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Abstract

Current guidelines suggest setting low expectations for chatbots for continued engage-
ment. That is of little use if only high expectations entice users. Such are raised by recent
innovations, chatbot agents which generate final responses not directly via Large Lan-
guage Models but after multiple intermediate generations of text as reasoning. This dif-
ferentiates chatbot agents from other chatbots. Since these intermediate steps are gener-
ated, what impact has displaying them? This study aims to assess the impact of displaying
these intermediate reasoning steps, conceptualizing them as enabling mindreading in the
semi-literal sense, namely reading the internal reasoning generated by the agent. In 3
studies (N=280), we examine whether non-factive displays, which present reasoning as
belief rather than knowledge, enhance user expectation confirmation. Results show that
non-factive reasoning displays significantly improved confirmation. Therefore, display-
ing non-factive reasoning not only differentiates these agents in competitive markets but
also improves user interaction.

Keywords: LLM, chatbot, conversational agent, LLM agent, mindreading

Introduction

The growing use of chatbots across various sectors signifies a notable transformation in human-technology
interaction. Initially developed as simple automated responders, chatbots have transformed into essential
tools within many areas, including customer support, personal assistance (Lechler et al. 2019; Maedche et
al. 2019) and employee onboarding (Ritz et al. 2023). The development of Large Language Models (LLMs)
has augmented the functionality of chatbots, such as OpenAI’s ChatGPT or Meta’s LLaMA, enhancing their
ability to understand and generate text that closely resembles human communication (Rae et al. 2021).

Recent improvements in chatbot technologies have enabled these systems to facilitate dialogues that closely
resemble human interactions (Kusal et al. 2022). A crucial element of human communication involves min-
dreading - the skill to deduce others’ thoughts and intentions. In human-to-human conversation, mindread-
ing is frequently employed, particularly during delayed responses, to interpret the thoughts of counterparts
(Westra and Nagel 2021). However, even in human-to-human conversation, mindreading can only ever be
guesswork.

Mindreading is not limited to human-to-human conversation, humans attempt to understand how chatbots
come up with their responses as well, but so far, non-agent chatbots calling LLMs to generate their answers
remained black boxes. These non-agent chatbots, like blenderbot (Roller et al. 2020), generate responses
by a single model call. A recent development in AI changes this. Namely, LLM-based Al agents (in this
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paper “chatbot agent”), distinguish themselves by their use of a multi-step reasoning process (Zhao et al.
2023). Unlike their predecessors, these agents utilize an iterative method where each output becomes a new
input, forming a dynamic chain that refines the final response (Wu et al. 2022). This method simulates an
advanced reasoning process. Since each reasoning step is a language generation, this allows insight into the
inner workings of the agent even if the LLM itself remains a black box. Reasoning here is understood as the
agent’s ability to process inputs through multiple intermediary steps before arriving at a conclusion. This
reasoning helps to improve responses, and as the intermediate generations are text, they can be read. In
fact, reading these intermediate reasoning steps is akin to mindreading the agent.

Chatbot agents may be necessary to handle challenging domains where conversational expertise is needed.
One such domain is coaching. Coaching agents must be capable of very adaptive reasoning, since problems
differ between persons. To not rely on the one-pass solution offered by out-of-the-box LLMs, agents that
reason in multiple steps can explicitly take in theoretical knowledge to provide more helpful responses.
However, systems that take multiple steps to respond take longer and are slightly more expensive. Therefore,
such agents must be advertised by highlighting their benefits, which raises high and specific expectations
that need to be fulfilled. Such advertising, while necessary, may be counterproductive if the chatbot cannot
deliver on the high and specific expectation (Grimes et al. 2021). Expectation Confirmation Theory (ECT)
suggests that satisfaction and the continued use of technology are influenced by the alignment of initial user
expectations with actual experiences (Bhattacherjee 2001). In the context of chatbot agents, managing and
potentially leveraging high expectations can help them make use of their superior response quality compared
to non-agent chatbots. Displaying the intermediate steps of reasoning by the chatbot agents provides a
transparent window into their functioning, aligning actual performance with user expectations and fostering
satisfaction. This transparency should explain the chatbot agents’ operational mechanisms and enhance
dialogue coherence, crucial for maintaining user expectations (Gernsbacher and Givon 1995). The visibility
of each reasoning step confirms the chatbot’s capabilities and supports expectation confirmation.

To date, research has not yet explored the concept of ‘'mindreading’ within the context of LLM chatbot agents.
Current studies focus more on LLM technical development than on how they simulate complex cognitive
processes (Zhao et al. 2023). There is a notable gap as chatbots become prevalent in high cognitive sec-
tors like education and coaching, where understanding user intents and emotions is crucial (Maedche et al.
2019). While agent-based LLMs with visible multi-step reasoning might enhance interaction quality, the
effectiveness and user experience impact of such ‘'mindreading’ features are not well studied.

We, therefore, pose the research question: How does displaying explicit reasoning steps in LLM-based
chatbot agents influence user perceptions and expectations?

Our research methodology involves three experimental phases to address this question. The initial phase
establishes and evaluates user expectations concerning Al chat interactions. The subsequent phase sees
participants observing videos of chats with chatbot agents displaying reasoning in real-time in two condi-
tions and a control. In the final phase, we test our research model experimentally in a between-participants
research design. We apply our ‘'mindreading’ concept in a digital coaching context, where the agent assists
students in defining and pursuing educational goals, offering continuous motivational support (Sonesh et al.
2015). This context is especially suited for the task as it requires high-quality responses and an assurance
that the initial high and specific expectations are maintained while using the chatbot agent.

Our study contributes to the academic field in three significant ways. Firstly, we introduce a new prescrip-
tive concept - displaying real-time reasoning steps to users - in Al conversations. This helps the user since
they now do not have to mindread in the figurative sense anymore: they can actually read what the agent
reasons about. As a side-effect, this helps to make the longer waiting times introduced by calling the model
several times until the final response is displayed less of a burden: it is possible to reduce latency draw-
backs in LLM agents by replacing standard loading indicators with live reasoning displays. Mindreading
displays may further improve the explanation quality of responses and address the opacity issues inherent in
these systems. Secondly, we expand on expectation confirmation theory (Bhattacherjee 2001) by examining
how coherence (Gernsbacher and Givon 1995) and explanation satisfaction (Hoffman et al. 2018) influence
confirmation and are therefore associated with the latter’s benefits for information systems (Bhattacher-
jee 2001). Thirdly, we introduce and validate a new scale for assessing subjective coherence in dialogues
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and adapt existing scales for measuring explanation satisfaction, thereby advancing methodologies in set-
ting and evaluating user expectations. We will now explain the domain further, then the main concepts and
constructs, before delving into our studies.

Background

This article aims to shed light on how we can make use of recent advances in LLM-based agent architectures.
Namely, using the novel fact that to generate their final response, these agents generate the intermediate
prompts, we aim to investigate how displaying these steps as “reasoning” of the agent impacts user expec-
tation maintenance. To do so, we will briefly discuss the domain we use to investigate this topic: coaching
chatbot agents applying psychologically grounded coaching for better personal study goal pursuit. In this
domain, chatbot responses can have severe consequences, as personally important goals are discussed. We
then describe how chatbot agents can be used to improve responses and how this enables us to display inter-
mediate reasoning steps. Finally, we will discuss how we aim to embed our investigation into expectation-
confirmation theory, and why we consider dialogue coherence and explanation as potential pathways that
may allow the display of intermediate reasoning steps to increase expectation confirmation, and thus to
enable better advertising of advanced features in the field of chatbot agents.

Application Domain: Coaching Chatbots
Coaching

Coaching, as a developmental practice, is characterized by a personalized relationship where a coach col-
laborates with a coachee to identify and pursue specific personal goals (Sonesh et al. 2015). This inherently
dialogical approach (Armstrong 2012) helps to restructure the coachee’s thoughts, values, and feelings to
better align with their personal aspirations (Jonathan Passmore 2018). Because coaching was long sparsely
regulated, some practices only recently started to follow theoretical foundations (Seligman 2007). However,
if applied with a theoretical foundation, coaching has been shown to bolster personal growth (Sonesh et al.
2015). In educational contexts, coaching has proven effective in increasing metacognition among college
students, thereby improving their academic performance and skill development (Howlett et al. 2021). Fur-
thermore, coaching assists students in developing a clear vision of their goals and connecting daily activities
with their long-term aspirations (Bettinger and Baker 2014).

Study Goal Pursuit

Study goal pursuit involves a long-term commitment to academic objectives, like obtaining a degree. Suc-
cessful study goal pursuit is not always guaranteed. Poor academic performance, for instance, tends to
decrease adaptive, e.g., mastery-oriented, goal pursuits while increasing avoidance behaviors (Senko and
Harackiewicz 2005). In this context, coaching plays a pivotal role by boosting self-concordance and com-
mitment, which are critical for successful goal attainment and subsequently improving well-being (Burke
and Linley 2007). Moreover, coaching not only aids in achieving these academic goals but also enhances
resilience, and helps mitigate stress and depression (Grant et al. 2009).

Coaching Chatbots

The field of coaching chatbots is rapidly advancing, demonstrating significant potential in scenarios where
Al-driven tools assist individuals in achieving their goals. Studies show that these chatbots can be as effective
as human coaches (Terblanche et al. 2022). Despite their current limitations in proficiency compared to
human coaches, their cost-effectiveness makes them a compelling alternative (Lomker et al. 2021). Due to
therise in LLMs (Bubeck et al. 2023), there is now discourse on whether coaching chatbots will at some point
replace human coaches (Passmore and Tee 2023). Even if not all features of a coaching chatbot need to be
generative (Goldi and Rietsche 2023), it is clear that this emerging technology holds promise (G6ldi 2024),
particularly among younger, digitally native populations, heralding a significant shift in how coaching is
conceptualized and delivered (Mai and Rutschmann 2023).
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LLM-based AI Agents

LLM-based Al agents, also known as Generative Agents, represent an emerging frontier in artificial intel-
ligence (Xi et al. 2023) that leverages LLMs to sense environments, make decisions, and execute actions
(Park et al. 2023). These agents distinguish themselves from traditional AI by their enhanced abilities in
natural language processing, knowledge storage, and reasoning, making them highly effective in complex
problem-solving scenarios (Zhao et al. 2023). Often, LLMs are used in a single pass, with a prompt to get
to the desired text generation (Goldi et al. 2024). LLM-based agents employ a dynamic process that gen-
erates and uses such textual outputs as intermediate steps. This involves the Al iteratively prompting itself
to produce successive inputs, thus enabling the handling of increasingly complex problems through a rea-
soned sequence of actions (Go6ldi and Rietsche 2024). This is analogous to chaining LLM calls to improve
quality (Wu et al. 2022), only that the process is autonomous and dynamic. Essentially, these agents use the
language model not just to generate direct responses but as a cognitive engine to determine and orchestrate
the sequence of steps needed to reach a solution, marking a significant evolution in AI capabilities’. Since
these chatbot agents respond slower than non-agent chatbots, users will only choose agent chatbots if they
expect them to perform better.

Maintaining Expectations through the Display of Intermediate Reasoning Steps

Current state-of-the-art advice on setting expectations for chatbots is to keep them low, so that disconfirma-
tion can be avoided (Grimes et al. 2021). This is rather unhelpful in this competitive space, since by keeping
expectations low, users do not have any incentive to try out new offerings.

Expectation-Confirmation Theory

Expectation Confirmation Theory (ECT) posits that the alignment between pre-adoption expectations and
post-adoption experiences significantly determines user satisfaction and continuance intentions (Bhattacher-
jee 2001). The theory is supported by substantial empirical evidence showing that satisfaction derived from
meeting or exceeding initial expectations strongly influences the decision to continue using a technology
(Jeong et al. 2019). In the context of coaching chatbot agents, applying ECT effectively presents unique
challenges and opportunities. The current best practice in chatbot deployment suggests managing expecta-
tions by setting them low at the outset to avoid the pitfalls of non-confirmation (Grimes et al. 2021). Con-
trarily, to differentiate their offerings and enhance market competitiveness, providers often promote these
agents as advanced, capable of complex interactions, thereby inadvertently raising user expectations. This
dichotomy suggests a need for strategies that not only manage but also strategically leverage high expec-
tations to enhance user satisfaction and continuance. In this context, a chatbot’s information quality en-
hances satisfaction and continuance (Ashfaq et al. 2020). Revealing the intermediate reasoning steps of
chatbots could serve as a method to maintain expectations, ensuring that high initial expectations are met
and confirmed through transparent operations. ECT is well-established, demonstrating the critical role of
expectation management in technology and service success (Lin et al. 2009; Wolverton et al. 2020). In the
context of Al-driven technologies like coaching chatbots and LLM agents, rather than setting low expecta-
tions to prevent disappointment (Grimes et al. 2021), we investigate the more enticing proposition of how
to maintain elevated expectations through transparency and showcasing intermediate reasoning processes.
This strategy aligns high initial expectations with actual performance, fostering user satisfaction and en-
couraging continued engagement according to ECT principles. Importantly, we do not test ECT but use its
established assumptions to ground our investigation. ECT established that confirmation is essential, the
question is now how to establish it for a coaching chatbot agent, pointing the way for all chatbot agents.

Coherence in Dialogue

Chatbots are dialogue machines. Therefore, to maintain expectations on chatbots, it is crucial that the di-
alogue feels coherent. Coherence in conversation is important for maintaining mental continuity and en-
suring the smooth flow of information, which is essential for confirming expectations during interactions

A popular agent framework: https://python.langchain.com/docs/modules/agents/
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(Gernsbacher and Givon 1995). The display of intermediate reasoning steps in dialogues can enhance co-
herence by making the flow of conversation more predictable and understandable. This predictability allows
users to form causal inferences and anticipate explanations, which helps to resolve ambiguities and ensures
that the discourse remains cohesive (Rohde et al. 2011). Furthermore, coherence is not just about main-
taining a logical sequence but also involves responsiveness and adaptation to the dynamic shifts in dialogue,
which includes recognizing and addressing the structure of questions, answers, and shifts in participation
(Schiffrin 1985). By enhancing coherence, chatbots can more effectively mirror human conversational char-
acteristics, making interactions not only more engaging but also more satisfying by aligning with users’ ex-
pectations for a coherent and responsive communication experience (Carfora et al. 2020). This alignment,
in turn, supports the confirmation of initial expectations, contributing to a positive user experience and
continued engagement. We therefore posit that coherence, as it is subjectively experienced, may partially
explain any possible effect of displaying intermediate reasoning steps on confirmation.

Explanation Quality in Dialogue

Explainability is a fundamental attribute for chatbots, fostering understandability, trustworthiness, and a
sense of control among users (Laato et al. 2022). These aspects are particularly vital in ensuring that users
can effectively interact with and derive meaningful insights from chatbot agents. For coaching chatbots,
which are designed to facilitate learning and personal development, the importance of explainability is mag-
nified. Explanation is a transfer of understanding in dialogue (Walton 2004). This underlines the necessity
for coaching chatbots to not only respond to queries but to enhance the user’s comprehension and mastery
of new information. This is supported by findings that higher-quality feedback in dialogues leads to greater
educational progress (Aleven et al. 2004), thereby underlining that in the context of coaching, explainability
may directly contribute to efficacy and success.

Mindreading in Conversation

Mindreading, the capacity to attribute mental states to others, is a common cognitive ability that under-
pins everyday conversation, allowing individuals to predict and explain behaviors (Lavelle 2022). This skill,
essential for understanding and interacting within social contexts, is scaffolded by linguistic communica-
tion, which enhances our ability to interpret and respond to others’ mental states efficiently (Fenici and
Garofoli 2017). In the context of chatbots, this translates into the capability to process and react to user
inputs by attributing intentions and beliefs, thereby facilitating more natural and effective communication
(Spaulding 2020). Such basic mindreading processes are crucial even in technology-mediated interactions,
mirroring the dynamics of human conversation and improving user experience by aligning responses more
closely with user expectations and needs. In conversation, mindreading involves actively monitoring and
understanding others’ mental states, including what they know or believe, which aids in effective communi-
cation. Two main forms of mindreading are distinguished in this context (Westra and Nagel 2021): factive
and non-factive mindreading. Factive mindreading focuses on tracking what others know, relying on direct
evidence and shared realities without the need to hypothesize about detached beliefs. It is generally easier
and more frequently employed in daily conversation. Non-factive mindreading, on the other hand, involves
attributing beliefs to others that may not align with reality or the mindreader’s own beliefs, requiring more
cognitive resources and being used less frequently. This distinction is crucial because it affects how conver-
sational interactions are managed, with factive mindreading playing a dominant role in regular exchanges
by facilitating the mutual sharing of knowledge and minimizing cognitive load. In simple terms, factive
mindreading refers to “the interlocutor knows” statements, while non-factive mindreading refers to “the
interlocutor believes” statements. In the context of chatbot agents, the agent will display their reasoning in
the I-form, since this display substitutes for the result of mindreading by the user. This shift from speculative
inference to directly observable reasoning not only simplifies the user’s task but may also reduce cognitive
effort, transforming the process from mindreading into straightforward reading.

Building on this background, we formulated the following hypotheses on the variation between no display
of intermediate reasoning, the display of factive, and of non-factive reasoning steps: (H1) Confirmation dif-
fers between variations; (H2a) variations influence coherence and (H2b) explanation satisfaction; (H3a)
coherence and (H3b) explanation satisfaction influence confirmation; and (H4) confirmation influences
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working alliance with the coaching chatbot, as a domain-relevant criterium (GraBmann et al. 2020) for the
importance of confirmation.

Artifact

The backend of our coaching chatbot leverages the langchain and langgraph? python libraries to implement
an Al-driven reasoning architecture, based on the GPT-4-0125-preview3 model for generating both inter-
mediate steps and the final coaching responses. This setup facilitates a layered interaction process where
user inputs undergo multiple stages of processing: initial parsing, context-sensitive reasoning via prede-
fined LLM function calls%, and dynamic response generation. At each stage, specific functions categorize
user inputs and coaching states. For instance, user messages are analyzed to determine the current coach-
ing stage (e.g., Goal, Reality, Options, Way Forward, Anthony M. Grant 2018) using a custom function call
to the model. This analysis is combined with the chat history to generate internal instructions that dictate
the next best coaching action. These actions then serve as the final prompts for the GPT model, ensuring
that generated final responses are contextually aligned with the user’s progression in the coaching session.
This multi-tiered process ensures that each interaction is responsive and reflective of an ongoing, evolving
coaching dialogue. Importantly, it allows the display of intermediate text generations.

| & Your messages
| & The coaches’ messages
@ The coaches thoughts

1 am your personal coach and | help you to clarify what you want to achieve on your learning journey and how you can remain successful in pursuing it. | am not a tutor

& | and do not know the contents of your lecture exactly. | am a research prototype and am activated by your first message. Please be patient, the first response may take
up to a minute. Please start the conversation by describing your personal study goal

: ( How can | best define my learning objectives?
Hey there! Kudos on taking the first step towards your leaming journey. Defining your learning objectives is all about clarity and direction. Firstly, think about what you
want to achieve—this could be gaining a new skill, understanding a particular subject, or preparing for an exam. Then, consider breaking down this main goal into

& | smaller, manageable milestones that are specific, measurable, achievable, relevant, and time-bound (SMART). Reflect on your current knowledge and resources to get a
realistic view of where you are starting from. Exploring different learning options and methods can help you find the best path that suits your style and pace. Lastly,
setting up a plan to regularly review your progress will keep you on track and motivated. Could you share more about your main goal and why you're eager to pursue it?

Iy ( A Bty agree
That's a solid goal! Getting your degree is a big milestone. To set spegfic learning objectives towards this goal, start by identifying the key subjects and areas you need

=] to master to eam your degree. Think about the skills and knowle; u want to acquire through your studies. How do these align with your career aspirations or
personal growth? Breaking your degree into semesters, coursf /en topics can help create a roadmap of what you need to leamn and by when. What's the first step
you feel you need to take towards this goal?

-3 ( 1 dont know

@ | We will now... Set a specific outcome goal Intermediate Reasoning Step

Ty ul =

V.
Figure 1. Screenshot of a conversation start with the coaching chatbot. Factive reasoning is displayed.

The front-end of our coaching chatbot is designed as a standard, password-protected chat interface that
maintains a continuous WebSocket connection for real-time interaction with users (See Figure 1). Upon
successful authentication, users engage in a dialogue where the intermediate reasoning steps are commu-
nicated to the user. These reasoning steps are displayed for a minimum of four seconds to ensure the user
has adequate time to process the information. The display of these messages is managed by client-side
logic, which queues newer messages to replace older ones only after they have been visible for the required
duration. Once the chatbot delivers the final response, all reasoning messages are hidden, transitioning
the user’s focus to the conclusive advice or feedback provided by the chatbot agent. This system enhances
user engagement by making the reasoning process transparent and ensuring a fluid and coherent interac-

2https://python.langchain.com/docs/langgraph/
3https://platform.openai.com/docs/models/gpt-4-turbo-and-gpt-4
4https://platform.openai.com/docs/guides/function-calling
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tion flow within the coaching session. In this study, we varied the display of intermediate reasoning steps
(the coaching chatbot’s “reasoning messages”). In the control group, they remained hidden. In one exper-
imental group, they were prefixed with factive statements about “knowing”, in the other about non-factive
statements about merely “believing”.

Reasoning Step Nonfactive Factive
Start Thinking I believe the user stated... The user stated...
Prediction I anticipate that the user will... The user will...
History I'm trying to recall what was said... I have to remember what was said...
New BCT 1 think this will help... This will help...
get_ GROW_and_BCT_together | Ibelieve the user is... The user is...
get_ GROW_understanding I'm attempting to understand how the user is... | The user is...
reasoning_path_to_take_now I think we should now... We will now...
lookup_of_info I'm searching for relevant information... Looking up relevant information...
final_thought I think this could help... This will help...
Table 1. Intermediate Reasoning Steps Linked to a Specific Prefix.

Study 1 - Setting and Assessing Expectations

To better understand initial user expectations for chatbots, and specifically for our coaching chatbot agent,
we assessed prior experiences and specific expectations. These latter were raised specifically through the
textual explanation we provided. To assess these raised expectations, we generated a questionnaire based
on the expectations explicitly set in the text.

Automatic Creation of Items to Assess Specific Expectations

To assess specific expectations regarding the coaching chatbot, items were generated using an LLM, specifi-
cally GPT-4 TurboS. These items were designed to capture the specific user expectations raised by the textual
stimulus, which explained the coaching chatbot and its inner workings (see Table 2 for the generated items).

Method

The exploratory phase included 30 participants (17 female, 12 male, 1 other; M = 24.6, SD = 5.4), while
the replication phase involved another 30 participants (17 female, 13 male; M = 25.5, SD = 4.0). We com-
pensated the second phase for 5 instead of 3 minutes (paying 9£/hr. on prolific.com) because participants
took longer than expected in the first phase. All participants had student status and were fluent in English.
Furthermore, because our coaching chatbot is meant to provide help with personal study goals, we required
all participants to have one, which was ensured by only including participants that were actively studying
towards some degree or certificate.

Stimulus. To set expectations, we wrote a text® explaining the coaching chatbot, with a focus on the multi-
step reasoning process that distinguishes it from other similar tools that rely only on the black box of the

5System prompt: “Takes in a text and generates a number of questions to be asked in a Likert rating,
assessing the explicitly raised expectations with 3 different statements to agree or disagree with each.” The
items were then generated verbatim after providing the textual explanation.

®The digital coach, accessible after the next page, utilizes advanced coaching practices and artificial in-
telligence to not only enhance your motivation but also guide you in achieving your study goals. This tool
is specially designed to engage you in a dialogue tailored to your needs, whether it’s improving academic
performance, acquiring new skills, or deepening knowledge in a specific area.

The core functionality of the coach lies in its sophisticated *thinking’ process, which analyzes your mes-
sages through multiple stages. Each step is carefully designed to dissect and understand your input, allow-
ing the coach to formulate the most effective, evidence-based responses. This multi-stage reasoning ensures
that every piece of advice is not only relevant but also rooted in a deep understanding of your educational
challenges and goals.

Designed to support goals set within a 2-3 month timeframe, this tool provides targeted and structured
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LLM, and which was the focus of this overall research project. We slightly changed the text in the replication
phase to raise expectations more narrowly for a text-based interface. However, these changes did not have
any measurable impact besides slightly changing the covariance structure (mean intercorrelation .29 in the
exploratory, .36 in the replication phase).

Measures. Besides age and gender, we assessed general self-efficacy (Doll et al. 2021) and prior experiences
as well as our main focus of interest, the specific expectations raised by our textual explanation of the coach-
ing chatbot. Experience and expectation items were shown as 7-point Likert scales, with conceptual triples
(see Table 2)

Procedure. Participants were invited via prolific.com. After consent, they had to indicate their personal
study goal and demographics, as well as their general self-efficacy and experience with professional support,
goal setting, and AI chat. Having done so, they were presented with the stimulus text, aimed at setting
specific expectations. These expectations were then assessed using the 7-point Likert scales from above.

Category | Item

AI | Ibelieve the use of AI will enhance my motivation.

Al integration provides significant benefits.

Al supports my educational needs effectively.

Dialogue | Tailored dialogues improve my academic performance.

Tailored dialogues help in acquiring new skills.

Personalized interaction deepens knowledge in specific areas.

Process | Multi-stage reasoning understands my educational challenges.

Multi-step analysis leads to effective responses.

Sophisticated thinking provides relevant advice.

Table 2. Specific Expectations (Likert) for Coaching Chatbot Agent.

Results

All scales were consistent, with Cronbach’s alpha between .64 and .93 (average .80). There were no mean
differences between the two iterations. Descriptive statistics can be seen in Table 3. To identify key vari-
ables influencing expectations, we analyzed feature importance and effect sizes via Random Forest (estima-
tors=100) and Linear Regression models, which revealed that general self-efficacy, expectation of support,
and technological expectations were pivotal across the outcomes. Simplified linear regression models were
then constructed, focusing on these key predictors for each outcome variable. Upon testing these models on
the separate replication dataset, they demonstrated reasonable predictive accuracy, with mean squared er-
rors of 2.60 for Al expectations, 1.93 for dialogue expectations, and 1.65 for process expectations, confirming
the relevance of the selected predictors in practical scenarios.

Variable Mean SD
General Expectation (Support) 3.79 1.32
General Expectation (Goal) 4.29 1.58
General Expectation (Technology) 4.61 1.20
Expectation of AI 5.03 1.26
Expectation of Dialogue 5.18 1.23
Expectation of Process 5.33 111
Self-Efficacy (GSE) 3.85 0.70
Table 3. Descriptive Statistics for Study 1 (pooled data).

guidance, making it an invaluable asset for your educational progress.
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Discussion

Study 1 explored the influence of carefully crafted textual explanations on user expectations of a coaching
chatbot, utilizing a two-phase approach to validate these influences. The findings underscore the challenges
of inducing specific expectations through text, even when leveraging prior user experiences. Despite the
structured approach to set and assess expectations - where GPT-4 Turbo helps generate targeted question-
naire items - the study highlights the complex interplay between user backgrounds and the specific infor-
mation provided.

Study 2 - Maintaining Expectations - Video Mockup
Method

We recruited n=60 participants for our second study, 49 of which did not fail attention checks (28 male, 20
female, 1 other; age: M = 25.40, SD = 5.3). We compensated for 45 minutes (paying 9£/hr. on prolific.com)).
Inclusion and exclusion criteria remained as in Study 1.

Procedure. We retained the procedure from Study 1. After this, participants watched a video of the coaching
chatbot and filled in the questionnaires described in the earlier section. They did this thrice, with the same
questionnaires after each video. Each video corresponds to a variation of the coaching chatbot interface.
One video showed an interaction with the control variation (no intermediate displays). The second and
third showed intermediate displays of “reasoning messages”, one with factive, the other with non-factive
statements. Participants in this study further provided insight into the observed differences between the
three variations.

Measures. Besides all measures from Study 1, we assessed participants experience with the coaching chat-
bot. We assessed Mental effort using a Paas Scale (Paas et al. 1994) in random order on how much effort
was expended for mindreading the chatbot, understanding the chatbot’s responses, thinking about their
own messages, typing, waiting for the next message. Further, we assessed explanation satisfaction, with
a scale adapted from Hoffman et al. (2018), replacing “service” with “digital coach”. To validate the scale,
we also assessed causability, how well the explanation allows causal understanding, with the eponymous
scale (Holzinger et al. 2020). Further, we assessed subjective coherence of the dialogue using our own items
(see Table 4), since existing measures we could find were not geared to dialogue with chatbots. The main
outcome variable, confirmation, was assessed following Bhattacherjee (2001). We also assessed difference
scores between the initial expectations and retrospective experience scores. Further, we had participants
write down how expectations were confirmed and disconfirmed.

The chatbot’s responses were consistently relevant to the conversation topics.

The chatbot accurately maintained the context throughout our conversation.

The transitions between different topics in the conversation were smooth and logical.

The chatbot’s replies built logically upon previous parts of the conversation.

I found the chatbot’s responses to be unpredictable or off-topic at times. (R)

The chatbot effectively referenced earlier parts of the conversation when necessary.

The chatbot’s responses seemed disconnected from the conversation flow. (R)
Table 4. Items for Measuring Subjective Coherence on a 7-point Likert Scale. R = reverse scored.
Derivation sources at https://osf.io/sqvky/?view_only=92f8e8109b6148e09b~1e739e9125d9b.

Attention Checks, Understanding Checks, Manipulation Checks. As there have been critiques of using
crowd-sourced participants, we built the required checks to ensure data quality. We had different types of
checks. Firstly, we used attention checks, meaning checks that assessed click-thorough or other undesired,
noise-producing behavior. We used both to instruct participants to select specific answer options and retro-
spectively describe what they had read or seen. Secondly, we used understanding checks to assess whether
participants understood what the intermediate display meant, namely that it was supposed to indicate the
“reasoning” of the coaching chatbot agent. Thirdly, we used manipulation checks to indicate whether partic-
ipants had grasped the essential variation they experienced, namely whether any explanation was provided
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for what the coaching chatbot was doing in the period between their message and its response, and whether
they had seen a reasoning message and its prefixes (knowing versus believing things about the user). We
only excluded participants who failed more than one attention check but accounted for the understanding
and manipulation checks in separate analyses.

Results

In the full dataset, descriptive statistics indicated that the mean confirmation ratings across stimuli (con-
trol with no display and factive or non-factive displays) were relatively consistent, with means ranging from
3.65 to 3.72 (SD = 0.88 to 0.93). Similar patterns were observed for confirmation ratings when coherence
and explanation satisfaction were considered as predictors. Filtering for participants that fulfilled all ma-
nipulation checks and thus can be assumed to understand the differences in stimuli (to n=43, henceforth
“completely understood dataset”), confirmation ratings still exhibited comparable means, ranging from 3.53
t0 3.70 (SD = 0.87 to 0.91). Descriptive statistics for confirmation ratings based on coherence and explana-
tion satisfaction followed similar patterns. Analysis of variance (ANOVA) revealed no significant differences
among treatment groups for confirmation ratings in the full dataset (F'(2,144) = 0.104,p = 0.901) and the
completely understood dataset (#'(2,126) = 0.468,p = 0.627).

In the full dataset, a linear regression model showed a significant positive relationship between coherence
and confirmation ratings (5 = 0.698,p < 0.001). However, there were no significant interaction effects be-
tween stimuli and coherence on confirmation ratings. Further, with explanation satisfaction as the mediator,
a significant positive association was observed between explanation satisfaction and confirmation ratings
(B = 0.698,p < 0.001). Again, no significant interaction effects were found between treatment groups and
explanation satisfaction on confirmation ratings. In the completely understood dataset (no understanding
or manipulation check failed), similar patterns were observed. Coherence significantly predicted confirma-
tion ratings (8 = 0.694, p < 0.001), while no significant interaction effects were detected between treatment
groups and coherence on confirmation ratings. Moreover, explanation satisfaction exhibited a significant
positive relationship with confirmation ratings (5 = 0.725, p < 0.001), with no significant interaction effects
between treatment groups and explanation satisfaction on confirmation ratings.

In exploring the impact of the design variations, a thematic analysis of open-answer feedback uncovered
nuanced perceptions among participants regarding the artificial intelligence’s functionality and human-
likeness. This analysis was based on responses to the question, “What impact if any had the differences on
your perception of the digital coach?” Participants expressed a dichotomy in their experiences: while some
found that reasoning messages enhanced the perceived competence of the digital coach (“With thought mes-
sages it seemed more competent.”), others felt these elements underscored its mechanical nature, reducing
perceived trustworthiness (“The videos with his thoughts made him look dumber, more robotic and less
trustworthy than the one without them”). Overall, these findings suggest that while coherence and explana-
tion satisfaction independently influence confirmation ratings, the variation of reasoning displays did not
significantly moderate these relationships.

Discussion

The study highlights the robust impact of coherence and explanation satisfaction on user confirmation rat-
ings, underscoring their pivotal role in aligning user experiences with expectations. Despite no significant
differences within stimuli, the results affirm that both coherence of dialogue and perceived quality of expla-
nations - whether they frame Al reasoning as “knowing” or “believing” - consistently support confirmation.
Within-person effects of the stimulus variations (the different types of reasoning displayed in the videos)
however were not strong enough to be detected. This may be due to an absence of a real effect, or due to the
nature of video versus real interaction.
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Study 3 - Maintaining Expectations - Real Interaction

Method

For this study, we recruited n=160 participants (82 male, 77 female; age: M = 25.94, SD = 6.7). We com-
pensated for 25 minutes (paying 9£/hr. on prolific.com). Inclusion and exclusion criteria remained as in
Study 1 and 2.

Procedure. We retained the procedure from Study 1. After this, participants were randomly assigned to
one of three groups. They were either in a control group, not receiving any displays of intermediate steps
(“reasoning” messages), or they received them in the factive or non-factive condition. Depending on the
assignment, participants clicked on different links to the chatbot agent variant and continued the survey
after at least 5 minutes.

Measures. We retained all measures from Study 2 except for the perception of difference, as participants
only came into contact with one variation each. We also assessed the working alliance participants felt they
had built with the coaching chatbot during their interaction (Munder et al. 2010).

Results
Group | Confirmation | Coherence ES* | Causability | Self-efficacy Effort | Working Alliance
Control 3.79 (0.85) | 5.41(0.84) | 519(0.83) | 4.05(0.40) | 3.92(0.57) | 5.23(1.33) 3.99 (1.24)
Factive 3.81(0.78) | 5.61(0.99) 5.27(1.12) | 3.96 (0.61) 4.01(0.51) | 5.48 (1.42) 4.11 (1.15)
Non-factive 4.15(0.73) | 5.65(0.93) | 5.44(0.81) | 4.04(0.54) 3.89(0.58) | 5.57(1.57) 4.23 (1.00)
Table 5. Summary of Constructs. *ES = Explanation Satisfaction.

Descriptive statistics can be found in Table 5. An analysis of variance (ANOVA) was conducted to examine
the effect of group differences on confirmation. The model was significant, F'(2, 156) = 3.483, p = .033. Post-
hoc comparisons using the Tukey HSD test revealed a non-significant difference between the Non-factive
and Factive groups (difference = 0.342, p = .066) and between the Control and Non-factive groups (differ-
ence = —0.356, p = .056). No significant difference was observed between the Control and Factive groups
(difference = —0.014, p = .996). Repeating the ANOVA with a dataset filtered for all manipulation checks (to
n=87 participants, again henceforth called “completely understood dataset”) resulted in a significant model
as well, F(2,84) = 6.817, p = .002. Post-hoc tests indicated significant differences between the Control and
Non-factive groups (difference = —0.668, p = .002) and a marginal difference between the Non-factive and
Factive groups (difference = 0.545, p = .048).

Effect Size Comparison depending on manipulation checks

010 Label
1+ check ok
2+ checks ok
=

. All 3 checks ok

n=
All data
n=

Eta Squared

1+checkok 2+ checks ok All 3 checks ok
n= n= n=

0.00
All data
n=

Figure 2. ANOVA Effect Sizes Depending on Manipulation Checks.

Mediation analyses were performed twice to explore the roles of coherence and explanation satisfaction.
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In the first mediation model, coherence did not significantly mediate the relationship between group and
confirmation (ACME = 0.0147, 95% CI [-0.132, 0.160], p = .884). The direct effect of group on confirma-
tion remained significant (ADE = 0.3276, p = .004). The second mediation model involving explanation
satisfaction similarly showed no significant mediation (ACME = 0.0891, 95% CI [—0.0809, 0.290], p = .316),
though the direct effect was significant (ADE = 0.2532, p = .032). The repeated mediation analyses with the
completely understood dataset showed a non-significant mediation by coherence (ACME = 0.0891, 95% CI
[-0.1576, 0.300], p = .384) but a significant direct effect (ADE = 0.4559, p = .012). Explanation satisfaction
also did not significantly mediate the effect (ACME = 0.0778, 95% CI [—0.2263, 0.340], p = .616), although
the direct effect was significant (ADE = 0.4672, p < .001).

In a full model with all interaction terms incorporating group identity, coherence, and explanation satisfac-
tion, contrasting results emerged between the full dataset and the completely understood dataset. The full
dataset displayed no significant interactions, suggesting that noise drowned out the effects. However, the
analysis of the completely understood dataset painted a different picture, revealing significant and complex
interactions: a positive interaction between group Control and coherence (coefficient = 2.5915, p = .020)
and between-group Control and explanation satisfaction (coefficient = 2.4878, p = .032), alongside a neg-
ative interaction involving group Control, coherence, and explanation satisfaction (coefficient = —0.4828,
p = .021). This subset analysis showed that the interaction terms notably suppressed the main effects of
coherence and explanation satisfaction, indicating intricate dynamics specific to this dataset, which sub-
stantially contributed to explaining the variance in confirmation outcomes, with an Adjusted R? = 0.4396.

To validate the importance of confirmation, we also assess working alliance, which is a measure of major
importance in the coaching context (GraBmann et al. 2020). Confirmation correlates highly (.5[0.38, 0.616])
with working alliance (scale measuring the relationship with the coach). The findings suggest that group dif-
ferences influence confirmation, and these effects are partly mediated by coherence and explanation satis-
faction, albeit not consistently across models. The significant interactions in the combined models highlight
the complex interplay between group membership and cognitive processes in understanding confirmation.
These results underline the importance of considering multiple mediators in exploring the mechanisms un-
derlying group differences in cognitive tasks.

Discussion

This study substantiates the hypothesis that the mode of presenting intermediate reasoning—factive versus
non-factive—significantly influences user confirmation, directly linking to the insights from expectation-
confirmation theory as outlined in the background. The significant differences between treatment groups,
particularly between non-factive and factive presentations in the refined dataset, indicate that it is not just
the visibility of Al reasoning that matters but its qualitative character that shapes user expectations. Al-
though coherence and explanation satisfaction did not mediate the relationship between group variations
and user confirmation, their significance in the model emphasizes their essential role in aligning user experi-
ences with expectations, as previously suggested in the literature on explainable Al and dialogue coherence.
The direct impact of these factors on user satisfaction supports the theoretical underpinnings from sources
like Gernsbacher and Givon (1995) and Rohde et al. (2011), who discuss the importance of coherent and
understandable interactions in maintaining user satisfaction and engagement. The significant interactions
found, particularly involving the control group and factors like coherence and explanation satisfaction, un-
derscore a complex relationship where the context and quality of explanations provided are crucial. This
complexity is predictive of the way users process and evaluate Al-generated information, echoing insights
from Walton (2004) on the importance of high-quality explanations in educational and developmental con-
texts.

The findings suggest that effective deployment of Al in coaching applications should consider the accuracy
of information and how it is cognitively received by users, in line with the theoretical discussions on min-
dreading in conversation from Lavelle (2022). Future work might expand on these findings by examining
individual differences among users that could affect their responsiveness to different types of reasoning
presentations. This approach would continue to build on the established theoretical framework and provide
deeper insights into optimizing Al interactions for varied user bases.
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Confirmation by Group Mediation via Coherence
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Figure 3. Effect visualizations. Note the absence of clear mediations.

General Discussion

We investigated the role of intermediate reasoning step displays in LLM-based coaching chatbot agents,
focusing on their influence on user expectation satisfaction and coherence, along with the confirmation of
those expectations. Unlike other chatbots, chatbot agents generate intermediate reasoning steps in natu-
ral language. These steps can be displayed, allowing users to read what in human conversation they would
attribute to their interlocutors via mindreading. The key takeaway is that such displays increase expecta-
tion confirmation, and that both dialogue coherence as well as expectation satisfaction increase it as well.
While we did find significant interactions between groups and expectation satisfaction and coherence in a
full model in one dataset, this finding was not consistent throughout studies, with overall indications point-
ing towards independent direct effects of intermediate reasoning step displays, coherence, and expectation
satisfaction on confirmation. This finding can inform both the design of chatbot agents, highlighting that it
pays to make use of the intermediate reasoning generated by displaying it. It further enhances our under-
standing of expectation confirmation by adding the robust effects of coherence and expectation satisfaction
to our knowledge of antecedents.

Our results indicate that (H1) there are differences in confirmation between no display of intermediate rea-
soning, the display of factive, and of non-factive reasoning steps. However, this is driven by non-factive
reasoning displays, which strengthen confirmation, and only occurs with real interaction, not mere video
mock-ups. Neither (H2a) coherence, nor (H2b) explanation satisfaction mediated this effect significantly,
except in our last model when accounting for all manipulation checks. This likely means that if participants
are not fully conscious of the nature of the reasoning display, the display has no effect on either coherence or
explanation satisfaction. In all cases, however, are (H3a) coherence and (H3b) explanation satisfaction in-
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Figure 4. Group differences and interrelations.

dependently significant to explain confirmation. For the importance of confirmation itself, we can maintain
the hypothesis (H4) that working alliance, which is crucial for coaching success (GraBmann et al. 2020),
is positively related to expectation confirmation after using a coaching chatbot agent. The main findings
thus centers on insights on the antecedents of expectation confirmation. Firstly, we can report that for the
display of intermediate reasoning steps, it seems to matter how these steps are framed. Namely, non-factive
reasoning displays, indicating belief instead of knowledge, were superior to not displaying reasoning steps,
while that was generally not the case for factive reasoning displays. The non-factive approach, by not as-
suming the truth of the chatbot’s statements, potentially reduces user resistance to the AT’s suggestions, thus
enhancing the user’s satisfaction and fostering a stronger working alliance.

The role of manipulation checks was crucial in understanding the dataset fully. In the “completely under-
stood dataset”, where participants accurately grasped the variations in stimuli, effect sizes were notably
larger (see Figure 4), which also allowed for the suppression of main effects of mediators, as we had ex-
pected for the full dataset. This underlines how important it is that users fully grasp the non-factive nature
of reasoning-displays. For researchers, we recommend following our manipulation check approach or even
extending it. For designers, we recommend obviously non-factive displays of intermediate reasoning, so
that assumptions are couched in terms of belief, never knowledge.

The prescriptive knowledge gained from this study informs the design of chatbot agents, suggesting that the
display of non-factive reasoning enhances expectation confirmation. This knowledge supports the develop-
ment of more effective Al-driven coaching tools especially. It also translates to the full realm of LLM-based
AT agents that produce intermediate, readable text generations. These agents are increasingly important, be
it on their own or in multi-agent teams (Zhao et al. 2023). If agents are used as chatbots, it is important that
they display intermediate reasoning in non-factive fashion, so that neither intransparency nor overclaiming,
as represented by our control and factive variations, can undermine the effect of displaying them.

We contribute descriptive knowledge on expectation confirmation theory. Firstly, we presented evidence
on novel antecedents of confirmation. Namely, coherence and explanation satisfaction. Furthermore, the
non-factive display of intermediate reasoning is a further, even more practical antecedent to confirming
expectations on chatbot agents.

On the way to our prescriptive and descriptive contributions, we developed new methodology. Namely,
we tested a setup where a textual explanation raised specific expectations that can be assessed using LLM-
generated items to be rated in a Likert scale. These scales were internally consistent. Secondly, we developed
a reliable subjective coherence scale for dialogue with chatbots, which is highly correlated with expectation
confirmation.
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Limitations and Future research

There are several limitations in our studies. The methodology is constrained by its focused sample, specific
use case scenario, specific LLM, and the design of the chatbot agent artifact involved. The results, there-
fore, may not directly translate to other domains where user expectations and interaction patterns differ
significantly. Additionally, the prediction that chatbot agents will become increasingly significant in user
interactions is an educated projection rather than a current fact, suggesting a temporal limitation in the as-
sertion of their importance. Future studies could expand the scope of research to include a wider array of
underlying LLMs, chatbot functionalities, and user groups, providing a more comprehensive understanding
of the dynamics at play. An open question is how the effects of displaying intermediate reasoning relate to
those of delays (cf. Harmon et al. 2024). Another avenue for future research is investigating longitudinal
effects, especially as concerns chatbot relationship formation and maintenance.

Conclusion

Large Language Models have changed chatbot experiences, with highly competent dialogue and low laten-
cies. A potential next wave of similar proportions, Large Language Model agents, use the model to generate
not only final responses but the intermediate steps in readable, generated text. This allows it to display the
intermediate steps. This paper shows that in chatbot applications, this display can be shaped to enhance ex-
pectation confirmation by framing the intermediate reasoning steps as non-factive, that is, belief-indicating
reasoning, which users can read as if mindreading the agents.
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