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Motivation

A Conversation with Al: Understanding Model Decisions

Regulations for transparent Al

EU Al Intelligence Act

58& Help users understanding
Al behavior

@,-J Empowerment through
471~ understanding

/5 Gain trust in Al systems




Conversation as a basis

lg@ User can ask questions for clarification

Personalized experience

Q Motivation

(Miller et al., 2019)
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Q Motivation
Transparency is the key — How do we get there? '

Social Science ¥

Human-Agent -
Interaction

Human-Computer
Interaction

(Miller et al., 2019)
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XAl Foundations: Model Explainability

Post-Hoc Methods

|= XAl Foundations

o~
°
4
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Interpretable models

(white boxes)
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XAl Foundations: Explanation Types

Local Explanation

Global Explanation

|= XAl Foundations

Why specific prediction?

Instance level

How does model behave overall?

Model level




XAl Foundations: Explanation Types

Local Explanation

Feature Importance

Counterfactual Explanation

|= XAl Foundations

Why specific prediction?

Instance level

What feature influenced the outcome?

What changes the outcome?



Limitations of XAl

Non conversational explanations

Main focus on expert users
11l

@ Limited to data and model only

|= XAl Foundations
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Limitations of XAl %

Limited to data and model only

Integrate knowledge

|= XAl Foundations
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Concept for DK

Example Scenario Credit Application

= Prediction: Would you be approved for a credit loan?

o) ' 8y

savings checking purpose

account

duration amount

Sl
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‘;I;' Concept for DK

Unified Explanations

External Knowledge

Used cars typically cost
For the given case, less than new cars. This
purpose is the most leads to smaller loan
influential feature. amounts, reducing the
lender's risk.

Domain
Knowledge

World
Knowledge

Credit applications for New cars often serve as
used cars have a higher status symbols, while
acceptance rate (83%) used cars are primarily
compared to those for viewed as a means of
new cars (62%). transportation.
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Leveraging Argumentation to Enhance XAl Explanations

= Explanations and reasoning of humans are
argumentative (Mercier et al., 2011; Antaki
etal., 1992)

= Argumentation frameworks as basis (Stab
et. al, 2014)

* Argument Components Argument
* Argumentative Relations

= Argumentation Trees offer dialogical access

Argument

Concept for DK

Argument
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Concept for DK

The Bridge — Linking XAl and Argumentation

XAl Features Argumentation Tree
] I | b
@ Loans for specific Used cars typically cost
Dy purposes (car less than new cars. This
i - . < leads to smaller loan
el i gIV?r:] Case’t savings checking house).t;avet_unlque b amounts, reducing the
purpose is the mos account considerations. lender's risk.
influential feature. \/
> 5 Essential purchases, such
HiE aurssE e as a home or education,
u . .
urpose ) are typically considered
% » If you change purp 3 loanimpacts the investments in the
= g purpose to used Q likelihood of credit borrower's future financial
8 -'g car, you will be C;D approval. stability.
O« accepted. =2 Claim
P = ( A ) The purpose for which a
duration amount 7 credit is sought influences
its acceptance as certain
O t Loa:fpfgr';sneescgf:ary types of loans, such as
utcomes ; < mortgages or business
. generally viewed loans, may be viewed
%' more favorably. more favorably by lenders
due to their potential for
. ; generating income or
> accept reject investment returns.
L
|
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7>~ Auto. Generation
*" of DK

Building the Knowledge Base: Constructing Argument Trees

= Argumentation Tree with support and attacking Claim about
arguments feature outcome

relation
= 3 Types of domain knowledge acquisition

* Handcrafted
* LLM generated

.'/ | ‘.:/"

Attacking Supporting

Argument
* Pipeline for generation £ SIEHMEN

= All 3 types included manual annotation
processes

Supporting Attacking
Argument Argument

(Schindler et al., 2025)
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Automatic generation of argumentation structures

for conversational XAl

= Two iterations of document processing

e List of manual gathered domain knowledge documents

* LLM summarizations for specific questions

Argument

Search

pool of
drguments

Argumentative Relation Classification

>~ Auto. Generation

/

auxiliary

claim

N

auxiliary

4

claim

knowledge

documents \
containing
domain u XAI

feature

h

>

BERT

o
>

™G

b

*<* of DK
@
{3
Type of
Relation

Pre-Grouping

“|by XAI feature

L

argumentation trees
per XAl feature

(Schindler et al., 2025)
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Evaluation

The Impact of Domain Knowledge in Explanatory Dialogues




Explanation Strategy

Request Request Request
Explanation Important Feature What If
Clarify Argument

Topic

Get Feature
Importance

N

~
7

Get Domain
Knowledge

N

mmxg Provide Claim

\ \

{

Provide Support
Argument

\ 2
No Explanation B ;
Found -
Offer CF
Explanation

Provide
Counterfactuals

> Confirm —_>

Evaluation
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Introduction Athena

= Explanatory chatbot for prediction tasks

= Three datesets included (extensible):

* German credit data (,Am |
creditworthy?“)

* Titanic (,Would | have surived on the
titanic?“)

* Diabetes Risk Assessment (,,Am | at
risk for diabetes?

= Random Forest Classifier

= Three XAl-Methods supported:
SHAP, CF, Example

Athena
[ x|

Chatting with Athena

what effect has the passenger class?

etter access to
he distribution of lifeboat

7Z| Evaluation

Features

Prediction

have drowned

P00
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Athena Architecture

= Explanation intents classified by BERT
model (generic); fine-tuned on
handcrafted data

= ML Feature Extraction to get use-case
specific information

= XAl module with custom implementation
of counterfactuals and SHAP-library.

= Rule-based dialogue management

= Knowledge handler for including domain
knowledge

= Templates for XAl explanations

ML Feature
Extraction

Text

User

7Z| Evaluation

Feature—

—> BERT Model Intent— XAl Module

Abstract
A4 Explanation

Dialogue Management

A

Argument

System Move

Knowledge

Template-based J
NLG Handler
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Evaluation

Preleminary Study Setup

= 32 participants in Online Study in 4 groups

= 2 dialogues per participant (with/without domain knowledge)

= True/False Al Setting

= Titanic & Credit Scenario

= Handcrafted and LLM generated arguments with fully manual annotated trees

= Evaluation:
» 2 XAl related questions (Agreement Al decision)
e SASSI Questionnaire for dialogue system performance
* 5-likert Scale
 Significance measured with Mann-Whitney-U Test




o Evaluation
Preliminary User Study

= Do users understand that the Al is behaving incorrect?
Does domain knowledge help to detect incorrect Al behavior?

* Q1: 1 agree with the decisions made by the system.
* Q2: The system decisions are plausible.

= Domain knowledge requested by the user: 44%

Al No DK DK
avg Y avg >

|| false 248 27 260 5
Ql | tue 369 23 3890 9 (.87
5

, [false 244 27 340 4
QZ | yrue 365 23 400 9 058 (pisvalue of Mann-Whitney U Test)

(Feustel et al., 2024)

18.08.2025 | o4
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Evaluation

Preliminary Study Results
Impact of Domain Knowledge

@ System likeability is higher (trend true Al, significant false Al)

ﬁ System appears more robust (false Al)

o)
Reduced cognitive demand (false Al)

O
@ System appears more useful (true Al)

(Feustel et al., 2024)




Evaluation

Study Setup

= 80 participants in Online Study

= 4 groups / 2 dialogues per participant (DK & NO DK) / True | False Al Setting

= New scenario diabetes

= New explanation type: example based

= Automatic generated argumentation trees with human in the loop to guarantee qualitiy
= Separation of Al and Dialogue System

= More proactive strategy for Domain Knowledge

Enhancing model transparency: Effects of DK Integration for Conversational XAl | Feustel 18.08.2025 | 2g]



User Study Results

Evaluation

= Domain Knowledge usage increased to 76% (before 44%)

= Q1 I agree with the decisions made by the prediction system.

= Q2 The prediction system’s decisions are plausible.

A No DK DK ,
DY )

a false 322 50 357 30 0.8 0.37

true 359 49 394 31 024 048

Q2 false 328 50 373 30 0.06 0.13

true 3.69 49 400 31 013 0.27

Where:
p is value of Mann-Whitney U Test
p* is the value of Holm-Bonferroni Correction
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7Z| Evaluation

User Study Results: Topicwise

= Q1 | agree with the decisions made by the prediction system.

= Q2 The prediction system’s decisions are plausible.

Al No DK DK p p* Al No DK DK p p*
DY ) DR )
Q1 false 330 27 415 13 001 0.03 Qi false 3.13 23 312 17 093 093
true 356 25 367 15 098 098 true 362 24 419 16 007 0.22
Q2 false 333 27 408 13 003 0.09 Q2 false 3.22 23 347 17 052 0.52
true 376 25 373 15 094 0594 true 362 24 425 16 0.03 0.10
(a) Credit Scenario (b) Diabetes Scenario
Where:

p is value of Mann-Whitney U Test
p* is the value of Holm-Bonferroni Correction

AR

'»
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User Study Results — Impact of Domain Knowledge

= longer interaction
= different use of explanation

= small trends in overall dialogue
experience

* more engaging/enjoyable
= challenge to deal with over reliance

= DK is topic dependent

“=| Evaluation

Explanation No DK DK P
available available
Counterfactuals 71% 36% < 0.001
Shapley Values 90% 90% 1.000
Example-based 18% 26% 0.251
New Prediction 21% 24% 0.850
Domain Knowledge - 76% < 0.001
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Conclusion

Conclusion

= Transparency is needed for Al

= Conversational XAl enables interactive, personalized experiences
= Argumentation Trees can be used to integrate DK

= DK has impact on understanding and acceptance of Al

= Remaining Challenges
* Ethical Concerns like over-reliance
* Truthful sources for DK
* Domain/Topic dependent
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Thank you

Knowledge isn‘t power until it is
applied.

Dale Carnegie

@ Isabel.Feustel@uni-ulm.de
@ Find me on LinkedIn

https://nt.uni-ulm.de/ifeustel
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