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ABSTRACT

Conversational agents are increasingly used to address emotional
needs on top of information needs. One use case of increasing in-
terest are counselling-style mental health and behaviour change
interventions, with large language model (LLM)-based approaches
becoming more popular. Research in this context so far has been
largely system-focused, foregoing the aspect of user behaviour and
the impact this can have on LLM-generated texts. To address this
issue, we share a dataset containing text-based user interactions
related to behaviour change with two GPT-4-based conversational
agents collected in a preregistered user study. This dataset includes
conversation data, user language analysis, perception measures,
and user feedback for LLM-generated turns, and can offer valu-
able insights to inform the design of such systems based on real
interactions.
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« Human-centered computing — Natural language interfaces;
Human computer interaction (HCI); - Computing method-
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1 INTRODUCTION

Chat interactions with conversational agents (CAs) are often stud-
ied in task-oriented domains, such as customer service [11], e-
commerce [37, 38], or cooking [3, 15, 33]. In these scenarios, the
CA and the user work together to solve a clear information need.
However, information systems and other forms of online interac-
tion are not only utilised to address information needs, but are also
popular for leisure, or purely hedonistic purposes [12] or to address
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Interviewing (CEMI) | Therapeutic Alliance (WAI-SR)

Motivational Interviewing adapted GPT-4

Conversation
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(12 Turns)
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Informed
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Improved Nutrition |
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Readinesatolhanse | Perceived Communication Competence |

Perceived Empathy | User Engagement

Figure 1: Each user interacts with one of two systems, where
one system is prompted to adhere to Motivational Inter-
viewing principles. Users interact with the systems for 12
turns. User turns are classified with respect to their impli-
cations regarding motivation for behaviour change. Each
GPT-generated bot turn is rated as helpful, unhelpful, or
harmful by the user, with an optional rating explanation.

emotional or social needs [42]. Past research has highlighted the
importance of meeting emotional needs when designing conversa-
tional agents, especially in sensitive contexts [22, 27, 41].

Consequently, there has been an increased interest in social influ-
ence dialogue systems, systems that automate behaviour and health
interventions and are focused on addressing emotional needs more
than information needs in recent years [7]. One conversational
strategy that has been explored in this context is Motivational In-
terviewing (MI), a therapy approach aimed at increasing a person’s
motivation to change through supportive, non-confrontational
conversation [31]. So far, conversational systems in this context
have predominantly employed rule- or retrieval-based strategies
[6, 16, 35, 39, 43, 44, 54]. However, rule-based conversational agents
are often restrictive and fail to depict the same flexibility as conver-
sations with human counsellors [1].

Given the high flexibility of large language models (LLMs) and
their ability to generate human-like language, they are increasingly
considered as tools to generate texts for sensitive use cases, such as
mental health and counselling [1, 46-48]. This bears several advan-
tages, but also many safety hazards [4]. Consequently, research on
the topic is currently mainly limited to studying LLMs capabilities
to perform specific behaviours in isolation — both of a longer con-
versation and of the user [1, 2, 32, 48]. In many such cases, existing
datasets (i.e. EMPATHETICDIALOGUES) are used both to synthesise
new conversational turns by the CA, and to evaluate the goodness
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System Prompt:

You are a counsellor and help the user with the goal [target behaviour]. Never talk about yourself in the following, and concentrate fully on the
user. Do not give active tips. If the user is talking about another topic, don’t respond and lead them back to the [target behaviour]. Always speak in
the second-person singular. You use the conversational strategy [action]. Definition of [action]: [description] Keep your answer as short as possible.
Description for action Reframe:

A reframe is a reflection that highlights a different perspective in the client’s statement. It is particularly useful for defusing sustain talk. A

therapist can listen to sustain talk and reframe the statement into a neutral statement, change talk or an affirmation.

Table 1: System prompt passed to GPT-4 in the MI-adapted condition, with description of the sample action Reframe

of generations through similarity-based metrics or human empathy
judgements [21].

This system-oriented focus has led to a disregard of the user-
side and a lack of resources and evaluations for studying real user
interactions with LLM-based agents [52]. This is explored more
frequently in the context of rule-based and retrieval-based conversa-
tional agents for counselling. For instance, He et al. [16] compared
a rule-based MI-chatbot with a non-MI adherent conversational
agent regarding user engagement, perceived empathy and thera-
peutic alliance. Given the new capabilities LLMs add to the picture
of conversational Al previous studies regarding user expectations
for and behaviour towards CAs might not translate to these new
technologies. Therefore, while researchers currently focus heav-
ily on controlling specific LLM behaviours, one crucial aspect of
CA-user interactions is overlooked: the unpredictability of user
utterances.

To address this, we present a dataset of user interactions about
three target behaviours (healthy nutrition, less procrastination, in-
creased sustainability) with two GPT-4-based conversational agents,
where one system is prompted to adhere to MI principles, and the
other is not. Each conversation spans 12 turns, of which 5 turns are
generated by GPT-4. The beginning and end of each conversation
are rule-based and reflect different phases of an MI-session. This
dataset can drive the exploration of user behaviour when interact-
ing with LLM-based conversational agents in the context of social
influence dialogue systems and help shed light on the controllabil-
ity of such systems within the context of multi-turn conversations.
The insights gained in the analysis of the dataset have the potential
to inform the user-oriented design of such systems in the future.

2 DATASET

The dataset stems from a preregistered online user study aimed at
evaluating the controllability and efficacy of GPT-4-based motiva-
tional behaviour change support !. Overall, the dataset consists of
2149 conversational turns, collected in 185 chats with 164 study par-
ticipants. The complete dataset can be found on OSF. In this section,
we describe the study setup and the conversational system and pro-
vide information about the study participants and post-processing
steps.

2.1 Study Setup

At the beginning of the study, participants were provided with
three personas to choose from, each focusing on a different target

!Preregistering the study meant we publicly shared the study design, research ques-
tions, and analysis plan before data collection. Our time-stamped preregistration, along
with extensive information about the study design, can be found here.
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behaviour (healthier eating, sustainable living, less procrastina-
tion). These target behaviours were chosen, because they represent
common nonmedical behaviour change goals [13, 14, 34, 40]. Par-
ticipants were asked to choose the situation they identified with
the most and put themselves in the persona’s shoes during their
interaction with the conversational system. This level of abstraction
was added to avoid any potential harms interacting with the system
might induce. However, in post-processing it became apparent that
participants struggled to adhere to the level of abstraction, as most
participants seemed to interact with the system from their own
perspective.

Before the start of the conversation, participants were asked to
what extent they identify with the chosen situation and are cur-
rently pursuing the target behaviour on two 10-point likert scales.
Following He et al. [16], we also collect six measures pertaining
to participants’ experiences conversing with the system and their
perceived relationship with the conversational agent:

e Therapeutic Alliance. The Working Alliance Inventory—
short revised (WAI-SR) measures the relationship between a
counsellor and a client [53]. This questionnaire can be used
to measure the degree to which interactions with the system
are perceived as helpful and supportive by participants.

o Perception of MI. The Client Evaluation of Motivational
Interviewing Scale (CEMI) is a measure designed to evalu-
ate MI adherence of counsellors without the need of expert
judgements. It is intended to be completed by clients directly
after MI sessions, and serves as a proxy for the degree to
which users feel that the spirit of MI was met during the
interaction [23-25].

e User Engagement. Since we focus on the conversational

aspect of interactions, we follow [16] and use the User En-

gagement Scale—Short Form (UES-SF) without the aesthetic

appeal subscale [17, 36].

Perceived Empathy & Perceived Communication Com-

petence. We base the questions used for these measures on

[16].

¢ Readiness to Change. Participants are asked to indicate
their position on the Contemplation Ladder [5, 49], a tool
to measure readiness for behaviour change on an 11-point
likert scale, both before and after interaction with the conver-
sational system. The values indicated on the contemplation
ladder can be translated into stages of change as defined by
the transtheoretical model [10, 51]2.

2the stages of change are precontemplation (no thoughts of changing), contemplation
(beginning to consider change), preparation (preparing for change), action (taking
steps to change), and maintenance (maintaining change).
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2.2 Conversational System

Throughout the conversation, we used classifiers introduced and
evaluated in previous work [28, 30], to evaluate participants’ stance
on behaviour change. Each user utterance was classified with a
valence (change, sustain), a topic (Commitment, Taking Steps, Rea-
son), and, if the topic is reason, a reason type (general, ability, need,
desire). Each conversation consisted of three phases, based on the
main MI processes and the structure of MI sessions [8, 31]:

Phase 1: Engaging and Focusing (4 turns). The system intro-
duces itself, asks the participant which behaviour they would like
to change and why, asks a “scaling question” to determine their
level of readiness to change and follows up on the scaling question
by asking why the participant did not choose a higher or lower
value.

Phase 2: Evoking (5 turns). During this part of the conversa-
tion, all bot utterances are generated by GPT-4. Participants were
randomly assigned to one of two conditions:

GPT-4: The complete conversation history is passed to GPT-4 to
solicit a bot utterance.

MI-adapted GPT-4: The classification of the current user utterance
is used to identify a suitable bot behaviour, as previously mapped
through MI-literature [8, 31]. The complete conversation history
is passed to GPT-4 with a system prompt setting the context of
the conversation passing a definition of a suitable bot behaviour as
given in MlI-literature (see Table 1).

In both conditions, participants have to rate each bot utterance
as either good/helpful, bad/unhelpful, or offensive/harmful and are
given the option to explain their choice in free text format. We
also set the same parameters for calls to the GPT-4 api in both
conditions, setting the temperature to 0.7 and max_tokens to 100.

Phase 3: Conclusion (3 turns). The system summarises the
conversation (generated by GPT) and invites the participant to add
to the summary. The participant is then invited to define concrete
next steps to take, and the system ends the conversation with a
goodbye message. Except for the final bot utterance, participants
are again prompted to rate the bot utterances and optionally explain
their rating choice.

2.3 Participants

The study was run on Prolific. It was performed in German with Ger-
man native speakers. Each participant was paid €4 as compensation
for their efforts, and the median completion time was 20.9 min-
utes. Participants were between 19 and 72 years old (mean=32.28,
sd=9.45). 41.4% were female. The majority of the participants were
highly educated. 31.2% had completed a university entry-level high
school diploma and 56% had at least a bachelor’s degree. We provide
demographic data for each participant in the dataset.

Most participants chose procrastination as their area to work on,
with the least participants interested in increasing sustainability
(see Table 2). Participants generally had a high level of identifi-
cation with their chosen target behaviour (only 25% indicated a
level of identification of 7 or less). Mean readiness to change at the
beginning of the interaction was 6.25 (sd=2.27, min=0, max=10).
This indicates that the interventions tested were relevant to the
chosen participant pool and that the conversations collected can be
expected to reflect realistic user-chatbot interactions. To ensure the
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validity of the post-test questionnaires, participants had to answer
an attention check.

Target Behaviour MlI-adapted GPT-4 GPT-4

healthier eating 26 21
sustainable living 2 10
less procrastination 51 46
sum 79 78

Table 2: Number of chats per target behaviour and condition.

2.4 Post-Processing

We share the raw collected data in its original state. In addition, we
apply a number of post-processing steps and share the processed
data in separate files. In the following, we summarise all post-
processing steps applied to the dataset.

5 participants did not pass the attention check, and 16 partici-
pants led multiple (at least two) chats with the system. Since the
chat interactions of these participants can nevertheless give valu-
able information, we decided to keep the data points in the dataset,
even though the measures collected might not be valid in those
cases. We provide a separate file with duplicate submission IDs
and mark participants who did not pass the attention checks. 16
chats experienced technical issues. For example, these led to users
having to send a message more than once before the system replied.
Again, we marked these instances, but kept the associated data,
as it can potentially be used to evaluate how users handle such
technical errors, especially when the underlying conversational
agent is highly capable as is the case for GPT-4.

We also calculate the overall results for each post-processing
questionnaire (plus the values for each user engagement subscale),
the Areadinesstochange by subtracting pre-conversation from post-
conversation values, and translate the readiness to change indicated
by participants at the start of the conversation to the corresponding
stage of change as defined in [5, 49].

Since we notice that in many instances, user utterances are
not directly related to change, instead constituting reactions to
bot utterances, we run a preﬁlter3 trained on the same dataset
as the valence, topic, and reason type classifiers over each user
utterance. This prefilter classifies an utterance as change related
or Follow/Neutral (not directly related to behaviour change). We
then introduce follow/neutral as a third label for user utterance
valences, resulting in valence distinctions of change talk, sustain
talk, or follow/neutral.

Finally, to make the dataset appealing to a wider audience, we
translate all conversational turns and rating explanations into Eng-
lish using a pre-trained machine translation model* [50]. We share
both the German original and the English translations of the con-
versational data.

Shttps://huggingface.co/selmey/behaviour_change_prefilter_german
*https://huggingface.co/Helsinki-NLP/opus-mt-de-en — While some basic quality
control of the translations was conducted, subtle nuances in language may not be fully
captured. Readers should be aware of potential translation imperfections.
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3 POTENTIAL APPLICATIONS

Due to the various variables explored in the dataset, its poten-
tial applications are vast, and range from behavioural analysis to
the training of classifiers and generative models to improve LLM-
outputs in the context. Thus, the dataset is relevant for research in
human-computer interaction and information behaviour, as well as
natural language processing. Below, we share two potential appli-
cations of the dataset, as well as a non-exhaustive list of research
questions to be explored. Further relevant research questions re-
lated to the data set are described in our previous work [26, 27] and
in the preregistration of the user study [29].

3.1 Exploration of User Expectations

The first message sent to participants in each conversation informed
them that the goal of the conversation is not to give advice, but
instead to help them reflect about behaviour change, in order to
create their own plans for change. Although this message told
participants not to expect advice and facts, a non-negligible share
of participants voiced discontent with the lack of advice in the
MI-adapted condition, either in their rating justifications, or in the
chat itself, as can be seen below:

CA: Understood! Finally, please tell me again what your next
step will be.
Participant: You tell me.

In contrast, other users took the questions posed by the conver-
sational system as nudges to reflect and come up with solutions
themselves. A qualitative analysis of the chats could shed light
on the expectations different users pose to such systems. Many
of the variables we collected (i.e. demographic data, readiness to
change, chosen target behaviour) have the potential to influence
user behaviour and can be explored as differentiating aspects.

3.2 Anticipating Information Needs

Throughout the conversations, the users shared information needs,
both explicitly and implicitly. Note the following example:

CA: [...] How will you make sure you follow your diet plan?
Participant: That’s the hard part, it has to be simple, not
complicated and expensive food, and it has to be tasty too. I
can never be sure, I have to try it out.

Even though the participant does not directly ask the conversa-
tional agent for help here, they still voice an information need that
could be addressed by the system. Being able to anticipate these
implicit information needs has the potential to greatly improve con-
versational search. This dataset can serve as a resource to analyse
how users implicitly voice information needs in conversations with
LLMs. Future research could then combine LLMs to provide flexible
emotional support with retrieval to resolve implicitly expressed
information needs identified through interactions with the LLM.

414

Meyer and Elsweiler

3.3 Relevant Research Questions

How does user interaction with the system differ based on
conversational condition?

Variables to explore include utterance classifications, bot utterance
ratings given by users, self-disclosure by the user, and how cooper-
ative the user is in interaction with the system.

Can conversations with a chatbot be used to draw conclu-
sions about a user’s readiness to change their behaviour?
Another avenue to explore would be whether the conversational
logs can be used to draw conclusions about chat success.

What impact does user behaviour have on chat success?
Research on early LLM-based generative chatbots in the context
of general chit-chat has shown that unclear user utterances have
a significant impact in the ability of such systems to perform well
[45]. Other user behaviour aspects could have similar effects.

Which bot behaviours are most popular with users, and
which bot behaviours are most effective in inducing an in-
crease in readiness to change?

In this context, it is also worth exploring to what degree those
groups intersect.

How do users interact with LLM-based systems in the con-

text of behaviour change, compared to more restrictive (rule-
or retrieval-based) systems?
The dataset can be used to expand on existing literature on user
interactions with those traditional conversational agents, i.e. re-
garding user perceptions of chatbot mistakes [9] and self-disclosure
in conversation with different types of chatbots [18-20].

4 ETHICAL CONSIDERATIONS

Participants were informed about the fact they are conversing with
a GPT-based conversational agent in the informed consent. They
were also explicitly told that their utterances are passed on to a
third party, and advised not to share any information they would
not feel comfortable disclosing in an anonymous forum. We urged
participants to take on the role of one of three personas. Although
we observed that the majority of participants did not consistently
maintain these personas during their interactions with the system,
they were repeatedly reminded of the experimental nature of the
system through the solicitation of a judgement about response
helpfulness and safety after each bot turn.

5 CONCLUSION

In this resource paper, we describe the collection process and po-
tential applications of a dataset of interactions between 164 users
and two GPT-4 based conversational systems. In addition to the
conversations between users and systems, the dataset contains a va-
riety of information that can be used to analyse user behaviour and
conversation success: pre- and post-test measure results, utterance
classifications regarding user’s stance on behaviour change, ratings
of LLM-generated bot-turns and rating explanations. Interactions
with the MI-adapted condition also include information on the type
of utterance prompted to GPT-4. The dataset can be used to analyse
user and GPT-4 behaviour in the context of behaviour change, and
serves as a valuable resource for the improvement of such systems
in the future.
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