Finding Evidence of Communication Behaviors using LL.Ms
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Abstract

This study compares two automated scoring
approaches to identify communication behav-
iors in physician responses to patient questions:
prompt-based scoring with Large Language
Models (LLM) and supervised transformer-
based models. Our results show that although
transformer-based models provide more con-
sistent performance, competitive LLM perfor-
mance is promising in reducing the need for
extensive annotated training data.

1 Background

Automated scoring of text-based responses has
been used to improve the efficiency, scalability, and
reliability of assessments for a variety of purposes
(Shermis and Burstein, 2013). Historically, opera-
tional scoring systems have relied heavily on super-
vised machine learning models trained on human-
scored responses. Encoder-based transformer mod-
els such as BERT, RoBERTa, and DeBERTa have
demonstrated strong performance across scoring
and classification tasks by leveraging large-scale
pretraining followed by fine-tuning on human-
annotated assessment data (Devlin et al., 2019;
Liu et al., 2019; He et al., 2020; Ormerod et al.,
2021; Suen et al., 2023; Rezayi et al., 2025). How-
ever, building these systems usually requires signif-
icant investment in annotation, reconciliation, and
training (Bejar et al., 2016; Kaldaras and Haudek,
2022).

Generative large language models (LLMs) have
introduced a new alternative to automated scor-
ing. Models such as GPT, Claude, Gemini and
Llama are trained primarily through autoregres-
sive next-token prediction on massive text corpora
rather than through task-specific supervised train-
ing for scoring or classification (Brown et al., 2020;
Gilardi et al., 2023). Unlike encoder-based trans-
formers, generative LLLMs learn broad linguistic
and contextual knowledge during pretraining and

can often be adapted to new tasks through prompt-
ing alone. Recent research suggests that these
models can perform complex categorization and
scoring tasks with little or no task-specific train-
ing data (Wei et al., 2022; Kojima et al., 2022;
Gilardi et al., 2023). Their effectiveness has been
further enhanced through instruction tuning, rein-
forcement learning from human feedback (RLHF),
and prompting strategies, encouraging explicit rea-
soning and structured decision-making (Ouyang
et al., 2022; Wei et al., 2022).

The present study compares two automated scor-
ing paradigms for identifying evidence of patient-
centered communication behaviors (PCBs) in tran-
scribed physician responses to patient questions.
For example, a span of text such as "it is quite
understandable that you are frustrated by this sit-
uation" would be extracted as evidence of a PCB
reflecting acknowledgment of a patient’s emotions.
We examine prompt-based scoring using generative
large language models (LLMs), which unlike a su-
pervised transformer-based model does not rely on
substantial annotated training data and task-specific
model fitting. Beyond comparing scoring perfor-
mance between the two types of models, the study
explores the implications of these approaches for
the future development of automated scoring sys-
tems.

2 Aims

This study addresses the following research ques-
tions:

* How do prompt-based LLMs compare with
fine-tuned encoder-based transformer model
for PCB span extraction?

* Which modeling approach demonstrates the
greatest potential for scalable automated as-
sessment?
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3 Sample(s)

The dataset consists of transcribed spoken re-
sponses produced by medical students interacting
with an online communication learning environ-
ment. Students viewed video vignettes of the pa-
tient scenario and responded verbally to the prompt
"What would you say next?” The student responses
were then automatically transcribed.

Each student response can contain multiple ex-
amples of patient-centered communication behav-
iors (PCBs). PCBs are defined through functional
communication categories, learning objectives, and
behavioral definitions such as acknowledging emo-
tion, explaining treatment, or clarifying instruc-
tions. Human-annotated training and evaluation
examples included character-level span annotations
indicating the portion of the response representing
one PCB. The present analysis includes 14 cases
representing a range of clinical scenarios. Each
case contains between 2 and 6 PCBs and represents
a distinct PCB detection scenario with varying con-
textual and linguistic complexity.

4 Methods

The task was formulated as a span extraction prob-
lem. Given a student response transcript and a
target PCB definition, models were required to:

* Determine whether the PCB was present in
the response.

 Return character-level indices corresponding
to the PCB text span.

It is possible that no PCB was identified in that
response.

4.1 Models

For the supervised model, a DeBERTa-based trans-
former model was fine-tuned for PCB span extrac-
tion using annotated examples (Rezayi et al., 2025).
The model leveraged contextualized token repre-
sentations to predict PCB-relevant spans within
student responses.

For the LLM based approach, GPT-5 was evalu-
ated using a structured few-shot prompting frame-
work. The model was instructed to identify whether
the PCB was fulfilled explicitly or implicitly in the
student response, and return the extracted text span
with character-level indices.

We also used Claude-Sonnet-4.6 using the same
prompting framework and examples as GPT-5 to
enable direct comparison across LLMs.

The prompting framework for both of the LLM
models emphasized:

* Contextual grounding using clinical scenarios

Explicit PCB definitions and examples

e Demonstrations of valid and invalid PCB
matches

 Student response to evaluate
* QOutput formatting requirements

Two evaluation metrics were used:

Character-level F1 overlap: Measures span
overlap F1-score between predicted and gold anno-
tations at the character level.

Binary F1-score: Measures whether the system
correctly identified the presence or absence of the
PCB regardless of exact span boundaries.

5 Results

Figure 1 summarizes model performance across
the 14 communication cases. The DeBERTa-based
model consistently achieved the strongest character-
level overlap performance across most cases, with
scores generally ranging from 0.81 to 0.91 with
an average of 0.86. GPT-5 achieved competitive
but slightly lower span overlap performance with
average (0.83, while Claude-Sonnet demonstrated
substantially lower character-level overlap scores,
average .60, despite strong binary detection per-
formance. In contrast, binary PCB detection perfor-
mance was high across all three systems. Claude-
Sonnet frequently achieved the highest binary F1
scores despite weaker span localization. These find-
ings suggest that supervised fine-tuning supports
precise localization of PCB spans.

GPT-5 demonstrated competitive binary and
span-level performance without task-specific fine-
tuning approaching DeBERTa performance in sev-
eral cases. The model appeared more variable
across cases, particularly for precise span local-
ization. These results suggest that prompt-based
LLMs can approximate supervised span extraction
performance under carefully designed prompting
conditions.

The findings indicate a divergence between PCB
identification and precise span extraction. Encoder-
based supervised models appear better suited for
fine-grained span localization, whereas frontier
LLMs demonstrate strong semantic recognition
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Figure 1: Performance comparison across models.

abilities without fine-tuning. The results also sug-
gest that evaluation metric choice substantially af-
fects conclusions about model quality.

6 Conclusions

This study demonstrates the feasibility of auto-
mated patient-centered communication assessment
using both supervised transformer models and
generative LLMs. The DeBERTa-based super-
vised model currently provides the strongest and
most consistent span localization performance, sup-
porting value of task-specific fine-tuning for pre-
cise PCB extraction. On the other hand, GPT-5
achieved competitive performance using only few-
shot prompting, suggesting that modern LLMs may
reduce the need for extensive supervised training
data in communication assessment tasks. Claude-
Sonnet’s stronger binary detection but weaker span
finding highlights the importance of distinguishing
between semantic recognition vs span extraction
performance.

Future work will include larger-scale evaluation
across individual PCB categories, error analysis of
binary versus span overlap, human-model agree-
ment analysis, and finally prompt optimization
studies. Overall, this work contributes to ongoing
efforts to develop scalable, automated assessment
systems for physician-patient communication train-
ing in medical education.
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