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Abstract

Large language models (LLMs) are increas-
ingly used to score clinical communication,
but validation is often limited to individual
checklist items or total scores. These measures
may not capture how communication behav-
iors occur together within a transcript. We
therefore examine communication profiles: re-
curring combinations of behaviors that char-
acterize different patterns of clinician commu-
nication and may support more targeted for-
mative feedback. We analyzed 213 simulated
respiratory OSCE transcripts rated on 15 bi-
nary Kalamazoo-derived communication items
and compared final human ratings with GPT-
40, GPT-03, and GPT-5.6 Sol. Raw item-
level agreement was relatively high overall, but
varied substantially across behaviors and was
lower for several judgment-intensive items used
for profile modeling. Bayesian latent-class
analysis identified three stable human-derived
profiles. Although the LLM-derived profiles
showed broadly similar item-probability pat-
terns, the models frequently assigned individual
transcripts to different profiles than the human
ratings. These findings show that agreement
on individual communication skills does not
necessarily translate into agreement on higher-
level communication profiles. If LLMs are used
to provide profile-based feedback, validation
should therefore include profile-level agree-
ment in addition to item-level performance.

1 Introduction

Clinical communication is central to safe and ef-
fective care. Communication quality is associ-
ated with patient satisfaction, adherence, recov-
ery, and other clinical outcomes, while communi-
cation failures can contribute to errors and poorer
care (Chavda et al., 2020; Hosseinpourkhoshkbari
and Golden, 2025; Singh et al., 2013; Ahmadipour
and Mortazavi, 2015). Simulated encounters and
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standardized patients provide controlled settings in
which these skills can be practiced and assessed
(Hosseinpourkhoshkbari and Golden, 2025; Mavis
et al., 2006; Johnson et al., 2020). The Kalamazoo
Essential Elements framework provides a widely
used structure for evaluating communication be-
haviors across a transcript (Makoul, 2001; Dalus
et al., 2024; Yoon and Michaelsen, 2015). Because
assessment outcomes can vary across evaluators,
establishing and reporting the reliability of these
ratings is essential.

Communication assessments are often summa-
rized using total or domain-level scores, although
reliability and agreement can vary substantially
across individual communication domains (Fan
et al., 2024). Examining item-level performance
can identify specific strengths and weaknesses that
may be hidden by similar overall scores and can
therefore provide more informative diagnostic feed-
back (Ark et al., 2024). Moreover, two transcripts
with similar total scores may show different com-
binations of communication strengths and weak-
nesses. These joint patterns may be particularly
important for formative feedback.

Communication assessment is also difficult to
perform consistently at scale (Brannick et al.,
2011). Human raters tend to agree more readily
on directly observable behaviors than on behav-
iors requiring more subjective judgments, such as
empathy or understanding the patient’s perspective
(Roh et al., 2017). LLMs have recently shown
promise for automating assessment of medical in-
terviews and OSCE performance (Shakur et al.,
2024; Geathers et al., 2025), but most validation
focuses on individual items or aggregate scores.

As a result, we examine communication pro-
files: recurring patterns in how multiple communi-
cation behaviors co-occur within a transcript. If an
automated system is ultimately used to character-
ize these broader patterns for formative feedback,
the relevant question is not only whether individ-
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ual items are scored similarly to human raters, but
whether the same higher-level profiles are recov-
ered.

We therefore distinguish two levels of agreement.
Item-level agreement asks whether human and
LLM raters make the same judgment on individ-
ual communication behaviors. Profile-level agree-
ment asks whether they assign the same learner to
the same multidimensional communication pattern.
Our central question is:

Does Item-level agreement on communi-
cation behaviors translate into Profile-
level agreement?

We make four contributions. First, we compare
human ratings with GPT-40, GPT-03, and GPT-5.6
Sol across all 15 Kalamazoo-derived items. Sec-
ond, we compare the three LLMs item by item
on the eight informative behaviors used for pro-
file modeling, highlighting model-specific disagree-
ment patterns. Third, we identify latent communi-
cation profiles using Bayesian latent-class model-
ing and evaluate their stability with resampling and
an alternative clustering method. Fourth, we com-
pare human-derived profiles with profiles obtained
from all three LLMs.

2 Data and Annotation

2.1 Dataset

We used the respiratory-case subset of the simu-
lated patient—physician interview dataset of Fareez
et al. (2022). The corpus contains 213 OSCE-style
interviews, each approximately 50 conversational
turns, conducted by senior medical students and
resident physicians in respiratory history-taking
scenarios.

The human annotations were produced by three
coders using the same operational definitions. A
50-transcript holdout set was independently rated
by all three coders to assess inter-rater agreement.
Disagreements were discussed and resolved to ob-
tain the final item ratings. Complete final human
ratings and ratings from GPT-40, GPT-03, and GPT-
5.6 Sol were available for all 213 transcripts, which
formed the paired comparison sample.

2.2 Assessment Instrument

Communication was coded using 15 binary
Kalamazoo-derived behaviors (Table 1). Each
rater reviewed the complete transcript and marked

Item Operationalized behavior

Q1 Greet the patient

Q2 Use words showing care and concern

Q3 Allow the opening statement without interrup-
tion

Q4 Ask “Is there anything else?” or equivalent

Q5 Explain or negotiate an agenda

Q6 Begin with the patient’s story using open ques-
tions

Q7 Clarify details with specific questions

Q8 Summarize and invite correction/addition

Q9 Transition effectively to additional questions

Q10 Ask about life circumstances affecting health

Q11 Elicit beliefs, concerns, and expectations

Q12 Respond explicitly to feelings or values

Q13 Explain using words easy for the patient to un-

derstand

Q14 Ask whether the patient has questions or other
issues

Q15 Acknowledge the patient and close the interview

Table 1: The 15 Kalamazoo-derived communication
behaviors used in the analysis.

whether each behavior was present. The same oper-
ational definitions were used for human and LLM
ratings; the full scoring prompt is included in Ap-
pendix A.

3 Methods

3.1 Agreement Analysis

Several binary items had highly imbalanced en-
dorsement rates. Under this condition, Cohen’s
 can be strongly affected by prevalence because
its chance-agreement correction can become large
when raters frequently use the same category. We
therefore used raw percent agreement and Gwet’s
ACI1 (Gwet, 2008). Gwet’s ACI is a chance-
corrected agreement coefficient that is less sensitive
to extreme category prevalence, making it more ap-
propriate for this rubric-based setting, where highly
imbalanced response categories can produce coun-
terintuitive chance-corrected agreement estimates
despite high observed agreement. Gwet’s AC1
was interpreted as a continuous measure of chance-
corrected agreement, with larger values indicating
stronger agreement.

For the 50 independently rated holdout tran-
scripts, human inter-rater agreement was summa-
rized using mean pairwise raw agreement and
multi-rater Gwet’s AC1. LLM-human agreement
was calculated against the final human ratings on
the full paired sample of 213 transcripts.
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3.2 Selection of Informative Items

Profiles were estimated from items that showed
sufficient variation across the final human ratings.
Items that were endorsed by humans in fewer than
20% or more than 90% of transcripts provided lit-
tle information for distinguishing one transcript
from another, so they were excluded from the pro-
file analysis. These items were Q1, Q3, QS5, Q6,
Q7, Q9, and Q10. They were still included in the
item-level agreement analysis. The remaining eight
items—Q2, Q4, Q8, Q11, Q12, Q13, Q14, and
Q15—were used to estimate the communication
profiles.

3.3 Bayesian Latent Class Analysis

We used Bayesian latent-class analysis to iden-
tify recurring communication patterns across tran-
scripts rather than reducing the ratings to a single
total score (Li et al., 2018). The Bayesian approach
allows uncertainty in the profile prevalences and
profile-specific item probabilities to be represented
through posterior distributions rather than treating
these quantities as fixed estimates. Two transcripts
may have the same number of endorsed items but
differ in which items are present. The analysis
included N = 213 transcripts and J = 8 binary
communication items. Let Y;; = 1 if item j is
scored as present in transcript 4, and Y;; = 0 other-
wise.

Latent profile structure. We assume that each
transcript belongs to one of K latent communi-
cation profiles. These profiles are not observed
directly but are inferred from recurring patterns
across the binary communication items. Let Z; €
{1,..., K} denote the latent profile of transcript i.
The profile proportions are

71':(7'('1,...,71'[{),

K
Zﬂ'k = 1.
k=1

The latent profile indicator is modeled as

Z; | ™ ~ Categorical (), Pr(Z; = k) = my,

where 7 represents the prevalence of profile
k, that is, how common that profile is across tran-
scripts.

Profile-specific item probabilities. Each profile
is defined by the probability that each communica-
tion item is scored as present. Let

Oy = Pr(Yij = 1| Zi = k),
where 6y is the probability that item j is scored
as present for a transcript belonging to profile k.
Because the items are binary,

Pr(Yij | Zi = k) = 0,7 (1 — 015)' ™.
The complete set of item probabilities defining
profile k is represented by the profile-specific item-
probability vector

Thus, each element of ) represents the esti-
mated probability that a particular communication
item is scored as present for transcripts belonging
to that profile. Throughout the paper, comparisons
of human- and LLM-derived profiles are based on
these profile-specific item-probability vectors.

Latent-class analysis assumes conditional inde-

pendence of the items given the profile. Thus, for
Y; = (Yi,...,Yis),

Pr(Y; | Zi=k) = He F(1— Oyy)t Y

This expression glves the probability of tran-
script ¢’s complete item pattern under profile k.

Bayesian priors. We specified two priors. First,
the profile proportions were assigned a symmetric
Dirichlet prior,

7 ~ Dirichlet(2,...,2),
where

K
Zwk =1.
k=1

This prior mildly discourages near-empty pro-
files while treating all profile labels symmetrically.

Second, each profile-specific item probability
was assigned

Orj ~ Beta(1,1),
where

0 0
p(Or;) = Ol =) _ 1,
B(1,1)
Thus, the item-probability prior is uniform on
[0, 1] and does not favor high or low endorsement
probabilities.

0< 6 <1.
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Bayesian posterior. Let ©® = {6} denote the
complete set of profile-specific item probabilities.
The posterior distribution of v and ® given the
observed data Y is

p(m,© | Y) < p(Y | 7, ©)p(w) p(©).
The likelihood is obtained by marginalizing over
the unknown latent profile indicator for each tran-
script:

p(Y | 7,0) = H Zm]‘[e

with

K J
p(©) = [T [ p(0w)-
k=1j=1

Posterior profile probabilities and classification.
For a given posterior draw of the model parameters,
the conditional probability that transcript ¢ belongs
to profile k is

Sik

ik = Pr(Z; =K
D=1 Sit

— k| Y ®©)=

where

J
Sik = Tk H 912]‘(1 — ij)l_y
j=1
These probabilities were computed at each pos-
terior draw and then averaged across draws. Let

1
Tik =g 231 Tik
5=
denote the posterior-averaged probability that

transcript ¢ belongs to profile k, where S is the total
number of retained posterior draws. We refer to 7;,
as the posterior profile probability. These posterior
profile probabilities reflect both how well a tran-
script’s item pattern fits each profile and uncertainty
in the estimated model parameters. Each transcript
was placed into the profile with the largest posterior
profile probability,

A

Z; = arg mkax Tik-

For each transcript, the maximum posterior pro-

file probability,

max Tk,
k

(1-— Qk] Yij

was used as a measure of classification certainty.
Values closer to 1 indicate that one profile is clearly
favored, whereas lower values indicate greater un-
certainty across profiles.

Model estimation and profile selection. Models
were estimated using Markov Chain Monte Carlo
(MCMC) with the No-U-Turn Sampler (NUTS)
(Hoffman and Gelman, 2014), implemented in
PyMC (Salvatier et al., 2016). MCMC was used
to generate samples from the posterior distribu-
tion of the model parameters, and NUTS provided
»an efficient sampling algorithm for these continu-
ous parameters. We used four chains, 2,000 tun-
ing iterations, 1,000 retained posterior draws per
chain, and a target acceptance rate of 0.95. We
fit K = 2,3, and 4 solutions and compared AIC,
BIC, and MCMC convergence using R, while also
examining whether the resulting profiles were non-
negligible and interpretable. R assesses conver-
gence across MCMC chains, with values close to 1
indicating that the chains sampled from the same
posterior distribution.

Applying model to LLM ratings. After select-
ing K from the final human ratings, we fit the same
eight-item model separately to GPT-40, GPT-03,
and GPT-5.6 Sol. Because latent-class labels are
arbitrary, each LLM-derived profile was matched
to the human-derived profiles by maximizing co-
sine similarity between the corresponding profile-
specific item-probability vectors 8. This matching
step only relabels the profiles for comparison; it
does not alter the item ratings or the transcript-level
profile probabilities.

3.4 Robustness and Complementary Analyses

We assessed stability using 200 bootstrap resam-
ples and 200 refits after randomly dropping 5%
of transcripts. We also applied PAM (k-medoids)
clustering with Jaccard distance to the same eight
binary items as a non-mixture comparison. In
contrast to latent-class analysis, PAM groups tran-
scripts based on similarity without assuming an
underlying probabilistic mixture model.

4 Results

4.1 Agreement Varies Across Items and
Evaluator Types

Among the three human coders, mean pairwise
raw agreement across all 15 items was 82.6%, and
mean multi-rater Gwet’s AC1 was 0.712. For the
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eight profile-modeling items retained based on vari-
ation in the final human ratings, mean pairwise raw
agreement decreased to 70.5%, and mean multi-
rater Gwet’s AC1 decreased to 0.498. Thus, human
agreement was lower for the eight items used to
construct the communication profiles.

LLM-human agreement showed a similar pat-
tern. Across all 15 items, mean Gwet’s AC1 was
0.773 for GPT-40, 0.718 for GPT-03, and 0.701
for GPT-5.6 Sol. Across the eight profile-modeling
items, mean Gwet’s AC1 decreased to 0.600, 0.514,
and 0.480, respectively. On the full 213-transcript
paired sample, mean raw agreement across the
eight items was 74.4% for GPT-4o0, 71.2% for GPT-
03, and 71.0% for GPT-5.6 Sol (Table 2).

LLM-human agreement varied substantially
across communication behaviors (Figure 1). Agree-
ment was consistently high for Q1, Q3, Q5-Q7,
Q9-Q10, Q13, and Q14, while Q2 showed consis-
tently lower agreement across all three models. Q8,
Q11, and Q12 showed the largest model-dependent
differences, with particularly low agreement for
some models.

Overall, agreement patterns were qualitatively
similar across human—-human, human-LLLLM, and
LLM-LLM comparisons, with consistently lower
agreement for Q2, Q8, Q11, and Q12, although the
magnitude of disagreement varied across evaluator
types. Across the eight profile-modeling items,
mean Gwet’s AC1 was 0.498 among the human
coders and 0.600, 0.514, and 0.480 for GPT-4o0,
GPT-03, and GPT-5.6 Sol versus the final human
ratings, respectively; under the Landis and Koch
(1977) benchmarks, these values fall within the
moderate agreement range.

4.2 Bayesian Latent Class Model Selection
Results

Table 3 summarizes model selection using the
Bayesian Latent Class Analysis. The K = 3 solu-
tion had the lowest AIC and BIC. All models con-
verged without divergent transitions; for K = 3,
the maximum R for the profile proportions was
1.002. We therefore retained K = 3 as the primary
solution.

The three profiles showed distinct patterns (Ta-
ble 4; Figure 2). Profile 1 was characterized by
high probabilities for Q4, Q13, and Q14, moderate
probabilities for Q15 and Q8, and low probabili-
ties for Q2, Q11, and Q12. Profile 2 showed the
broadest pattern of high probabilities, including
Q4, Q11, Q12, Q13, Q14, and Q15, with moder-

ate Q8 and low Q2. In contrast, Profile 3 showed
high probabilities for Q2, Q13, Q14, and Q15, but
low probabilities for Q4, Q8, Q11, and Q12. The
estimated profile prevalences were 44%, 34%, and
23%, respectively.

The distribution of maximum posterior profile
probabilities showed variation in classification cer-
tainty (Figure 3). Many transcripts were assigned
to a profile with very high posterior probability,
whereas a smaller group showed more moderate
probabilities around 0.50-0.65, indicating greater
uncertainty between profiles. Very few transcripts
had probabilities close to the theoretical minimum
of 1/3, suggesting that highly ambiguous profile
classification were uncommon (Figure 3, A).In ad-
dition, most transcripts were clearly associated
with one profile, while a smaller subset showed
overlap across profiles, indicating greater classifi-
cation uncertainty (Figure 3, B).

4.3 The Human-Derived Profiles Are Stable

The K = 3 solution was recovered in 99% of 200
bootstrap resamples and 100% of 200 refits after
randomly dropping 5% of transcripts. PAM clus-
tering with Jaccard distance produced a comple-
mentary partition with moderate similarity to the
latent-class solution (Adjusted Rand Index [ARI]
=0.56).

4.4 LLM-Derived Profiles Show Overall
Pattern Similarity but Item-Specific
Differences

After matching the LLLM-derived profiles to the
human-derived profiles, cosine similarity between
the corresponding profile-specific item-probability
vectors ranged from .81 to .99 (Figure 4). These
values indicate similarity in the overall direction
of the eight-item profile patterns, but they do not
imply close agreement for every individual item.

The degree of item-probability correspondence
varied across profiles. For Profile 1, the human
and LLM solutions were similar for several items,
including Q4, Q11, and Q12, but differed substan-
tially for Q13 and Q14. For Profile 3, similar
probabilities were observed for Q13-Q15, whereas
large differences were evident for Q2 and Q4. Pro-
file 2 showed the strongest overall correspondence,
although differences remained for Q2, QS8, and
Q11. Thus, the LLM-derived profiles captured
some broad features of the human-derived patterns
while differing substantially on particular commu-
nication behaviors.
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GPT-40 GPT-03 GPT-5.6 Sol
Item Raw AC1 Raw AC1 Raw AC1
Q2 Care 62.4% 352 671% 371 68.5% .372
Q4 Full concerns 784% 733 784% 7133  784% .733
Q8 Summarize 73.2% 552 69.5% 417  545%  .093
Q11 Elicit 629% 397 61.0% 352 61.0% .221
Q12 Respond 66.7% 431 545% .090 53.5% .071
Q13 Explain 85.9% 836 784% 725 84.5% .807
Q14 Ask questions  89.7%  .838 84.5% 744 91.5% .871
Q15 Close 76.1% .660 76.5% .679 75.6% .675
Mean 744% .600 71.2% 514 71.0% .480

Table 2: LLM—human agreement for the eight profile-modeling items on the full paired sample (N = 213). Raw
agreement and Gwet’s AC1 are calculated against the final human ratings. The independent 50-transcript holdout is

used separately for human inter-rater agreement.

Gwet's AC1 by item across human, human-LLM, and LLM-LLM comparisons
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Figure 1: Item-level Gwet’s AC1 across evaluator types. Panel A shows pairwise and multi-rater agreement among
the three human coders on the 50 independently rated holdout transcripts. Panel B shows each LLM against the final
human ratings on all 213 transcripts. Panel C shows pairwise and multi-rater agreement among the three LLMs on
all 213 transcripts. Overall, agreement patterns were qualitatively similar across human—human, human-LLM, and
LLM-LLM comparisons, with consistently lower agreement for Q2, Q8, Q11, and Q12, although the magnitude of

disagreement varied across evaluator types.

Profiles AIC BIC
K=2 1897.9 1955.0
K=3 1861.6 1949.0
K=4 1863.2 1980.8

Table 3: Model-selection statistics for the human-
derived eight-item latent-class models. Lower values
indicate better fit after penalizing model complexity.

Profile prevalence also differed across the human
and LLM solutions (Table 5). The GPT-40 solution
estimated a substantially higher prevalence for Pro-
file 3, whereas GPT-03 and GPT-5.6 Sol estimated
higher prevalences for Profile 2. Profile 1 had a
lower estimated prevalence in all three LLM solu-
tions (6—-10%) than in the human solution (44%).
The prevalences reported in Table 5 represent the
model-estimated profile proportions, 7, and there-

fore need not equal the proportions obtained by
classifying each transcript according to its largest
posterior profile probability.

Transcript-level profile classification agreement
with the human ratings was 29.1% for GPT-4o,
39.0% for GPT-03, and 38.5% for GPT-5.6 Sol.
In contrast, GPT-03 and GPT-5.6 Sol agreed with
each other on 77.9% of transcript classifications
(Table 6).

Figure 5 shows substantial differences in
transcript-level profile classifications between the
human- and LL.M-derived solutions. Among the
human-derived classifications, 93 transcripts were
classified as Profile 1. In contrast, only 3 tran-
scripts were classified as Profile 1 by GPT-4o, 15 by
GPT-03, and 10 by GPT-5.6 Sol. GPT-40 instead
classified most transcripts as Profile 3 (n = 156),
whereas GPT-03 and GPT-5.6 Sol classified most
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Profile High (> .70) Moderate (.30-.69) Low (< .30) Prev.

Profile 1 Q4 (.93), Q13 (.89), Q14 (.70) Q15 (.59), Q8 (.37) Q2 (.25), Q12 (.14), Q11 (.11) 44%

Profile 2 Q4 (.96), Q14 (.86), Q12 (.82), Q8 (.40) Q2 (.29) 34%
Q13 (.79), Q15 (.74), Q11 (.73)

Profile 3 Q15 (.97), Q13 (.93), Q2 (.93), — Q11 (.29), Q8 (.26), Q4 (.22), Q12  23%

Q14 (.76)

(.04)

Table 4: Profile-specific item-probability patterns for the three human-derived communication profiles. High,
moderate, and low refer to estimated item probabilities of > .70, .30—.69, and < .30, respectively. Prevalence
represents the model-estimated proportion of transcripts in each profile.

Posterior item-endorsement probabilities by profile
(primary 8-item K=3 model, human-consensus ratings)
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Figure 2: Posterior item-endorsement probabilities for
the human-derived K = 3 model. Points show posterior
means and intervals show 95% credible intervals.

Source Profile 1 Profile2 Profile 3
Human 44% 34% 23%
GPT-40 9% 24% 67%
GPT-03 10% 55% 35%
GPT-5.6 Sol 6% 65% 29%

Table 5: Model-estimated prevalence of the matched
profiles (N = 213).

transcripts as Profile 2 (n = 134 and n = 139,
respectively).

5 Discussion

This study examined LL.M-based clinical commu-
nication assessment at both the item and profile
levels. Overall item-level agreement between the
LLMs and the final human ratings was generally
comparable to agreement among human coders, but
disagreement was concentrated in particular behav-
iors, especially Q2, Q8, Q11, and Q12. Bayesian
latent-class analysis identified three distinct and
stable communication profiles from the human rat-
ings. The LLM-derived profiles showed overall

Pair Profile agreement
Human-GPT-40 29.1%
Human-GPT-03 39.0%
Human-GPT-5.6 Sol 38.5%
GPT-40-GPT-03 54.0%
GPT-40-GPT-5.6 Sol 51.6%
GPT-03-GPT-5.6 Sol 77.9%

Table 6: Raw agreement on matched transcript-level
profile classifications (N = 213).

pattern similarity to the human-derived profiles, but
substantial differences remained for specific items.
Profile prevalence also differed across human and
LLM solutions, and transcript-level profile classifi-
cation agreement was relatively low. Thus, similar-
ity in the overall profile pattern did not necessarily
translate into similarity in individual item probabil-
ities, profile prevalence, or transcript-level classifi-
cation. Neither GPT-03 nor GPT-5.6 Sol showed a
consistent improvement over GPT-40 across these
measures.

These findings have several implications for
evaluating LLM-based communication assessment.
Overall agreement alone can be misleading because
it may hide substantial disagreement on particular
communication behaviors. Item-level analyses are
therefore needed to identify where human and LLM
ratings agree and where they differ.

Evaluation should also match the level at which
the assessment will be interpreted. If an LLM is
used to score individual checklist items, item-level
agreement may be the primary concern. However,
if those ratings are used to identify communication
profiles or provide profile-based feedback, the re-
sulting profile patterns, prevalences, and transcript-
level classifications should also be validated.

Profile-based methods such as Bayesian latent-
class analysis can identify recurring combinations
of communication behaviors that may not be visi-
ble from total scores alone. However, before such
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Figure 3: Posterior classification certainty for the human-derived K = 3 model (/N = 213). Panel A shows each
transcript’s maximum posterior profile probability. Panel B shows posterior profile probabilities, with transcripts
grouped by assigned profile and sorted within each profile by certainty.
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Figure 4: Profile-specific item-probability patterns for the human-derived and LLM-derived profiles after matching
profile labels. Similar overall profile patterns do not necessarily imply similar transcript-level classifications.

profiles are used for assessment or feedback, future
research should examine whether they are asso-
ciated with meaningful differences in learner per-
formance, patient outcomes, or the usefulness of
feedback.

6 Limitations and Future Work

The study has several limitations. Each LLM was
evaluated only once per transcript, so call-to-call
variability was not assessed. The binary checklist
also produced ceiling and floor effects that limited
some items’ usefulness for profile modeling. In
addition, we used a relatively simple prompting
approach; future work should evaluate more ad-
vanced prompt-engineering and calibration strate-

gies. Finally, the data come from a single simulated
respiratory dataset, so replication across specialties,
populations, and real clinical settings is needed.

7 Conclusion

LLMs showed reasonable overall agreement with
human ratings, but overall agreement alone can
be misleading because substantial disagreement
may remain on particular communication behav-
iors. Item-level analyses are therefore important for
identifying which aspects of the rubric are evalu-
ated similarly by human and LLM raters and which
are not.

These differences also matter when item ratings
are combined to identify communication profiles.
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Figure 5: Human-to-LLM profile-classification transitions for GPT-4o (left), GPT-03 (center), and GPT-5.6 Sol
(right), N = 213. Ribbon width represents the number of transcripts.

Although the LLLM-derived profiles showed sim-
ilarity in their overall patterns, substantial differ-
ences remained for particular item probabilities,
and the models often classified transcripts differ-
ently from the human-derived solution. Thus, when
profile-based assessment or feedback is the in-
tended use, evaluation should consider not only
item-level agreement but also whether human and
LLM ratings produce similar profile structures and
transcript-level classifications.
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A Annotation Prompt

LLM Communication-Rating Prompt

Role. You are an expert medical communication rater.
Your task is to read a clinical interview transcript and evaluate only the doctor’s communication behavior using the coding
rules below.
Important instructions
* Doctor utterances begin with D:.
 Patient utterances begin with P:.
* Score only the doctor’s behavior.
» Use the patient’s responses only as context.

* Do not infer behaviors that are not supported by the transcript.

* Return binary scores only:

— 1 =YES, behavior is present
— 0 =NO, behavior is absent

* Apply the coding rules exactly as written below.

Q1. Did the doctor greet the patient?
Score 1 if the doctor acknowledges or greets the patient before beginning health-related questions.
Examples:

» “Hello”
° ‘CHi’V
* “How are you?”

Otherwise, score 0.

Q2. Did the doctor use words that show care and concern throughout the interview?
Score 1 if the doctor demonstrates compassion, empathy, care, or concern beyond routine medical questioning.
This may include responding compassionately when the patient discusses:

* A traumatic event

¢ Death of a loved one

¢ Emotional distress

 Fear or worry

* Other difficult personal experiences

Otherwise, score 0.

Q3. Did the doctor allow the patient to complete their opening statement without interruption?
Because the transcripts are text-based and interruptions cannot be reliably assessed, always score:

QR3=1

Q4. Did the doctor ask “Is there anything else?” or otherwise elicit a full set of concerns?
Score 1 if the doctor asks sufficiently broad and comprehensive background or follow-up questions to obtain a full picture of
the patient’s problem.
Examples include asking:
* What makes the symptom better or worse?
* Whether other symptoms occurred before or with the main symptom
* About associated symptoms
¢ About symptom progression

¢ Other relevant medical questions beyond the main symptom itself

For example, for a patient with a cough:
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* “Does anything relieve the cough?”
* “Does anything make the cough worse?”
* “Did another symptom appear before the cough?”

Otherwise, score 0.

QS. Did the doctor explain and/or negotiate an agenda for the visit?
Score 1 if, near the beginning of the interview, the doctor:

* Explains the purpose of the visit

» Explains what the patient is being seen for
* Describes what will be discussed

* Explains how the appointment may proceed

Otherwise, score 0.

Q6. Did the doctor begin with the patient’s story using open-ended questions?
Score 1 if the doctor begins by inviting the patient to describe the problem or reason for the visit in their own words.
Examples:

* “What brings you in today?”
* “Tell me about your symptoms.”
* “Can you tell me what has been going on?”

Otherwise, score 0.

Q7. Did the doctor clarify details as necessary using more specific questions?

Score 1 if, after the patient describes the main problem, the doctor asks more specific questions to clarify symptoms, history,
risk factors, or related details.

Examples:

 “Is anyone around you sick?”

* “Have you been traveling?”

* “Have you lost or gained weight?”

* Questions about symptom characteristics or associated symptoms

Otherwise, score 0.

Q8. Did the doctor summarize information and give the patient an opportunity to correct or add information?

Score 1 if the doctor summarizes or restates information provided by the patient, particularly toward the end of the interview.
The summary should reflect the patient’s reason for the visit, symptoms, or information previously discussed.

Otherwise, score 0.

Q9. Did the doctor transition effectively to additional questions?

Score 1 if the doctor’s questions follow a logical and organized sequence.

The doctor should generally finish exploring one symptom or topic before moving to another rather than jumping abruptly
between unrelated topics.

Example: For a patient with headache, the doctor may first complete headache-related questions and then move to related
vision or other neurological symptoms.

Otherwise, score 0.

Q10. Did the doctor ask about life events, circumstances, or other people that might affect the patient’s health?
Score 1 if the doctor asks about relevant contextual factors that may affect the patient’s health.
Examples:

e Travel

¢ Sick contacts

e Stress

* Family medical history

¢ Social circumstances

* Environmental exposures
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¢ Other relevant life events

Otherwise, score 0.

Q11. Did the doctor elicit the patient’s beliefs, concerns, and expectations about the illness and treatment?

Score 1 if the doctor identifies, explores, or meaningfully responds to the patient’s beliefs, concerns, fears, expectations, or
worries about the illness or treatment.

Example: If a patient says they are afraid to take a medication because it causes brain fog, score 1 if the doctor acknowledges
and addresses that concern with explanation, discussion, or empathy.

Do not score 1 merely because the doctor provides medical information. There must be evidence that the patient’s own belief,
concern, expectation, or worry was addressed.

Otherwise, score 0.

Q12. Did the doctor respond explicitly to the patient’s statements about ideas, feelings, or values?
Score 1 if the patient expresses an idea, belief, feeling, fear, or personal value and the doctor directly responds to it.
Examples of appropriate responses include:

* Explanation

* Reassurance

* Empathy

* Discussion of the patient’s concern

Example: If the patient says they are worried their symptoms may indicate cancer, score 1 if the doctor directly responds to
that concern with explanation and/or empathy.
Otherwise, score 0.

Q13. Did the doctor explain using words that are easy for the patient to understand?
Score 1 if the doctor uses clear, everyday, patient-friendly language when explaining:

¢ Symptoms
* Diagnoses
e Tests

* Procedures
* Treatment
* Next steps

Score 0 if the explanation relies mainly on unexplained medical jargon.
If the doctor does not provide any meaningful explanation, score 0.

Q14. Did the doctor ask whether the patient had any questions, concerns, or other issues?
Score 1 if, usually near the end of the interview, the doctor explicitly asks whether the patient:

* Has any questions

* Has any concerns

* Wants to add anything

* Has another issue to discuss
* Needs clarification

Otherwise, score 0.

Q15. Did the doctor acknowledge the patient and appropriately close the interview?
Score 1 if the doctor ends the interview appropriately rather than stopping abruptly.
An appropriate close may include:

* A conclusion

* Explanation of next steps

 Follow-up instructions

* Safety instructions

* A closing or acknowledgement of the patient

Otherwise, score 0.
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