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Abstract

Large language models (LLMs) are increas-
ingly applied to mental health and behavior
change, yet their ability to support users in ac-
cordance with established psychological frame-
works remains underexplored. This study eval-
uates GPT-3.5 Turbo, LLaMA-3.2, Qwen-2.5,
and SmolLM-1.7B for Motivational Interview-
ing (MI)-grounded behavior change conver-
sations using expert evaluations and linguis-
tic analyses. Qwen-2.5 and GPT-3.5 Turbo
showed the strongest performance in promoting
engagement and motivation, although limita-
tions in personalization, contextual understand-
ing, and empathy remained evident. LIWC
analysis showed that GPT-simulated users cap-
tured reflective reasoning and goal-oriented lan-
guage but underrepresented key motivational
struggles such as ambivalence and self-doubt.
SHAP analysis further corroborated the LIWC
and effect size findings, showing that GPT-
simulated users exhibit more polished, confi-
dent, and solution-oriented language, whereas
human users express more authentic and per-
sonally grounded experiences. These findings
suggest that LLM-based simulations are useful
for early-stage evaluation but remain limited in
modeling authentic motivational processes.

1 Introduction

Increasingly, LLMs are applied in counseling-style
mental health and behavior change interventions
(Meyer and Elsweiler, 2024). Integrating them
into conversational Al could enable more personal-
ized and adaptive support. Recent research has fur-
ther explored LLM-based agents for mental health
support, psychotherapy assistance, and empathetic
conversational systems, highlighting their potential
to deliver scalable, context-aware, and personal-
ized interventions while addressing gaps in access
to care (Fan et al., 2024; Zhang and Luo, 2024;
Kuhlmeier et al., 2025). In this context, LLM-
based conversational agents may offer new oppor-
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tunities to address behavioral barriers such as pro-
crastination by providing timely guidance, motiva-
tional support, and personalized strategies.

This study examines whether leading LLMs can
effectively support users in reducing procrastina-
tion, and compare their relative effectiveness in
facilitating behavior change. This investigation is
particularly timely given the growing body of re-
search that uses LLM-generated data as a substitute
for, or complement to, human participant data in
evaluating behavioral interventions, social phenom-
ena, and human—Al interactions.

We presents an approach designed using estab-
lished psychological principles of Motivational In-
terviewing (MI) (Hettema et al., 2005) and utilizing
a Chain of Models approach for prompt engineer-
ing. Our conversational scenario is centered on
helping users overcome procrastination through
multi-step reasoning and personalized interven-
tions. The study generates dialogue data by inter-
acting with four LLMs (GPT-3.5 Turbo, LLaMA-
3.2, Qwen-2.5, and SmolLM-1.7B), which respond
to inputs drawn from a corpus of human conversa-
tions. Three experts evaluated the LLM responses
in structured interviews and identify key limitations
arounds contextual understanding, personalization
and long-term user adaptation. To further exam-
ine the validity of LLM-based user simulation for
evaluating behavior change interventions, we con-
ducted a supplementary LIWC-22 semantic analy-
sis comparing real human user responses with GPT-
3.5 Turbo simulated responses. We also performed
SHAP-based analysis on LIWC features to iden-
tify the linguistic dimensions that most strongly
differentiated human-authored and GPT-generated
responses.

Our key contributions are:

* Our experimental framework applies Motiva-
tional Interviewing (MI) principles to assess
LLM-driven behavior change conversations.
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* We offer qualitative and quantitative expert
analyses of LLM-driven MI conversations.

* We compare real and GPT-simulated users
using Linguistic Inquiry and Word Count
(LITWC), which analyzes language use across
psychological and linguistic categories, reveal-
ing key similarities and differences in motiva-
tional language.

* We conduct SHAP analysis on LIWC fea-
tures to provide an interpretable explanation
of the linguistic differences between human-
authored and GPT-simulated responses, re-
vealing complementary patterns consistent
with MI theory and effect size analyses.

2 Related Work

Procrastination: Definition, Prevalence, and Im-
pact Chronic procrastination is the tendency to
delay tasks across various situations where action
is important for achieving goals. It affects an es-
timated 20-25% of adults in different countries
(Diaz-Morales et al., 2008). Procrastination in mak-
ing significant life decisions often leads to hesita-
tion, especially when deadlines are involved, and
can result in negative outcomes if those deadlines
are missed (Milgram and Tenne, 2000). There is
therefore a need for timely interventions to support
well-being and success for procrastination avoid-
ance.

LLMs in Behaviour Change Support Systems
LLMs have significantly expanded the capabilities
of conversational Al used in Behavior Change Sup-
port Systems (BCSS), enabling more natural, adap-
tive, and personalized interactions to support sus-
tainable behavior change (Karppinen et al., 2018;
Lathia et al., 2013; Zhang et al., 2022). Recent
research integrates behavioral theories such as Mo-
tivational Interviewing (MI) and the COM-B model
to guide chatbot interventions, where MI-based sys-
tems emphasize self-reflection and intrinsic motiva-
tion (Kumar, 2024; Ahmed et al., 2022; Almushar-
raf et al., 2020; Jorke et al., 2024; Meyer and
Elsweiler), while COM-B-based approaches sys-
tematically target behavioral determinants through
structured interventions (Chang et al., 2024; van
Baal et al., 2022; Hegde et al., 2024). In addi-
tion, some approaches incorporate data-driven per-
sonalization using external behavioral data (Jorke
etal., 2024; Nepal et al., 2024) or improve response
quality through prompt engineering and evaluation

mechanisms such as Reflection Quality Classifica-
tion and dialogue re-ranking (Ahmed et al., 2022;
Hegde et al., 2024). These studies show the grow-
ing potential of LLM-based conversational systems
to support behavior change, including applications
for procrastination management and self-regulation
(Bhattacharjee et al., 2024), while highlighting di-
verse design strategies and evaluation approaches
across implementations.

Previous research has focused exclusively on
GPT models in their behaviour change experiments,
leaving alternative LL.Ms unexplored. We address
this gap and add the perspective of human experts
to the comparison of alternative architectures.

LLM-Based User Simulation User simulation
has long been used to evaluate dialogue systems
when large-scale human studies are impractical.
Traditional simulators were typically rule-based
and limited in their ability to capture realistic user
behavior (Schatzmann et al., 2006). Recent studies
have increasingly used LLM-generated participants
as substitutes for, or complements to, human data in
social and behavioral research (Argyle et al., 2023;
Aher et al., 2023; Horton et al., 2023; Park et al.,
2024). While these synthetic participants can re-
produce many human behavioral patterns, concerns
remain regarding their ability to capture emotional
complexity, behavioral diversity, and authentic hu-
man uncertainty (Wang et al., 2024). These limita-
tions are particularly relevant in behavior change
interventions, where motivation, ambivalence, and
resistance are central (Miller and Rollnick, 2012).
Therefore, understanding the extent to which LLM-
generated users resemble real participants remains
an important research challenge.

3 Methodology

Our approach is illustrated in Figure 1. We receive
an input drawn from a human corpus of procrastina-
tion dialogues and generate LLM responses using
prompts grounded in Motivational Interviewing.

Motivational interviewing (MI) was created to
assist individuals in resolving ambivalence and
making a commitment to change (Hettema et al.,
2005). It adopts a client-centered approach (Roll-
nick and Miller, 1995) involving four processes:
Engaging, Focusing, Evoking and Planning. En-
gaging builds rapport and trust to establish a collab-
orative relationship. Focusing narrows the conver-
sation to specific goals or areas of change. Evoking
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Figure 1: Architecture flow: a user input is classified into valence and content labels; a tailored system prompt leads
to an LLM output, which is presented back to the user. Prompts and labels are based on Motivational Interviewing.

Table 1: MISC-Inspired Coding Scheme for User Utter-
ance Classification

Level Description

Valence Change Talk(+), Sustain Talk(-), Fol-
low/Neutral(FN)

Content La- Reason(R), Taking Steps(TS), Com-

bel mitment(C)

Reason ability(a), need(n), desire(d), gen-

Sublabel eral justifications, incentives, or jus-
tifications(general)

elicits the user’s own reasons for change and re-
solving ambivalence. Planning develops a concrete
plan of action (Miller and Rollnick, 2012).

The MI Skill Code (MISC) was designed to eval-
uate MI (Miller et al., 2003; Lord et al., 2015), cat-
egorizing counselor behaviors (asking open ques-
tions, providing reflections or affirmations) and
client language (like change talk or sustain talk)
to evaluate engagement, ambivalence, and commit-
ment to change (Miller et al., 2003), Table 1.

Dataset We create a joint dataset for our research
based on (a) Loughborough University’s procrasti-
nation questionnaire (Torrens et al., 2022), which
examined frequency and forms of procrastination,
and factors influencing the behavior, from 155 staff
and students; and (b) mental health counseling

conversations from HuggingFace', which contain
turns of a user question and psychologist answer.
We use the procrastination-focused dialogue subset.
An example dialogue for our study is as follows:

User: "I'm facing severe depression and anxiety and I just
feel like I'm going through a lot. This really distracts me and
I cant get my mind off the things that are bothering me. How

do I overcome this anxiety and depression?"

Response: "Life can bring us all kinds of struggles.
Depression and Anxiety are very common reasons people
come into counseling. Both can be debilitating. Sometimes
when life struggles and stresses build up anxiety and
depression become prominent. Learning tools to ride the
waves of life is a core part of counseling. If you are ready
to manage the symptoms and come up with a plan visit

staceybshapiro.com for more information."

Our combined dataset was labeled based on the
MISC labels in Table 1. Here, valence classifies
a sentences as ‘“‘change talk" (moving towards
behavior change), “sustain talk" (moving away
from change), or “follow/neutral" based on their
motivational orientation. The content label level
distinguishes Reason (R), Taking Steps (TS), and
Commitment (C), representing different aspects of
motivation and action. Finally, reason provides
finer distinctions of reason, identifying whether a

1https://huggingface.co/datasets/Amod/mental_
health_counseling_conversations
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statement reflects ability (a), need (n), desire (d),
or general justifications and incentives.

For the example above, we derive:
valence: follow/neutral

content: reason

reason sublabel: general justification

MI-Driven Conversational Flow We organize
conversational flow into three stages integrating
the MI processes of engaging, focusing, evoking,
and planning. Stage 1 (3 turns) represents the
seed conversation (intial introduction) and aligns
with Engaging and Focusing principles. Stage 2
(3 turns) represents the core conversational stage
and is based on a Chain-of-Models approach (Besta
et al., 2024): it classifies user inputs according to
labels in Table 1 based on three bespoke BERT
classifiers. A response generation module then se-
lects responses based on the classified utterance
type using a predefined mapping (Meyer and El-
sweiler) derived from MI literature (Clifford and
Curtis, 2016). The system selects an appropriate
action and description, which, combined with the
conversation history, form the system prompt for
the LLM API. This then generates an MI-adapted
response, which is presented to the user. Stage 3
(1 turn) represents the Planning phase, where the
LLM concludes conversations via a summary.

4 Experiments and Results

To facilitate a controlled comparison between hu-
man and simulated users, we generate a parallel
corpus of synthetic user responses using GPT-3.5
Turbo. Starting from the same initial user utter-
ance in the human corpus (Section 3), GPT-3.5
Turbo generated the subsequent user responses con-
ditioned on the corresponding system outputs. The
resulting corpus was created solely for the linguis-
tic analyses (Section 4.3 and Section 4.4), enabling
a direct comparison between authentic human users
and GPT-simulated users under the same conversa-
tional conditions. The purpose of this procedure is
not to replace human data, but to create a synthetic
counterpart against which the original human cor-
pus can be compared. Consequently, the study’s
primary point of reference remains authentic hu-
man interactions, while the generated corpus serves
as a methodological tool for evaluating the fidelity
of LLM-simulated users.

Table 2: Average experts scores for LLM conversations
across 11 evaluation categories on a scale of 1-7 (best).

Expert GPT LLaMA Qwen SmolLM
Expert1 5.55 4.27 5.82 1.64
Expert2 4.59 4.95 5.14 4.55
Expert3  4.00 3.41 6.05 2.86
Average 4.71 4.21 5.67 3.02

4.1 Human expert evaluation

Our aim in this study was to obtain high-quality
feedback on MI-grounded LLM conversational be-
haviors from human domain experts. This neces-
sarily limits the amount of experts we were able
to engage as well as the number of dialogues we
could ask them to rate and discuss in detail. As
a result, the number of participants and dialogues
that could be evaluated in depth was necessarily
limited. However, unlike many LLM evaluation
studies that rely on larger samples drawn from gen-
eral populations (e.g., students or crowd workers),
our participants were experienced psychologists
and LLM specialists with substantial professional
expertise. Such experts are considerably more diffi-
cult to recruit at scale, but their judgments provide a
level of domain-specific insight that is particularly
valuable for assessing the quality and fidelity of
motivational interviewing behaviors. We therefore
prioritized expert depth and quality of evaluation
over sample size, recognizing this as an important
trade-off in the study design.

Three experts independently evaluated the same
conversations generated by four LLM-based con-
versational agents (Each LLM-generated dialogue
comprises seven turns). The evaluation was con-
ducted through structured interviews based on MI
and procrastination-related criteria, combining 1-7
Likert-scale ratings with qualitative explanations.
Assessment dimensions included engagement, fo-
cusing, evoking, planning, empathy, use of open-
ended questions, affirmations, summarizing, self-
efficacy, barrier identification, and sustaining moti-
vation. Specific questions and scoring definitions
are provided in Appendix C.

4.2 Results

The average ratings per expert and LLM are pre-
sented in Table 2. Here, Qwen achieved the highest
average score amongst models, followed by GPT,
LLaMA, and SmolLM. We compare LLM utter-
ance lengths per conversational turn in Figure 2.
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Figure 2: Utterance length per LLM and turn.

Qualitative analysis of expert interview tran-
scripts revealed the following. Experts perceived
Qwen to be the most stable across evaluations and
ranked it closely with GPT, while SmolLM was
favored by one expert for its simplicity and clear fo-
cus on small, manageable steps. Qwen consistently
performed best in the use of open-ended questions,
with GPT and LLaMA also showing effectiveness.
In terms of sustaining user motivation, GPT was
identified as the most effective by two experts, with
Qwen also performing strongly. Overall, Qwen and
GPT demonstrated strong capabilities in fostering
user engagement and motivation for procrastination
avoidance, with GPT showing particular strength
in providing strategies to sustain motivation over
time. In contrast, SmolLM showed potential in
emotionally simpler contexts, where a focused and
minimal approach is more effective. Experts also
noted that excessive detail in GPT, LLaMA, and
Qwen responses could overwhelm users experienc-
ing procrastination. Expert 1 noted that LLaMA
conversations were more detailed than GPT, posed
more questions and demonstrated stronger rapport
with the user. While they acknowledged Qwen for
its thoroughness, they expressed concern that the
extensive information it provided could be over-
whelming, potentially leading to adverse effects.
The expert also remarked that LLaMA’s supportive
tone personally increased their motivation to work,
aligning well with the intended purpose of the con-
versation. Expert 2 concluded that SmolLM was
the most effective in overcoming procrastination, as
it maintained a narrow focus on breaking tasks into
smaller, manageable components. While acknowl-
edging that other conversations provided useful
strategies, the expert noted that SmolLM’s repeti-
tiveness and simplicity made it accessible and emo-

tionally manageable. Expert 3 considered Qwen
conversation the most effective due to its balanced
integration of empathy and practicality. The con-
versation demonstrated strong affirmations of the
user’s concerns, provided structured step-by-step
guidance, and included follow-up questions that
addressed the user’s needs with specificity, with
fewer filler elements than other responses.

4.3 Semantic Analysis Using LIWC

Linguistic Inquiry and Word Count (LIWC) is a
dictionary-based text analysis tool developed by
James W. Pennebaker and colleagues to examine
the psychological, cognitive, and emotional content
of written or spoken language (Boyd et al., 2022).
LIWC operates by matching words in a text against
predefined linguistic and psychological categories,
producing quantitative measures that reflect under-
lying psychological processes, emotional states, so-
cial relationships, and thinking styles (Boyd et al.,
2022).

To compare the linguistic characteristics of real
and simulated users, we extracted the original hu-
man user responses from the experimental dataset
as Set Human and the GPT-simulated user re-
sponses as Set GPT. LIWC analysis was then con-
ducted on both datasets to examine differences in
psychological, cognitive, emotional, and motiva-
tional language patterns. The comparison result is
demonstrated in Table 3.

The result reveals substantial linguistic differ-
ences between real users and GPT-simulated users
across multiple LIWC dimensions. The largest
effect was observed for first-person singular pro-
nouns (I-words; d = 2.04), with real users using
considerably more self-referential language than
GPT-simulated users. Real users also exhibited
higher levels of authenticity (d = 0.60), negative
emotion (d = 0.55), negative tone (d = 0.50), and
allure (d = 0.46), suggesting that their language
reflected greater personal involvement, emotional
expression, and engagement.

In contrast, GPT-simulated users displayed sub-
stantially higher levels of positive tone (d =
—0.94), clout (the confidence, authority, or social
status conveyed through language) (d = —0.85),
social words (d = —0.76; e.g., thank, support, ap-
preciate), and use of big words (d = —1.00; e.g.,
strategies, progress, motivation). These medium-
to-large effect sizes indicate that GPT-generated
users tended to communicate in a more confident,
socially oriented, and linguistically sophisticated
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Table 3: Comparison of LIWC-22 Linguistic Dimensions Between Real Users and GPT-Simulated Users

Measure Real User GPT-Simulated User Normative Average Cohen’s d
LIWC Dimensions
I-words (I, me, my) 1591 5.88 4.27 2.04
Positive Tone 3.35 8.73 3.50 -0.94
Negative Tone 1.92 0.82 1.54 0.50
Positive Emotion 0.22 1.48 1.59 -0.58
Negative Emotion 1.59 0.54 0.49 0.55
Social Words 0.24 6.47 8.16 -0.76
Cognitive Processes 13.22 13.52 10.44 -0.04
Allure 9.25 6.89 6.95 0.46
Moralization 0.11 0.02 0.26 0.33
Summary Variables
Analytic 50.03 60.99 49.63 -0.38
Clout 2.50 32.24 38.41 -0.85
Words Per Sentence 16.38 15.55 21.51 0.13
Big Words 19.27 29.64 9.76 -1.00
Authentic 93.45 77.95 49.95 0.60

Cohen’s d values greater than 0 indicate higher scores for real users, while negative values indicate higher scores for

GPT-simulated users. Following Cohen (1988),

d| = 0.2, 0.5, and 0.8 correspond to small, medium, and large effects,

respectively.

manner than real users. GPT-simulated users also
scored higher on analytic thinking (d = —0.38),
although this difference was comparatively modest.

Comparison with normative LIWC averages fur-
ther highlights these patterns. GPT-simulated users
closely resembled or exceeded normative levels of
positive tone, social language, clout, and vocab-
ulary complexity, whereas real users were char-
acterized by exceptionally high authenticity and
self-focus. Notably, real users’ authenticity score
(93.45) was substantially higher than both GPT-
simulated users (77.95) and the normative aver-
age (49.95), while GPT-simulated users exhibited
markedly elevated clout and positive tone relative
to both real users and normative benchmarks.

Overall, the findings suggest that GPT-simulated
users capture some broad linguistic characteristics
of human communication, particularly cognitive
processing language, where differences were neg-
ligible (d = —0.04). However, the large effect
sizes observed for self-reference, authenticity, con-
fidence, positivity, and social language indicate im-
portant divergences from real user behavior. These
results suggest that GPT-generated users tend to
produce more polished, confident, and socially
expressive language, whereas real users exhibit
greater self-focus, authenticity, and emotional com-
plexity.

4.3.1 Implications for MI

A comparison table mapped directly to MI theory is
displayed in Table 4. From an MI perspective, real

users more strongly embody the "Engaging" and
"Evoking" processes, as evidenced by their high
self-focus, authenticity, emotional complexity, and
discussion of barriers. Their language reflects the
ambivalence, uncertainty, and personal disclosure
that MI seeks to explore and resolve (Miller and
Rollnick, 2012).

In contrast, GPT-simulated users more closely
resemble the "Planning” process, exhibiting greater
confidence (Clout), positivity, analytical structure,
and action-oriented language. While they suc-
cessfully reproduce reflective reasoning and goal-
oriented discourse, they appear more ready for
change and less emotionally conflicted than real
users.

Consequently, the LIWC analysis suggests that
GPT-simulated users capture many linguistic fea-
tures associated with motivation and planning but
may underrepresent the ambivalence, vulnerability,
and self-doubt that are central targets of Motiva-
tional Interviewing interventions. This finding sup-
ports the use of LLM-based simulations for early-
stage evaluation while highlighting potential limita-
tions in modeling authentic motivational struggles.

4.4 SHAP-Based Analysis of Linguistic
Features Distinguishing Human and
GPT-Simulated Users

We conducted SHAP analysis to explain the pre-
dictions of the human-versus-Al classifier and to
identify the LIWC features that most strongly dif-
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Table 4: Comparison of Motivational Interviewing (MI) Constructs Reflected in LIWC Results

MI Construct Real Users (LIWC Evidence) GPT-Simulated Users (LIWC Evi- Cohen’s d
dence)
Self-exploration Very high I-words (15.91), indicating  Lower I-word usage (5.88), suggesting 2.04
strong self-focus and personal reflec- less self-focused exploration
tion
Ambivalence Presence of both positive tone (3.35)  High positive tone (8.73) and low neg- 0.94/0.50
and negative tone (1.92), reflecting ative tone (0.82), indicating reduced
mixed feelings and internal conflict ambivalence and greater optimism
Reflection High cognitive processes (13.22), indi- Similarly high cognitive processes 0.04
cating active self-analysis and reason-  (13.52), suggesting reflective reason-
ing ing is preserved
Personal Relevance  High authenticity (93.45), reflecting  Lower authenticity (77.95), suggesting 0.60
genuine self-disclosure and personally  responses are less personally grounded
meaningful concerns
Desire for Change Higher allure (9.25), reflecting Moderate allure (6.89), indicating goal- 0.46
stronger discussion of goals and oriented language but with less per-
desired outcomes sonal significance
Barrier Identifica- Higher negative emotion (1.59) com- Lower negative emotion (0.54), sug- 0.55
tion bined with strong cognitive processing,  gesting barriers are acknowledged but
indicating explicit discussion of diffi- less emotionally salient
culties and obstacles
Change Talk Strong desire-oriented language (al- Goal-oriented language present, but  0.46-0.60
lure) combined with authentic self- often expressed in a more solution-
reflection focused manner
Self-Efficacy / Con-  Very low clout (2.50), reflecting un- Higher clout (32.24), indicating 0.85
fidence certainty and lack of confidence often  greater confidence and certainty in
associated with procrastination responses
Engagement Low social words (0.24), focusing pri- Higher social language (6.47), indicat- 0.76
marily on internal experiences ing greater conversational engagement
and responsiveness
Planning and Com- Moderate analytic thinking (50.03), Higher analytic thinking (60.99), in- 0.38
mitment balancing reflection with planning dicating stronger structure, planning,
and action orientation
Autonomy and Au- High authenticity and personal dis- More polished and structured lan- 0.60

thentic Expression

closure suggest genuine ownership of

guage, but less spontaneous and per-

problems and goals

sonally revealing

ferentiated human-authored and GPT-simulated re-
sponses (Lundberg et al., 2020). In our dataset, hu-
man responses were assigned the label 0, whereas
GPT-simulated responses were assigned the label
1. The dataset was divided into training and test
sets using an 80:20 stratified split, with a fixed ran-
dom seed of 42 to ensure reproducibility. Given the
relatively modest size of the dataset, we employed
a logistic regression classifier with L2 regulariza-
tion, which provides an interpretable and robust
approach for feature attribution using SHAP, with
a maximum of 1,000 iterations. Figures 3 and 4
present the SHAP analysis results based on LIWC
features, illustrating the contribution of individual
linguistic dimensions to the classifier’s predictions
and highlighting the LIWC categories that most
strongly distinguish human responses from GPT-

simulated responses.

The SHAP analysis reveals that GPT-simulated
users are characterized by longer (word count),
more confident (clout), lexically sophisticated (big
words), and structurally polished language, with
greater emphasis on achievement and cognitive pro-
cessing. In contrast, human users exhibit greater
self-focus and more natural conversational pat-
terns, reflected by higher usage of first-person
and other pronouns. These findings are consis-
tent with the LIWC and MI analyses, suggesting
that GPT-generated users communicate in a more
polished and solution-oriented manner, whereas hu-
man users express more authentic and personally
grounded experiences.
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Figure 4: SHAP bar plot showing the global importance
of LIWC features for distinguishing human-authored
and GPT-simulated responses

5 Conclusion and Future Work

This study aimed to assess the effectiveness and
potential of LLMs to support users in mental well-
being, particularly for the task of procrastination
avoidance. GPT showed strong effectiveness in
fostering engagement and long-term motivation,
while Qwen excelled in open-ended questioning.
SmolLLM showed promise in contexts requiring sim-
plicity and concise guidance.

The LIWC analysis suggests that GPT-simulated
users capture several key characteristics of real
procrastination-related conversations, including
cognitive reflection and goal-oriented language.
However, real users exhibited higher levels of self-
focus, authenticity, emotional ambivalence, and
vulnerability, while GPT-simulated users displayed
greater positivity, confidence, and analytical struc-

ture. Mapping these findings to MI theory indicates
that real users more strongly reflect the Engaging
and Evoking processes, whereas GPT-simulated
users align more closely with Planning. These re-
sults support the use of LLM-based user simulation
for early-stage chatbot evaluation while highlight-
ing limitations in representing authentic motiva-
tional struggles.

The SHAP analysis is consistent with the
LIWC and Cohen’s d findings, further suggesting
that GPT-generated users exhibit more polished,
confident, and solution-oriented communication,
whereas human users express more authentic, self-
focused, and personally grounded experiences.

Several future work can be conducted based on
the findings of this study:

* Conduct longitudinal validation studies in
real-world settings to evaluate whether
simulation-based findings generalize over
time and across different user populations and
behavioral contexts.

* Enhance intervention evaluation by assessing
whether simulated users exhibit behavioral
and linguistic responses to motivational inter-
viewing strategies that closely mirror those of
real users.
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A Conversation Example 1

This is a conversation example from GPT-3.5-turbo
empowered chatbot.

Assistant: "Hi! I'm ProactiMate, your motiva-
tional chatbot.My goal is to help you reflect on
your procrastination habits and work towards
overcoming them.Together, we’ll explore your

thoughts and behaviors to understand what holds
you back and what motivates you to move forward.I
won’t be giving you specific advice but will guide
you to clarify your goals and values.What aspect of
procrastination would you like to focus on today?
User: "I keep postponing important tasks because
I don’t feel confident in my ability to do them well,
which makes me afraid of even trying."
Assistant: "I understand how that fear of failure
can be paralyzing and lead to procrastination.
It’s common to feel unsure about our abilities,
especially when facing a challenging task. Here
are a few steps that might help you build more
confidence and overcome your fear of trying: 1.
Break the task down into smaller, more manageable
steps: Sometimes, the fear of failure comes from
feeling overwhelmed by the task as a whole.
Breaking it down into smaller parts can make it
less intimidating and help you see progress more
easily. 2. Set realistic and specific goals: Instead
of focusing on the fear of not doing well, try setting
realistic and specific goals for the task. This can
help you focus on making progress rather than
achieving perfection. 3. Practice self-compassion:
Remember that it’s okay to make mistakes and that
nobody is perfect. Treat yourself with kindness
and understanding, especially when facing new
challenges. 4. Embrace a growth mindset: Instead
of seeing challenges as threats to your abilities,
try to view them as opportunities to learn and
grow. This shift in perspective can help you see
failure as a natural part of the learning process.
5. Seek support and feedback: Don’t be afraid to
ask for help or feedback from others. Getting input
from someone else can provide a fresh perspective
and help you improve your skills. Remember that
building confidence takes time and effort, but each
small step you take towards facing your fears will
help you move forward. Would you like to discuss
any specific tasks that you're struggling to start?"
User: "Thank you for the suggestions. Breaking
tasks down into smaller steps sounds like a good
idea, I'll try to implement that approach. I often
struggle with writing reports at work because 1
worry about meeting my boss’s expectations. This
fear makes me postpone starting the report, and 1
end up rushing through it at the last minute."
Assistant: "I understand how daunting it can be
to write reports, especially when there’s pressure
to meet your boss’s expectations. It’s great that
you’'re considering breaking the task down into
smaller steps. Here are some additional tips
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that might help you overcome your fear and
procrastination when it comes to report writing: 1.
Clarify expectations: It might be helpful to have a
conversation with your boss to understand their
expectations for the report. Knowing exactly what
is required can reduce uncertainty and make the
task feel more manageable. 2. Create a timeline:
Set deadlines for each step of the report-writing
process, so you have a clear roadmap of when
each part needs to be completed. This can help
you avoid last-minute rushing and ensure that
you have enough time to revise and improve the
report. 3. Gather information and resources:
Start by gathering all the necessary information
and resources you'll need for the report. Having
everything organized and at hand can make the
writing process smoother and less stressful. 4.
Break down the report into sections: Divide the
report into sections and set specific goals for each
section. This can help you focus on one part at a
time and prevent feeling overwhelmed by the entire
report. 5. Practice self-compassion: Remember
that it’s okay to ask for help or clarification if
needed. Recognize that report writing is a skill
that can be improved with practice and effort. By
implementing these strategies and taking small
steps towards starting and completing the report,
you can build your confidence and overcome
your fear of not meeting expectations. Is there a
specific aspect of report writing that you find most
challenging?"

User: "I appreciate the suggestions and will try
to implement them while writing my next report.
1 often struggle with organizing my thoughts and
structuring the information in a cohesive way,
which makes the task even more overwhelming for
me. I tend to get stuck on the planning stage and
end up avoiding it altogether.”

Assistant: "I can understand how organizing
thoughts and structuring information can be
challenging, especially when you feel overwhelmed
by the task. Here are some tips that might help you
with the planning stage of report writing: 1. Mind
mapping: Consider using a mind map to visually
organize your thoughts and ideas before starting
the report. This can help you see connections
between different pieces of information and create
a logical structure for your report. 2. Outline the
report: Create a detailed outline of the report,
including sections and subheadings. This can
serve as a roadmap for your writing and help
you break down the report into manageable parts.

3. Start with a rough draft: Don’t worry about
getting everything perfect on the first try. Start by
writing a rough draft without focusing too much
on details. This can help you get your thoughts
down on paper and refine them later. 4. Set a
timer: Sometimes setting a timer for a short period,
like 10 or 20 minutes, can help you overcome the
initial resistance to starting the planning process.
Commit to working on the report for that set time,
even if it’s just jotting down ideas or outlining
sections. 5. Seek feedback: Consider sharing your
rough ideas or outline with a colleague or mentor
for feedback. Getting an outside perspective
can help you refine your thoughts and improve
the structure of your report. Remember that the
planning stage is an essential part of the writing
process and can help you clarify your ideas before
diving into the actual writing. Taking small steps
towards organizing your thoughts can make the
task feel more manageable. Is there a specific
report you're currently working on that you’d like
to discuss further?"

User: "Thank you for the tips. I have a report due
next week, and I'm feeling anxious about starting
the planning process. I’ll try using a mind map
to organize my thoughts and create an outline to
break down the report into smaller sections. I think
setting a timer could also help me get over the
initial resistance to starting the task. I appreciate
your guidance, and I'll let you know how it goes."
User: "I imagine that using a mind map to organize
my thoughts and creating an outline would help
me break down the report into smaller, more
manageable sections. This approach might make
the task feel less daunting and help me focus on
one step at a time. Setting a timer could be a good
way to create a sense of urgency and overcome the
initial resistance to starting the planning process.
It might help me get into the flow of work and
prevent me from getting stuck in overthinking or
procrastination. I’ll give these strategies a try
and see how they work for me. Thank you for the
suggestion!"

Assistant: "By reflecting on how you can maintain
your motivation and commitment to implementing
these strategies, you can anticipate potential
challenges and plan ahead to overcome them.
Thinking through the benefits of consistent action
and how it aligns with your goals can help
reinforce your determination to stay on track with
your report-writing process."

User: "I envision sustaining my motivation and
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commitment by setting specific goals and deadlines
for each step of the report-writing process. This
structured approach might help me stay focused
and accountable. To overcome challenges like
procrastination or self-doubt, I could remind
myself of the benefits of taking consistent action,
such as feeling more confident in my abilities and
producing higher-quality work. By keeping my
goals in mind and tracking my progress, I can stay
motivated to follow through with the strategies and
complete the report effectively."

Assistant: "By considering how a visual progress
tracker or checklist could support your motivation
and commitment, you can explore new ways to
stay on track with your report-writing process.
Thinking about the sense of accomplishment and
momentum that visual progress can provide may
help you stay motivated and focused on your goals.
Additionally, contemplating potential obstacles
and strategies to address them can help you
proactively approach any challenges that may
arise."

User: "I think creating a visual progress tracker or
checklist for each step of the report-writing process
could be really helpful in keeping me on track
and motivated. Seeing my progress visually could
provide a sense of accomplishment and motivation
to continue working towards completing the report.
If I encounter obstacles like feeling overwhelmed
or losing focus, I could break down the tasks into
even smaller steps on the checklist or adjust my
timeline to make it more realistic. Having a visual
reminder of what I've accomplished and what still
needs to be done might help me stay organized and
committed to finishing the report effectively. Thank
you for suggesting this approach!"

User: "You covered everything well as a user!
If you have any more questions or need further
assistance in the future, feel free to reach out.
Good luck with your report-writing process, and
remember that progress is progress, no matter how
small the steps may seem. You've got this!"

User: "As a user, my next steps include imple-
menting the strategies discussed for organizing my
report-writing process, such as using a mind map,
creating an outline, and setting a timer to overcome
initial resistance. I will also consider creating a
visual progress tracker or checklist to stay on track
and sustain my motivation. Lastly, I will remind
myself of the benefits of taking consistent action
and track my progress to maintain my commitment
to completing the report effectively.”

Assistant: "Thank you for the conversation! |
wish you the best on your journey towards change.
Goodbye!"

B Conversation Example 2

This is a conversation example from LLaMA
empowered chatbot.

Assistant: "Hi! I'm ProactiMate, your motiva-
tional chatbot.My goal is to help you reflect on
your procrastination habits and work towards
overcoming them.Together, we’ll explore your
thoughts and behaviors to understand what holds
you back and what motivates you to move forward.I
won’t be giving you specific advice but will guide
you to clarify your goals and values.What aspect of
procrastination would you like to focus on today?"
User: "I know I need to schedule a doctor’s
appointment, but I keep avoiding it."

Assistant: "It can be really frustrating when we
know we need to do something, but keep putting it
off. Let’s break down what might be holding you
back from scheduling that doctor’s appointment.
Is it: 1. Fear of the unknown (what will the
doctor say or find)? 2. Overwhelm or stress about
taking time off (work, school, etc.)? 3. Lack of
motivation or energy? 4. Other responsibilities or
priorities that seem more urgent? 5. Something
else entirely? Take a moment to reflect on these
questions. Which one resonates with you the most?
(Also, I want to gently nudge you - scheduling a
doctor’s appointment is a brave and responsible
thing to do! You're taking care of yourself, and
that’s something to be proud of.)

User: "I think my biggest hurdle is the fear of the
unknown. I'm worried about what the doctor might
find or say during the appointment. It makes me
hesitant to make the call. But, you’re right, taking
care of my health is important. Maybe it’s time to
push past that fear and prioritize my well-being."

Assistant:  "It’s completely normal to have
fears and anxieties, especially when it comes to
something as personal as your health. It’s great
that you’re recognizing the importance of pushing
past those fears and prioritizing your well-being.
That’s a huge step forward! Let’s try to reframe
your thinking a bit. Instead of focusing on the
potential risks or negative outcomes, let’s think
about the potential benefits of scheduling that
appointment. What is it that you hope to achieve
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or gain from the appointment? Is it getting a clean
bill of health, addressing a specific concern, or
simply having peace of mind knowing that you've
taken care of it? Think about the benefits that will
outweigh your fears. That might give you a bit
more confidence and motivation to take action.
(And just a hint: the worst that could happen is
that the appointment doesn’t lead to anything
serious. But the best that could happen is that
you discover a simple solution or take the first
step towards feeling healthier and more confident.
Which scenario sounds more appealing to you?)"
User: "I think focusing on the potential benefits
is a good way to approach this. I hope that by
scheduling the appointment, I can address any
concerns early on and potentially prevent any
serious issues. I'll work on shifting my mindset
and reminding myself of the positive outcomes.
It’s time to take that step towards prioritizing my
health. Thank you for the encouragement and
guidance!"

Assistant: "You're taking a huge step forward
by acknowledging the importance of prioritizing
your health and addressing any concerns early
That’s a very proactive and responsible
approach. It’s also great that you're recognizing
the need to shift your mindset and focus on the
positive outcomes. Sometimes, all it takes is a
simple mindset shift to gain a new perspective and
build momentum. Before you take action, I just
want to offer one more thing: be kind to yourself.
Remember that it’s okay to feel nervous or anxious
about this appointment. It’s normal, and it doesn’t
mean you're being weak or irresponsible. Instead,
try to approach this appointment with a sense of
curiosity and openness. View it as an opportunity
to learn more about your health and take control
of your well-being. You got this! Now, shall we
actually make that phone call? I can walk you
through it step by step if you'd like."

User: "Yes, let’s do it! I'll make the call right now.
Thank you for the support and encouragement. 1
appreciate all your help in guiding me towards
taking this important step for my health."
Assistant: "Here is an example response from the
LLM: "Congratulations on taking the first step
towards prioritizing your health! By scheduling
the appointment, you’'ve demonstrated a crucial
step towards taking care of yourself. Here are
some potential outcomes and benefits that may
arise from the appointment: * A clean bill of
health, clearing up any existing concerns or

on.

anxiety* Identification of preventative measures
to maintain overall well-being* Early detection
of any underlying health issues, allowing for
timely interventions* Improved mental clarity
and reduced stress levels* A renewed sense of
control and confidence in managing your health To
manage any anxiety or fear related to the appoint-
ment, consider the following strategies:* Practice
relaxation techniques, such as deep breathing or
meditation, to calm your nerves* Reframe your
thinking to focus on the potential benefits rather
than the risks* Visualize a positive outcome, such
as feeling empowered and in control* Break down
the task into smaller, manageable steps, making it
feel less overwhelming Now, take action and focus
on the positive outcomes! Remember, prioritizing
your health is a sign of strength, not weakness.
By taking care of yourself, you’'re investing in
your well-being and setting a powerful precedent
for a healthier future. "This response aims to
offer a supportive and encouraging tone, while
also providing practical strategies and potential
outcomes to help the user manage their anxiety
and take action towards prioritizing their health."
User: "Thank you for the insightful suggestions!
I'll keep these potential outcomes and strategies
in mind as I prepare for the appointment. It’s
reassuring to have a plan in place to manage any
anxiety and focus on the positive benefits. I'm
feeling more confident and motivated to prioritize
my health.”

Assistant: "Here’s a prompt for a Large Language
Model (LLM) based on our conversation: "Now
that you’ve made a plan to manage your anxiety
and focus on the positive benefits, let’s explore
some potential scenarios that may arise from the
appointment. Imagine you have a few minutes to
reflect on the past week, and you notice that you’ve
been feeling a bit tired and sluggish. How might
this relate to your upcoming appointment, and
what potential insights or actions might you take
to address these feelings? "This prompt aims to
stimulate a reflective conversation, encouraging
the user to consider how they’re feeling now and
how it might be connected to their upcoming
appointment.”

User: "I've been feeling a bit tired and sluggish
lately, and I can’t help but wonder if it’s related
to my upcoming doctor’s appointment. Perhaps
the anxiety and anticipation of the appointment
are taking a toll on my energy levels. To address
these feelings, I might focus on self-care practices
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like getting enough rest, staying hydrated, and
practicing mindfulness to manage stress. It’s
essential to prioritize my well-being leading up to
the appointment and beyond."

Assistant: As you prepare for your doctor’s
appointment and prioritize your well-being,
reflect on the role of mindset and attitude in
shaping health outcomes. What mindsets or
attitudes do you believe will help you approach the
appointment with positivity and openness? How
can you cultivate these mindsets both before and
after the appointment?

User: "I appreciate these suggestions. To
approach the appointment with a positive and open
mindset, I believe cultivating optimism, resilience,
and self-compassion will be key. By focusing on
the potential for positive outcomes, bouncing back
from setbacks, and being kind to myself throughout
the process, I can navigate the appointment with
a sense of empowerment and hope. I’ll work
on fostering these attitudes leading up to and
following the appointment.”

User: "You've summed it up beautifully! Cultivat-
ing optimism, resilience, and self-compassion are
fantastic attitudes to bring to your appointment.
Remember to be kind and patient with yourself as
you continue on this journey towards improved
well-being. Your proactive approach and positive
mindset will serve you well. If you have any more
thoughts or questions, feel free to share them!"
User: "Thank you for the kind words! I'm grateful
for your guidance and encouragement on this
Jjourney. I'll keep your advice in mind and strive
to maintain a positive and proactive mindset as
I move forward. If I have further questions or
thoughts, I'll be sure to reach out. Thank you
again for your support!"

Assistant: "Thank you for the conversation! I
wish you the best on your journey towards change.
Goodbye!"

C Interview Questions

Engaging: How effectively does the assistant es-
tablish rapport and engage the user in the conversa-
tion about their procrastination struggles?

Please give scores and explain your scores.
Quantitative metrics:

1 - Not Engaging

2 - Minimally Engaging

3 - Somewhat Engaging

4 - Moderately Engaging

5 - Engaging

6 - Very Engaging

7 - Highly Engaging

Focusing: How well does the assistant help the
user identify a clear and specific area of focus re-
garding their procrastination habits?

Please give scores and explain your scores.
Quantitative metrics:

1 - Not Focused

2 - Minimally Focused

3 - Somewhat Focused

4 - Moderately Focused

5 - Focused

6 - Very Focused

7 - Highly Focused

Evoking: How effectively does the assistant en-
courage the user to express their own motivations
for overcoming procrastination?

Please give scores and explain your scores.
Quantitative metrics:

1 - Not Evocative

2 - Minimally Evocative

3 - Somewhat Evocative

4 - Moderately Evocative

5 - Evocative

6 - Very Evocative

7 - Highly Evocative

Planning: How well does the assistant guide the
user in breaking down tasks into smaller steps and
developing a concrete action plan?

Please give scores and explain your scores.
Quantitative metrics:

1 - Not Effective

2 - Minimally Effective

3 - Somewhat Effective

4 - Moderately Effective

5 - Effective

6 - Very Effective

7 - Highly Effective

Empathy: Does the assistant demonstrate empa-
thy and understanding toward the user’s concerns?
Please give scores and explain your scores.

Can you provide examples where empathy is ex-
pressed effectively?

Quantitative metrics:

1 - Not Empathetic

2 - Minimally Empathetic

3 - Somewhat Empathetic

4 - Moderately Empathetic

5 - Empathetic

127



6 - Very Empathetic

7 - Highly Empathetic

Open-ended Questions: How well does the assis-
tant use open-ended questions to encourage reflec-
tion and exploration of the user’s procrastination
habits?

Please give scores and explain your scores.
Quantitative metrics:

1 - No Open-ended Questions

2 - Minimal Use of Open-ended Questions

3 - Somewhat Uses Open-ended Questions

4 - Moderately Uses Open-ended Questions

5 - Effective Use of Open-ended Questions

6 - Very Effective Use

7 - Highly Effective Use

Affirmations: How well does the assistant
acknowledge the user’s strengths, efforts, and
progress in a way that reinforces their motivation
to change?

Please give scores and explain your scores.
Quantitative metrics:

1 - No Affirming

2 - Minimal Affirming

3 - Somewhat Affirming

4 - Moderately Affirming

5 - Affirming

6 - Very Affirming

7 - Highly Affirming

Summarizing: Does the assistant effectively sum-
marize key points in the conversation to reinforce
the user’s insights and commitment to change?
Please give scores and explain your scores.
Quantitative metrics:

1 - No Summarization

2 - Minimal Summarization

3 - Somewhat Effective Summarization

4 - Moderately Effective Summarization

5 - Effective Summarization

6 - Very Effective Summarization

7 - Highly Effective Summarization
Self-Efficacy: How well does the assistant support
the user in building confidence in their ability to
implement the suggested strategies?

Please give scores and explain your scores.
Quantitative metrics:

1 - No Support for Self-Efficacy

2 - Minimal Support

3 - Somewhat Supportive

4 - Moderately Supportive

5 - Supportive

6 - Very Supportive

7 - Highly Supportive

Identification of Barriers: How well does the
assistant help the user identify specific barriers
to starting tasks and suggest strategies tailored to
those barriers?

Please give scores and explain your scores.
Quantitative metrics:

1 - No Barrier Identification

2 - Minimal Barrier Identification

3 - Somewhat Barrier Identification

4 - Moderately Barrier Identification

5 - Effective Barrier Identification

6 - Very Effective Identification

7 - Highly Effective Identification

Sustaining Motivation: Does the assistant provide
strategies that help the user sustain motivation over
time (e.g., progress tracking, self-reflection, or ac-
countability methods)?

Please give scores and explain your scores.
Quantitative metrics:

1 - No Motivation Support

2 - Minimal Motivation Support

3 - Somewhat Supportive

4 - Moderately Supportive

5 - Supportive

6 - Very Supportive

7 - Highly Supportive

Comprehensive Question: Which chatbot conver-
sation do you believe is most effective in helping
users overcome procrastination using Motivational
Interviewing (MI) theory? Please explain your rea-
soning.
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