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Abstract

Motivational Interviewing (MI) is a widely
used, evidence-based counseling approach, yet
the development of robust NLP systems for
MI remains constrained by severe data scarcity,
high annotation costs, and the need for do-
main expertise. While recent work has ex-
plored large language models (LLMs) for clini-
cal text generation and augmentation, existing
studies largely focus on utterance-level trans-
formations or evaluate a limited set of mod-
els, leaving the role of long-range conversa-
tional context underexplored. In this work,
we present the first systematic, session-level
benchmark of LLM-based data augmentation
for MI dialogues. We compare prompt-based
generative augmentation at the full-session
level with utterance-level task-sensitive trans-
formation methods across 13 state-of-the-art
(SOTA) LLMs and three long-context classi-
fication models designed for extended clini-
cal conversations. As a key outcome, we also
present ICAUGAnnoMI, a novel dataset of
1,764 low- and high-quality MI dialogues, span-
ning nearly 81k talk turns between therapist
and client alongside a fidelity-aware evalua-
tion framework that assesses semantic drift,
hallucination, and adherence to core MI prin-
ciples. Our empirical results demonstrate that
session-level augmentation consistently outper-
forms utterance-level approaches in improving
MI session classification, particularly for mi-
nority and low-quality cases, highlighting the
importance of preserving long-range conversa-
tional structure. Beyond performance gains,
our analysis provides practical insights into
the strengths and limitations of contemporary
LLMs in sensitive mental health settings. We
release our code and commit to publicly sharing
the generated data to facilitate reproducible re-
search and future benchmarking in MI-focused
NLP. ICAUGAnnoMI data and source code is
available at repository’.
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1 Introduction

Anxiety and depression are among the most com-
mon psychological disorders, affecting social and
economic functioning. According to the latest
WHO report?, mental disorders account for 1 in
6 years lived with disability, and individuals with
severe conditions die 10-20 years earlier than the
general population (Organization, 2022). Al-driven
solutions have recently gained attention for allevi-
ating this burden by supporting early screening,
psycho-education, and self-help strategies (Shiffrin
and Mitchell, 2023; Stella et al., 2023; Demszky
et al., 2023; Sezgin, 2023; Balloccu et al., 2024a).
Large Language Models (LLMs) are particularly
promising due to their human-like dialogue capa-
bilities (Han et al., 2024; Kumar et al., 2024, 2025)
and potential to improve access in low-resource set-
tings (Xu et al., 2024). However, integrating LLMs
into mental healthcare faces challenges (Wang
et al., 2023): 1) hallucination, generating plausible
but incorrect text (Li et al., 2023a); i1) stochastic
parroting, producing fluent but shallow responses
(Bender et al., 2021); iii) bias, reducing reliabil-
ity for underrepresented groups due to representa-
tion and sampling issues (Balloccu et al., 2024b;
Badyal et al., 2023; Morales et al., 2023; Harrer,
2023). These challenges converge on a single issue:
the lack of publicly available high-quality data for
effective training. To address this, we employ state-
of-the-art (SOTA) LLMs for in-context human-like
data generation at the MI session level (Brown
et al., 2020; Chen et al., 2022; Dong et al., 2022)
and task-sensitive NLP augmenters at the utterance
level (Dhole et al., 2023).

Our experimental study is based on AnnoMI
(Wu et al., 2022, 2023; Kumar et al., 2023), a
publicly available expert-annotated dataset com-

2https://www.who.int/teams/
mental-health-and-substance-use/
world-mental-health-report
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pliant with the General Data Protection Regulation
(GDPR). Unlike prior work that evaluates a single
model or augmentation strategy, our study serves
as a controlled benchmark of session-level versus
utterance-level data augmentation for MI, across
diverse LLM families and long-context classifiers.
To the best of our knowledge, ours is the first work
that uses a diverse range of LLMs, including the
latest Deepseek model, for in-context conversation
generation at the level of full therapist-client ses-
sions. Our research aims to answer the following
research questions (RQs):

* RQ1: Are existing LLMs envisioned for men-
tal health research sufficiently powerful to
automatically identify the quality of MI ses-
sions?

* RQ2: Are SOTA generative models applied
at the session level the key solution for the
generation of high-quality and contextually
precise MI conversations?

* RQ3: Can task-sensitive text transformations
surpass the quality of LLM-generated MI ses-
sions by processing individual utterances at a
time?

The key contributions of our study can be summed
up as follows:

* Session-level MI Augmentation: We present
the first systematic benchmark of session-level
data augmentation for Motivational Interview-
ing, directly comparing prompt-based gener-
ative augmentation with utterance-level task-
sensitive transformations while maintaining
therapeutic fidelity..

e Utterance-level MI Augmentation: We
also employ five task-sensitive augmentation
strategies to assess whether transforming in-
dividual utterances could actually surpass
prompt-based generative methods, despite
lacking the ability to perform text manipu-
lations on the basis of long and contextually
rich session knowledge.

* Model Evaluation in Long-range Text Set-
tings: We further evaluate long-context mod-
els to assess how augmented data affects train-
ing, particularly differences between low- and
high-quality sessions and the impact of noisy
content.

* Curated MI Dataset: We curate and release a
high-quality dataset of 1,764 MI sessions with
expert-informed quality labels, enabling long-
context modeling and reproducible evaluation.

* Augmentation Evaluation Scheme: We de-
velop a qualitative evaluation scheme com-
prised of six parametershighlighting the dis-
tinct features of low- and high-quality sessions
and the potential for noisy content to adversely
affect performance

* Reproducibility: We commit to provide pub-
lic access to the source code publicly sharing
generated data after acceptance.

2 Method

In this section, we outline the methods employed
to develop and evaluate our approach to data aug-
mentation in MI sessions. First, we define the task
and challenges of generating high-quality MI di-
alogues. Second, we describe the dataset and the
data preparation procedures. Finally, we delve into
two data augmentation strategies for generating
comprehensive datasets.

2.1 Problem definition

As previously emphasized, given the complex na-
ture of psychotherapy, MI sessions are often dif-
ficult and expensive to capture at scale, and exist-
ing scarce data challenges in this domain make it
increasingly difficult to develop efficient and ro-
bust systems. The main challenge arises from the
specialized expertise required to assess the quality
of MI sessions, which is crucial for building reli-
able datasets. Our study addresses this challenge
and aims to advance MI research by creating en-
hanced classifiers that can automatically identify
the key components of MI and, thus, the quality
and context of therapy sessions, facilitating the de-
velopment of a dataset and reliable systems. To
this end, we explore various utterance and session-
based data augmentation techniques to increase
the variety and quality of MI dialogue examples
derived from a few existing expert-annotated data.

This process starts from a dataset of L labeled
MI sessions D = {(S;,¢:)},. A therapy ses-
sion S; = (ti1,ti2, ... ting,) € S is defined as a
sequence of M; talk turns between a client and a
therapist, while ¢; € {0,1} is a binary label rep-
resenting the quality of the session S;, where 0 is
assigned to low-quality sessions, 1 to high-quality



ones. We define a feature mapping I' : S — R?, a
classifier fp : R? — [0, 1], and the following parti-
tion D = Dypqin U Dyest. Let @ be an augmentation
function, drawn from some family of augmentation
functions ®. Formally:

¢ : Dtrain = Daug (1)

that is ¢ generates an augmented variation Dy,
of the original training set. We seek to find the
augmenter ¢* that solves the empirical risk mini-
mization problem as shown in Appendix C.

2.2 Dataset

For this study, we used the GDPR-compliant
dataset AnnoMI, which consists of 131 low- and
high-quality MI dialogues, each containing talk
turns between the client and the therapist (Wu et al.,
2022, 2023; Kumar et al., 2023), for a total of 9,649
utterances. The dataset contains 23 low-quality and
108 high-quality MI dialogues. AnnoMI is among
the few publicly available datasets that contain la-
beled MI sessions at both the talk-turn and entire
conversational levels. This dataset orientation com-
plements our experimental setup of synthetic MI
generation and, thus, is the obvious choice for this
study. For ease of understanding, Figure 1 in Ap-
pendix B depicts a sample of low- and high-quality
MI sessions.

2.3 Data augmentation

We specifically focus on generating human-like
and contextually sound MI sessions that maintain
therapeutic fidelity and reflect the diverse range of
patient responses and therapist strategies. Given the
high cost and complexity of acquiring large-scale
MI data, we explore two complementary strate-
gies for data augmentation. First, we employ task-
sensitive transformations, which alter transcripts
through techniques specialized in text manipula-
tion, e.g., paraphrasing. Second, we utilize prompt-
based generation, leveraging LLMs to create new,
contextually accurate MI dialogues.

2.3.1 Task-sensitive transformation

Task-sensitive transformations (TTs) refer to aug-
mentation methods that adopt text-driven modifi-
cations on textual data with a specific expected
output in mind, such as enhancing linguistic di-
versity, shifting stylistic properties, or rephrasing.
These strategies are typically adopted for analyzing
the impact of text manipulations on trained models,
both from a negative (concerning text perturbation)

and a positive (concerning text augmentation) view-
point. Considering that their diffusion precedes the
advent of LL.Ms, they are not typically devised for
transforming long input sequences. In our scenario
involving long MI sessions, it is counterintuitive
to adopt TTs on several client-therapist talk-turns,
which would cause the underlying language models
(LMs) to drop excessive text and provide trimmed
outputs. It follows that TTs should only be adopted
at the utterance level to generate augmented data
that preserves the original topic the most. Despite
the downside of overlooking the contextual infor-
mation of entire sessions, TTs represent solid aug-
mentation baselines, ranging from rich paraphras-
ing variety to subtle word edits. Let A : 7 — R
be a feature mapping for individual talks ¢ € T,
we can formally define an augmenter for TTs as
mentioned in Appendix D.

This design choice was made to ensure a fair
comparison across TTs, as some are not capable of
generating diverse transformations from the same
text input.

2.3.2 One-shot and few-shot based generation

Augmentation resulting from prompt-based gen-
eration (PG) refers to the adoption of generative
models, specifically LLMs, to generate variations
of original MI sessions while preserving contex-
tually relevant information and keeping dialogues
coherent with the overall session topic. LLMs rep-
resent the prevailing solution for most of language
processing tasks, thanks to the versatile manage-
ment of output diversity through specific parame-
ters, e.g., temperature, top-p sampling, or prompt
refinement. Despite these benefits, they can be
inconsistent and difficult to steer their generation
process toward the required results. Main weak-
nesses, such as hallucination and poor instruction
following, mine the reliability of their replies and
might require additional processing layers to filter
out irrelevant information.

Unlike TTs, SOTA LLMs support textual inputs
with large context windows, enabling our targeted
task at the session level by interleaving individual
turn talks and interlocutor delimiters. To guarantee
high output fidelity and strong instruction follow-
ing, we adopted several prompting techniques and
iteratively refined the initial prompt until satisfied
with PG augmentations. Figure 2 in appendix E
depicts the final prompting setup, consisting of a
system and a user prompt for accurate role assign-
ment and a PG output example with augmented



turn talks. The following formalizes the PG pro-
cess as TT augmentation one:

L

¢pG(Dirain) = { (62c(S), @)}y @

where ng}gDG : R4 — R denotes a PG sub-function
that operates at the session level.

While TTs can guarantee that the resulting out-
put includes an equal number of utterances as the
original training set, PG reports higher variance in
outcomes. Indeed, due to diverse model parameter
sizes, configurations, and underlying functioning,
PG may result in shorter or longer sessions com-
pared with the original data.

3 Experimental Design

This section outlines the steps for preparing the
experimental data and presents the classification
architectures, refined promotion strategies, and the
d experimental pipeline. The targeted objective is
addressed by assessing the efficacy of TT and PG
augmented data in improving classification perfor-
mance under the experimental setup below:

¢ Data Preparation: Out of 131 sessions, we
selected 97 sessions for the training set, of
which 15 are low- and 82 are high-quality MI
dialogues. The remaining 34 MI sessions con-
stitute the test set, of which 8 are low- and 26
are high-quality MI sessions. 10 MI sessions
(3 low- and 7 high-quality) are removed from
the training set to create a validation set fur-
ther. Such a splitting strategy guarantees that
MI quality samples in each set remain repre-
sentative of the original session distribution.

* Classification Models: We employed three
classifiers, namely BigBird3 (Zaheer et al.,
2020), Longformer* (Beltagy et al., 2020) and
ModernBERT® (Warner et al., 2024). The
rationale behind using BigBird, Longformer,
and ModernBERT over usual transformers is
their capability to handle long text sequences.
Preserving the context of the MI session is cru-
cial to our experimental design, and given that
MI sessions are as long as 8000 tokens, these
models completely match the experiment’s re-
quirement. The inclusion of ModernBERT

Shttps://huggingface.co/docs/transformers/en/

model_doc/big_bird
4https://huggingface.co/docs/transformers/en/
model_doc/longformer

5https://huggingface.co/docs/transformers/en/
model_doc/ModernBERT

as the latest modern release of BERT models
emphasizes our adoption of SOTA techniques
for high-quality outputs. All the experiments
adopt accuracy (Acce), balanced accuracy (Bal.
Acc.), Fl-score (F1), precision (Prec), and
recall (Rec) as evaluation metrics for classi-
fication performance of the employed mod-
els. The experiment using only the original
data Dy;qin, labeled as AnnMI (Base Data),
serves as the baseline to estimate the impact of
augmented data in influencing classification
performance.

Experiment with Domain-trained Model:
Since our experiments are session and not
utterance-based, the classification task be-
comes complex and challenging, given the
complex domain of psychology and a highly
skewed and unbalanced distribution of the
experimental dataset. Therefore, as a san-
ity check, we begin by evaluating the per-
formance of the SOTA domain-trained LLM-
Mental.LaMA°® (Yang et al., 2024). This ex-
periment is set to evaluate whether domain-
trained models can outperform contemporary
classifiers fine-tuned on experimental data,
highlighting in favor or against the need for
data augmentation.

* Experiments with LMs: To evaluate the per-
formance of classification models, TT and PG
augmenters, we rigorously conduct three sets
of experiments:

1) First, we perform the experiments with the
Dirain With the three classifiers.

11) Then Dtrain + Daug,PG and Dtrain +
Daug,rr are used as training data with the
three classifiers iteratively, where Dyyq pa
and Dy, g 77 are the augmented dataset gener-
ated by PG (i.e., LLMs) and TT augmenters
respectively. Here Dy, can be only one aug-
mented dataset for one experiment.

iii) Now, based on the performance of clas-
sification models, the best-performing D4
datasets from each D4 pc and Dy 71 are
selected to make two separate training datasets
Hamely Dtr(zin—l—aug,PG’ and Dtrain+aug,TT
representing the combination of original data
with data augmented by each method family.

iv) Finally, Dtrain+aug,PG and Dtrain+aug,TT

6https://huggingface.co/klyang/

MentalLaMA-chat-7B
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are used as training datasets for each of the
three classifiers iteratively. This experiment
aims to observe the generalization capability
of classifiers over diverse datasets and explore
the combined contributions of effective aug-
mented data.

4 Results and Discussion

This section presents the experimental results of
classification models and empirical analyses for
each data augmentation setup, followed by an eval-
uation of LLMs using a novel tailored evaluation
scheme.

4.1 Performance of domain-trained LLM
MentalLLaMA

As mentioned in section 3, we begin our experi-
ment with the SOTA domain-trained LLM Mental-
LLaMA (Yang et al., 2024) to observe if domain-
specific models can outperform domain-agnostic
models on specific task and dataset. Interestingly,
MentalLLaMA performed poorly on the task, as
observed over three iterations. The output expla-
nations produced by MentalLLaMA are unrecog-
nizable, and it mostly predicts all the MI sessions
as "LOW," which is the minority class. This lapse
in the performance of the MentalLLaMA being
SOTA model highlights a clear research gap in
low-resource domains such as mental health, and
it raises concerns about the model’s reliability and
readiness for domain-specific NLP downstream
tasks. It also indicates the need to enrich the low-
resource domain to investigate optimal practices
for generating high-quality data, enabling LMs and
LLMs to better interpret the nuances and intrica-
cies of the complex domain, leading to reliable
performance.

4.2 Classifiers performance with PG-based
augmented datasets

The performance of the three classifiers with each
of the 13 LLM-augmented datasets is summarized
in Table 1. For ease of interpretation, the best-
performing augmented dataset and models are high-
lighted in bold. Table 1 shows that most of the
LLM-augmented datasets have improved the em-
ployed LMs’ accuracy compared to the baseline.
For instance, BigBird has improved by 5.88% with
Llama 3.2, Longformer by 17.65% with Smollm2,
and ModernBERT by 2.94% with Nemotron-Mini.
It is also noteworthy that the baseline performance
of ModernBERT is significantly higher and the

highest among the three LMs, which emphasizes
the efficient architecture of ModernBERT, designed
to reduce bias and pay particular attention to effi-
ciency. Also, peculiarly, Longformer has the lowest
baseline performance, but augmentation shines and
improves its performance by a noteworthy 17.65%.

4.3 Classifiers Performance with TT-based
augmented datasets

The performance of each of the three classifiers
with each of the 5 NLP-augmented datasets is
summed up in Table 3 in Appendix G. The best-
performing data and models are highlighted in
bold. As evident from Table 3, most of the NLP-
augmented datasets have also improved the LMs’
accuracy compared to the baseline. For instance,
BigBird has improved by 5.88% with Backtrans-
lation, Longformer by 17.65% with ProtAugment
and Tweet style, and ModernBERT by 2.24% with
Backtranslation. Besides the best performance, the
"Basic style" is consistently the lowest performer.
Additionally, in retrospect, Longformer has the
lowest baseline performance, and augmentation
has been very useful, yielding an improvement of
17.65%.

4.4 Performance of LMs with mixed
augmented dataset

To evaluate the generalization capability of LMs
over diversified data, i.e., the training dataset
containing mixed-style synthetic data, we used
a combination for LLM- and NLP-augmented
datasets. From LLM, we have Nemotron-Mini(4B)
and Phi4(14B), the best performers averaged over
all experiments. Similarly, from NLP-augmented
datasets, we select Backtranslation, ProtAugment
and Tweet style for the best performance (averaged
over all experiments). The performance of each
of the three classifiers individually with the mixed
LLM- and NLP-augmented dataset is presented in
Table 2 and the best-performing data and models
are highlighted in bold. The LMs BigBird and
Longformer have improved their performance with
the mixed, augmented dataset. To be specific,
BigBird has observed an increase of 3.64% in
accuracy with combined LLM-augmented data
and Longformer has scored a 17.65% increase
in accuracy with LLM-augmented data. As
mentioned before, ModernBERT, being SOTA
and a robust model, has set the highest baseline
score among the LMs. Therefore, it is imperative
to fine-tune ModernBERT on high-quality data to



Model Augmented Data Acc  Bal. Acc. F1 Prec Rec
AnnoMI (Base Data) | 0.8824  0.9231  0.8892 0.9216 0.8824
ChatGPT (4.0) 0.7647  0.5000 0.6627 0.5848 0.7647
DeepSeek (v3) 0.7059  0.5048 0.6674 0.6451 0.7059
Gemini-Flash 0.8824  0.7500  0.8669 0.8980 0.8824
Llama3.1 (70B) 0.7941  0.6923  0.7892 0.7859 0.7941
Llama3.2 (3B) 09412 09183 09412 0.9412 0.9412
BigBird Llama3.3 (70B) 0.8529  0.6875  0.8260 0.8767 0.8529
Mistral-Nemo (12B) | 0.8235  0.6250  0.7797 0.8566 0.8235
Nemotron-Mini (4B) | 0.8824  0.7933  0.8761 0.8789 0.8824
Phi4 (14B) 09118  0.8125 0.9040 0.9209 0.9118
Qwen2.5 (32B) 0.8235 0.6683  0.8004 0.8137 0.8235
Qwen2.5 (72B) 0.7647  0.5000 0.6627 0.5848 0.7647
Smollm2 (1.7B) 0.7941  0.5625 0.7263 0.8378 0.7941
AnnoMI (Base Data) | 0.7647  0.5000  0.6627 0.5848 0.7647
ChatGPT (4.0) 0.7647  0.5000  0.6627 0.5848 0.7647
DeepSeek (v3) 0.8529  0.7308  0.8400 0.8475 0.8529
Gemini-Flash 0.7647  0.5000  0.6627 0.5848 0.7647
Llama3.1 (70B) 0.7647  0.5000 0.6627 0.5848 0.7647
Llama3.2 (3B) 0.7647  0.5000  0.6627 0.5848 0.7647
Longformer Llama3.3 (70B) 0.7647  0.5000 0.6627 0.5848 0.7647
Mistral-Nemo (12B) | 0.8824  0.7500  0.8669 0.8980 0.8824
Nemotron-Mini (4B) | 0.7941  0.8221  0.8077 0.8550 0.7941
Phi4 (14B) 0.8529  0.7308  0.8400 0.8475 0.8529
Qwen2.5 (32B) 0.8235  0.6683  0.8004 0.8137 0.8235
Qwen2.5 (72B) 0.8235  0.7548  0.8235 0.8235 0.8235
Smollm2 (1.7B) 09412 0.8750  0.9381 0.9454 0.9412
AnnoMI (Base Data) | 0.9118  0.8125  0.9040 0.9209 0.9118
ChatGPT (4.0) 0.8529  0.6875  0.8260 0.8767 0.8529
DeepSeek (v3) 0.8824  0.8365 0.8824 0.8824 (.8824
Gemini-Flash 0.7941  0.6490 0.7760 0.7740 0.7941
Llama3.1 (70B) 0.8529  0.7740  0.8494 0.8478 0.8529
Llama3.2 (3B) 0.7647  0.5865  0.7339 0.7294 0.7647
ModernBERT | Llama3.3 (70B) 0.7941  0.6058  0.7564 0.7736 0.7941
Mistral-Nemo (12B) | 0.8529  0.8173  0.8558 0.8604 0.8529
Nemotron-Mini (4B) | 0.9412  0.8750  0.9381 0.9454 0.9412
Phi4 (14B) 09118 0.8125 0.9040 0.9209 0.9118
Qwen2.5 (32B) 0.8235  0.6683  0.8004 0.8137 0.8235
Qwen2.5 (72B) 0.8824  0.7500  0.8669 0.8980 0.8824
Smollm2 (1.7B) 0.8529  0.7308  0.8400 0.8475 0.8529

Table 1: Classification Metrics for different models and LLM-generated augmented data.



further improve performance on mixed training
data.

Across experiments, session-level PG consis-
tently improves balanced accuracy over utterance-
level TT, particularly for minority-class MI ses-
sions, indicating that long-range discourse is criti-
cal for MI quality modeling.

5 Evaluation Scheme and
LLM-generated Data Analysis

This section presents the evaluation scheme we
developed, centered on the experimental setup and
dataset, and how we implemented it, followed by a
detailed explanation of each LLM’s performance.

5.1 Evaluation scheme development

For the quantitative and qualitative evaluation of
LLMs, we developed a novel evaluation scheme
with the help of a domain expert. In the evaluation
scheme, we parameterize the attributes of MI ses-
sions to capture the full spectrum of their quality
and content. The evaluation scheme is applied to
the representative sample taken from Dy, ;, and
each of the Dgyg,1m containing original M 1,4,
and synthetic MI sessions M I,,,.. The outcome is
the average score over the representative sample.

* Semantic Drift: It refers to the change in
the meaning of words or phrases over time or
across contexts. In our case, we use it to indi-
cate how much semantic deviation happened
in M Iy, with respect to (w.r.t) to MIyg..
It is measured on a scale of High, Moderate,
and Low.

¢ Hallucination: It refers to the false or un-
supported information generation w.r.t to the
input data. We use it to observe how often
M1y, has made the wrong interpretation of
the therapeutic notion w.r.t M I, . It is mea-
sured on a scale of High, Moderate, and Low.

* MI Session Length: We use this parameter
to observe if extreme changes in the length
of M Iy, w.r.t M1y, are significantly con-
tributing to the quality and false semantic de-
viation in M Iy, . It is measured in Longer,
Equal to Shorter w.r.t to M1,4..

* Prompt Compliance: We use this parameter
to observe how strictly an LLM adheres to
the instructions in the prompts. It signifies

user-friendliness, input understanding, and de-
sirable output format on the LLM level. It is
measured on a scale of High, Moderate, and
Low.

* Fluency and Emotional Understanding: We
use it to refer to the naturalness, coherency,
emotional stance, and smoothness of lan-
guage in M Iy, w.rt M1,.4 . The emotional
stance here indicates if the emotion the client
or therapist displays in M I,;4. is presented
more strongly or mildly in M, . For in-
stance, if the client expresses mild tiredness
in M I,y while in M I, if perceived as ex-
tremely tired and sick, indicates Low fluency
and emotional understanding.

5.2 LLM-generated data analysis

The performance of each LLM and the LLM-
augmented data over the five parameters is pre-
sented in Table 4 placed in Appendix H, and we
have consolidated the point-to-point discussion as
follows.

* Semantic Drift: Interestingly, the LLMs
have skipped extreme semantic drift (except
Smollm2) and have only shown Moderate to
Low semantic deviation.

* Hallucination: None of the LLMs have
shown extreme hallucination. However, we
noticed different hallucination variations in
the augmented MI sessions. For instance,
Gemini introduced a pseudo-name for the
client to make the conversation flow more nat-
urally. However, it does not change the con-
text; what it does change is the client’s gen-
der, which might conflict with specific therapy
courses.

e MI Session Length: In this case, LLMs
have shown all variations on the scale, i.e.,
while Nemotron and Smollm?2 have produced
mostly extra-long MI sessions, the remaining
LLMs have generated shorter sessions. Fur-
ther, to give a fine-grain quantitative overview,
we have presented the distribution of utter-
ances per M1,y vs. M Iy, for each LLM
separately, as mentioned in Figure 3, in Ap-
pendix F.

* Prompt Compliance: None of the LLMs
showed complete ignorance or inability to
follow the prompt instruction. While some



Model Augmented Data Acc Bal. Ace. F1 Prec Rec
BigBird AnnoMI (Base Data) 0.8824 0.9231 0.8892 0.9216 0.8824
Backtranslation + ProtAugment + Tweet Style|0.8824 0.8798 0.8865 0.8975 0.8824
Nemotron-Mini (4B) + Phi-4 (14B) 0.9118 0.8558 0.9097 0.9097 0.9118
Longformer | AnnoMI (Base Data) 0.7647 0.5000 0.6627 0.5848 0.7647
Backtranslation + ProtAugment + Tweet Style | 0.9412 0.8750 0.9381 0.9454 0.9412
Nemotron-Mini (4B) + Phi-4 (14B) 0.8824 0.8798 0.8865 0.8975 0.8824
ModernBERT | AnnoMI (Base Data) 09118 0.8125 0.9040 0.9209 0.9118
Backtranslation + ProtAugment + Tweet Style | 0.8235 0.6683 0.8004 0.8137 0.8235
Nemotron-Mini (4B) + Phi-4 (14B) 0.8235 0.6683 0.8004 0.8137 0.8235

Table 2: Performance of each LM with combined LLM- and NLP-augmented datasets.

LLMs are seamless, a few exhibit moderate
difficulties in interpreting or following the
chain of instructions. The most common is-
sue is the inability to produce the desired out-
come in the prescribed format for the same
prompts. And Gemini, Llama, Mistral Nemo,
Phi4, Qwen, and Smollm2 were prone to it.

* Fluency and Emotional Understanding:
While all the LLMs have shown great fluency,
capturing the actual depth of emotions and
context is somewhat more challenging. For
instance, DeepSeek, Gemini and LLama have
been observed to elicit stronger emotional re-
sponses. Table 5 in Appendix I provides a
deeper look into each LLM’s performance and
reflects the extent of MI adherence in M I, ,
summarizing the main trends and observations
about each LLM.

6 Conclusion and Future Work

In this study, we investigate the performance of 13
LLM for in-context, human-like MI dialogue gen-
eration at the entire conversation level, of which
DeepSeek is the latest release and SOTA. We also
investigate TT-based augmentation techniques ap-
plied at the utterance level to assess whether the
context and intricacies of complex domains can
still be captured at the utterance level. Further, to
analyze the quality of LLM and TT-generated aug-
mented data, we used BigBird, Longformer, and
ModernBERT classifiers designed to process long
sequences, of which ModenrBERT is the latest re-
lease and SOTA transformer model. Our results
show for such a difficult task to perform classifica-
tion over considering an entire conversation on a
severely unbalanced and small dataset belonging

to a complex domain, the classifiers have demon-
strated exceptional performance, with the highest
balanced score being 98.08%. Then, we employ
our meticulously developed evaluation scheme
parametrized to measure semantic drift, halluci-
nation, MI adherence, prompt compliance, fluency,
context, and emotional interpretation in LLMs and
facilitate fine-grained qualitative and quantitative
analysis. As a resource contribution, we provide
the first-ever high-quality dataset containing 1764
low- and high-quality MI dialogues and 81k talk
turns between therapist and client. Based on our
empirical analysis, ChatGPT, DeepSeek, and Gem-
ini have shown impressive capabilities in using
open-ended questions to encourage exploration in
M]I, reflecting feelings, and affirming emotions to
build rapport, encouraging small, manageable steps
instead of overwhelming directives, and fostering
collaboration and autonomy, allowing the client
to choose changes and that may lead to change
talk. For future work, we aim to explore additional
domain-specific LMs, investigate possibilities for
fine-tuning LL.Ms on our data for domain-specific
NLP downstream tasks (automatic MI session an-
notation, summary generation, etc.), and further
refine our evaluation framework to extend its appli-
cability to related areas of mental health research.

Limitations

While this work presents a comprehensive bench-
mark for session-level LLM-based data augmenta-
tion in Motivational Interviewing, several limita-
tions should be acknowledged. First, although the
curated dataset is the largest session-level MI re-
source used for this type of study to date, it remains
modest in scale compared to general-domain dia-
logue corpora. The dataset also exhibits class im-



balance that reflects real-world MI practice, which
may influence classifier performance and limit gen-
eralization to settings with different label distribu-
tions.

Second, the MI sessions used in this study are
drawn from a specific clinical and cultural context.
As MI practices can vary across populations, lan-
guages, and institutional settings, the findings may
not directly generalize to other forms of counseling
or to non-English MI interactions without further
validation.

Third, our data augmentation strategies rely on
contemporary large language models whose out-
puts are inherently sensitive to prompt design, de-
coding parameters, and model updates. While
we employ standardized prompts and controlled
generation settings, different prompt formulations
or future model versions may yield varying re-
sults. In addition, despite incorporating qualitative
checks for hallucination and semantic drift, LLM-
generated data may still introduce subtle artifacts
that are not fully captured by automated evaluation
metrics.

Fourth, our evaluation focuses on downstream
MI session classification rather than clinical out-
comes or human-centered measures of counseling
effectiveness. Consequently, improvements in clas-
sification performance should not be interpreted as
direct evidence of improved therapeutic quality or
clinical utility. Any real-world deployment of such
systems would require rigorous human-in-the-loop
validation and ethical oversight.

Finally, while we examine multiple long-context
classification models, our study does not exhaus-
tively explore architectural variations or fine-tuning
strategies. Future work could investigate alternative
model designs, multilingual settings, and tighter in-
tegration of domain expert feedback during both
data generation and evaluation.
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Ethical Considerations

This work focuses on methodological evaluation
and benchmarking rather than deployment in real-
world clinical settings. All MI data used in this
study are de-identified and handled in accordance
with applicable data protection guidelines. While
our use of large language models enables scalable
data augmentation, such models may generate hal-
lucinated or misleading content, particularly in sen-
sitive mental health contexts. Accordingly, the
generated data and trained models should not be
used for diagnostic or therapeutic purposes without
rigorous human oversight. Any future application
of these methods in practice would require careful
validation, domain expert involvement, and ethical
review to ensure patient safety and responsible use.

A Related Work

The research field of integrating LLMs into ther-
apeutic settings, particularly MI, is still evolving,
and there is not much work done to answer specific
research questions (Wu et al., 2024; Yuan et al.,
2023; Li et al., 2023b; Tang et al., 2023), such
as data augmentation at the MI session level, us-
ing LL.Ms for mass annotation tasks, etc. In fact,
since 2016, only a few works (Pérez-Rosas et al.,
2016; Welivita and Pu, 2022; Kumar et al., 2023;
Wu et al., 2023) have contributed to the develop-
ment of public datasets, as mentioned in (Sun et al.,
2024). (Balloccu et al., 2024a) can be considered a
holistic work to generate the HAI-Coaching dataset
by collecting approximately 2,400 real-world di-
etary struggles and around 97,000 supportive re-
sponses using LL.Ms, evaluated by nutrition ex-
perts for safety and quality. Among a few available
works, (Basar et al., 2025) evaluates the ability of
LLM:s to generate reflective listening responses in
MI dialogues. The study assesses whether LLM-
generated responses align with human therapists’
reflections and effectiveness in therapeutic con-
versations. Early credits can be given to (Brown
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et al., 2023) to invoke MI-based conversation to
help smokers move toward quitting smoking. In
the subsequent work, (Brown et al., 2024) inves-
tigates how LLMs can be fine-tuned to generate
Ml-style reflections for use in therapeutic chatbots.
It evaluates the effectiveness of Al-generated reflec-
tions in maintaining engagement and supporting
behavior change. The work in (Basar et al., 2024)
focuses on the quality, coherence, and therapeu-
tic value of Al-generated reflections compared to
human-generated ones. It provides insights into
how LLMs can generate meaningful reflections in
counseling. As evident from the above works, there
are several gaps in the research of LLM integration
in effective and reliable healthcare services. There-
fore, with this work, we aim to provide a clear path
to integrate LLMs in the therapeutic scenario for
benchmarking, data augmentation, automatic eval-
uation of MI sessions, using SOTA, and further
improvement.

B High- and Low-quality MI Sessions
Risk Minimization Problem
Defining An Augmenter for TTs

Prompt-based Generation Example

=oE O A

Distribution of Talk-turns in
LLM-LLM-augmented datasets

Q

Classification Metrics For Different
Models and LLLM-generated
Augmented Data.

H Evaluation Scheme MI Dialogues
Generated by LLMs

I Fine-grained Evaluation of LLMs
Performance
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@ MI Dialogue (High-quality) \( MI Dialogue (Low-quality) h

Therapist What else has brought you here? Therapist Hi. You are?

Client  They found a little bag of weed. Client  Yeah.

Therapist Mm-hmm. Therapist Okay. Um, what brings you in?

Client  It's not like I was gonna sell it or anything. It's like Client Well, I'm supposed to come to learn about my--

Therapist Just enough for your own use? how to manage my diabetes. Just got diagnosed.
Mm-hmm. I see- I see that your A1C or your

. Yeah, whatever, you know. It's California, no one :
Client ares. Therapist,; 4 glucose is very high.
Therapist Yeah. Yeah. Yeah. se ey ey T RS SR
Client  How long is this gonna take? That's, uh, that's a huge amount of stuff to do and,

I'm not- I'm not certain I can do all that, and on
top of it, it's-it's-- if I don't get it all done, all this
stuff happens to me?

ter wan ne we mun wes wes wee Client

Okay, mm-hmm. Well, I'm wondering then if it's
okay with you and-and I have a form that we can use
if you'd like, um, just to put out some different ideas
Therapist °1 21 agenda that we could share as we're working
together so that I-I can support you to be successful
in getting this behind you. Would-would this feel A ) )
like a natural time to-to move towards figuring out Therapist number is very high.

where we might go together? Client Well, I-1
. ght go tog VAN J

Therapist So, it sure can.
[sighs] So, uh, you know, we-we need to start
Client looking at doing all those different things to get
your diabetes under control 'cause your-your

Figure 1: A sample of a). high-quality and b) low-quality MI sessions.

0"(¢) = argmin > L(fo(T'(5)),q)

(SuQ) EDtrain U¢(Dtrain)

¢" = argmin > 1fer)(T(S)) — 4

(S’q) EDtest

3)

Where L(-, -) is a training loss function for classification tasks, e.g., binary cross-entropy. In other words,
our objective is to identify the augmenter that can raise the bar in MI quality classification by minimizing
the misclassification error on a fixed testing set.

$7r(Si) = 7 (tin, tia, - tin,) = (Ppr(tin), $prp(tia), - -, Srr(tins,))
L L
dr7(Dirain) = {(677(5:), @)}, = {(&rr(tin), -, Srr(ting,)) s @i},
Where ¢l : R® — R® denotes a TT sub-function that operates at the talk level. Note that the TTs
adopted at the utterance level imply |Dayg| = |Dirain|, unless ¢ is repeatedly applied to the same talk.
In other words, we constrained TTs augmenters to generate the same amount of utterances included in the
original training set, maintaining also the same order.

“
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e System Prompt \
You are an expert psychologist specializing in motivational interviewin% with
exceptional rephrasing abilities and a deep understanding of therapeutic
techniques.

Your task is to rephrase each line of a therapy session to enhance clarity,
empathy, and professional tone without altering the core meaning or intent of
the conversation.

Task Instructions:

- Review the context of each interaction between the client and therapist.
- Identify implicit emotional or cognitive themes in the client’s responses.
- Rephrase each line to improve tone, empathy, or clarity, reflecting
motivational interviewing principles, including open-ended questions,
reflective listening, and affirmation.

- Do not create any new content or expand on any ideas.

Chain of Thought Process:

- Step 1: Carefully review each client and therapist utterance.

- Step 2: Interpret the client’s underlying emotions or cognitive themes.

- Step 3: Rephrase each response thoughtfully, ensuring it aligns with the
original meaning while subtly improving the dialogue.

- Step 4: Preserve the original conversational flow and structure without
adding new lines or content.

Output Format:
- Respond only with rephrased dialogue lines in the format:

Therapist: [rephrased therapist response]

Client: [rephrased client response]

- Avoid any narrative descriptions, explanations, or additional text outside of
the direct dialogue lines.

User Prompt

Please rephrase the following therapi/] session, focusing on improving clarity,
empathy, and tone while preserving the original meaning and flow.

Here is the session to rephrase:

1

1

1

1

1

1

1
Client: I've been feeling like my wife has been on my case a lot lately about :
improving my health habits, but to be honest, | don't really see what the issue is. |\
Therapist: Just to make sure | understand, you're feeling a bit puzzled by your 1
wife's concerns about your health habits? !
Client: Yeah, | feel fine. | mean, my job is physically demanding, so I'm always on :
the go and sweatini out anything unhealthy / m/;g t eat. .
Therapist: That makes sense. It sounds like you're relying on your physical |
activity to balance out your diet. |
1

Provide only rephrased dialogue in the format: 1
Therapist: [rephrased therapist response] !
Client: [rephrased client response] :
1

1

1

1

1

1

1

1

1

1

1

Do not add new dialogue or text outside the provided lines.

LLM Output

Therapist: Just to clarify, it sounds like you're feeling uncertain about why your
wife is so concerned about your health habits

Client: Yeah, | feel fine. My job keeps me physically active, so | figure I'm

burning off anything unhealthy | eat.

Therapist: | see. It sounds like you rely on your level of physical activity to
counterbalance your diet. ’

Figure 2: A structured chat interface showcasing a system prompt, user prompt, and LLM output in a MI rephrasing
task. The system prompt instructs the model to enhance clarity, empathy, and professional tone while preserving
meaning. The user provides a sample therapy session, and the LLM generates a refined version, demonstrating its
ability to improve conversational quality while maintaining fidelity to the original dialogue.

14



AnnoMI vs Chatgpt4
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Figure 3: Distribution of the number of turn talks for each M I,,;4. vs M I, for all LLM-augmented datasets.
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Model Augmented Data Acc  Bal. Acc. F1 Prec Rec
AnnoMI (Base Data) | 0.8824 0.9231 0.8892 0.9216 0.8824
Backtranslation 0.9706 0.9808 0.9712 0.9739 0.9706
BigBird Basic style 0.8529 0.7308 0.8400 0.8475 0.8529
ProtAugment 0.9412 0.8750 0.9381 0.9454 0.9412
Synonym substitution | 0.8235  0.6250  0.7797 0.8566 0.8235
Tweet style 09118 0.8558 0.9097 0.9097 009118
AnnoMI (Base Data) | 0.7647 0.5000 0.6627 0.5848 0.7647
Backtranslation 0.8824  0.8798  0.8865 0.8975 0.8824
Longformer Basic style 0.7941 0.5625 0.7263 0.8378 0.7941
ProtAugment 09412 09183 0.9412 0.9412 0.9412
Synonym substitution | 0.8235 0.7548 0.8235 0.8235 0.8235
Tweet style 0.9412 0.9183 0.9412 0.9412 0.9412
AnnoMI (Base Data) | 0.9118 0.8125 0.9040 0.9209 009118
Backtranslation 0.9412 0.9183 0.9412 0.9412 0.9412
Basic style 0.7941 0.6490 0.7760 0.7740 0.7941
ModernBERT | 1, A ugment 0.8235 0.6683 0.8004 0.8137 0.8235
Synonym substitution | 0.8529  0.7308  0.8400 0.8475 0.8529
Tweet style 0.9118 0.8558 0.9097 0.9097 0.9118
Table 3: Classification Metrics for different models and NLP-augmented data
Model Semantic Drift ~ Hallucination Session Length Prompt Compliance Fluency & Emotion
High | Avg | Low | High | Avg | Low | Longer | Equal | Shorter | High | Avg | Low |High|Avg| Low
ChatGPT v v v v v
DeepSeek v v v v v
Gemini v v v v v
Llama v v v v v
Mistral Nemo v v v v v
Nemotron Mini v v v v v
Phi-4 v v v v v
Qwen v v v v v
SmolLM2 v v v v v

Table 4: Evaluation scheme for analyzing the quality of synthetic MI dialogues generated for each LLM.
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Model Semantic Drift | Hallucination | MI Session | MI Adherence | Fluency &
Length Emotion
ChatGPT Very low drift,| Minimal hallu-| Matches Excellent com-| Highly fluent
preserves origi-| cination, rarely | original pliance with MI | with strong
nal intent adds content length structure emotional
closely understand-
ing
DeepSeek Moderate drift,| Rare hallucina-| Slightly con-| Adheres to MI | Fluent but
restructures re-| tion but simpli-| densed com-| but compresses | lacks natural
flections fies responses | pared to orig-| content expressive-
inal ness
Gemini Flash | Minimal drift,| Rare, but adds | Slightly Strong  adher-| Highly fluent
sometimes motivational longer due to | ence but slightly | with  emo-
reinterprets tone | cues clarifications | directive tional depth
Llama Moderate drift, | Occasionally Inconsistent, | Follows MI | Fluent but
explains rather | adds interpreta-| some re-| structure ~ but | robotic  in
than reflects tions sponses very | shifts therapist | phrasing
brief tone
Mistral Nemo | Moderate drift,| Occasionally Inconsistent, | Adheres to MI | Fluent
rewords client | adds emotional | some re- | but can be direc-| but  lacks
intent details sponses long | tive emotional
nuance
Nemotron Mini | Low-Moderate | Rare hallucina-| Mostly Good adherence | Fluent
drift, moderate | tion but adds de-| longer than | but over expla-| but lacks
rewording tails original nation emotional
context
Phi4 Low-moderate | Adds clarifica-| Slightly Strong MI | Well-
drift, reframes |tions, making |longer than | adherence but | structured
statements responses original overuses affir-| with  mod-
longer mations erate  emo-
tional depth
Qwen2.5 Low drift, over-| Avoids halluci-| Shorter, Good adherence | Fluent  but
summarizes at | nation but loses | condenses | but loses open-|less expres-
times nuance responses ended depth sive
Qwen2.5 Minimal drift, | Doesn’t add but | Generally Good com-| Fluent but
slight rewording | removes details | shorter than | pliance but | lacks emo-
original oversimplifies | tional depth
Smollm2 Moderate-High | Moderate hallu-| Mostly Adheres to MI | Fluent
drift,  restruc-| cination, adds |longer than | but expands con-| but lacks
tures statements | extra details original tent emotional
context

Table 5: An intuitive evaluation of LLMs based on the LLM-augmented data performance.
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