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Abstract
Objective: To develop and evaluate an automated classification system for labeling Exposure Process Coding System (EPCS) quality codes— 
specifically exposure and encourage events—during in-person exposure therapy sessions using automatic speech recognition (ASR) and natural 
language processing techniques.
Materials and Methods: The system was trained and tested on 360 manually labeled pediatric Obsessive-Compulsive Disorder (OCD) therapy 
sessions from 3 clinical trials. Audio recordings were transcribed using ASR tools (OpenAI’s Whisper and Google Speech-to-Text). Transcription 
accuracy was evaluated via word error rate (WER) on manual transcriptions of 2-minute audio segments compared against ASR-generated tran
scripts. The resulting text was analyzed with transformer-based models, including Bidirectional Encoder Representations from Transformers 
(BERT), Sentence-BERT, and Meta Llama 3. Models were trained to predict EPCS codes in 2 classification settings: sequence-level classifica
tion, where events are labeled in delimited text chunks, and token-level classification, where event boundaries are unknown. Classification was 
performed either with fine-tuned transformer-based models, or with logistic regression on embeddings produced by each model.
Results: With respect to transcription accuracy, Whisper outperformed Google Speech-to-Text with a lower WER (0.31 vs 0.51). For sequence 
classification setting, Llama 3 models achieved high performance with area under the ROC curve (AUC) scores of 0.95 for exposures and 0.75 
for encourage events, outperforming traditional methods and standard BERT models. In the token-level setting, fine-tuned BERT models 
performed best, achieving AUC scores of 0.85 for exposures and 0.75 for encourage events.
Discussion and Conclusion: Current ASR and transformer-based models enable automated quality coding of in-person exposure therapy 
sessions. These findings demonstrate potential for real-time assessment in clinical practice and scalable research on effective therapy methods. 
Future work should focus on optimization, including improvements in ASR accuracy, expanding training datasets, and multimodal data integration.

Lay Summary
In this study, we developed an automated system to label important therapy events, such as exposures and encourage, during pediatric Obsessive- 
Compulsive Disorder (OCD) treatment sessions. The system combined automatic speech recognition (ASR) with modern natural language process
ing tools. We analyzed 360 therapy sessions from 3 clinical trials. Audio recordings were transcribed using ASR software (OpenAI’s Whisper and 
Google Speech-to-Text), and transcription accuracy was measured. OpenAI’s Whisper produced more accurate transcripts than Google Speech-to- 
Text, with fewer errors. The transcriptions were then processed with advanced machine learning models, including BERT, SBERT, and Meta Llama 
3, to predict therapy events. Two approaches were tested: one where events were labeled in text chunks, and another where the system had to 
detect event boundaries on its own. In the chunked setting, Llama 3 achieved the strongest results, especially for identifying exposure events. In 
the boundary-detection setting, fine-tuned BERT models performed best. Overall, the system showed that current ASR and transformer-based 
models can reliably code therapy quality. This approach could support real-time feedback for clinicians and help scale research on effective therapy 
practices. Future improvements may come from better transcription tools, larger training datasets, and combining multiple data sources.
Key words: cognitive behavioral therapy; anxiety; obsessive-compulsive disorder; natural language processing; transformer models; automatic speech 
recognition; large language models. 

Introduction
Exposure therapy, a form of Cognitive Behavioral Therapy 
(CBT), is a first-line treatment for Anxiety and Related Disor
ders (ARDs) such as Obsessive-Compulsive Disorder (OCD) 
and Post-Traumatic Stress Disorder (PTSD),1–3 yet its use in 

real-world settings is limited and often inconsistent.4–6 Scal
able validated tools for assessing exposure delivery are lack
ing, limiting quality monitoring in both clinical care and 
research.7–10 To address this gap, we previously developed 
and validated the Exposure Process Coding System (EPCS), 

Received: August 7, 2025; Revised: October 1, 2025; Accepted: October 2, 2025 
Published by Oxford University Press on behalf of the American Medical Informatics Association 2025.   
This work is written by (a) US Government employee(s) and is in the public domain in the US. 

JAMIA Open, 2025, 8(6), ooaf127 
https://doi.org/10.1093/jamiaopen/ooaf127 
Research and Applications 



an observer-rated framework for identifying therapist and 
patient behaviors during in-session exposure tasks.11–13

EPCS demonstrated strong inter-rater reliability and predic
tive validity, providing a structured alternative to clinician 
self-report for measuring exposure quality.

Despite the promise of this approach, EPCS is resource- 
intensive and infeasible for use in practice settings. The 
presence of exposures itself is often challenging to assess, 
requiring considerable training for the people coding it. 
Although EPCS is particularly burdensome by virtue of its 
micro-analytic approach, this level of detail may be valuable 
for capturing the complex, dynamic processes unfolding in 
psychotherapy. As such, detailed but low-burden methods 
may be particularly important for assessing treatment 
quality.

Recent advances in Artificial Intelligence (AI), including 
Natural Language Processing (NLP), are particularly well- 
suited for handling moment-to-moment data, and have 
strong potential to reduce the burden of treatment delivery 
measurement. NLP enables the quantitative analysis at scale 
of unstructured text, capturing clinically significant linguistic 
features by transforming words into numerical and graphical 
representations. NLP capabilities have been increased by 
advances in deep learning, in particular the emergence of 
Transformer-based models like BERT,14 RoBERTa,15 Distil
BERT,16 as well as sequence-to-sequence models, longer 
document architectures, and Large Language Models (LLMs) 
such as Open AI’s Generative Pre-trained Transformer 
(GPT)17 or Meta’s Large Language Model Meta AI 
(Llama),18,19 among others. These models can be used as the 
basis to develop models capable of performing tasks such as 
intervention revision, session summarization, or data 
augmentation.

A handful of studies have already used NLP to detect 
aspects of psychotherapy delivery.20–23 In the largest study to 
date, Ewbank et al. used deep learning methods to label 
broad CBT delivery categories in online, text message-based 
CBT sessions.24 Leveraging the increased statistical power of 
these large-scale automated labels, the quantities of specific 
techniques deployed were linked directly with outcomes. 
Results demonstrated that therapist utterances could be clas
sified into delivery categories that predicted clinical results. 
Although these findings are promising, most psychotherapy 
sessions do not occur through text messaging, as these did; 
this is a major challenge for existing approaches. Addition
ally, most work in this area has focused on validation of NLP 
methods against globally-rated general CBT delivery factors 
(ie, using a Likert-type scale at the session level). While these 
features are valuable, they might miss specific, important 
process-related events, such as the presence of an exposure.

The goal of this study is to develop a set of NLP methods 
designed to automatically capture 2 key exposure delivery 
techniques, using audio recordings from in-person, exposure- 
based CBT sessions. Specifically, we use transformer-based 
models and LLMs to accurately predict moment-to-moment 
presence of exposure tasks, and therapist use of techniques 
that encourage patient approach behavior within an exposure 
task. These can be used to calculate the amount of exposure 
delivered and therapist time encouraging approach behavior, 
respectively. Each of these delivery features has been a strong 
predictor of clinical outcomes in prior studies.13,25 We 
hypothesize that NLP methods will reliably detect exposure 
events and a within-exposure therapist technique 

(encouraging patients to approach the object of exposure), as 
compared with EPCS data from human coders. If this auto
mation effort is successful for these 2 EPCS codes, the techni
que could be generalized to encompass all EPCS codes 
defined by Benito et al. 2012.11 We focused on open-source 
transformer-based models and LLMs deployable on our own 
servers, which avoids concerns related to protected health 
information (PHI) or personally identifiable information 
(PII).

Materials
Dataset
Audio recordings from therapy sessions of 116 youth with 
OCD were used in this study, including 111 participants with 
exposure therapy and EPCS coding from 3 multisite Pediatric 
OCD Treatment Studies (POTS)26–28 at Brown University, 
the University of Pennsylvania, and Duke University,12,13

along with 5 additional POTS participants who did not 
receive exposure during any treatment sessions, included so 
as to have some sessions entirely without exposure. On aver
age, participants contributed 4.0 ± 3.1 sessions (mean ± 
SD), selected to equally represent early (32%), middle (32%), 
and late (36%) treatment phases. Further details of our data
set are shown in Appendix A Table S1.

Splitting the dataset
We split the dataset into training, validation, and test subsets 
using a stratified approach based on session counts per site 
and study (Table 1). Approximately two-thirds of sessions 
were assigned to training, with the remainder split evenly 
between validation and test sets. The training set was used 
for model development, the validation set for model selec
tion, and all results in Experiments and Results Section reflect 
performance on the held-out test set.

We provide a detailed breakdown of the dataset splits for 
both sequence and token classification tasks in Table 2. This 
table presents the total number of sequences and tokens for 
each event type (Exposure and Encourage), the relative pro
portions of each class, and how these were allocated across 
the training, validation, and test sets. Percentages indicate 
both the class distribution and the proportion assigned to 
each dataset split. The sequence-level datasets are either 
balanced or moderately imbalanced across classes (eg, 
non-exposure vs exposure: 65% vs 35%). In contrast, the 

Table 1. Stratified split of EPCS sessions by site (Brown University, 
University of Pennsylvania, Duke University) and study (POTS I, POTS II, 
POTS Jr.) into training, validation, and test subsets.

Sessions
Site Study Training Validation Test

Brown University POTS I 0 0 0
POTS II 69 19 18
POTS Jr. 56 13 11

University of  
Pennsylvania

POTS I 13 3 3

POTS II 8 2 2
POTS Jr. 24 5 4

Duke University POTS I 23 5 5
POTS II 19 4 5
POTS Jr. 32 8 9

Total* 244 59 57

* Total number of sessions in the three subsets: training, validation, and test.

2                                                                                                                                                                                               JAMIA Open, 2025, Vol. 8, No. 6 

https://academic.oup.com/jamiaopen/article-lookup/doi/10.1093/jamiaopen/ooaf127#supplementary-data


token-level datasets are much more imbalanced, for both 
sequence and token classification. In particular, the non- 
exposure tokens make up 80% of the corpus, leaving only 
20% exposure tokens. The non-encourage tokens constitute 
78% of the data compared to just 22% encourage tokens. 
Such imbalance is important to consider during training, as it 
may bias models toward the majority classes if not properly 
addressed.

Annotation and coding
We conducted 2 types of annotation to support our study. 
First, manual transcripts were created to evaluate automated 
speech recognition (ASR) accuracy. Second, EPCS codes were 
applied to identify therapist behaviors, particularly exposure 
and encourage events, providing labeled examples for classifi
cation models development.

Annotation of manual transcripts for speech recognition
We manually transcribed 2-minute segments from 40 ran
domly selected sessions to serve as “ground truth” for ASR 
evaluation in terms of Word Error Rate (WER), a standard 
performance metric for ASR systems. Lower WER values 
indicate better ASR performance, with a WER of 0 represent
ing a perfect transcription. Four transcribers participated; 
one was designated the “criterion transcriber” who under
took the transcription of 10 2-minute segments that each of 
the other transcribers had already completed. Additionally, 
the criterion transcriber transcribed 10 segments they had 
previously transcribed for a second time, to assess potential 
drift. Inter- and intra-rater reliability were calculated using 
Cohen’s kappa coefficient (κ),29 defined as 1 minus the WER, 
calculating one value per file and then averaging across files. 
Each pair of transcribers had a mean κ between 0.6 and 0.8. 
Figure 1 presents a histogram of the file-wise Cohen’s kappa 
values for each transcriber and the criterion transcriber 
(Transcriber 1�).

Annotation of therapist behaviors using EPCS codes
A 5-person team at Brown University used the EPCS system to 
code session recordings. The team consisted of 4 

undergraduate-level research assistants and one post-doctoral 
fellow. EPCS coders underwent comprehensive training to meet 
established criteria, as described in Benito et al. (2018)12 and 
Benito et al. (2021).13 This training encompassed a range of 
activities, such as thoroughly reading the EPCS manual, observ
ing seasoned coders in action, coding under the supervision of 
experienced coders, and independently coding training videos 
until achieving a set standard (a reliability of κ or intraclass cor
relation coefficients, ICC, >70% across all codes). Ongoing 
training included weekly meetings to discuss EPCS implementa
tion and prevent coder drift, double-coding a minimum of 10% 
of videos for reliability, and review of an additional 10% of vid
eos by the team’s lead therapist.

This study focused on 2 EPCS codes: Exposure Event and 
Encourage Approach. The start of an Exposure Event was 
defined as the point when at least one of the following 
occurred: the therapist indicating the start of exposure, a 
clear presentation of an exposure stimulus, or at least 2 
present-focused difficulty ratings (eg, SUDS, a Subjective 

Table 2. Distribution of datasets used for sequence classification (fixed text segments) and token classification (dynamic text segments).

For sequence classification (number of segments)

Events Details Total Training Validation Test

Exposure All Segments 1006 (100%) (68%) 683 (16%) 165 (16%) 158
Class 0 (Non-exposure) 649 (65%) 441 106 102
Class 1 (Exposure) 357 (35%) 242 59 56

Encourage All Segments 15 209 (100%) (68%) 10 274 (14%) 2164 (18%) 2771
Class 0 (Non-encourage) 7735 (51%) 5225 1104 1406
Class 1 (Encourage) 7474 (49%) 5049 1060 1365

For Token Classification (number of tokens)

Events Details Total Training Validation Test

Exposure All Tokens 2 191 848 (100%) (67%) 1 478 007 (16%) 351 298 (17%) 362 543
Class 0 (Non-exposure) 1 749 500 (80%) 1 182 780 287 722 278 998
Class 1 (Exposure) 442 348 (20%) 295 227 63 576 83 545

Encourage All Tokens 442 348 (100%) (67%) 295 227 (14%) 63 576 (19%) 83 545
Class 0 (Non-encourage) 343 304 (78%) 228 433 48 826 66 045
Class 1 (Encourage) 99 044 (22%) 66 794 14 750 17 500

For each event type (Exposure and Encourage), the total number of segments/tokens, the relative proportions across classes (Class 0 and Class 1), and the 
allocation into training, validation, and test splits are provided. Percentages indicate both the relative class distribution and the proportion assigned to each 
dataset split.

Figure 1. Stacked histogram of file-wise inter-transcriber Cohen’s kappa 
values (n¼ 40, 2-minute excerpts). Transcriber 1 is the criterion 
transcriber (�).
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Units of Distress Scale, [SUDS]). (A SUDS rating that quanti
fies a person’s distress on a scale from 0 to 10, with 10 being 
the most distress). The end of an Exposure Event was defined 
as the point when at least one of the following occurred: the 
therapist indicated the exposure was over, there was a 
removal of the exposure stimulus, or there was a shift in the 
session focus to another topic. The code Encourage 
Approach was defined as facilitating physical or mental con
tact with the exposure stimulus, including redirection (eg, 
“Try to keep looking at the picture”), discouraging avoidance 
(eg, “Remember to resist the urge to ask for reassurance”), 
requests to describe the fear content (eg, “What are the wor
ries saying right now?”), discussion of the stimulus (eg, “Ok, 
we’ve got the trash can”), or other actions aimed at keeping 
the patient engaged.

Methods
Our workflow for detecting Exposure Event and Encourage 
Approach behaviors from audio-recorded therapy sessions 
consists of 2 main steps (Figure 2): (A) Automatic Speech 
Recognition (ASR), which automatically transcribes session 
audio, and (B) Automatic Coding of Transcriptions, which 
identifies target therapist behaviors within the session.

Automatic speech recognition
We used 2 state-of-the-art ASR systems to transcribe session 
audio: OpenAI’s Whisper and Google Speech-to-Text. Whis
per is an open-source system which can be deployed locally, 
whereas Speech-to-Text is a cloud-based commercial system. 
Below, we describe both systems and their relevant features.

Whisper
Whisper is an ASR system developed by OpenAI.30,31 It is a 
multitask transformer model trained on about 680 000 hours 
of multilingual and multitask supervised data collected from 
the web. This broad training allows Whisper to perform 
robustly across a range of acoustic conditions, accents, and 
speaking styles. In addition to English transcription, the 
model supports multilingual speech recognition, speech trans
lation, and language identification. Whisper is available as an 
open-source tool, which makes it accessible for clinical 
research applications.

Google speech-to-text
Google Speech-to-Text is a cloud-based ASR service and one 
of the most widely used speech recognition systems, support
ing a range of languages and use cases.32 According to Goo
gle Assistant Help, the system incorporates 3 training 
strategies: (1) conventional learning, which uses audio data 
collected through Google services, some of which is human- 
labeled and some used for self-supervised training; (2) feder
ated learning, where models are trained directly on users’ 
devices without uploading audio to Google servers; and (3) 
ephemeral learning, which temporarily stores and processes 
audio data for training before deleting it. While Google does 
not specify how heavily each method is used, the combination 
suggests a semi-supervised neural architecture.

Automatic coding of transcriptions
The automatic coding task is framed as a binary classification 
problem: determining whether a segment of text reflects a tar
get therapeutic behavior. This problem can be addressed in 2 
different ways: prediction over fixed text segments or over 
dynamic text segments.

In the fixed segment approach, the dataset is predivided 
into sequences of text, each labeled with a binary value (0 or 
1) indicating the absence or presence of the target behavior 
(exposure or encourage). Because the segmentation is deter
mined in advance, the model operates at the level of entire 
sequences (often hundreds or thousands of tokens) and pro
duces one prediction for the entire segment (eg, whether it 
contains an exposure). While this approach works well for 
classification at a coarser level, it does not support predic
tions at a finer temporal resolution, such as for individual 
tokens or short utterances.

In contrast, the dynamic segment approach treats the task 
as token-level classification, where the model evaluates each 
token in its surrounding context to determine whether it is 
part of the therapeutic behavior. This allows for more flexible 
and fine-grained identification within text, which is crucial 
for automatically detecting when a behavioral event occurs. 
Importantly, classic representations such as BoW and TF-IDF 
are not well-suited for this setting, as they convert a 
text sequence into a single global vector and ignore word 
order and contextual information, which limits their ability 
to support per-token predictions. For such fine-grained tasks, 

Figure 2. Illustration of the automated therapy coding process, which consists of 2 main steps: (A) ASR and (B) Automatic Coding of Transcriptions. The 
latter involves 2 types of techniques—sequence and token classification—representing fixed and dynamic text segments analysis, respectively.
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models capable of capturing contextual and sequential 
dependencies remain essential.

Fixed text segments
In this approach, audio transcripts of therapy sessions were seg
mented into contiguous text sequences that occurred immedi
ately before, during, and after a positive classification event— 
either a coded Exposure or an instance of the Encourage 
approach. All contiguous text sequences were manually defined 
by time windows within each session. For instance, if a 60- 
minute session contains a single exposure event from minute 30 
to 50, the transcript is segmented into 3 contiguous sequences: 
Seq1. non-exposure from 0 to 30 minutes (Class 0); Seq2. expo
sure from 30 to 50 minutes (Class 1); and Seq3. non-exposure 
from 50 to 60 minutes (Class 0). Each sequence includes all spo
ken content within the corresponding time interval, regardless 
of whether it crosses sentence or paragraph boundaries, preserv
ing temporal context and allowing reproducibility. Each 
sequence was embedded using either classical NLP methods or 
transformer-based models, then passed to a logistic regression 
classifier for behavior prediction.

Classical embeddings: Classical embeddings provide simple 
but effective representations of text by capturing word 
occurrence patterns within each sequence. Bag-of-Words and 
TF-IDF embeddings encode each sequence as a fixed-length 
vector whose dimensionality equals the vocabulary size. In 
doing so, these embeddings ignore word order and therefore 
assume that the relevant information is the presence and 
frequency of individual words. They are computationally 
efficient and often provide a strong baseline for text 
classification tasks.

� Bag-of-Words (BoW): Represents text via word frequency 
counts. 

� Term Frequency-Inverse Document Frequency (TF-IDF): 
Weighs words or phrases based on frequency within a 
document and rarity across the corpus. 

Transformer-based embeddings: All transformer-based 
embeddings were generated by averaging final hidden-layer 
outputs across tokens. The primary differences between these 
models included the maximum number of tokens they could 
process, the size of their internal embedding representations, 
and the total number of model parameters. We describe the 
embedding methods used below, with additional details in 
Table 3.

� Bidirectional Encoder Representations from Transform
ers (BERT): Contextual word embeddings from bidirec
tional transformer pretrained on masked language 
modeling and next sentence prediction.14

� Sentence-BERT (SBERT): Fine-tuned BERT in a siamese 
and triplet network architecture for sentence-level embed
dings optimized for similarity tasks.33

� Robustly Optimized BERT Pretraining Approach (RoBERTa): 
An improved BERT variant trained on larger corpora without 
next sentence prediction.34

� MentalBERT and MentalRoBERTa: Domain-adapted 
versions of BERT and RoBERTa, further pretrained on 
mental health subreddit data (eg, “r/depression,” “r/Anx
iety,” “r/mentalillness,” “r/SuicideWatch”) to improve 
performance on psychiatric NLP tasks. 

� Large Language Model Meta AI (Llama 3): Meta AI’s 
third-generation decoder-only transformers,18,19 with 8B 
and 70B parameter models trained on 15T tokens. 
Instruction-tuned versions (eg, Llama-3.1-8B-Instruct) are 
fine-tuned with supervised and reinforcement learning for 
better alignment. 

Logistic regression: We trained logistic regression models 
to predict labels from text embeddings, using both 
unweighted and class-weighted loss functions to address label 
imbalance (errors on positive examples were weighted by the 
ratio of negative to positive examples for each label). Models 
were implemented in Python with scikit-learn,35 using L2 reg
ularization and the LBFGS and LIBLINEAR solvers. Per
formance was evaluated using 5-fold cross-validation on data 
stratified by EPCS codes. Hyperparameters were selected via 
grid search over 7 values of the regularization parameter 
C ð0:001;0:01;0:1;1:0;10:0;100:0;1000:0Þ, carried out over 
the training set in each fold. The scoring metrics for cross- 
validation were the area under the ROC curve (AUC) and 
accuracy. Higher values of AUC indicate better discrimina
tive ability, with 1.0 representing perfect performance.

Preprocessing: We considered various data preprocessing 
strategies for classic embeddings (BoW and TF-IDF), which 
affect how text is tokenized before vectorization. Tokens can 
be full words (eg, “funny”), stems (eg, “fun”), or multi-word 
terms (eg, “funny dog”). Preprocessing has been shown 
to improve classic NLP performance for various applica
tions.36–38 Specifically, we tried standard preprocessing tech
niques, including stop-word removal, n-grams (1-3 words), 
lemmatization, stemming, and restricting vocabulary to 
specific parts of speech.

These different preprocessing variants reflect assumptions 
on how varying levels of linguistic abstraction and emphasis 
on specific parts of speech influence the quality of classic 
embeddings. Using full words preserves all original lexical 
information, while lemmatization and stemming reduce spar
sity by consolidating word forms. Restricting analysis to par
ticular parts of speech, such as nouns, adjectives, or verbs, 
highlights content-carrying tokens that are more likely to 
improve classification, while removing stop words filters out 
frequent but uninformative terms, and incorporating n-grams 
captures multi-word expressions that may convey richer 
meaning than individual tokens.

For instance, words such as “embarrassing,” 
“embarrasses,” “embarrassed,” and “embarrass” would be 
treated as distinct features without lemmatization or stem
ming, each reducing frequency and potentially leading to 
sparsity, poor generalization across training and test sets, and 
increased risk of overfitting; lemmatization mitigates these 
issues by consolidating them into the single feature 
“embarrass.” Another example is the phrase “identify nega
tive thoughts”; if only unigrams (identify, negative, thoughts) 
are used, the connection between them is lost, whereas repre
senting it as a trigram preserves the contextual meaning, 
which is relevant to CBT. A summary of all preprocessing 
approaches is presented in Appendix B Table S2. We imple
mented them using NLTK39 and spaCy40; full details are 
available in our public GitHub repository.

For BERT-, SBERT-, and Llama-based models, we skipped 
this preprocessing since these models are trained to handle 
raw text and are less sensitive to such variations. While toke
nization still occurs internally, minor changes (eg, stem vs 
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lemma) have little effect. Instead, we evaluated 5 BERT-based, 
3 Llama-based, and 14 Sentence-BERT (SBERT) models.

Finally, note that this approach requires text sequences of 
a fixed length—often hundreds and thousands of tokens—for 
label prediction over the entire sequence (eg, whether it con
tains an exposure or encourage approach behavior). As a 
result, it does not support generating predictions at a finer 
temporal resolution, such as for individual tokens (words or 
expressions) or short sentences.

Dynamic text segments
In dynamic text segment classification, the goal is to classify 
each token as being part of an EPCS code (either Exposure or 
Encourage). We explored 2 approaches: (1) logistic regres
sion applied to token embeddings extracted from 
transformer-based models and (2) direct token classification 
by fine-tuning transformer-based models. In this case, the 
input dataset is token-level, also referred to as word-level, 
with each word assigned a label—Class 0 for non-exposure 
or non-encourage, and Class 1 for exposure or encourage. 
Transformer-based models rely on subword tokenization, 
such as WordPiece used in BERT14 or byte-pair encoding41

used in Llama, which can split a word into one or more sub
tokens. In these cases, all subtokens inherit the label of the 
original word they comprise, preserving consistency between 
annotations and model input. During training, the model pre
dicts labels at the subtoken level, but evaluation is aggregated 
back to the original word-level labels to maintain alignment 
with the annotated dataset. For aggregation, we use the first 
subtoken of each word, which is the most widely adopted 
approach in token classification tasks, as implemented in 
Hugging Face.

Note that text sequences were defined by time windows 
within each session. For instance, a 60-minute session with a 
single exposure event from minute 30 to 50 was segmented 
into Seq1. non-exposure (0-30 min, Class 0), Seq2. exposure 
(30-50 min, Class 1), and Seq3. non-exposure (50-60 min, 
Class 0). For token classification, each word was assigned the 

class of the sequence to which it belonged, for example, all 
words in Seq1. were labeled Class 0, all words in Seq2. were 
labeled Class 1, and so forth.

Approach 1: Transformer-based Embedding þ Logistic 
Regression: This method extracts token-level embeddings 
from transformer-based models and uses logistic regression 
to classify each token. The process involves:

� Transformer-based embeddings: Each chunk of text from 
a conversation was tokenized and passed through the 
model, producing a contextualized vector for each token. 
We used base and large versions of BERT and RoBERTa, 
as well as domain-specific models such as MentalBERT 
and MentalRoBERTa. We also included Llama models, 
including Llama-3.1-8B, Llama-3.1-8B-Instruct, and 
Llama-3.3-70B-Instruct. 

� Logistic regression: The procedure was identical to the 
logistic regression setup described in Fixed Text Segments 
Section, including 5-fold cross-validation, grid search 
over C values, and evaluation using AUC and accuracy. 
Models were trained with unweighted and weighted loss 
functions to address class imbalance. In addition, since 
the dataset was highly imbalanced (see Table 2), we 
applied undersampling of the majority class to match the 
size of the minority class. 

Approach 2: Fine-Tuning Transformer Models: In this 
approach, transformer-based LLMs were fine-tuned directly 
for token classification. Instead of relying on extracted 
embeddings, the entire model was trained end-to-end to pre
dict EPCS labels for each token within a chunk of conversa
tion text. This method leverages the model’s full contextual 
understanding during supervised training to improve token- 
level predictions. Table 3 provides an overview of the context 
lengths and hidden dimensions for the models used in our 
experiments.

We performed full training (fine-tuning) of all model 
weights. For hyperparameter tuning in our binary token 

Table 3. Context length and hidden dimension sizes for the LLMs used to generate embeddings.

Type Model

Context 
Length Dimension Parameters

SBERT all-mpnet-base-v2 384 768 109M
multi-qa-mpnet-base-dot-v1 512 768 109M
all-distilroberta-v1 512 768 82M
all-MiniLM-L12-v2 256 384 33M
multi-qa-distilbert-cos-v1 512 768 66M
all-MiniLM-L6-v2 256 384 23M
multi-qa-MiniLM-L6-cos-v1 512 384 23M
paraphrase-multilingual-mpnet-base-v2 128 768 278M
paraphrase-albert-small-v2 256 768 12M
paraphrase-multilingual-MiniLM-L12-v2 128 384 118M
paraphrase-MiniLM-L3-v2 128 384 17M
distiluse-base-multilingual-cased-v1 128 512 135M
distiluse-base-multilingual-cased-v2 128 512 135M
msmarco-MiniLM-L6-cos-v5 128 512 23M

BERT-based BERT-base (bert-base-uncased) 512 768 110M
BERT-large (bert-large-uncased) 512 1024 340M
RoBERTa (roberta-base) 512 768 125M
MentalBERT (mental-bert-base-uncased) 512 768 110M
MentalRoBERTa (mental-roberta-base) 512 768 125M

Meta-Llama Llama-3.1-8B 128K 4096 8B
Llama-3.1-8B-Instruct 128K 4096 8B
Llama-3.3-70B-Instruct 128K 8192 70B
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classification task, we explored several configurations, 
including a learning rate of [1e−5, 2e−5, 3e− 5, 4e− 5, 
5e− 5, 4e− 4], batch size of [8, 16, 32, 64], and number of 
epochs ranging from 1 to 10. We also evaluated both unbal
anced and class-balanced settings by employing Cross- 
Entropy Loss and Weighted Cross-Entropy Loss, 
respectively.

BoW, TF-IDF, and SBERT were excluded from this 
approach. These models either lack token-level resolution 
(BoW/TF-IDF) or produce pooled sentence-level embeddings 
(SBERT), making them unsuitable for token classification. In 
contrast, BERT and Llama models preserve contextual infor
mation at the token level, making them well-suited for fine- 
grained prediction. This dynamic approach extends the fixed 
segment method from Fixed Text Segments Section by sup
porting per-token predictions, offering finer temporal resolu
tion. Note that, Exposure events typically span many tokens, 
while encourage behaviors are often short and sparse (see 
Figure 3).

Preprocessing: To better capture short and fragmented 
encourage instances, we merged adjacent encourage segments 
if separated by fewer than 10 tokens (roughly 4 seconds). 
This helped preserve continuity across short pauses. Figure 3
illustrates this strategy and highlights how encourage seg
ments can occur within broader exposure events, highlighting 
the nested nature of these therapeutic techniques.

Experiments and results
Automated speech recognition
To quantify the transcription accuracy of each ASR system, 
we compared their output transcripts to the corresponding 
manual reference transcriptions (see Fixed Text Segments 
Section) and calculated the WER (#). The comparison 
revealed that Google Speech-to-Text had a WER of 
0:51±0:22 (mean ± SD) whereas OpenAI’s Whisper 
achieved a lower WER of 0:31±0:18, see Figure 4A.

We also tested the baseline Google Speech-to-Text against 
a variant using vocabulary boosting, which incorporates a list 
of common exposure-related terms expected in the sessions. 
Despite this, Whisper outperformed both Speech-to-Text 
configurations, demonstrating superior transcription quality. 
Finally, we evaluated how WER directly affects classifier per
formance. A higher WER—worse transcription quality— 
resulted in lower classification accuracy, as shown in 

Figure 4B. Based on these results, we chose to continue using 
Whisper for the remainder of the work.

Fixed text segments
Table 4 presents the top-performing results for each NLP 
approach using text sequence classification on Exposure and 
Encourage Approach events. Llama models (Llama-3.3-70B- 
Instruct and Llama-3.1-8B) outperformed other models in 
detecting exposure events, while both MentalBERT (domain- 
specific BERT variant) and Llama-3.1-8B achieved better per
formance in identifying encourage-approach events. For BoW 
and TF-IDF, the best performance was achieved using lem
mas for the exposure approach and stems for the encourage 
events, combined with 1-2 g, and without stop words. Across 
experiments with both transformer-based and classical 
embeddings, LIBLINEAR solver typically produced the best 
results, followed by LBFGS, with C¼ 0:01, for both 
unweighted and weighted loss functions.

Dynamic text segments
We compared 2 token classification methods: logistic regres
sion on pretrained token embeddings and direct fine-tuning 
of transformer models. Fine-tuning consistently outper
formed logistic regression, as shown by AUC scores in 
Table 5. Llama models performed well with embeddings but 
were not fine-tuned due to resource limits, thus, their fine- 
tuning results are not reported. For logistic regression, the 
LIBLINEAR solver most often produced the best results with 
C¼ 0:001 and the weighted loss function, followed by under
sampling, where weighting was not required. For fine-tuning, 
the best results were generally obtained with a learning rate 
of 4e−4, batch sizes of 8 or 16, a decay rate of 0.05, and 5-7 
epochs, using a weighted cross-entropy loss function.

Discussion
Principal findings
We developed a classification framework to automatically 
label EPCS quality codes during in-person exposure therapy 
sessions, aiming to enable rapid clinical quality assessment 
and accelerate research into exposure therapy effectiveness. 
We evaluated multiple NLP approaches combined with var
ied preprocessing pipelines, also assessing the impact of audio 
quality. While this study focused on 2 EPCS codes, the frame
work is extendable to other codes.

Figure 3. Conversation between a therapist and patients, consisting of �5000 tokens. Exposure occurs between tokens 3500 and 4500, along with 
encouragement in the exposure approach. Processing step for encouragement events: events are merged when the gap between them is shorter than 
10 tokens, as illustrated with red circles.
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Figure 4. (A) Histograms of the distribution of WER # of Google Speech-to-Text and OpenAI’s Whisper, across audio clips, calculated by comparing 
automatic transcriptions of those clips with manual transcriptions. Speech-to-Text was tested with and without common exposure-related words pre- 
identified (ie, “vocabulary boosting”). (B) Impact of WER on performance metrics when using BERT to detect exposure events. Average performance 
metric values for session groups defined by their WER ranges. “[0-0.25>” indicates 0≤WER<0:25.

Table 4. Results of fixed text segment classification (sequence classification) on Exposure and Encourage events: models were selected based on their 
performance during the validation phase and subsequently evaluated on the held-out test set. The best AUC results are highlighted in bold, and the 
runner-ups are underlined.

Logistic Regression
Type Models Exposure Encourage

Classic BoW 0.9186 0.6980
TF-IDF 0.9195 0.6686

SBERT all-mpnet-base-v2 0.8909 0.6881
multi-qa-mpnet-base-dot-v1 0.8951 0.7018
all-distilroberta-v1 0.9028 0.7052
all-MiniLM-L12-v2 0.8845 0.7036
multi-qa-distilbert-cos-v1 0.8869 0.6870
all-MiniLM-L6-v2 0.8908 0.7103
multi-qa-MiniLM-L6-cos-v1 0.8746 0.7061
paraphrase-multilingual-mpnet-base-v2 0.9105 0.7001
paraphrase-albert-small-v2 0.8755 0.6948
paraphrase-multilingual-MiniLM-L12-v2 0.8915 0.7014
paraphrase-MiniLM-L3-v2 0.8775 0.6934
distiluse-base-multilingual-cased-v1 0.8981 0.7211
distiluse-base-multilingual-cased-v2 0.9028 0.7210
msmarco-MiniLM-L6-cos-v5 0.8790 0.7222

BERT-based BERT-base 0.8909 0.7415
BERT-large 0.8909 0.7372
RoBERTa 0.9189 0.7397
MentalBERT 0.9004 0.7467
MentalRoBERTa 0.9111 0.7391

Meta-Llama Llama-3.1-8B 0.9293 0.7444
Llama-3.1-8B-Instruct 0.9242 0.7440
Llama-3.3-70B-Instruct 0.9534 0.7398

AUC " scores for logistic regression approaches are reported.

Table 5. Results of dynamic text segment classification (token classification) on Exposure and Encourage events: models were selected based on their 
performance during the validation phase and subsequently evaluated on the held-out test set. The best AUC results are highlighted in bold, and the 
runner-ups are underlined.

Exposure Encourage

Type Models Log. Reg. Fine-tuning Log. Reg. Fine-tuning

BERT-based BERT-base 0.7477 0.8396 0.6462 0.7381
BERT-large 0.7572 0.8538 0.6458 0.7526
RoBERTa 0.7562 0.8362 0.6508 0.7504
MentalBERT 0.7387 0.8470 0.6490 0.7494
MentalRoBERTa 0.7475 0.8393 0.6383 0.7469

Meta-Llama Llama-3.1-8B 0.7745 – 0.6609 –
Llama-3.1-8B-Instruct 0.7735 – 0.6566 –
Llama-3.3-70B-Instruct 0.7858 – 0.6724 –

AUC " scores for both logistic regression applied to token embeddings and fine-tuning approaches are reported.
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Automatic speech recognition
Whisper outperformed Google Speech-to-Text in transcrip
tion accuracy, consistent with prior reports,30 despite varia
ble audio quality in our in-person therapy recordings. Our 
dataset’s WER (averaging 0.31) was higher than typical ASR 
benchmarks (averaging 0.13), likely due to older recording 
equipment, background noise, and the predominance of child 
speech (most participants were under 14), which is underre
presented in ASR training data42,43 making the ASR models 
struggle with the vocal variability. Improved transcription 
quality (ie, lower WER) correlated with better classification 
accuracy, as shown in Figure 4B, highlighting the importance 
of ASR advances and recording quality.

Fixed text segments
For fixed-length text classification, Llama models had the 
best performance in Exposure detection (AUC¼ 0.9534), 
while MentalBERT and Llama-3.1-8B had the best perform
ance for Encourage-approach (AUC¼0.7467 and 
AUC¼0.7444, respectively).

When classifying Exposures, some of the BoW and TF-IDF 
classifiers performed as well as the BERT models (see 
Table 4). One possible reason is that certain words or tokens, 
such as phobia targets like “spider,” are highly informative, 
allowing simple term-frequency-based features to capture 
most of the predictive signals without modeling complex 
dependencies. Moreover, given the relatively small dataset, 
complex models are more prone to overfitting, while simpler 
approaches can generalize better. Our feature analysis sup
ports this interpretation, revealing that the most informative 
unigrams included “rating,” “resist,” “homework,” 
“anxiety,” “temperature,” “garbage,” “spider,” and “germ.” 
These task-specific terms are frequently used in CBT sessions 
and are strong indicators of exposures, which makes 
keyword-based methods particularly effective in this setting. 
These results highlight the importance of strong baselines, 
showing that simpler approaches can achieve competitive 
performance at lower computational cost. However, BoW 
and TF-IDF cannot be directly applied to token-level classifi
cation, which is crucial for automatically detecting when a 
behavioral event occurs. For such fine-grained tasks, models 
capable of capturing context and sequential dependencies 
remain necessary.

BERT-based models faced input length limits (512 tokens), 
requiring chunking and aggregation. This is less effective 
than using a model capable of handling long sequences—such 
as Llama, BoW, and TF-IDF—as it results in a fragmented 
global context, which means there is no way for the trans
former attention mechanism to operate between chunks. In 
contrast, Encourage-approach events tended to be shorter, 
thus, BERT models could process them in full, explaining 
their relatively better performance. BoW and TF-IDF classi
fiers seemed to be particularly sensitive to preprocessing 
choices when classifying exposures. Users should consider 
this variability when selecting their preprocessing method. 
SBERT, by contrast, performed consistently well across the 
models we tried. Overall, the results show that automating 
EPCS coding of fixed text sequences using current NLP meth
ods is promising and merits further development.

Dynamic text segments
Token-level classification compared logistic regression on 
fixed embeddings vs fine-tuned transformer models. Fine- 

tuning improved AUC by over 10%, with BERT-large 
achieving AUCs of 0.85 (Exposure) and 0.75 (Encourage). 
These results suggest that BERT-based models are effective in 
capturing nuanced therapeutic content at the token level. 
General-purpose BERT outperformed domain-specific 
variants, challenging assumptions about specialized 
pretraining.44

We also tested newer Llama models using embeddings with 
logistic regression. Llama-3.3-70B-Instruct showed promis
ing results, but its performance gains over BERT were modest 
(3%), suggesting that smaller models may suffice in many 
applications.

Token-level predictions allowed us to estimate “dosage” 
(ie, total duration of each technique), a useful metric for ther
apy tracking. The classifiers generalized across multiple sites 
and held-out participants, indicating robust performance. 
Token classification is more realistic than fixed-segment clas
sification, as it reflects real-world ambiguity in technique 
boundaries. It also addresses class imbalance, since exposures 
and encourages appear less often than other tokens, but loss 
weighting helped mitigate this issue. We plan to explore 
detection of even rarer EPCS codes.

This study validates the potential of automated coding and 
lays the groundwork for broader application. Our work has 
already begun on extending these methods to other codes and 
datasets. We also plan to test other LLM families like Mistral 
to enhance generalizability.

Practical considerations and deployment
Simpler approaches such as BoW and TF-IDF are less compu
tationally demanding than transformer-based models like 
BERT, which require specialized hardware such as GPUs. 
This highlights the practical advantage of strong baseline 
models, particularly in resource-constrained environments 
such as CPU-only setups. However, training still involves 
trade-offs, for instance, performing a grid search over multi
ple parameters can be slow on a CPU, whereas fine-tuning 
small transformer-based models can be faster on GPUs, since 
fine-tuning eliminates the need for extensive hyperparameter 
searches in logistic regression. Transformer-based models 
and LLMs differ in scale and resource requirements. BERT 
has hundreds of millions of parameters (BERT-base: 110M, 
BERT-large: 340M), whereas modern LLMs such as Llama 
are much larger (8-70 billion parameters) and are trained to 
generate text in addition to understanding it. Therefore, they 
require more substantial GPU resources. For example, mod
els such as BERT, RoBERTa, or SBERT can typically be fine- 
tuned or used for embedding computation on a single NVI
DIA A100 (80 GB) GPU. In contrast, Llama-3-8B may 
require at least 2 A100 (80 GB) GPUs, and Llama-3.3-70B- 
Instruct may require at least 3 A100 (80 GB) GPUs even for 
general-purpose inference. Computing embeddings for these 
LLMs is also time-consuming, so additional GPUs are useful 
to accelerate the task.

Limitations
Using ASR to extract transcripts from audio has limita
tions—some addressable with better design and equipment, 
others inherent to ASR tools. Challenges include background 
noise, overlapping speech, accents, quiet voices, and mum
bling. Though Whisper and Google Speech-to-Text claim 
strong performance on accents and non-English speech, 
results should be validated on the target dataset. Both tools 
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sometimes hallucinated words during silence; but this can be 
mitigated through certain run settings, although these settings 
may come with trade-offs. In this paper, we used the default 
settings for each ASR method. Our transcripts were not diar
ized, so the classifier lacked information about speaker roles 
(therapist, patient, or parent), which is relevant for EPCS 
coding. While single-channel diarization exists, its accuracy 
varies and was not used here. Future work could incorporate 
diarization or multi-channel audio to improve speaker 
identification.

Importantly, this study used a pediatric OCD sample with 
limited racial and ethnic diversity. Before NLP-based auto
mated exposure coding can widely used, it will be imperative 
to conduct additional research to test whether findings gener
alize across the lifespan (ie, with adults and children), across 
diagnoses (ie, in other disorders treated with exposure ther
apy such as PTSD), across settings (eg, in research laborato
ries and in the community), and in historically marginalized 
groups (for whom optimal treatment and exposure learning 
may differ45). Although the number of individual patients is 
moderate, the dataset encompasses a large number of therapy 
sessions collected across diverse clinical sites and treatment 
settings. This diversity introduces relevant variability in 
speech patterns and contextual factors, which supports the 
robustness of our automated classification models for expo
sure and encouragement events. Moreover, cross-validation 
across study types and sites was employed to reduce the risk 
of overfitting and to provide preliminary evidence that the 
models may generalize to new sessions and settings, though 
further studies are needed to confirm broader applicability.

There are several limitations and risks associated with 
using non-open source LLMs, such as ChatGPT, for handling 
PHI. These models typically require sending data to the cloud 
or external servers and do not provide transparency regard
ing how PHI is processed or protected, making it difficult to 
guarantee compliance with privacy and security standards. 
They may also have security vulnerabilities that could be 
exploited to gain unauthorized access to sensitive informa
tion. Given the vulnerability of patients with mental health 
disorders, special care is needed in any future work in this 
area. We do not recommend using non-open source language 
models with this or similar datasets unless contractual guar
antees are in place to satisfy requirements for handling PII or 
PHI.

Future work
Multimodal data may improve future classification accuracy. 
Human EPCS coders had access to session videos to assist 
coding, whereas our NLP tools did not. Although EPCS cod
ing is content-based, our text-only approach still performed 
well. However, incorporating prosodic cues (eg, tone of 
voice) and visual features (eg, body language) may improve 
accuracy, especially for patient behaviors, where mumbling 
or avoidance can limit usable text.

Conclusions
By presenting the first complete classification framework 
capable of automatically labeling EPCS quality codes in in- 
person exposure therapy sessions, this article lays the ground
work for rapid quality assessment and accelerated psycho
therapy research. For these data, the most effective approach 
for classifying Exposure and Encourage events is found to be 

the combination of Whisper for ASR and a fine-tuned BERT 
model for “dynamic text segment classification.” As a fall
back, estimating the upper bounds of EPCS codes using 
Llama may be sufficient. The success of our “dynamic text 
segments classification” method shows that this labeling can 
remain reliable when the boundaries between techniques are 
unknown. Our analysis of preprocessing choices and tran
scription WERs suggests that different approaches are better 
suited to different classification tasks, and higher-fidelity 
audio recording improves results. Future work will explore 
alternative LLMs and extend this feasibility study into the 
full set of EPCS quality codes.
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