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Abstract 
The use of generative AI (GenAI) and large 

language models (LLMs) in knowledge-intensive 

fields like customer support is rapidly growing. While 

GenAI responses often appear persuasive, they carry 

the risk of inaccuracies and hallucinations. Hence, 

users must critically evaluate responses to reach 

appropriate reliance and knowledge utilization. 

Despite technological advancements, design 

knowledge for enhancing human-GenAI interaction 

from an explainable AI (XAI) perspective remains 

lacking. Thus, this study applies the design science 

research (DSR) approach to develop explanations that 

aid human interaction with GenAI systems. Drawing 

from XAI literature and human reasoning theories, we 

built and evaluated seven design features and 

instantiated a prototype that contributes to the 

development of reliable explainable GenAI (GenXAI). 

 

Keywords: Generative AI, XAI, Large Language 

Models, Design Science 

1. Introduction 

Chatbots, question-answering tools, and other 

natural language services leverage the generative 

power of AI, particularly LLMs, which enhance both 

language understanding and generation (Feuerriegel et 

al., 2024). LLMs, for example, can be applied to 

enable self-service systems for customers or to 

facilitate knowledge use by customer support agents 

(Brynjolfsson et al., 2025). Despite its potential for 

knowledge management (Storey, 2025), human 

interaction with GenAI systems presents significant 

challenges in establishing an appropriate level of 

reliance (Kim et al., 2025; Pafla et al., 2024). While 

LLM responses might sound convincing and coherent, 

these large-scale systems inherently carry the risk of 

hallucinations (Azamfirei et al., 2023). Hallucinations 

constitute responses that do not stay true to the 

supplied source input and facts, despite appearing 

fluent, natural, persuasive, and consistent (Ji et al., 

2023). Technological advancements have been made 

to reduce non-factual responses (Tonmoy et al., 2024). 

For instance, retrieval-augmented generation (RAG) 

minimizes inaccuracies by providing LLMs with 

relevant context retrieved from knowledge sources 

(Lewis et al., 2020). 

However, research on supporting users in 

detecting incorrect responses and fostering appropriate 

reliance remains in its early stages (e.g., Leiser et al., 

2024; Nahar et al., 2024; Pafla et al., 2024). Current 

explainable GenAI (GenXAI) designs are fragmented 

and insufficiently grounded in established XAI 

research. Thus, we advocate for drawing upon 

established work on explainability and transparency in 

AI systems (e.g., Bauer et al., 2023) and 

complementing them with theories of human 

reasoning and decision-making (Johnson-Laird, 

2010). We aim to advance the design of GenXAI 

systems (Schneider, 2024) that support human-GenAI 

interaction and knowledge utilization through 

explanation, asking: How can GenXAI systems be 

designed based on XAI and human reasoning theory? 

We follow a DSR approach (Peffers et al., 2007) 

to design a GenXAI interface for the knowledge-

intensive field of customer service, incorporating 

multiple explanation mechanisms, and to contribute to 

the research on appropriate reliance (Jussupow et al., 

2024; Schemmer et al., 2023). While explainability in 

XAI encompasses algorithmic, data-driven, and 

outcome-oriented perspectives, our research 

specifically examines the latter - investigating how 

end users perceive and depend upon post-hoc 

generated outputs in practical service environments. 

2. Conceptual background 

2.1. LLMs in customer support 

LLMs are deep learning-based foundation models 

that process text and can be fine-tuned for tasks like 
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summarization and sentiment analysis (Feuerriegel et 

al., 2024). LLMs excel at question-answering by 

generating responses rather than merely retrieving 

knowledge, unlike traditional information retrieval 

systems (Durcikova et al., 2011). Customer support 

departments see the greatest potential in question-

answering over knowledge bases (Brynjolfsson et al., 

2025; Reinhard et al., 2024), as it helps make 

information more accessible to customers and 

knowledge workers (Durcikova et al., 2011; Ko & 

Dennis, 2011). In the realm of LLMs, research and 

practical applications have thus shifted toward the 

utilization of RAG (Lewis et al., 2020; Peng et al., 

2023). Thereby, LLMs are infused with retrieved 

knowledge sources such as customer service tickets 

(Xu et al., 2024). Despite their potential in various 

language tasks, LLMs and RAG systems face 

significant challenges, notably the issue of 

hallucinations (Zhang et al., 2023). Given the 

definition of hallucination in psychology, that 

hallucination is an unreal perception that feels real, we 

refer to hallucinations as AI responses that seem 

fluent, natural, persuasive, and consistent but deviate 

from the supplied source input (Ji et al., 2023). 

Researchers from the service domain have already 

contributed approaches to detect and mitigate such 

fabricated answers (Martino et al., 2023). Techniques 

such as RAG can lower the risk of generating 

inaccuracies or fabrications, but cannot guarantee fully 

factual responses (Lewis et al., 2020). 

2.2. Explainable generative AI (GenXAI) 

XAI aims to provide humans with understandable 

explanations for AI’s output (Bauer et al., 2023) and 

procedures that not only enhance human 

understanding and ability to validate outcomes but 

also engage them in critical appraisal of the outputs 

generated by AI (Miller, 2019). Although prior 

research offers valuable insights into the interplay 

between XAI and user behavior (Förster et al., 2020), 

few studies examine how explanations shape decision-

making in GenAI-based knowledge systems (Kim et 

al., 2025; Reinhard et al., 2025). With GenAI, XAI is 

evolving in two ways: (1) generating novel 

explanations and translating technical information into 

natural language (e.g., Cambria et al., 2024; He et al., 

2025) - also known as conversational XAI; and (2) 

demanding new approaches to explainability, 

especially when it comes to mitigating challenges such 

as hallucinations (e.g., Kim et al., 2025; Leiser et al., 

2024; Pafla et al., 2024). Hence, Schneider et al. 

(2024) introduced GenXAI as an emerging field. 

However, despite the ability of LLMs to explain their 

reasoning (self-explanatory) (Nicula et al., 2023), 

research on XAI in GenAI-based knowledge systems 

remains limited (Danry et al., 2023). To close this gap, 

we integrate established explanation types into GenAI 

agents to enhance human-AI interaction and 

systematize design knowledge, focusing on post-hoc, 

result-oriented explanations where human-GenAI 

interaction occurs, rather than on deeper and more 

technical data- or model-level transparency. 

3. Methodology 

We adopt a design science research (DSR) 

approach by Peffers et al. (2007) comprising problem 

identification and relevance, design and development 

of an artifact, and demonstration and evaluation. This 

approach is suitable as it allows us to both 

conceptualize explanation mechanisms and evaluate 

design features (DFs) that integrate XAI with human 

reasoning principles. First, to ensure practical 

relevance (Hevner, 2007), we hold two workshops 

with customer service experts (n₁=13; n₂=12). In the 

first workshop (n=13, IT support agents & managers), 

participants validated ChatGPT (GPT-3) responses to 

technical issues. They intuitively verified answers by 

testing suggested steps and identifying multiple errors. 

For example, they noted that solution steps vary by 

system type (e.g., browser, app, mobile) and flagged 

issues like repetitive phrasing, overly specific 

answers, or anomalous words, concluding that 

ChatGPT’s knowledge remains superficial. In the 

second workshop (n=12), we introduced additional 

information to the GenAI response. Participants found 

added details, such as sources and alternative 

responses, useful, but emphasized the need for better 

guidance in prompting GenAI. 

Table 1. Excerpt of related GenXAI work 
Authors Features Key findings 

Leiser et 

al., 2024 

Source, confidence 

score, source quality, 

etc. 

Source links and metric 

confidence scores were crucial 

to users. 
Schelhorn 

et al., 2025 

Chain-of-thought 

(CoT) prompting 

CoT prompting indicates an 

indirect positive effect on task 

effectiveness. 
Do et al., 

2024 

Factuality score and 

source attribution 

Participants preferred color-

coded phrases based on 

factuality scores. 
Cheng et 

al., 2024 

Textual 

counterfactuals 

Interactive tool for generating 

and analyzing textual 

counterfactuals. 
Kim et al., 

2025 

Sources, 

explanation, and 

explanation and 
sources 

Explanations increase reliance 

on all responses, but sources 

and inconsistencies reduce 
reliance on incorrect ones. 

Steyvers et 

al., 2025 

Model confidence 

and explanation 

Aligning LLM explanations 

with model confidence 
improved accuracy perception. 

Pafla et al., 

2024 

Saliency-based 

explanation, self-
explanation 

Participants found human 

saliency maps more helpful 
than machine ones. 
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In terms of rigor, we extend these insights by 

systematically reviewing 107 experimental studies on 

XAI (2000-2025), spanning literature on appropriate 

reliance on GenAI advice (Kim et al., 2025) (Table 1). 

Findings reveal that research on explainability and 

reliance is fragmented, lacking a strong theoretical 

foundation, and aggregated design knowledge. To fill 

this gap, we developed a framework that integrates 

explanation types with human reasoning styles, 

deriving seven XAI-informed DFs from a literature 

review and instantiating them in an RAG-based 

prototype tested on telecom data. To evaluate the 

system, we conducted a think-aloud study with GenAI 

users and experts (n=8) (Jaspers et al., 2004), allowing 

participants to explore explanations using random 

dataset examples. We applied qualitative content 

analysis, inductively deriving codes and grouping 

them under reasoning types to reveal recurring 

patterns in participant feedback. 

4. Design of the GenXAI system 

The psychology of reasoning literature offers 

valuable insights for designing more human-like and 

effective explanations in XAI. Wang et al. (2019) 

provide a conceptual framework that synthesizes key 

reasoning theories, while Hoffman and Klein (2017) 

explore how individuals formulate and accept 

explanations, emphasizing logical structures, 

interpretation processes, and counterexamples. 

Reasoning is shaped by content, prior knowledge, and 

individual strategies rather than strict logical 

manipulation (Johnson-Laird, 2010). These insights 

underscore the need for explanations that align with 

formal logic while remaining accessible to diverse 

users. Building on this foundation and the 

systematization of XAI literature via our systematic 

literature review, we identified seven reasoning types 

that inform the design of explanations in LLM 

applications (Table 2). We selected these types 

because they represent foundational modes of human 

reasoning that directly shape how individuals seek, 

interpret, and evaluate explanations. Each type draws 

on cognitive science and XAI research, keeping our 

DFs both robust and cognitively plausible. 

Factual reasoning. Factual reasoning manifests 

in various forms of explanations that explain why a 

certain decision was made. Explanations that reference 

underlying domain knowledge, or heuristics, are 

effective in increasing human confidence in AI 

outcomes while reducing subjective workload (Gregor 

& Benbasat, 1999; Lai et al., 2022). 

Trace explanations, such as displaying sources 

and references (Leiser et al., 2024; Sharma et al., 

2024), are anticipated to augment trust in the system 

(Mao & Benbasat, 2001). In RAG-based LLMs, this is 

done by referencing the top-k sources. In addition, 

users with contextualized access to sources (e.g., in the 

form of referenced paragraphs) (DF1 References and 

knowledge sources) (Kim et al., 2025; Leiser et al., 

2024) will be more willing to look for the underlying 

roots for the correct answer, and request deep 

explanations (Mao & Benbasat, 2001). In customer 

support services, tracing responses to verifiable 

sources plays a crucial role in building trust and 

delivering consistent, evidence-based assistance. 

Explanations that offer content-backed justification 

benefit agents and customers alike by promoting 

deeper engagement with knowledge (Mao & 

Benbasat, 2001). 

Table 2. Derivation of design features for 
GenXAI from literature and human reasoning 

Reasoning Type Feature Relevance 

Factual - Drawing 
conclusions based on 

verifiable facts and evidence 
(Why) (e.g., Kim et al., 2025; 

Leiser et al., 2024; Mao & 

Benbasat, 2001). 

DF1: 
References 

and 
knowledge 

sources  

Agents can 
access relevant 

knowledge from 
the knowledge 

base. 

Causal - Identifying 

relationships between causes 

and effects (e.g., Ashktorab et 
al., 2019; Bo et al., 2025; 

Pafla et al., 2024; Papenmeier 

et al., 2022) 

DF2: Source 

attribution 

Agents are 

directed to the 

most relevant 
phrases and 

efficiently assess 

the response. 

Analogical - Identifying 

relational similarities (What-

else) (e.g., Leichtmann et al., 

2024; H. Lu et al., 2023) 

DF3: 

Similar cases 

from the 
underlying 

database  

Agents can 

validate the 

response by 
comparing it 

with alternatives. 

Transfactual - Demonstrating 
how varying inputs can 

influence the outcome (What-

if) (e.g., Hoffman & Klein, 

2017) 

DF4: 
Recommend

ed prompts  

Agents can 
explore the 

existing 

knowledge space. 

Counterfactual - Considering 

hypothetical changes that are 
needed for a different outcome 

(e.g., Cheng et al., 2024; 

Naiseh et al., 2023; Silva et 

al., 2023) 

DF5: 

Critical 
information 

and counter-

factuals  

Agents are 

prompted to add 
missing 

information and 

to clarify. 

Probabilistic - Making 

decisions based on the 
likelihood, probability or 

uncertainty of outcomes (e.g., 

Cramer et al., 2008; Steyvers 

et al., 2025) 

DF6: 

Confidence 

Score  

Agents use it to 

heuristically 
assess knowledge 

relevance. 

Deductive - Logical inference 

that begins with general 
premises and applies 

structured reasoning to arrive 

at a certain conclusion (e.g., 
Wei et al., 2022; Chu et al., 

2023) 

DF7: Chain-

of-thought  

Agents can 

understand how 
the AI came up 

with the response 

and how 
knowledge was 

prepared. 

Causal reasoning. Causal reasoning refers to the 

cognitive process of identifying and mapping 
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relationships between causes and effects (Kuhn, 

2012). In the context of XAI, it is closely related to 

factual reasoning, but distinguishes itself by focusing 

on why a particular prediction occurs, based on the 

influence of specific input features. To operationalize 

this logic, feature-based methods, commonly known 

as feature attribution methods, are widely used within 

the field of explainable AI (XAI) (Bauer et al., 2023; 

He et al., 2023). These methods focus on determining 

the relevant details influencing an AI model’s 

decision-making process, clarifying the factors crucial 

for its outcomes. Attribution-based explanations link 

the input with the prediction by demonstrating the 

importance of certain inputs to the system’s advice 

(Bauer et al., 2023). 

Highlighting important keywords and phrases in 

knowledge references influencing the prediction has 

been applied to multiple other studies on XAI in text-

based decision support systems (e.g., Ashktorab et al., 

2019; Lai et al., 2022). Thus, in DF2 Source 

attribution, phrases are color-coded based on their 

importance, ranging from non-important to highly 

important, aligning with the previous studies on 

hallucinations (Bo et al., 2025; Do et al., 2024; Pafla 

et al., 2024). In customer service contexts, such visual 

explanations play a critical role in ensuring reliable 

knowledge utilization. By transparently showing 

which parts of the customer query or knowledge base 

response were most influential, DF2 helps service 

agents verify the basis of the system’s advice and 

reduces reliance on unsupported outputs. 

Analogical reasoning. The idea behind 

analogical reasoning lies in providing similar cases 

that help users compare and relate GenAI responses to 

familiar data points. Such explanations are also called 

example-based, case-based, similarity-based, or 

evidence-based explanations (Dodge et al., 2019). 

Because these What-else explanations provide 

additional information (Jiang et al., 2022), they require 

increased mental effort to understand (Miller, 2019) - 

especially in cases of high uncertainty. 

Motivated by traditional machine learning 

systems, what-else explanations show similar input 

instances that result in similar model outputs (DF3: 

Similar cases), typically drawn from the training data 

via nearest-neighbor search (Dodge et al., 2019). For 

GenAI systems, we instantiate DF3 by providing the 

nearest retrieved cases from our underlying database. 

Transfactual reasoning. Transfactual reasoning 

refers to exploring how different inputs or conditions 

could change an outcome, often through what-if 

scenarios (Hoffman & Klein, 2017). It entails looking 

ahead and examining not only anticipated events but 

also possible shifts in context, fundamental 

assumptions, or critical factors. This type of reasoning 

supports anticipatory thinking by prompting questions 

like, “What will happen if things change?” (Gary et al., 

2011). 

To implement transfactual reasoning, DF4 

Recommended prompts offers users three related 

prompts that suggest alternative or additional 

questions they could ask to explore how the response 

might change. In the context of customer service, DF5 

empowers both customers and service agents to 

actively navigate the underlying knowledge space. 

This facilitates a more exploratory and dialogic form 

of interaction, where users are encouraged not only to 

refine their initial query but also to consider related 

issues or surface overlooked aspects of a problem. 

Counterfactual reasoning. Counterfactual 

reasoning focuses on pivotal moments where 

alternative outcomes could have happened, aiming to 

excuse and explain poor outcomes, which can improve 

future results (Kahneman & Tversky, 1982). Utilizing 

hypothetical scenarios, counterfactual explanations 

illustrate how altering inputs could affect predictions, 

facilitating informed decision-making within human-

AI interactions (Naiseh et al., 2023; Silva et al., 2023). 

Counterfactual explanations often involve the addition 

of new information rather than the removal of existing 

data (Cheng et al., 2024). The rationale behind that is 

that identifying missing information is crucial for 

understanding predictions.  

Thus, our fourth feature is instantiated by finding 

related cases to the given prompt and extracting the 

most critical information that changes the GenAI 

response (DF5 Critical information and 

counterfactuals). In customer service, integrating 

system-level (e.g., software versions) and contextual 

information (e.g., updates) is key to finding relevant 

knowledge. DF5 supports this by improving intent 

disambiguation and issue clarification for more 

accurate retrieval. 

Probabilistic reasoning. Information on the local 

performance, also phrased as certainty ratings (Cramer 

et al., 2008) or confidence scores (Jiang et al., 2022), 

can act as a probabilistic approach to trusting GenAI 

advice. For example, prediction confidence scores can 

explain the extent to which the prediction might be 

correct or incorrect. A high score conveys 

trustworthiness, while a low score will make the 

system look incompetent and less credible (Jiang et al., 

2022). Local performance indicators represent the 

credibility of the GenAI system but elicit a low degree 

of additional information and arguments.  

(DF6 Confidence score) We instantiate 

performance explanations as confidence scores in 

providing a correct answer to the given request (Do et 

al., 2024; Leiser et al., 2024). The confidence score (0–

1), derived from cosine similarity in the RAG system, 
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indicates response accuracy and source relevance, 

giving customers and agents a quick heuristic to judge 

answer appropriateness. 

Deductive reasoning. Deductive reasoning is a 

logical process where a conclusion necessarily follows 

from given premises, ensuring its truth if the premises 

are true (Johnson-Laird, 1999). Similarly, CoT 

reasoning is a modern approach aimed at enhancing 

and clarifying LLM’s responses in the era of GenAI 

(Chu et al., 2023). CoT enables structured problem-

solving through a clear and logical sequence of 

reasoned deductions. The approach has been applied 

to multiple domains in natural language processing 

such as question-answering (P. Lu et al., 2022). 

In the case of RAG systems, CoT reasoning 

provides information on “how” the system derived a 

response (Schelhorn et al., 2025), including searching 

databases, retrieving documents, and formulating 

answers (DF7 Chain-of-thought) . In customer 

support, this transparency helps agents follow the AI’s 

reasoning, verify steps, and validate conclusions. 

From a knowledge management perspective, CoT 

fosters structured reuse and traceability of knowledge, 

making problem-solving more interpretable and 

auditable. 

5. Demonstration and evaluation 

Afterward, we translated the design features into 

an instantiated artifact. We developed a GPT4-based 

GenXAI system that provides human support agents 

with responses and corresponding explanation features 

to given customer requests. Motivated by the 

telecommunications domain, we scraped publicly 

available FAQs, knowledge base articles, and forum 

posts from a major mobile provider. The system was 

trained on this 191-entry knowledge base using a state-

of-the-art RAG approach (Lewis et al., 2020). The 

RAG system was tested with a RAGAS evaluation 

framework (Es et al., 2023) to ensure the quality of the 

AI responses and depict a realistic case. The resulting 

GenXAI system comprises an established chat 

interface that allows users to prompt the LLM system 

and retrieve numerous forms of explanations. Figure 1 

depicts the instantiated prototype that provides an 

overview of XAI-driven features for LLM systems. 

To evaluate each DF and the instantiated GenXAI 

system, we utilized the think-aloud method (Jaspers et 

al., 2004). We opted for the think-aloud method as it 

captures participants’ immediate reasoning and 

sensemaking processes (Payne, 1994; Vitalari, 1985). 

Despite the large number of DFs, this yields rich 

qualitative insights into each feature. We approached 

experienced GenAI users (n=8; 4 female; 4 male; 

Figure 1. Final initiated GenXAI prototype 

                
                           
               

                     

                                                                                                                                                                                          
                                                                                                                                                                                                   
                                  

                                                                                                                                                                               
                                       

                          
                                                   

                     
                                                     
                                                        

                                                    
                                           

                          

                       

                                     

                                  

                                                                                                  

                                                                                                                                                              

                                                                   

                                                                                                                        

                                                                                                       

                              

                                                                                 

                                                                     

                                        

                                                                                           
                                     
                         

                      
                               
                      

                 

                         

       

                                                                      
                                                                      
                                                                   
                                 

                 

         

       

                                                                      
                                                                       
                    

                                             
                                                
                                                     
    

                                                   
                                               
                                           

                      

                                                
        

                                                    
           

                                                  
                                                       
                                                      
                                                

        

           

                                                  
                                                   
                                                       
                                                  
             

                

           

           

                 

                   

              

                  

    

   

Page 4774



Mage=29.9 years) who participated voluntarily to use 

the artifact and evaluate it. We provided a naturalistic 

setting (Venable et al., 2016), assuming that the 

participants were solving technical issues concerning 

their mobile phones. They were provided with support 

by our GenXAI system and were asked to elaborate on 

the quality and reliability of the response, given the 

designed explanation features. The sessions took place 

via Microsoft Teams and were recorded and 

transcribed. The sessions were on average 45 minutes 

long. The participants were provided with an example 

prompt and response at the beginning. Then they were 

randomly shown each DF for a different and again 

randomized prompt-response pair. At the end, we 

showed the whole instantiated prototype (Figure 1). 

GenAI response. Despite providing users with 

excessive additional information as part of our 

GenXAI system, participants still focused on the 

actual responses (I01). GenAI responses should 

include more step-by-step instructions and could be 

more precise, referring to how knowledge is depicted 

(II01, I02, I06, I07). For example, the phrase “for some 

users” was utilized as a heuristic to trust the system 

(I03). In addition, domain-specific terms facilitated 

trust (I05). Finally, the decision importance and the 

consequences of incorrect AI advice are mentioned as 

being important for assessing the appropriateness of 

the extracted knowledge (I07, I08). 

Explanations. We provide an overview of 

representative statements for each explanation in 

Figure 2. Our evaluation revealed two layers of 

feedback: usability-related concerns with interface 

design (e.g., text overload, vague labeling, limited 

interactivity) and conceptual concerns regarding the 

clarity and utility of the reasoning types. We highlight 

the latter in bold to distinguish feedback on the 

reasoning types and their underlying logic. Some users 

requested “explanations for the explanations”, 

highlighting the need for improved usability (I01). 

While explanations are based on human reasoning 

principles, some features, especially DF3, were found 

non-intuitive. 

For factual explanations (DF1), users emphasize 

the importance of clickable source links for verifying 

the knowledge (I03, I04, I07) and suggest clearer 

source types, distinguishing between internal and 

external links (I01, I02, I03). Concerns about source 

reliability, especially for forum-based sources, lead to 

requests for additional context, such as text snippets 

(I06). Some users prefer reviewing the source before 

confirming validity (I05, I08). 

Causal explanations (DF2) benefit from color 

coding, but users seek label clarifications via a clearer 

description or an info button (I01, I04). They request 

better explanations for why certain parts are deemed 

irrelevant and clearer indications of knowledge 

sources (I02, I03). Users also want insights into the 

technical workings of the knowledge management 

system and the explanations, including similarity 

scores and concerns about processing speed (I06). 

Analogical explanations (DF3) are seen as 

cluttered and poorly structured, prompting calls for 

collapsible sections, icons, and a clearer layout (I01). 

Some experts stress the need for consistent responses 

better aligned with the problem, noting misleading 

titles (I02, I05, I06). Responses are often too long, 

making assessment difficult, and users call for concise 

information (I04, I06). While a button to request 

similar cases is appreciated, concerns remain about 

interface overload (I03). 

Transfactual explanations (DF4) (similar 

prompts) are often too similar to the original input, 

making them less useful. Users suggest focusing on 

next steps instead (I02, I06). Prompts should be 

relevant but not redundant, as some users feel they do 

not refine knowledge inquiries effectively (I03, I04). 

The use of transfactual explanations is seen as effort-

intensive, with a preference for summarizing related 

cases instead (I05). Users trust repeatable answers but 

feel that simply presenting examples lacks clear intent 

(I08). 

Counterfactual explanations (DF5) are often non-

intuitive, with users suggesting a more interactive 

approach to allow refinement or further prompting 

(I02). Responses feel repetitive and case-dependent, 

leading to redundancy (I03). Trust is an issue, as 

identical responses seem probabilistic rather than 

explanatory (I04, I06). Excessive text also makes these 

explanations cognitively demanding, leaving users 

unsure whether the information influences their 

decisions or is just additional context (I07, I08). 

For probabilistic reasoning (DF6), users find 

confidence estimates overly high. Some users worry 

that high confidence values encourage blind trust in AI 

outputs (I03). They suggest displaying confidence 

only when AI is uncertain (I01, I02, I06). Many find 

the slider interface unclear, proposing alternatives like 

a score bar or integrated color indicators (I01, I03, 

I05). Users also question how confidence scores are 

generated and request clearer explanations of their 

reliability (I04). 

For deductive reasoning (DF7), while the 

structured reasoning process is appreciated, responses 

are often too vague, prompting calls for more concrete 

problem-solving steps (I02, I05). Users also stress the 

need to avoid redundancy (I02). Although the 

reasoning process builds trust, users want clearer 

visibility into retrieved sources (I04, I06). 
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Figure 2. Exemplary statements from the think-

aloud study 

Overall GenXAI System. Users highlight 

concerns about information overload, emphasizing the 

need to balance factual depth with conciseness. 

Excessive text makes responses difficult to process 

and reduces actual engagement with provided 

explanations (I05). Additionally, some explanations 

are generated by the system itself (self-explanations), 

raising concerns about hallucinated content and 

trustworthiness - users question whom they can 

actually trust (I01, I03). To improve usability, the 

system should be more interactive, with features 

available on demand via buttons rather than displayed 

by default. Users also demonstrate an interesting 

heuristic when evaluating responses: If an alternative 

response provides counterfactual examples, they 

assume the original might be incorrect, whereas a lack 

of variance reinforces belief in correctness (I07, I08). 

These findings underscore the need for interactive and 

adaptive DFs to enhance trust and comprehension. 

Specifically, adapting the GenXAI interface to task 

characteristics (e.g., information retrieval, problem-

solving) and user characteristics (e.g., domain 

expertise, AI literacy) is expected to enhance 

knowledge utilization. 

6. Discussion and conclusion 

In this study, we designed and evaluated a 

GenXAI system for facilitating appropriate knowledge 

utilization in LLM-based knowledge management 

systems. Drawing from (1) contemporary GenXAI 

research, (2) extensive literature on XAI, (3) 

foundational theories of human reasoning, and (4) 

practical insights from customer support services, we 

identified seven DFs to enhance human-GenAI 

interaction for knowledge-intensive service work. In 

doing so, we integrated established design knowledge 

from the XAI literature with emerging LLM 

technologies, thereby creating a conceptual bridge to 

knowledge management. We implemented the DFs in 

our final GenXAI system and evaluated them through 

a think-aloud study with GenAI experts. 

We contribute design knowledge to the emerging 

class of GenXAI systems (Schneider, 2024). In 

contrast to prior approaches to facilitating appropriate 

knowledge utilization in the LLM-based systems 

(Leiser et al., 2024; Pafla et al., 2024), we build upon 

the theoretical foundations of XAI and human 

reasoning to lay a foundation for further research on 

reliance on GenAI advice, particularly concerning 

hallucinations. Our study extends the existing XAI 

literature by examining several types of human 

reasoning as a foundation for explanation features in 

LLM-enabled knowledge management systems. 

Hence, this study contributes to the literature on 

decision-making in AI advice (Jussupow et al., 2021) 

and XAI (Bauer et al., 2023) by conceptualizing 

explanations for GenAI systems. Unlike existing XAI 

taxonomies that focus on technical methods, our 

design emphasizes the cognitive functions 

explanations serve, mirroring how humans think and 

reason. By projecting these reasoning modes onto 

GenAI agents, we bridge technical explanation 

methods with psychological theory. By integrating 

human reasoning theory with design knowledge from 

XAI, our study provides an integrative perspective that 

complements existing work on explanation types and 

trust calibration, while addressing a theoretical gap in 

how explanations are cognitively anchored and 

systematically connected to user reliance in GenAI 

systems. 

Our results imply important consequences for 

organizations applying GenAI-based systems. The 

analysis supports practitioners in effectively designing 

GenAI-based retrieval tools such as question-

answering systems and conversational agents in 

realms with high expectations regarding compliance 

and factuality, such as customer support services. We 

especially identify two crucial design challenges. 

First, several participants requested explanations for 

explanations, underscoring the challenge of reducing 

complexity, simplifying explanation logics, and the 

potential cognitive load imposed by multi-layered 

explanations. This highlights the need for adaptive 

explanation strategies that align depth with user 

expertise. Second, the tendency to heuristically over-

trust high confidence scores illustrates the risk of 

miscalibrated trust, suggesting that confidence cues 

must be carefully designed to prevent blind reliance. 

                 (I01)    link to source should always be 

shown  (I02)                                   (I06)

                    

                

            

           

 additional context is great  (I02)    how does this work 

technically?  (I06)    explain what  very important  and 

 mildly important  actually mean  (I01)    lack of time to 

check the details  (I02)                                    

                                   (I06)

                   

                   

         

  ow we have a lot of text  (I06)                            

        (I01)    what are similar cases?  (I02)     o time to 

look at this  (I02)

                 

       

                                                        (I0 )   

 Too effort intensive; summarizing other cases would be more 

important.  (I0 )                             (I02)

              

                

               

 Too much repetition  (I03)                                

                            (I06)                       

                                 (I02)

                

     

 Confidence is always high  (I01)                           

                                 (I06)                

               (I03)

              

       

  elpful, but the concrete steps for problem solving are 

missing  (I0 )    Alarm bell                                  

                       (I06)     reaking down the process is 

good, but the response is too vague and it should not be 

repetitive.  (I02)
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6.1. Limitations and future research 

Our study has several limitations. First, our set of 

explanations is not exhaustive; rather, we focused on 

identifying representative explanation types based on 

prior XAI literature in traditional machine learning. 

Second, our evaluation was limited to a sample of eight 

GenAI experts, excluding domain professionals such 

as support agents or managers who directly interact 

with these systems. Assessing the design in real-world 

applications across different domains, such as 

education and healthcare, would provide deeper 

insights into its practical effectiveness. Third, we 

showed participants only static explanations. Future 

iterations could allow users to specify what they want 

to understand from the AI and how they might re-

prompt their questions. Fourth, due to the large 

number of explanatory features, we did not conduct a 

quantitative analysis of their effectiveness. Future 

studies could explore structured evaluation methods, 

such as best-worst scaling or benchmarking, to 

compare the design with existing solutions, for 

example, with regard to hallucination detection. Fifth, 

we acknowledge that explainability spans multiple 

layers, from algorithm design to training data and 

generated outputs. Our contribution is situated at the 

post-hoc layer, only providing an integrative 

perspective that bridges technical explanation methods 

with human reasoning theory to improve how service 

professionals interpret and act on GenAI outputs. 

Finally, a deeper theoretical understanding is needed 

to explore how and why different reasoning types 

influence users’ trust in GenAI. Investigating the 

cognitive mechanisms underlying trust formation 

could further refine explanation strategies and 

improve system transparency. 

Our study lays the groundwork for explainable 

GenAI (GenXAI) systems, and it opens up several 

exciting avenues for future research. First, additional 

design options could enhance explainability, such as 

hallucination detectors and warning mechanisms to 

mitigate various types of GenAI inaccuracies, 

including ambiguities, irrelevant sources, factual 

inaccuracies, and hallucinations. Exploring how 

different types of hallucinations impact user trust and 

decision-making would further refine system 

reliability. Second, future research could explore user-

adaptive system designs that tailor explanations to 

individual preferences and cognitive styles. 

Personalizing explanations could improve user 

engagement and comprehension, making human-

GenAI interactions more effective. Third, integrating 

explanations directly into the response rather than as 

separate elements could enhance usability. As our 

evaluation highlighted, users emphasize the AI’s 

response itself, suggesting that analyzing response 

features influencing reliance would provide 

complementary insights into explanation design in 

LLM systems (Jakesch et al., 2023). Finally, our 

design lays a foundation for advancing XAI 

technologies, through enhanced RAG, knowledge 

graph integration, and neurosymbolic computing, to 

move beyond purely post-hoc, prediction-based 

explanations. 
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