User Interfaces helped us outline our research agenda.
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Research Question 1: What are the elements that influence transparency?

Research Question 2: How is transparency different from explainability?

Research Question 3: What kinds of explanations will authentically improve
transparency?

Figure 3.1 Methodology used to conduct the review.

3.2 Research Questions

Below we outline each of the research questions, the main idea and a discussion of our

findings.

3.2.1 RQ1: “what are the elements that influence transparency?”

When considering a system that is ” Al-enabled” through machine learning, independent of
the domain it functions, there are three elements that impact the transparency of a system

Gilpin et al. (2018); Tomsett et al. (2018); Weller (2019), as follows:

e Al Model and Algorithms - Transparency is an understanding of the mechanism
by which the model works Clinciu & Hastie (2019). Such a model is an interpretable
model Zachary (2018). For a model to be trustworthy we are interested not only
about accuracy and accuracy rates, but also the examples for which the model makes

accurate decisions.(e.g. are outcomes biased towards a gender, race, etc.?) Also, there



is mismatch between a human’s need for reasoning and explanation and the algorithm’s

ability to provide this information in an understandable fashion Burrell (2016).

e Data - The data is the input and the output of an Al system Montavon et al. (2018).
The output data includes the outcome such as a decision or a recommendation produced
by an Al model. Building operational data is part of the process used to prepare

training data that impact the performance of the machine learning systems Garibay

et al. (2023).

e Interactive User Interfaces - The third element in Al systems that impact trans-
parency is are user-interfaces that facilitate interaction between Al systems and hu-
mans. By developing methodologies and building tools that improve the intelligent
interactive pieces of the Al system, user interfaces should be such that users intuitively
understand the Al system’s reasoning related to its outcome Kirsch (2017). For ex-
ample, when the user sees a direct relationship between their action that conveyed
a desired goal and the Al system responding to that action and satisfying the goal,
the system does not have to explain its reasoning on how it understood the user’s

goal Ho6k (2000).

3.2.2 Discussion (RQ1):

A fundamental machine learning problem is that when a computer learns from the training
data, it produces an outcome, and is presented to the user as a recommendation or decision

without any regard for human comprehension. This lack of transparency is not just because



of the poor user interface design that could mislead the user, but it is as a result of the
actual design of the automated tasks Hollanek (2020). The more accurate an Al model and
its algorithms are in their prediction, the greater its opacity. Transparency is lost in this
process Diakopoulos (2016). The data that is input to the system is used to train the model
on its outcome. Biases that are introduced during this training process can be seen in the
system’s behaviour, and as a result, it is quite likely that the decision or recommendation by
the system is unfair Anik & Bunt (2021); Garibay et al. (2023). Solutions to such problems lie
in data transparency which discloses the data and the metadata used, as well as the purpose
of the data within the Al system Anik & Bunt (2021). Similarly, feature transparency reveals
the data points used by the Al systems and their origin van Nuenen et al. (2020); Bertino
et al. (2019). Users regardless of their expertise want data-centric explanations as it improves
their trust in the system. The users are less wary and trust the system more when there are
text and visual explanations presented using virtual agents Burrell (2016). In particular,users
benefit by having explanations that use user interface elements and design patterns Kirsch
(2017). Transparency can be increased by designing intelligent interfaces that adapt usability
principles for machine-learning based Al systems increasing its interactivity Nielsen (1990).
The problem is user needs change depending on the AI system. Recommender systems
studies found that designing systems that are efficient, that deliver effective outcomes help
users make faster and good decisions, and makes the user experience more enjoyable. Users
rate such systems to be easier to use Ribeiro et al. (2016). User studies have found that

using virtual agents that had a speech recognition system along with a visual, interactive



interface increased the transparency and trust of the AI system Cheng et al. (2019). The
interaction between the users and the AI system should be rich using natural language,

providing human-understandable explanations and use any other forms of communication

that are effective H66k (2000); Miller (2014).

3.2.3 RQ2): “how 1is transparency different from explainability?”

When a system is transparent it is explainable Garibay et al. (2023). However, a system that
provides an explanation for a decision may not be transparent. Not all questions seek honest
explanations and explanations that do not reveal the true reason for a decision made by an
Al system do not aid in the design of a honest transparent system. ”Dark patterns” in the
explanations make assumptions about an Al model Gilpin et al. (2022). Assumptions impact
the transparency of the system negatively Garibay et al. (2023). Additionally, explanations
that have dark patterns embedded within the user interface do not improve transparency for
user Chromik et al. (2019). The phrasing of explanations and the methods in which they
are embedded within the interface makes a pattern dark. Often explanations that are not
valid or accurate or just not useful, increase user trust and convey a sense of transparency
just because they exist. Transparency of this kind is known as placebo transparency Ferrario
et al. (2020). Systems that display such explanations provide a false sense of certainty in the
system. In other situations, users do not pay close attention to the explanations and view
the system as transparent because they are not highly motivated about the context in which
the AI system functions. Explanations given to such users called heuristic cueing do not

increase the transparency of the system Liu (2021). Without a standard for transparency



in Al systems, it can be easy to deceive users about system accuracy or quality of the Al

system Springer & Whittaker (2020).

3.2.4 Discussion (RQ2)

AT experts and domain experts who have the know-how about the actual mechanics re-
garding the AI models provide explanations for the layman about the AI model making
assumptions about the behaviour of the model. For an Al model to be transparent it could
be interpretable. Often a model that is interpretable is considered to be transparent or
"glass-box”. Explanations about the outcomes such as why and how the system arrived at
a decision can increase trust in the system Ferrario et al. (2020). Since transparency is a
positive feature for Al to have, users may rate an Al system more positively if they see it
provides explanations for its decisions, even without carefully examining the explanations’

9

quality. When individuals are “mindless,” not the content of an explanation but its explana-
tory form becomes persuasive Liu (2021). In these cases, transparency just functions as a
heuristic cue Liu (2021). AI system designers, while designing explanations should keep in

mind how users perceive explanations, the value the explanations can provide to the user

and ensure that they are easy to process.

3.2.5 RQ3: “what kinds of explanations will authentically improve
transparency?”

If the user who watches the system’s behavior and understands the explanations provided
by the system, is able to explain the working of the system with no errors, then the system

output is transparent Gregor & Benbasat (1999). Explanations that model how human’s



explain decisions to each other are likely to be effective Miller (2019). Explanations can
be classified into four categories, one that explains the terminology, that which explains the
control or strategy, which justifies or supports the outcome and that which can trace a line of
reasoning for the outcome Cramer et al. (2008). To build a transparent system, and increase
trust users, developers and domain experts should be able to provide explanations that
answer questions such as what was the reasoning behind the outcome of the Al system Fallon
& Blaha (2018). Where did the data for the Al model come from Tintarev & Masthoff (2011).
How was the data collected, and how did the Al model arrive at the decision. Experiments
conducted on context-aware system and found explanations to ”why the system” and ”why
not” explanations were useful in increasing user trust when compared to "how” and ”what
if” explanations Lim et al. (2009a). Further the why explanations helped users understand

how the system performed when compared to why not explanations Kulesza et al. (2013).

3.2.5.1 A well-designed explanation should be complete and sound.

A complete and sound explanation that explains how the data is processed, addresses the
why questions, and those that explain the internal data structures in a program address the
what questions Gilpin et al. (2018). Soundness is defined as, "nothing but the truth” while
Completeness is "the whole truth” Kulesza et al. (2013). The what if and how questions
address the gulf of execution, which is the difference in what can be done with the system and
what the user perceives can be done with the system Norman (2002). The what,why why
not questions address the gulf of evaluation, which is difference between what the user

perceives to be the functionality of the system and the user’s expectation of the system.



Users create mental models of the systems they use which aid in observing the effectiveness
of the explanations Lopes et al. (2022). Often there is a difference in the user’s perception
of the system and the actual conceptual model of the system. This could be because of
"persistence of mental model”, that is users apply their prior knowledge while using the
system and do not pay careful attention to the explanations Norman (2002). To make sure
that users gain from these explanations, we have to ask the right questions. Explanations
that bring the user’s mental model closer to the actual working model minimizing these gulfs

are explanations that improve transparency.

3.2.5.2 Ezplanations that clarify what is at stake

This ensure higher levels of transparency of the system and increase authenticity and trust
in systems Zerilli et al. (2019). Algorithms that have a high impact are considered high
stakes. In such cases transparency standards should be sensitive to considering explanations

that state what is at stake more valuable than other kinds of explanations.

3.2.5.8 Interactive visualizations

Such as concentric circles, saliency maps, Venn diagrams and others aim to convey the
outcome and the impact of the outcome to the user Zachary (2018). This idea supports
the well-known adage, ”a picture is worth 1000 words”. Interactive Al systems benefit from
explanations related to questions such as how and what if Lim et al. (2009a). A problem
with textual explanations is that they can overwhelm the user with too much information

and often the language is English and hence not universally accessible. Hybrid explanations



that include visualizations supplemented with text increase the user’s understanding being
an effective way of presenting explanations while reducing the cognitive load Ribeiro et al.
(2016). They improve the usability of the system and users perceive these systems to be

transparent.

3.2.6 Discussion (RQ3)

Post hoc interpretable explanations responses discuss how and why a system arrived at a
decision Mittelstadt et al. (2019). The trust a user places on a system is closely related to
the usability of the system and the explanations provided by it Glass et al. (2008). Richard
Feyman’s popular quote, if you can’t explain it to a six year old, you don’t really understand
it” is a good test for explanations Weller (2019). The problem with such explanations is
that they may not accurately describe the Al model’s decisions. User studies have shown
that to be complete is more important than being accurate(sound) Kulesza et al. (2013).
Explanations should therefore try to provide a complete picture related to the output within

established expectations of the system Rubin (2020a).

3.3 Findings on Open Questions

Transparency in machine learning systems is about theoretically examining what powerful
machines can reveal about their decision making Hollanek (2020). A system is said to be
opaque if it is easier to experiment with it than understand it Montavon et al. (2017). The
user interface helps the user interact with the system and can help understand the reasoning

of the Al model on how it arrived at the decision. The idea of making available different levels



of transparency is an important design decision Ribeiro et al. (2016); Fallon & Blaha (2018).
We use Figure 2 to define concepts and their role in transparency considering the three
element identified in RQ1. Transparency can be achieved by implementing interpretability
and explainability, explainability and usability or interpretability and usability within the Al
systems. The issue is that interpretability cannot generate trust by itself Gilpin et al. (2018).
In order to gain the trust of the user, interpretability should be accompanied by complete
explanations. Interpretability is defined as when the user with the aid of the explanations
provided by the AI system understands the decision made by the system Tomsett et al.
(2018). This aids the system’s transparency. We present that Explainable models are inter-
pretable by default, but the reverse is not always true. is only part of the story Gilpin et al.
(2018). For a system to be fully transparent the user interface for these Al system should
follow usability guidelines. In human-human interactions, some of a human’s actions are in-
tuitive enough that they do not need explanations Kirsch (2017). Using usability principles
can help improve human-machine interactions Miller (2019). A developer often wonders,
Is the system working as designed? Mittelstadt et al. (2019); Montavon et al. (2018). Sys-
tems that have an ability to interact with people using explanations can use the knowledge
provided to improve the decision making process. When explanations are communicated to
the user following usability principles, the user understands the reasoning of the decision
made easily and system’s transparency increases. An approach to address the limitations of
explanations is to design systems where the architecture simplifies the interpretation of the

model’s behaviour and presents its outcomes to the user Gilpin et al. (2018). This sort of
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Figure 3.2 The three elements that impact transparency, where intersection of all represents
highest level of transparency.

interactive machine learning and ease of use of the system lends itself to being transparent,
since the user can verify what the system is doing Glass et al. (2008).

Putting all the above ideas together we propose that transparency is the intersection
between AI models, its algorithms, the data and its interactive user interfaces. In such a
scenario, the machine provides enough information so that the user is not only satisfied, but
they are willing to take responsibility for the decision Gilpin et al. (2018). We acknowledge
that is still an open area of research since it current XAl research does not properly address
how users interact and visualize the explanations provided by the AI systems Lopes et al.

(2022).



3.4 Conclusion

For a system to be transparent, users need a clear follow-up explanation why a decision
was taken and if the system worked correctly Cheng et al. (2019). When we think of an
Al system being transparent, we expect that the system is interpretable and explainable.
Explanations help understand the data used by the model and they expose how the data used
by the algorithms logically arrived at a decision and provide additional information to the
user about the expected output. Explanations help increase the transparency of the system
Garibay et al. (2023); Tintarev & Masthoff (2011). With regards to transparent systems, user
interfaces are a less discussed aspect, but are critical to this discussion since they display the
outcomes of the model Glass et al. (2008); Fallon & Blaha (2018). While using interactive
user friendly interfaces users feel they have a better insight into the outcomes of the Al
system.

In this chapter we have presented our insights gained from a literature review based on the
notion of answering three research questions that we set for ourselves to understand the
impact of transparency on Al systems. We conclude that the AI model and its associated
algorithms, the data, and the user interface of the AI system together enable complete

transparency of the system.
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CHAPTER 4

User Study of a Transparent User Interface in Class A System (Notion.ai)

Algorithmic transparency is the idea that an algorithm should reveal itself to the users Rader
et al. (2018). For such transparency to exist an Al system must be explainable. AT architects
aim to design Al systems that can cooperate with others to accomplish a task Wooldridge
(2009).

The problem we address through this user study is that AI text editors, such as Notion,
do not explain how or why they generated the Al text. Our approach is to implement
explainability techniques and progressive disclosure in the user interface to help the end
user understand why and how the system arrived at the outcome. Figure 4.1 illustrates
the process of designing a transparent prototype and collecting data. We design a prototype
(incorporating user input throughout the process) for a user interface in Notion that increases
interactivity and includes various explainable techniques along with the usability technique
of progressive disclosure to increase user understanding of the system’s inner workings. We
then gather data on users’ perspectives of transparency using surveys on this prototype.

In the next section, we position our work within the state of the art on progressive disclosure.
We then describe our approach, the details of our experiment (Section III) and the steps we
followed to build a transparent LLM interface with users (Section IV). We describe the data
collection process analyze the data gathered from the results of our experiment and outline
key insights regarding transparency for LLMs (Section V). In conclusion, we present some

final remarks and directions for future work (Section VI).
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Figure 4.1 User Study for a Transparent Interface for Al Text Editor (Notion.ai)

4.1 User-centered approach to improve Transparency of Al systems

Well-designed socio-technical systems have the ability to improve human well-being Ozlem

Ozmen Garibay (2023). Software engineering systems deploy classic HCI methods that de-

pend on active user engagement while evaluating the interface. As illustrated in Fig 4.3, our

approach is based on principles of user-centered design Norman & Draper (1986) Shneider-

man & Plaisant (2010) where we place the user at the center of the design process.

4.1.1 Experiment

Our goal is find out if the designed prototypes of a user interface for an Al system addresses

the needs of multiple stakeholders by making the reasoning of the Al system more trans-



parent. We approach the problem of improving Al system transparency by applying the
usability principle of progressive disclosure. When an Al system uses the usability principle
of gradually and progressively disclosing the way it works, and by selectively explaining its
decision making process, it acts transparent. Transparency can increase end user awareness
about the bias, accuracy, and privacy concerns associated with the deployment of Al systems
in society. We conduct experiments to answer our research question by designing a prototype
of a user-interface where the Al agent interacts with the user and explains its reasoning and
logic using different modalities (text, video and visual aids) as and when requested by the
user. A salient feature of the prototype is that the user is able to control the Al system at
every stage of interaction. Our intent is to find out if such an Al system can increase user
confidence. For experiments we used Notion (an off-the-shelf commercially available text
editor program that has an Al component for auto text completion) to generate Al text for
a prompt given as input by a user. Our first task was to create a dataset of prompts and Al
generated text for these prompts. We collected this data from 30 voluntary users. We asked
each of the users to give us data for 5 prompts. This way we had more than 100 prompts
along with the AI generated text. We also collected user perception of transparency of the
Notion AI system and their satisfaction of quality of the Al generated text. We designed the
prototype keeping the user at the center of the development cycle. Using semi-structured in-
terviews and the think-aloud processes we collected feedback from a subset of the 30 users to
improve the prototype. This prototype implements explainable techniques using progressive

disclosure. From the dataset we selected 3 prompts for every user and designed a proto-



type of a user interface for each of the prompts. All 90 prototypes were similar in design,
customized to the 90 prompts and the Al generated text. Our next step in the experiment
was to conduct semi-structured interviews with the users showing them the prototype and
collecting their feedback on the techniques implemented to increase user confidence in the Al
agents decision making by increasing transparency. We analyzed the data collected through
these interviews and implemented the common concerns and suggestions shared by the users
in the next version of the prototype. We created a 1-minute video of the prototype that
showed these changes and showed them to users. This final questionnaire helped us gather
data to analyze user confidence and understand if user perception of transparency improves

if progressive disclosure and explainability techniques are implemented.

4.1.2 Designing Explanations that Gradually Disclose Information to Aid
Transparency

Using Figma we designed a prototype of a user interface to improve the transparency of Al
system by increasing interactivity between the users and the Al systems. Figma is a well-
known tool for designing prototypes Figma, Inc. (2023). Such user-centered transparent Al
systems are sensitive to the user’s needs, let the user have control over the system at all
times, and allow the Al agent and human to work collaboratively towards accomplishing the
goals of the task. The fundamental idea behind this experiment is our perspective that in
an Al system the elements that impact transparency are the AI Model and Data and User
Interface Muralidhar et al. (2023). Al systems are designed depending on the environment

they function in as well as when and how long they are used. Our first set of experiments
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Figure 4.2 Transparent User Interface - An Example Version 2.0

are use auto text generators, natural language processing (NLP) systems that run on LLMs
such as GPT-Series, Gemini, etcetra. We use Notion, an Al text editor Notion Labs, Inc.
(2024) in our experiments. In these systems it is important for the user to get real-time

response quickly.

4.1.2.1 Modes:

Algorithmic transparency in an Al system can be increased by adopting two approaches
Springer & Whittaker (2019). One is to achieve selective transparency using explainability
and complete transparency using auditability. We implement this idea in our experiments

by providing users two modes, the regular mode and the transparency mode. In our design



the AI system’s user interface is selectively transparent and user-initiated. We call this the
Regular Mode. As illustrated in Fig. 5.5, the user interface has a feature that indicates
that the user is in regular mode. The second, exhaustive transparency Dangelo (2023) is
reserved for the Al expert, domainmethodology expert, or for personnel appointed to audit

the system, where explanations should be complete. We call this is the Transparent Mode.

4.1.2.2 Design Qverview.

Our intent is to design a user interface flexible enough to understand and work with the
user. Conversational breakdowns occur when the Al systems do not understand the user’s
intended meaning. System repairs occur once the Al agent has ensured that they are needed

and have been requested by the user. To initiate repair strategies Ashktorab et al. (2019):

1. let the user know that there is a breakdown.

2. initiate the repair and provide options on how to repair

3. collaborate with the user on how to proceed

As shown in Fig. 5.5, and this video, the suggested user interface interacts with the user,
and upon receiving input, advances to the next frame and explains how it works by using
different explanation techniques. The AI agent also makes an attempt to repair any possible
breakdowns by giving the user suggestions on how to improve the prompts to finish their
task. As the user progresses through the screens, and the system continues to disclose more
information about its internal logic and decision-making process, the Al system indicates an

increase in transparency by a sliding bar on the user interface. The bar displays three trans-


https://tinyurl.com/notionTransparentUIMockup

parency levels of the Al system: low, medium and high. We use explainability techniques
that employ natural language dialogues while interacting with the user. This technique pro-
vides text narratives in a natural language that makes the Al system more accessible to all
end users. The prompt engineering narrative, the graphs that show the vector similarity
values, and the word cloud that shows the popularity of the words are all examples of this
technique. Having such audio / visual explanation methods increases understanding. The
suggestions for improving the prompt and the capability that allows the user to edit the
prompt at any time employ the inspection explanations technique Lim et al. (2019). These
techniques increase transparency since the user can explore various inputs (prompts) to im-
prove the outputs. One survey taker’s feedback on this was, I like the "keep writing” option
to adjust and improve the prompt. Through every interaction with the user the Al agent’s
goal is to use explanations to bring the user’s mental model closer to the conceptual model
of the system as envisioned by the Al architects. We used the following methods to design

the user inclusive interface for Al systems:

1. Algorithm For Identification of the Keywords:

(a) Identify the nouns and adjectives or verbs in the prompt.

(b) Using other feature extraction tools identify the keywords in the prompts and the

outcome.

(c) Using the prompt and the outcome data, generate word clouds that give insights

into the words with high occurrence.



(d) The nouns and verbs identified in the prompt (step 1) should be seen in the
feature extraction step as frequently occurring words in the word cloud. The
words identified in step I now should be highlighted to indicate they are keywords

that impact the outcome.

(e) Sometimes there is a word that has a high occurrence but is not seen in the
prompt. In such cases finding the cosine similarity of the content words in the
prompt (Method #2) and the word that has a high occurrence helps identify the
related keyword in the prompt. Once such a word is identified it is highlighted as

the keyword.

2. Computing Cosine Similarity Values: For the keywords found in the prompts
(Method #1) use a graph or table that lists the cosine similarity value for related word
pair associations. This explainability technique uses context sensitive word embedding
and assigns numerical values to text based on the context in which they occur. This
sort of context sensitive data can give insights into understanding the word Smith

(2020).

3. Video and Text Explanations: Include a video with a text that is a shortened
transcript of the video explaining the concept of context sensitive word embedding.
This provides an audio-visual explanation of the numerical values and / or graphs

shown in a different technique. (Method #2)

4. Word Cloud: A word cloud of all the words in the prompt and the Al generated



text. This gives the user visual feedback on the most popular words that influenced

the output Dwivedi et al. (2023).

5. Instruction prompt tuning Singhal (2023): The algorithm used to fine tune the

suggested prompts is as follows:

e Identify the overall emotion in the prompt. (such as positive, optimistic, shocked,
surprised,etc.) The new prompt must retain the emotion as is (since we do not
want to create a bias or influence the user’s thinking, we keep the suggested

modifications to a minimum)

e Pay attention to the nouns, verbs, and the adjectives to understand the context.
Place the Part Of Speech that impacts the context in the beginning of the prompt

(sentence).

e Chunk the sentences. LLMs process shorter sentences with greater predictive
accuracy than longer sentences. While having multiple sentences, the parts of the
sentences that are in the beginning or end have a greater impact on the outcome.

OpenAlI (2021)

4.1.3 FEvaluation and Results

Procedure As discussed previously in section 3, the approach we take is to design a pro-
totype for a user interface and conduct experiments to investigate the effect of progressive

disclosure and the different explainability techniques for an Al text editor such as Notion..
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Figure 4.3 Block diagram depiction along with the experimental flow of our user-centered
approach for improving transparency

We used Figma to develop the prototype. We now analyze results and gain insights gathered

from the surveys conducted:

4.1.3.1 1.Initial dataset created from Survey 1

We conducted this survey with 30 users to build a dataset of a variety of prompts and
the Al generated text from diverse users of varying demographics such as gender, age and
education (Table 4.1). We wanted to see if any of these factors influenced the design and
order of explainability techniques presented to improve the transparency of the Al system.
One factor we did not consider was the user’s knowledge, experience, or comfort level with
AT systems. We surveyed a controlled group of users (N=30) for our experiments who we

interacted with as we designed the system. This survey collected five prompts (users were



required to provide at least three prompts and three outputs) and the output generated from

every user creating a dataset of more than 100 prompts.

4.1.3.2 2. Feedback Interviews used to aid the design of the prototype

Through iterative testing and feedback from a small group of users (N=6), we developed
and continuously improved our prototype. After the initial implementation, we redesigned
the interface in the second version to better understand how individual situations and user
preferences influence the effectiveness of these computing systems. We argue that a human-

centric approach of the feedback interviews while designing the prototype is important to:

e improve comprehension: We asked users if adding explanations about the outcome to

the interface increased user understanding of the system.

e progressive/step-by-step understanding: We asked users if implementing progressive
disclosure, that is, presenting the explanation techniques in a specific order was helpful

to the user.

Based on feedback from users, we made design decisions on the choice of explanations and

the order in which they were presented in the prototype.

4.1.3.83 3. One-on-One Interviews for data collection on customized prototypes.

The goal of this interview was to capture users’ understanding of the Al systems outcome
based on the explanation provided. We conducted interviews with all the users to learn

users’ inclination towards one explanation technique over the others. Our data collection



Table 4.1 Demographics of volunteer users
Demographic [Count (total 30 users)

Age < 20 = 2, [20-30] = 18, > 30 = 10

Gender Male=19, Female=11, non-binary=0, undis-
closed=0

Education

(currently pur-|High School = 2, Bachelors = 4, Masters =
suing or have|17, Doctorate and other higher level degrees
degree) =7

results showed that a user’s preference for an explanation technique or their perception of

transparency of an Al system does not change much for different prompts or outcomes.

4.1.8.4 4. Data Collection on Improved Prototype (Version 2.0

We design questions in this survey that collect users’ opinions of the improved version of the
prototype, see Figure 4.3. Using the data collected from previous surveys we made functional
design improvements to the prototype of a transparent user interface. We designed Version
2.0 of the prototype for one of the 90 earlier version of the prototypes . From the feedback
survey experience we learned that user feedback was more objective and detailed when they
saw prompts and outcomes that were created by other users. We concluded that designing

and experimenting with one generic prototype for this round of experiments was sufficient.

4.1.4 Data Analysis and Results

We analyzed the data collected to understand user perceptions on the increase of trans-
parency due to progressive disclosure in an Al system.
Analyzing the data collected from the first survey, it shows that 76.4% of users were

satisfied with the output provided by Notion, though at least 80% of the users agreed that



Table 4.2 User opinion of the transparency level as seen in Notion Ul
No. [User Comments
1[It isn’t really giving any insight on how its achieving its

output.
2 | It’s not telling me where it got this opinion from, or how

it arrived at the opinion.
3 |It didn’t give any transparency at all.
4 |I do not see anything that helps me understand how

these stories were generated, or what I could do to create
a change

the transparency level of the system was low. Table 4.2 lists the comments by the users
who thought the transparency level should be lower than indicated on the first frame of the
prototype. Users are biased favorably towards the Al agents. Human Factors Engineering
research indicates that users have automation bias Sellen & Horvitz (2023). There is an over-
reliance by users on the advice or response given by Al agents Schemmer et al. (2022), and as
a result, they blindly accept its output unless the Al agent asks for specific input from them.
When directed, humans are likely to pay attention and want to know more. During the
semi-structured interviews we conducted using the prototypes, no user exhibited curiosity
on how the Al agent had selected the keywords in the prompts to highlight. However, in
the final questionnaires given to the users, when the user interface provided this information
all users unanimously found it useful. We conclude that often users do not explicitly realize
that they need explanations unless they are provided. During the interface design process
(Feedback interviews), through interviews we learned that users preferred keyword highlights
as an explanation technique to come before the cloud of words. When we conducted the
one on one personal interviews with 30 users, we learned that 54% users liked word clouds

while 45.6% preferred keyword highlighting. User feedback through the interviews informed



Table 4.3 User feedback on the using Cosine (Vector) Similarity values
No|.User Rat-|User Comments

in
1 HI%H They were useful to me because I am now understand-
ing why I did not get the outcome I needed. Based on
the correlated numbers, I can see why there would be
more positive outcome than now. Because the corre-

lation, I was never set to get the outcome I wanted
2 [LOW My opinion changes based on the end user. T think a

regular user does not really value seeing the quanti-
tative side of the numerical values. I think the same
information is yielded from the word cloud.

us that users think word clouds are easy to read since they are a familiar visual and while
they lack depth in explanations this technique also brings out several words that are related.
A user said, Giving importance to each of the words that have an impact, the word cloud
shows how it is more significant than others. When we discussed the order of the explainable
techniques with users they indicated that having the word cloud displayed right after the
video improved their understanding of the explanations. Prior research has shown that users
like to have the option of switching between modalities while receiving information Horvitz
(1999).

Based on user feedback we find that providing the word-pair cosine values is too technical
and maybe overwhelming to the end user. Users who had prior knowledge indicated that
the values shown to them provided clarity on the output generated by the Al text editor
(Table 4.3). The prototype of a transparent user interface of an Al system gives suggestions
to improve the prompts that could help them get an improved outcome along with a narrative
on how the AI system got these suggestions. As result, 92.2% of the survey takers found

narrative of the logic used to provide suggested prompts useful. However, only 53.3% of



users found the suggested prompts useful, while 38.2% said they were not as useful, and
8.6% partially agreed with their usefulness. In reference to Fig.5.5 (also can be seen in
video) - Frame 1 (first update on the screen seen by the user), users rated the transparency
levels to be low because they said that they would have liked more explanations from the
AT system about the outcome. In the last screen update, Fig.5.5 - Frame 6, after the users
read the narratives, all users rated the transparency level to be medium or above. The users
found having explanations with progressive disclosure used by the Al agent to have improved
the transparency of the Al system. Our experimental results show that most users found
the improved user-centered prototypes useful. 86.7% of users found that the new version of
the prototype had improved over the old design.

When we studied our user responses to the final version of the prototype we had a few users
who expressed dissatisfaction with the latest version of the prototype. They had reasons

such as:

e Not sure how this would really help an end user, with minimal technical knowledge

about the Al model.

o [ still think the end user is unlikely to be interested in extensive detail on transparency.

o [ would like to get more simpler description of technical terminology used like what is

meant by vectors, what is transparency? how would you rate transparency, etc.

4.1.5 Key Insights

Here are the insights we gained from our experiments:


https://tinyurl.com/notionTransparentUIMockup

. The first survey revealed that out of 90 prompts generated by 30 users, at least 76
comments focus on the lack of explanations in Notion. The most common explanation

that users wanted was how the system arrived at the outcome.

. User feedback confirms that the progressive disclosure process as a way of building a
transparent user interface in Al systems is operative. As can be seen in the video of the
prototype. A user observed, Both are useful and important. Highlighting emphasizes
focus and word cloud emphasizes the explanations. And therefore the highlight should

come first and the explanations (video) then the word cloud comes next.

. All users wanted more explanations after seeing the keywords highlighted and watching

the video. Once users were exposed to explanations, they wanted to understand more.

. Explanations should be such that they bring the user’s mental model closer to the
conceptual model of the system. The order as well as the choice of explanation tech-
niques presented to the user is important. One participant noted, It is very important
to understand the Al generated text in the outcome. What it meant. Why the text
generated the way it was. The text with video helped understand the word cloud better.

Word cloud was the best.

. The number of users who preferred word clouds were marginally more than those who
preferred keywords. Both techniques can be considered as effective when used with
NLP systems that auto-generate texts. Tables 4.4 and 4.5 presents some comments of

the user related to the keyword highlighting.
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6. Putting the human at the center of the design process is beneficial. Only after receiving
user feedback we realized that adding controls to the user interface for explanations to

improve transparency was valuable.

7. Users prefer matching the video and reading the text to understand the idea of context
sensitive word embedding. By studying the data from the surveys we learned that even
if at first the user preferred video or text eventually they decided either mode worked
fine. The video followed by the word cloud helped the user get a clear picture of the

Al system’s conceptual model.

8. Changing the visual of word-pair cosine values from being a table of numbers to a bar
graph did not increase user satisfaction with this explanation technique. User feedback
as seen in Table 4.3 indicates that providing explanations that use the interpretability
of the Al models may not be suitable as end-user explanations. More experiments are

needed; however, early results indicate that they are suitable for auditing Al systems.

4.1.6 Limatations

We use keyword highlighting as an explanation technique to understand the Al text edi-
tor’s logic and inner workings. This method is unfortunately unappealing aesthetically, feels
unnatural, and may not be as effective an explanation as using natural language for expla-
nations. It increases response time by requiring additional user effort in having to respond

to the confirmation.



Table 4.4 A User feedback on keyword highlight

No. [User Comments
1 I'think highlighting the words made it clear which words

were the most critical in generating the response. With-
out that I'm not sure I would necessarily have under-

stood which words it was keying (focused) on..
2 Increases my understanding, since I can clearly see what

words the Al found most important and how it got to

its output. Its fast and easy to understand.
3 They highlight the two major subject words but what

I would also like to see is other semantics to be high-
lighted and also some cause-effect relationships within

the sentences.
4 I wanted to first see highligted keywords, as it showed

me interest to know more about why these keywords
impact and how they impact. If I see everything first
then I don’t get interest and my lose interest at the
beginning. So i prefer to see highligt words first. I can
see the flow and as a end user I would like to go with
flow what, how, and why type. This interface clearly
told me that.

Table 4.5 User choice of order of word cloud and keyword highlighting
No. [User Comments
1 The highlighting the keywords are important so they

give the context of what are the keywords and then the

word clouds give more supplmental reasoning.
2 In this case word cloud helped as I had a few inconsis-

tencies in my understanding of how the AI generated the
text based on the highlighted words which was cleared
by the word cloud in a way that I can see the other im-

portant words as well.
3 Highlighting is perhaps unnecessary if word cloud is pre-

sented first.
4 Showing the highlighted words is the first step is what

i feel. Once, they are selected only then the system can
try to form words that might be related to them and try
construct using words relating to it.

Another technique we used is word clouds. The problem with word clouds is that they

lack the depth needed to gain deeper insights into the data and sometimes the size of a word
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could be inaccurate depending on the style of the outcome of the Al system. An example
with highlighting and word-cloud is provided in Figure 4.4.

One more explainability technique we used is suggesting modified prompts to improve
the outcomes. However, Al systems have outcomes where the uncertainty is inherent. The
outcome for a prompt is not completely predictable. Our approach may not help increase
transparency, because even after having all the explanations provided the user may get an
outcome that is not explainable using the techniques that we have proposed.

User studies may need to be conducted regularly, depending on the domain in which
the AI system is used and the frequency at which the AI model is trained, to ensure that
appropriate explainability techniques are implemented. Another limitation of surveys is that

we did not collect data about the users’ experience or comfort level with Al systems.



The proposed user interface does not provide a mechanism for the Al system to progress
from regular mode to transparent mode in the event the user persists in asking for more
information. This is significant because an important concern in the design of transparent

systems is that users may take advantage of the provided transparency by gaming the system.

4.2 Conclusion

In this chapter, we presented a user study aimed at exploring the impact of progressive
disclosure and various explainable techniques on perceived transparency. We went through
the iterative process of designing the user interface with these techniques and showing it to
a group of 30 participants. In this way we gathered qualitative insights about their views on

transparency.

Future work includes conducting experiments with a larger number of users and in different
domains. We continue our research work by conducting user experiments using Al- Clinical
diagnosis support systems where the impact of the applications on the user is high risk and
it is important that the decisions are as accurate as possible. In the next chapter we discuss

the user study conducted with these virtual assistants and our findings.
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CHAPTER 5

User Study of a Transparent User Interface in Class B System (Docus.ai)

Artificial Intelligence has emerged as a transformative force in healthcare, significantly en-
hancing clinical workflows through advanced decision support systems. In high-stakes en-
vironments such as healthcare, understandability and explainability are not optional; they
are prerequisites for adoption by diverse stakeholders, including physicians, nurses, patients,
and caregivers.

Transparency in Al is more than a technical challenge; it requires socio-technical solutions
that address the diverse needs and expectations of its users Ehsan et al. (2021), Franzoni
(2022), Felzmann et al. (2020), Pappachan et al. (2024). Clinicians need clear explanations
to evaluate and integrate Al-driven recommendations into their practice. Patients and care-
givers, meanwhile, require clear insights to understand the system’s decisions, helping them
to reduce anxiety.

In this chapter we explore the use of progressive disclosure as an approach to enhance trans-
parency in clinical Al systems. In the previous chapter we discussed the user studies con-
ducted using an Al text editor. Here we discuss the user studies conducted and analyze the
results from our observations and user interviews conducted with docus.ai. We progressively
disclose the user to reasoning behind the recommendations and selectively operationalize
transparency. For the study, we use semi-structured interviews and think-aloud practices
with medical professionals, students, and general users to explore how progressive disclosure

can improve transparency and the design of responsible Al systems.



Our goal with the user studies in this domain to learn if presenting information in small
chunks, in a critical field such as healthcare, minimizes cognitive overload and allows users
to build a more accurate understanding of the system at their own pace Springer & Whittaker
(2019). We discuss our findings in the Results and Insights section.

In this chapter we make the following contributions:

1. Through user studies, our thesis demonstrates how progressive disclosure supports
clinical diagnosis by addressing the needs of users with different levels of expertise and

understanding.

2. For this study we designed a prototype of a user-interface by adding causal diagrams
and other explanations techniques that are interactive, context-aware and keep the
user in control of the Al system at all times. Such an user interface extends the idea
of transparency to include the socio-technical aspects and emphasizes the importance

of context-aware and user-sensitive design.

3. We present a prototype design where we display our design of a selectively transparent
user interface for an AI-CDSS and conduct a user-study to evaluate the acceptance of

the design.

4. The findings presented in this chapter highlight the potential of progressive disclosure
to help the end user understand the behavior of XAl systems in the clinical decision

making process.



The remainder of the chapter is organized as follows. Section 2 provides an overview of related
work on explainability and progressive disclosure. Section 3 describes the methodology
employed for prototype design and evaluation. Section 4 describes the iterative process used
in the design of the prototype. Section 5 describes the user study conducted with the domain
experts (doctors and nurses). Section 6 describes the refinement of the prototype. Section
7 describes the study conducted with the clinicians, medical students and the general user.
Section 8 presents the results and the discussion of our empirical studies. Finally, Section 9

concludes with recommendations for future research and applications.

5.1 User-Centered Design for Progressive Disclosure in Clinical Diagnosis
Systems

To investigate the impact of progressive disclosure in AI-CDDS, we conducted a study to
understand user perceptions of the prototypes of a user interface for two Al systems that
implement this idea. We chose Docus.ai an AI-CDSS that is used by patients, care-givers,
medical professionals and healthcare providers. A CDSS is a software tool intended to im-
prove clinical decision making where the patients symptoms are provided as input for the
computer systems and using its knowledge-base provides the clinicians suggestions or rec-
ommendations Musen et al. (2001). These machine learning based systems are primarily
used at the point of care to provide diagnostic suggestions Sutton et al. (2020). With Large
Langauge Models becoming more accessible, the use of AI-CDSS is expanding from doctors’
offices to patients and caregivers for self-diagnosis. This shift raises concerns for medical

providers, as many do not understand the logic behind AI's recommendations. Our study



examines how different stakeholders think of and expect transparency in these Al systems.

To explore this, we build two prototypes based on Docus.ai.

A mock-up that improves transparency. In our design these prototypes interact with
the user and explain the reasoning and logic for the output using different modalities (text,
video, and visual aids) Muralidhar (2024) as and when requested by the user. The expla-
nation techniques are controls on the user interface. We discuss the different explanation
techniques used in two different domains. The techniques used while designing the proto-
types for these systems differ in the domain used. The choice of technique depends the Al
system functionality and the context in which the Al system functions in.

We use explainability techniques (Figure 3) that engage in a dialogue with the user making
the Al system more accessible to all end users Chromik & Butz (2021). The explanations are
based on the input and output from the AT model. As they interact through explanations the
Al system progressively discloses more information about its recommendation or decision.
A salient feature of the prototype is that the user can control the Al system at every stage of
interaction. Through our user studies we learn that presenting explanations in a deliberate
order helps align the user’s mental model of the AI system with the intended target mental
model. We have shown various explanations that not only provides the recommendation,
but it also states why and how it made the decision. Following the progressive disclosure us-
ability guideline Spillers (2010), Kimball & Harslem (1982) the Al system is selective about

what information it provides initially. The user decides if they want more information by
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interacting with the system.

Transparency definition. We conducted studies with various stakeholders to understand
user perspectives on the transparency provided by the user interfaces of these Al systems. Af-
ter our first round of semi-structured interviews and surveys with the physicians and nurses,
an important takeaway was that transparency is defined differently in the healthcare domain
compared to other domains and to improve transparency our refined prototype should have

controls that address the needs of this domain.



Allowing the user to modify their input. This is an important design decision. Users
who took the survey for the Class A systems (Notion.ai) found this feature to be ”powerful”
and 7useful”. In the healthcare domain this may not be an advantage. A medical profes-
sional said,

“I guess it could be bad in the sense that some people, based on like what they hear. May not
like what they hear and then change that I think in some cases like healthy folk, it could be
like the most intense pain that they ve ever felt. But like it’s not actually something serious,
and so then they might try to like. Make it into something serious, you know what I mean?
Kind of like that like age old tale of like someone going on webmd because they like have a

stomach ache and then they’re them being like, oh, well, now I have stomach cancer.”

Customizing the interface to the users needs. Another learning that we gained was
that following the usability standard of customizing the front-end of a software systems
would be useful so that the information would be available to the user was determined by

their user profile.

5.1.1 Summary of Our Study and Evaluation Process

Tables 1, 6, 7 illustrate the iterative design and analysis methodology used with various

stakeholders. The tables highlight the following features of the study:

1. The tables list the objectives of the study and the specific task that had to be com-

pleted.



2. The tables demonstrate how the user interface was iteratively designed keeping the

physicians (domain experts) involved in the design process.

3. It provides insights from the data collected from medical students. Their perspec-
tives were valuable in understanding the differences between the views of practicing

professionals and those of learners at the start of their careers in the field.

4. Tt provides information on the data collection and analysis process, involving a wider
range of users with varying levels of stake in using the Al system. The process was

asynchronous, online, and anonymous.

5.1.2 Limitations of our study and evaluation

This study focuses only on the user’s perspectives of the Al system. The concerns expressed
about Docus functionality is out of scope for the purposes of our research. We also state
that transparency of an Al system is influenced by the Al model, training data and the user
interaction Muralidhar et al. (2023). We narrow the focus of our research to the interaction

of the user / stakeholder with the AI model.

Customizing the user interface of a software system for end user.

This is a well recognized usability guideline Nielsen (1990) in the design of software systems.
As part of our findings and research work we learned that implementing this guideline in the
design of a transparent user interface can enhance user understanding and trust in the Al

system. For example, during our study many doctors expressed concern that patients were



exposed to too much information about their medical diagnosis. They feared that this would
increase their anxiety levels. When we discussed these concerns with medical students, they
mentioned other medical software systems featuring toggles for customizing content and user
interfaces based on the user’s profile. We agree that implementing the usability standard of
customizing the user interface improves user control and facilitates more effective interactions
between the user and the Al agent Shneiderman & Plaisant (2010). In our study, we focused
specifically on progressive disclosure as a usability standard, combined with explanations, to
improve transparency. Future research could further explore the application of user interface
customization. In the sections below we discuss the process followed to design / refine the

prototype and to conduct the user study with various stakeholders.

5.2 Prototype Design: First Attempt

In order to conduct a study we first designed a mock-up of a transparent user interface and
then conducted the study by asking end users and stakeholder questions on the mock-up
(Figure 7). We refer to this mock-up as a prototype throughout this document. For our
study we used surveys, semi-structured interviews and think-aloud methods. This way, we
collected data that we analyzed to understand users perspective of using progressive disclo-
sure and explanations to improve transparency in Al systems.

Approach: We designed a prototype for Docus.ai, an AI-CDSS that provides clinical diag-
nosis based on the prompts given as an input to the user using the software FIGMA Figma,

Inc. (2023). For the purpose of our study the prototype implements our idea of progressive
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Figure 5.2 Adding controls as Explanations on the User Interface of Docus.ai

disclosure. We decided to design a prototype so that we could quickly make modifications
to the design to incorporate our domain experts feedback when needed.

We took screenshots of the Docus user interface and designed controls that provided ex-
planations to the user of the system. Using the Merck Manual (©) 2024 Merck Co. (2024b)
as a resource we identified a scenario of a disease and sample symptoms of this ailment and
provided them as an input to the Al agent. The prototype navigates the user through dif-
ferent screens of the Docus.ai system. Docus receives the user input (prompts) through the

user interface and responds with a diagnosis (output / outcome) that is also displayed on the



interface. Our suggested user interface for these Al tools can act as an assistive technology
where selective transparency is operationalized using explanations and gradual sharing of
information and in this way follows the usability guideline of progressive disclosure Johnson
et al. (1989),Springer & Whittaker (2019).

The AI-CDSS interacts with the end user asking follow up questions and provides a di-
agnosis and diagnostic tests as outcome. Effective human-Al agent interactions increase
transparency through explanationsEiband et al. (2019). The information presented to the
end user is split into multiple screens so that if the user has to get more recommendation-
s/clinical diagnosis related information from the system they will have to interact with the
system to go to the next screen which then discloses more information. For example, Figure
5 shows how we split the follow up questions and the suggestions for diagnosis tests into
separate screens and the user can control when they want to move to the next screen and
read the relevant information. Such user controlled progressive disclosure provides the user
bite-size information and could help the user assimilate information easily. Our findings in-
dicate that this process gives the user the feeling that they have control over the Al system.
The video of the prototype shows how the proposed design of a transparent user interface
provides explanations on the user interface and navigates through the different screens of
the Al system by providing bits of information at a time.

In our first attempt of the prototype design we designed two explainability techniques. The
first one is highlighting the keywords and the second one is causal diagrams. In situations

where there is a ”conversation breakdown” explanations such as keyword highlighting aid
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the process of repair Ashktorab et al. (2019). Causality is about understanding how one
feature that acts an input into an Al model can result in a specific outcome from the Al
model Pearl & Mackenzie (2018). It is important to understand causality and differentiate
it from a correlation where an input-output pair is invoked just because it is a statistical
relationship Yang et al. (2019). For current day Al models to emulate ”human intelligence”
the Al system needs to be able to help the end user understand the cause-effect connection
between the input and the output Ganguly et al. (2023). The user can click the highlighted
word and view the related directed acyclic graph that represents a causal diagram between
the highlighted words. The DAG is a causal modeling tool that we use to show a visual
representation of the relationship between the highlighted input words (symptom) and the

highlighted output words (ailment/disease). DAG’s help transparently present the assump-



tions between the highlighted words Pearl (2019). The input word represents the cause
and the output represents the effect. The issue with Al models that power these Al sys-
tems is that because they are mostly black boxes they lack explainability. AI systems that
lack explanations erodes users trust. DAG is a good visual explainability technique that
helps towards the understanding of the cause-effects connections between the input to the
Al system and output from the AI systems. These explanations can provide the medical
providers the answers they look for when they do not agree or understand the Al systems
recommendations. By modeling causality, stakeholders such as Al architects will be able to
analyze and discern if the assumptions encoded are plausible or if additional assumptions
have to modeled to show the cause and effect. Such explainability techniques can help per-
ceive the Al system as transparent Pearl (2019). Natural human thought process uses causal
inference. Showing causality on the user interface in form of explanations can help emulate
human-level intelligence. Using this prototype we conducted user studies with the clinicians

to help us improve the user interface design.

5.3 Study

We used our early version of the prototype to conduct 120-minute design interviews with the
doctors. We explained the research premises to the medical professionals and informed them
that AI-CDSS are no longer confined to clinics but are now accessible to the general public.

Some important takeaways from the design interviews with the medical practitioners were:

1. The AI agent should be able to let the patient or the caregiver know when to wait till



the next day morning to see the doctor and when they should go to the emergency

immediately.

. The main goal of a physician when they meet the patient is to reassure them. The
patient comes with questions, they should leave with less number or no questions.
Currently the way the Al agent functions, it is going to increase the anxiety of the

patient/care giver and they will leave with more questions.

. The AI agent should direct the patient to take their problems to the doctor.

. Uniformly all the doctors expressed their satisfaction with the Al agent’s output. They
indicated that the medical diagnosis given by the Al system was of an acceptable level

of accuracy.

. Because of the massive amounts of data used to train the model, an AI medical assistant
has a lot of practical experience embedded in it. This can be very useful to train
students, coach early career practitioners and counsel practitioners when they are under

pressure (such as critical care) to treat a patient.

. The diagnostic tests presented as an outcome from the Al system was alarming to all

of the doctors. It either should be removed or presented to the user at the very end.

. At least 4 of the medical professionals said that they felt that the recommendations
given by the Al systems provided too much transparency. The Al agent is revealing

too much information to the general user. This perspective is understandable. Since



they have the knowledgebase, the physicians are aware of why the decision is taken
and can validate it. Their perspective is that a patient who is not trained in medicine

should not be exposed to all this information.

All doctors emphasized that patients should not rely solely on the Al medical assistant for
medical advice but should consult a doctor for accurate diagnosis and treatment. Al medical
assistants should be designed to provide supplementary information that supports a patient’s
understanding, rather than replacing professional medical care. We have presented our study
methods used with the clinicians. We developed all interview questions and surveys based
on prototypes (First Attempt) of Docus.ai with a transparent interface. We designed these
prototypes using our experiences with Class A and insights from prior research. Through
this study, we wanted to gather user perspectives on the interface and determine whether
the transparent user interface prototypes helped users understand the Al system’s decision-
making process.

Interview procedure: After designing a version of the prototype we conducted semi-
structured interviews with 8 doctors. Some of these interviews were in-person where we
demonstrated the functionality of the prototype. Some we conducted online with screen
sharing for the interviewer to present the visual scenarios. We invited professionals of various
age groups, genders, and experience levels. These in-person interviews were about 100-120
minutes long. Using the data collected from the surveys, notes taken from the interviews,
and listening to the recordings we designed a refined version of the prototype. Our goal was

to include the domain expert as part of the design process while designing the prototype



of transparent user interface. This interview had three parts to it. Using the think-aloud
methodology, the first step was to walk the user through the current Docus.ai interface and
functionality and explain our research goals and our definition of transparency. The doctors
were curious about the purpose of the application and were very apprehensive about its
deployment in society. The second step was to show them the prototype of the transparent
interface. The third step was asking the user to answer questions on the survey and to record
responses related to the user’s perception of the transparency and explainability techniques
used to improve transparency of the Al tool. We reviewed all feedback from the doctors and
improved the prototype of the user interface so that it provided explanations on how and why
the Al system provided a specific recommendation. The medical professionals raised many
objections about the interaction process and the information disclosed to patients by the
ATl medical assistant. We quote one physician here who said, “it is too much transparency.
This is going to increase anxiety in the patient.” Using this feedback we refined the design

of the prototype, discussed in the next section.

5.3.1 Physicians and Nurses — Medical Professionals as Stakeholders

e Step I: Questions for Prototype (1st Attempt)

e Step II: Data Analysis and Refine

e Step III: Questions for Prototype (Refined)

e Step IV: Analysis



Objectives: Is the prototype selectively transparent?; Incorporate feedback from previous
iteration into this version; Is the improved prototype adequately transparent for patients and

physicians?; Capture student perspectives on transparency as well as social transparency.

Tasks: Conduct semi-structured interviews and think-aloud techniques, record them (using
Google Forms); Use Figma to improve the prototype; Conduct semi-structured interviews

and think-aloud techniques, record them (using Google Forms); Use tables, graphs.

Ancillary Information: Explain what Docus is, demonstrate the AI-CDSS, define trans-
parency; Revise the definition of transparency, refine the prototype; Explain the idea of

social transparency, nudges, triggers, etc.; Refine the definition of transparency.

5.4 Prototype Design Refinement

From our prior research using Al systems in other domains, we learned that operationalizing
transparency by being selective and gradual in providing explanations to the end user can
improve users’ perception of Al systems Muralidhar (2024). Based on lessons from our study,
we refined the prototype design to support Al systems in evolving from a purely technical
focus to a socio-technical and human-centered approachSchoonderwoerd et al. (2021).

Authors Ehsan et al. (2021) introduce the idea of social transparency. Social trans-
parency is the idea of incorporating socio-organizational context into explaining
Al-mediated decision making. This led us to refine transparency in the context of the
healthcare domain as when the AI system tells you why it made a decision, how it came

up with the decision and indicates that it is context-aware by constantly showing empathy



and care, while "nudging” the end user to seek external help by providing resources and
healthcare provider details. We improved the design of the prototype that included expla-
nations that accounted for the social context in which Docus.ai is used. When we interact
with a highly intelligent person they can learn about us by observing our patterns and then
nudge us to behave in a certain way. An Al system can be trained to do the same Suh
(2019). As users interact with software systems they develop a relationship with them. In
the design of online systems, designers aid users in making ”better” decisions. Behavioral
research calls these "nudges”. The idea is to nudge the user to better decisions without re-
stricting their options Acquisti et al. (2017). Nudging through user interface design aims at
altering users’ behavior in predictable ways that lead to more beneficial outcomes for users.
HCI research in nudging techniques Caraban et al. (2019) presents us with ideas on how to
introduce subtle changes in the ways choices and information is presented. Taking this idea,
we added nudges as explanation techniques on the user interface. We added emojis, triggers,
and nudges to the screens that indicate empathy and care to the end user and nudges that
gently push/direct the end user towards seeking external help, resources, etc. As seen in the
figures, we identified icons and emojis, and triggers and added them to the user interface to
understand if these techniques improve patient / care giver experience while using these Al
medical assistants. We continued to use the techniques of highlighting keywords and usage

of DAGs to explain cause and effect in the prototype to improve transparency.

Triggers Prior resecarch Caraban et al. (2019) suggests that for a specific behavior to



occur, the user must be motivated, have the ability to act and have an effective trigger. For
example, in our first round of interviews, the physicians wanted the AI assistant to direct
the patient to the emergency room or visit the medical professional the next day. We added
a trigger that can emulate such a this scenario. And through our study experimented with

triggers to see if they are effective.

Icons Prior research indicated success of the use of icons as reminders. We incorporate

this into our user design as a visual nudge to act as a ”just-in-time” prompt Caraban et al.

(2019) .

Emojis An emoji is a visual symbol that symbolically communicates the ability and
desire to interact and participate in online activities Mozdeika (2023). Emojis provide an
emotional tone and help enhance social relationships Bai et al. (2019).

In the next section we outline the process followed to evaluate refined prototype with the

clinicians, medical students and other stakeholders.

5.5 Evaluation

We have earlier described the process we used to get feedback from the domain experts
(doctors and nurses) iteratively improved the prototype keeping the human at the ”center
of the design process”. We then refined the prototype and conducted another survey with

medical professionals (Step 3) and medical students. We also collected perspectives from the
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Figure 5.4 Nudges: Emojis, Icons and Triggers

general public who could be a stakeholder taking any role such as health providers, patients,
care givers, etc. We studied these stakeholders perspectives on the transparent interface
on Docus.ai using semi-structured interviews that were either face to face or online. For
the professionals who we could not meet in person we met with them online and using the
screen share option we showed them the prototype and asked questions from a questionnaire.
Using the think-aloud method, we captured user feedback about the transparency of the Al
tool. Al systems must consider the perspectives of diverse stakeholders, such as patients and

lawmakers, to ensure transparent operations between patients and doctors Saraswat et al.



(2022). We wanted to learn if end users regard Al systems as transparent when these systems
gradually and progressively disclose how they work and selectively explain their reasoning

Springer & Whittaker (2018).

5.5.1 Recruiting voluntary medical professionals, medical students and
end-users

Table 5.1 Stakeholder Gender Distribution

Stakeholder Male Female
Doctors/Nurses 4 4
Medical Students 5 3
General Users 20 28

We asked medical professionals from our community if they would be willing to help us in
this effort to improve the deployment of Al systems in society so that the users of these
systems perceive these systems to be fair, accurate, and respectful of their privacy. As one
doctor said, “We doctors are expected to hold high standards. So if these Al systems are
going to be used to do our work then they should be held to the same high standards as us.”
During the first round of interviews with the physicians, multiple doctors mentioned that
this Al system could serve as an excellent tool in training medical students. We pursued
this idea and recruited eight medical students to interview. We paid them 10 USD for their
time. We also conducted an anonymous, asynchronous survey from a diverse group of end

users. We used the refined version of the prototype

(video) but changed the questions.


https://tinyurl.com/classBPrototype

Table 5.2 Stakeholder Age Distribution

Stakeholder < 20 20 -30 |30 -40 |> 40
Doctors/Nurses 1 9
Medical Students 8
General Users 10 32 2 4

Table 5.3 Stakeholder Proficiency in A.I (Scale of 1 (Beginner) - 5 (Expert))
Stakeholder 1 2 3 4 5
Doctors/ Nurses 3 1 4 0 0
Medical Students 2 1 3 0 2
General Users 4 10 23 6 5

5.5.1.1 Demographics

Tables 5.1 and 5.2 show the demographics of physicians and nurses, patients, caregivers,
health providers, and other general users who participated in the study. We note that most
of the general users interviewed were in the age group of 20-30, most of them use Al for work
and rate themselves at a 3 (non-beginner / non-expert) for Al proficiency. The medical
students were also in the 20-30 age group but from the data collection it appears that they
use Al differently. Only 4 of the 8 medical students we interviewed indicated that they used
it for work. Others used Al systems such as these to improve themselves or for personal
reasons. Our study had a good gender balance. It was challenging to recruit young medical
professionals to volunteer their time for this survey. As a result, most of our domain experts
were over 40 years old, had established clinical practices. They agreed to attend the meeting
out of interest in learning more about Al. Table 5.3 shows stakeholder proficiency in Al,

while Table 5.4 outlines how stakeholders use Artificial Intelligence systems.



Table 5.4 Use of Artificial Intelligence by Stakeholders

Stakeholder For For personal|[To improve|I have
work |reasons myself not
used
it yet
Doctors/ Nurses 1 3 1 5
Medical Students 4 3 2 0
General Users 27 6 12 4

5.5.2 Interview procedure

Medical Practitioners The second iteration with doctors was similar to the first design
interview in that it was synchronous online with video recording and screen sharing or in-
person interviews. The process had two steps. First, we conducted a walk-through of the
newer version of the prototype, asking physicians to think aloud and share their thoughts
on the user interface. The second step involved a semi-structured interview, where we used
a questionnaire to capture their perspectives on the updated prototype. These were semi-

structured interviews, about 45-60 minutes long. We had Google forms that helped guide

the interview questions.

5.5.3 Medical Students: Learners in the Profession as Stakeholders

e Step I: Questions for Prototype (Refined)

e Step II: Analysis

Objectives: Can the Al medical assistant be used as a teaching tool?; Can the Al medical

assistant be used by patients for a quick clinical diagnosis?; Capture student perspectives on




explainability techniques used by the Al medical assistant, and also capture their perspectives
on transparency as well as social transparency.

Tasks: Conduct semi-structured recorded interviews and use Google Forms for surveys;
Tabulate data, create graphs, and analyze the results.

End User: We created an anonymous questionnaire with a recording of the prototype of the
transparent user interface. Each survey took about 20 minutes to complete. We made the link
available in public and invited all users to take the survey. This way we collected 50 surveys.
The first 30 of the survey takers were asynchronous and anonymous. The last 20 surveys
were conducted online, with participants observed during the process. The participants
remained anonymous in both cases. The users were briefed in the beginning about the
experiment and the study. After this initial interaction with researchers, participants had
no further opportunities to discuss the questions with researchers or others. This ensured
that the researchers were not influencing their responses. By making them monitored and
synchronous we were able to ensure the quality of the data collected. These survey takers

were compensated for their time by giving them 5 USD.

5.5.4 End Users: Paid and Free users of the AI System as Stakeholders:

e Step I: Questions for Prototype (Refined) Evaluation

e Step II: Analysis

Objectives: Can the Al medical assistant be used by patients to provide clinical diagno-

sis?; Capture distinct and significant opinions of explanations and progressive disclosure;
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Figure 5.5 Study Methodology

Calculate causability scale.

: Asynchronous online survey. About 20 percent of the survey takers were monitored by the
researchers and they were paid 5 dollars for the taking they survey; Tabulate data, draw
graphs and analyze the data.

Ancillary Information: Define transparency. Use questions that can be used to compute
causality. Explain the idea of social transparency NUDGES; Make sure to have a ballpark of
how long each user took to finish the survey to make sure some level of attention was given

to the survey.



Table 5.5 Commonalities: Features that both the doctors and medical students liked

No. Feedback on the Prototype
1 Explanations were helpful and useful.
2 Causal diagrams are useful. Visualization helps But

it is important that they are accurate. There are
already diagrams available that can be re-purposed

in this tool
3 Highlight the keywords is very helpful
4 Nudges are needed. It is better than not having any-

thing. Most of the medical students and physicians
did not like the emojis

5.6 Results and Insights

We analyzed survey responses from a controlled group of users to understand their perspec-
tives on progressive disclosure methods and explainability techniques as key characteristic
of transparent Al systems Springer & Whittaker (2019). Through this process, we validated
not only the techniques themselves but also the design and the sequence in which they were

introduced.

An important feature of the prototype of a transparent user interface for an Al
system is increasing the end user’s knowledge about the AI agent’s recommendation/deci-
sion provided by the Al system by providing information in small chunks. The intent is
to gradually expose the user to the entire outcome giving the user the time to assimilate
the information Springer & Whittaker (2018). The clinicians have expressed concern that
since there is more focused information provided by the AI-CDSS, this could cause more
anxiety in the patient. Clinicians all agreed that such progressive disclosure will improve

user understanding of the Al system’s outcome. We have listed the common features in the



transparent prototype that both the clinicians and the medical students liked. Some of the

stakeholder feedback we received were:

e One doctor said, “It is good to see specific information. To see the graphs and the
suggestions separately. It is easier to consider all the information and analyze it and

then make the decision on your own.

e Another doctor found this very helpful and added, “Our books were like that always. It
was always broken. This is your typical - this is good. It is good for a medical person,

To look up.”

e One end user said “It keeps the user on the loop about their condition. Often, when
we’re facing many symptoms with an uncertainty on what’s going on, we start to panic.
"What if this means I have cancer or this other life threatening thing?” By having an
idea of what’s going on, what’s being ruled out, what we’re really at risk of and not
at risk of, we get more certainty about what our condition is. It lowers the anziety of
the user about their personal condition by giving sizable amounts of information at a

time.”

Other end users like patients, nursing students expressed concerns that indicate perhaps
explainability techniques used in one field of medicine may not be well-received by patients

in another field of medicine. Below we list some user feedback with these concerns.

o “In some kind of situations, we shouldn’t disclose the health issues of patients directly

like Alzheimer’s where patient will loss memory.”



o “I don’t agree with disclosing someone’s information without there consent.”

e “In some cases it may be fine but in other cases it seems like it could be condescending.”

While designing a prototype for Docus.ai we had to make decisions on the level of detail to
provide at each interaction and when to to split the information. When we asked the domain
experts for feedback they agreed that these decisions were important ones. A physician
pointed out that attention should be placed to how the information presented is broken
down because the recommendations provided by the AI medical assistant should be holistic.
Based on feedback from the doctors we changed the order in which information was disclosed
to the end user. For example one of the objections that many doctors indicated was with the
diagnostic tests. They indicated that these tests should not be recommended this early in
the diagnosis process and everyone of the listed tests should not be recommended at the same
time. In the video of the refined prototype we point out that the diagnostic tests are at the
end of the sequence of frames, as one of the last recommendations provided by the Al system.
The medical students found progressive disclosure as a technique helpful and were optimistic
about the AI medical assistant being used by the patient. The eight medical students we
interviewed were not concerned that progressive disclosure would increase patient anxiety.
On the other hand all indicated optimism that the AI medical assistant was on the right
track. One student gave their reasoning as

“ Because it then tells you the reasoning, and then moves to the next step. That is how
1t should be. It is not treating the problem. But it is grouping the problem. It helps narrow

down. It is actually how medicine is actually practiced.”
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The education level of the end user and/or the role of the end user (a patient
or a care giver) This influences their reaction to the Al system’s outcome, especially in
cases where the medical condition is severe. And this impacts their preference to progressive
disclosure. For example consider the response given by an end user. "I think it increases an-
ticipation and stress.” When end users seek complete information but must navigate through
multiple screens to access it, they may experience frustration at best and stress or panic at
worst. "If a patient discusses this with a physician, we expect the physician to recognize the
patient’s emotions and respond appropriately.” This suggests that the interface should offer
additional ways to interact with the user, helping the Al agent to better understand the end

user’s mental state and specific needs and respond appropriately.

Medical professionals are welcoming the use of AI medical assistants in health-
care. CDSS have been used in clinics since 1970 Sutton et al. (2020). The concern is about
such a system (with Al as an added feature) made available to non-medical professionals,
especially patients and caregivers. One physician said that “Doctors are expected to live up
to high expectations. If Al assistants are going to fill this role of doctors then they should
also be held to high standards.” Another shared their concerns by saying, ”Because - patients
and doctors can share the same Al I have mized feelings. We need more time to use and -

needs more research.”



Explainability techniques help improve user perceptions of transparency. The
prototype of a transparent user interface highlights the words in the prompt that influences
the outcome. The AT system highlights these words to indicate to the end user the words in
the input that influence the outcome. This explainability technique was liked by most end
users. Omne user said that by highlighting the keywords “the outcome seemed less scary.”
One physician said that “Highlighting is for the symptoms. So that we can come up with the
diagnosis. It is useful.” But the experts are also cautious on how this technique is used. For
example one doctor said,

“That particular symptom by itself is not an indication . This may be accurate for a specific
case but not for all.”

Another doctor was more concerned about the patients / patient families ability to under-
stand this.

“I am not sure - as a lay person I do not know if I would understand that is a causality.
I would think that they are important words. We have families whose level language is not
great. I do not if they would.”

One user was concerned that the highlights were “invasive” especially if the user used the

Al system in public places.

DAG to represent causality We used DAGs to draw these causal diagrams as the second
explainability technique to illustrate the cause and effect between the keywords in the user

interface of the Al system. The practitioners viewed the causal diagrams as a useful tool to



support their work. Most clinicians found the visual representation appealing. One doctor
said, “It is good. It makes me think what are the possibilities. It makes me think quickly.
If I miss something or I did not think it tells me quickly and guides me as to where are the
possibilities. So it is helping me.”

Some doctors were worried that causal diagrams might clearly communicate a patient’s
condition, leading to increased anxiety. For these physicians, using the diagrams as an
explainability tool was alarming, as they felt the Al system was being too transparent and
exposing patients to information they shouldn’t see.One doctor said,

“It can be confusing for the patient. Should I do the tests. The patient may go crazy! Where
18 the urgency. The patient will take the worst situations.”

Two doctors noted that the causal diagrams in the initial prototype were inaccurate because
we linked a single input (cause) to one output (effect).In the refined prototype, we improved
the directed acyclic graph (DAG) by connecting multiple symptoms to illustrate a diagnostic
path. The doctors liked this better. However, our causal diagrams remained inaccurate, and
at least one doctor disapproved of their lack of precision. One physician suggested we need
not reinvent the wheel, referring to these diagrams as ’pathways’of Philadelphia (2024),
Center (2024). They pointed out that similar diagrams already exist in medicine and can
be repurposed for training the Al models. We anticipate that these pathways can serve as
training data. By using input keywords, the AI system can generate causal diagrams to
provide explanations.

Medical students found the causal diagrams very helpful. As learners they felt this ex-



plainability technique was useful to them in having a better understanding of medicine. One
medical student said in their interview

“I think they are useful because they are simple. We draw diagrams a lot to patients. Some-
times they get nervous when we explain things. When we are providers - a diagrams can (as
an option to explain the Al’s logic.) I am a fan - big fan!!”

We asked the medical students about the concerns expressed by doctors, such as, “Because
patients and doctors can share the same Al, I have mixed feelings.” The students suggested
that a toggle or user interface control as seen in other medicine based websites (C) 2024
Merck Co. (2024a) could limit what the Al system shares with the end user based on their
user profile. This is very interesting: the insight that applying the usability principle of cus-
tomizing the user interface for each individual user will help address the problem of exposing

too much information to an unprepared end user.

Nudges in the user interface of an Al system can help an AI Assistant commu-
nicate better with the end user. In order to make an Al system transparent, along with
providing explanations, the Al agent must be aware of the social context they are operating
in. In the refined version of the prototype for a transparent Al system, we added nudges
to the user interface. From our study we wanted to learn if Al system can simulate being
context-aware by indicating compassion and empathy through these user interface elements.
Prior research has found that nudges leverage cognitive biases in decision-making to influence

behavior predictably Caraban et al. (2019). When used responsibly, nudges can guide the
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Figure 5.6 (Best viewed in color) Stakeholder preferences for explanation techniques used in
our design. The X axis depicts the groups of users and Y axis is the number of users.

user toward decisions that benefit them overall. Our survey participants observed that icons
and triggers are useful controls to have on the user interface of the system. The medical
professionals expressed limited approval of the three nudges in the refined prototype. This
differed from the medical students, who liked the icons and triggers. From the figure, we
see that end users and medical students preferred triggers over other types of nudges. One
medical student said of the nudges,

“Yes I believe they are meaningful because the lack of empathy is often one of the biggest



weaknesses of Al systems. But I think the nudges should match what the user inputs. For
example, the system should show more empathy for more serious medical concerns.” Medical
students being learners are currently exposed to online portals that they use for learning.
Many of them use chatbots to help understand / explain some medical knowledge to them
in a simpler way. It appears that for these learners who have to use the latest technology
on the internet and social media they are more open to the nudges when compared to the
doctors. A medical student overall perspective on nudges was,

“It’s difficult because I personally believe no Al system cannot give the way a person can give.
The trigger + emoyi is most useful.” Emoji’s as a explanation technique was not accepted

by many users. Some of the responses were:

e “Patient should not take it as a joke. So keep it serious. Use emojis that does not have

a human graphic in it.”

o “I don’t like the emogi. I don’t know what it is trying to convey.”

o “I think that the emoji’s are insensitive because when dealing with a topic that’s serious

and you see an emoji, it feels very casual and doesn’t fit the context.”

Icons Icons are sometimes are good memory joggers and therefore could serve as a good
context-aware explanation technique Caraban et al. (2019). The choice of icons needs to be
appropriate to the specific conditions, diagnosis is needed. From our study we founds that
some users prefer the use of icons over emojis since it was more professional looking.

Triggers Most end users preferred triggers over emojis and suggested that triggers should



provide useful information and be contextually appropriate. They emphasized that triggers
should add value. One physician pointed out that triggers that just suggest "to seek out
to support groups” are not very useful. Providing specific phone numbers, support groups
would be useful. Another medical student said,

“It would be helpful if there’s a link to connect to the support groups or online communities.”
Visual aids and diagrams that explain the diagnosis In the refined prototype, follow-
ing a doctor’s suggestion, we added a pictorial diagram of the diagnosis (the AI system’s
outcome) as an explanation technique. The diagram compares the infected and non-infected
organ, helping the end user visually understand the problem. Most of the participants in
the study liked this frame. One medical student said,

“this 1s my favorite frame of the entire application.” One doctor suggested using a video to
keep the end user engaged and ensure understanding. They proposed a format similar to
airplane safety videos shown during take-off, where a person or an Al agent partially guides
the viewer through key information in a simple and engaging manner.

Definition of Transparency varies from each domain. Our findings indicate that
transparency varies from the domain in which the Al system functions. In the field of edu-
cation, the biggest risk of too much transparency was that the user could game the system.
In healthcare, the physicians were highly concerned that too much transparency could cause
panic in the end user. In both domains, we find a need for operationalizing selective trans-
parency, where the Al system provides only the requested information that is appropriate

for the end user. Based on prior research, our work, and the study results, we found that



designing a transparent user interface for healthcare must address the socio-technical aspects
of Al system implementation. Unlike in education, social transparency plays a crucial role
in healthcare. We take our idea from the author Ehsan, who presents social transparency
as the Al systems providing responses to the who, what, why and when questions related
to the recommendations and the interaction of the Al systems with the user Ehsan et al.

(2021).

5.7 Conclusion

This chapter presented a user acceptance and feedback study through interviews and ques-
tionnaires. The study focused on the acceptance of our proposed explainability techniques
for a healthcare applications, Docus.ai. We identified stakeholders and gather data through
interviews and questionnaires to understand user perspectives. Our analysis shows that all
end users agree that explainability techniques, such as causal diagrams and progressively
disclosed information, enhance the transparency of Docus.ai system. To improve social
transparency, we incorporated emojis, triggers, and icons in the second design iteration of
the prototype and evaluated the refinement. Our findings suggest that triggers, when used
appropriately as 'nudges,’ effectively guide user behavior. Nudges, commonly used in online
systems, help engage users during interactions. The medical professionals approved the pro-
posed updates to the docus.ai interface design, however, they were concerned about patients
seeing the same information as doctors and nurses. While progressive disclosure and expla-

nation techniques improve transparency, they could also increase patient anxiety.



Customizing user interfaces for the end user remains an open research area. A possible
future direction is to design front-end user interfaces that adapt to user requirements and
privileges. In healthcare, this could enable personalized medicine for end users. In the next
chapter and in the concluding chapter of this thesis we will discuss this as a direction for

future research.
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CHAPTER 6

Conclusion

In this thesis we address the problem that Al systems behave in non-transparent ways. Cur-
rent LLM-based Al systems do not explain how or why they generated the AI text. Our
focus was to investigate if using a usability standard such a progressive disclosure to present
different explainability techniques in a step by step process helps improve the end users’
understanding of the decisions or recommendations made by the Al system. Our goal was to
understand if the stakeholders perceived such a system to be transparent. We identified three
elements that impact the transparency of an Al system: The AI model, the algorithms that
work with the model, and the data (the input and the output) that influence the outcome the
model and interactive user interfaces (Figure 3.2). We learned that operationalizing trans-
parency requires providing explanations for the decisions made by Al systems. As experts
Liao and Vaughan highlight in their roadmap Liao & Wortman Vaughan (2024), explanation
techniques that use natural language to communicate with the end user are interactive and
provide users with control throughout the process. User interfaces for Al systems should
incorporate controls for these explainable techniques, customized to meet the diverse needs

of stakeholders. The key takeaways from this research are as follows:

1. User feedback confirms that the progressive disclosure process as a way of building a

transparent user interface in Al systems is operative Springer (2019).



2. Users prefer on-demand explanations and value diverse explanation methods, especially
when the explanations gradually (using progressive disclosure) give the users a better un-

derstanding of the Al system.

3. The definition for transparency varies from domain to domain. In text generators used
in recommendation systems techniques that answer the questions of what, how, and why
are effective. We learn that in the use of explanations with AI-CDSS besides providing an
explanation for the question why, the Al system should also be context-aware. Social trans-
parency empowers users by providing them with the necessary information so that they can
assess the Al systems recommendations and the social impact of the recommendations. Im-
plementing socio-technical transparency requires Al architects to make the reasoning from

the AI system understandable and easily available to the users.

4. Simple controls on the user interface such as triggers, word clouds, and keyword highlights
are useful explainability techniques that help users understand the inner workings of the Al
system. User interfaces that are interactive, context-aware, and keep the user in control of
the Al system at all times improve user perception on the transparency of the system Liao

& Wortman Vaughan (2024).

5.0ur research work indicates that Al system interfaces should help users understand the Al

agent’s reasoning, leading them to perceive the system as transparent. We learned that the



demand for transparency varies depending on the domain in which the Al system is applied

and the needs of the end users.

6. Feedback from Class A user studies shows that users prefer explanations about how
prompts influence outcomes and suggestions on improving them for more relevant Al-generated

results. Prior research reports similar findings Liao & Wortman Vaughan (2024).

7. Our studies with Class B application-Docus.ai suggest that Al systems in healthcare

must be context-aware and socio-technical in their interactions with the end user.

8. Transparency in an Al system has to be selective in what it presents to the end user.
While working on Class A systems, we found that too much transparency could lead users
to game the system. In Class B, medical professionals worried that the Al system was overly

transparent with patients and caregivers.

6.0.1 Future Work

Future work includes (i) conducting experiments with a larger number of users and in dif-
ferent domains. (ii) User feedback from our studies with Class A application - Notion.ai
indicates that providing explanations that use the interpretability of the Al models may not
be suitable as end-user explanations. Future work can conduct more research to understand
if they are suitable for auditing Al systems. (iii) In our user studies with the domain experts

in Class B, the medical professionals approved the proposed updates to the docus.ai interface



design. However, they were concerned about patients seeing the same information as doctors
and nurses. While progressive disclosure and explanation techniques improve transparency,
they could also increase patient anxiety. Customizing user interfaces for the end user re-
mains an open research area. Our proposed prototype has a feature that indicates if the
system is in regular or transparent mode. The interface design can use this to differentiate
between the modes based on user requirements and privileges. This feature could be further
explored in future research. (iii) Physicians and medical students both agree that these Al
virtual assistants with a transparent interface can be an excellent tool to train novices. Fu-
ture work could focus on designing user interfaces that empower Al systems to provide clear

explanations, foster transparency, serve as educators, and act as supportive coaches.
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