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Abstract

Large language models (LLMs) excel on
many NLP benchmarks, but their behav-
ior on real-world, semi-structured predic-
tion remains underexplored. We present
LLAMADRS, a benchmark for structured
clinical assessment from dialogue built on
the CAMI corpus of psychiatric interviews,
comprising 5,804 expert annotations across
541 sessions. We evaluate 25 open-source
models (standard and reasoning-augmented;
0.6B—400B parameters) and generate over
400,000 predictions. Our results demon-
strate that strong open-source LLMs achieve
item-level accuracy with residual error below
clinically substantial thresholds. Addition-
ally, an Item-then-Sum (ITS) strategy, assess-
ing symptoms individually through discrete
LLM calls before synthesizing final scores,
significantly reduces error relative to Direct
Total Score (DTS) prediction across most
model architectures and scales, despite rea-
soning models attempting similar decompo-
sition in the reasoning traces of their DTS
predictions. In fact, we find that performance
gains attributed to “reasoning” depend funda-
mentally on prompt design: standard models
equipped with structured task definitions and
examples match reasoning-augmented coun-
terparts. Among the latter, longer reasoning
traces correlate with reduced error; while
higher model scale does across both archi-
tectures. Our results clarify when and why
reasoning helps and offer actionable guid-
ance for deploying LLMs in semi-structured
clinical assessment.

1 Introduction

Mental health disorders are a leading cause of
disability worldwide and a major public health
challenge. Even in highly developed nations, a

shortage of trained clinicians leaves many individ-

uals without timely care: more than half of the

U.S. population lives in designated mental health

professional shortage areas, hindering interven-

tion and exacerbating disparities (Nguyen et al.,

2025). Depression, characterized by persistent

low mood and anhedonia, remains highly preva-

lent. The Montgomery—Asberg Depression Rating

Scale (MADRS) is a clinician-administered instru-

ment comprising ten symptom domains, each rated

on a 0—6 scale (Montgomery and Asberg, 1979).

Large language models have achieved state-of-
the-art performance on diverse natural language
tasks, but their alignment with mental health com-

petencies remains underexplored (Na et al., 2025).

Emerging analyses reveal that LLMs often rely on

surface-level pattern recognition rather than gen-

uine reasoning, leading to brittleness on tasks re-
quiring structured inference (Jin et al., 2025). Rea-
soning augmentation can improve performance on
arithmetic or logical puzzles, but benefits are in-
consistent and, in some settings, longer reason-
ing traces decrease accuracy (Jin et al., 2025). In
mental health domains, reasoning-driven prompt-
ing has been proposed to enhance classification
accuracy (Teng et al., 2025), yet improvements
are modest and dataset-specific: chain-of-thought
and related strategies yield notable gains on some
tasks while failing to generalize to others (Patil and

Gedhu, 2025). These observations motivate our sys-

tematic comparison of reasoning-augmented and

standard LLMs on clinical interviews.
Our contributions advance both computational
psychiatry and natural language processing:

1. LLAMADRS, a benchmark of 5,804 MADRS
assessments across 541 real patient—clinician
interview sessions from the CAMI corpus.

2. Clinically reliable accuracy: Strong LLMs
achieve item-level Mean Absolute Error (MAE)



Psychiatric Interview

f Have you been feeling sad or }

m unhappy? Can you describe

your mood?
Practitioner

(.
Not really, I've been feeling better \_)
lately. | just have trouble sleeping b
sometimes. / \
L)

Patient

Assessment

LLM Prompt MADRS Scores:

Descriptive Cues:

* MADRS Item Name
« Description

* Scale .

2. Reported Sadness: 0/6

4. Reduced Sleep: 3/6

Demonstrative Cues:
6. Concentration Difficulties: 1/6
* Examples of rated
transcripts.
Explanations:

« Reported Sadness: Patient
explicitly mentions feeling better

Figure 1: Overview of the LLAMADRS framework. Left: a structured clinical interview between a
patient and clinician. Right: automated depression assessment using a large language model, including
scoring of MADRS items with item-wise explanations.

in the moderate range (0.6-1.2), with total-scale
Mean Absolute Error (MAE) in the clinically
acceptable range (< 6) under Item-then-Sum
(ITS) scoring.

3. When reasoning helps: Explicit reasoning
helps when scaffolding is sparse, but provides
limited benefit under well-structured prompts
with clinical descriptive cues, where standard
models frequently match or surpass reasoning-
augmented variants.

4. Key performance predictors: Model scale re-
liably improves accuracy across both reasoning
and non-reasoning architectures, whereas longer
reasoning traces appear to benefit reasoning-
augmented models.

2 Related Work

2.1 NLP and Mental Health

Early applications of NLP for mental health fo-
cused on detecting depression, anxiety, and sui-
cidality in social media data using bag-of-words,
topic models, and early transformers (Coppersmith
et al., 2014; De Choudhury et al., 2013; Eichstaedt
et al., 2018; Shen and Rudzicz, 2017; Ji et al.,
2022). With LLMs, research broadened from bi-
nary screening to multi-label symptom detection,
information extraction, and explanation genera-
tion across single posts, user histories, and dia-
logues (Yang et al., 2023, 2024; Xu et al., 2024;
Bao et al., 2024; Raihan et al., 2024; Mohammadi
et al., 2024; Schirmer et al., 2024; Skianis et al.,
2024). Clinical-facing efforts include multi-turn
interview analysis for PTSD and broader symp-
tom delineation/summarization (Tu et al., 2024,
So et al., 2024), alongside severity estimation via

taxonomy-aligned summaries (e.g., BDI) (Aragén
et al., 2024; Wang et al., 2024b). NLP-based eval-
uations of clinician competencies have also tried
to detect gaps in empathy, cultural sensitivity, and
ethics, with results underscoring the need for clini-
cally grounded tasks and item-level analyses rather
than aggregate labels (Nguyen et al., 2025).

2.2 Reasoning-Augmented LLMs in Mental
Health

Debates persist on whether LLMs reason or per-
form sophisticated pattern matching. Evidence
shows that explicit chain-of-thought (CoT), self-
consistency, and related strategies yield mixed and
dataset-specific gains; longer reasoning traces may
even degrade accuracy (Jin et al., 2025; Teng et al.,
2025; Patil and Gedhu, 2025). In psychotherapy
and mental-health NLP, prompting styles (emotion
prompting, CoT, role prompting, multi-agent de-
bate) help interpretability or specific subtasks but
do not guarantee robust generalization across set-
tings or constructs (Yang et al., 2023; Lim et al.,
2024; Singh et al., 2024; Uluslu et al., 2024).
These results motivate head-to-head evaluation of
reasoning-augmented vs. standard open LLMs un-
der clinically moderate objectives.

2.3 LLMs for Clinical Assessment and
Severity Scoring

A stream of work examines LLMs for clinical
assessment and severity estimation from inter-
views or consolidated text. Med-PaLM 2 showed
zero-shot alignment with clinician ratings for de-
pression severity (and limited generalization to
PTSD) (Galatzer-Levy et al., 2023). On DAIC-
WOZ and related corpora, general LLMs exhibit



Table 1: Comparison of LLM-based psychiatric assessment works.

Study Models

Dataset / N

Population

This work 25 open-source (R & NR)

CAMI/ 541

Clinician interviews; inpatients

Tu et al. (2024)

So et al. (2024)
Galatzer-Levy et al. (2023)
Arcan et al. (2024)
Aragoén et al. (2024)

Yang et al. (2023)

Xu et al. (2024)

Skianis et al. (2024)

GPT-4, Llama-2

GPT-4 Turbo; GPT-3.5 (FT)
Med-PalLM 2 (ZS)
ChatGPT, Llama-2 (ZS)
GPT-3.5/4 (ZS)
GPT-3.5/LLaMA
Inst.-tuned LLM (FT)
LLMs (ZS)

Clinical interviews / 411

Social media (per-user)
11 social-media sets
Online text (various)

6 languages (new)

Trauma interviews

Psychiatric interviews (KR)  Clinical
Clinical descriptions Screening
DAIC-WQZ, etc. Community/elicited

General population
General population
General population
Cross-lingual social media

moderate text-regression performance relative to
specialized transformers (Arcan et al., 2024).

Compared to prior work that focuses on so-
cial media, synthetic datasets, or aggregate screen-
ing (Tu et al., 2024; So et al., 2024; Galatzer-Levy
et al., 2023; Arcan et al., 2024; Yang et al., 2023;
Xu et al., 2024; Aragén et al., 2024; Skianis et al.,
2024), we offer (1) item-level and total MADRS
scoring over real clinician—patient interviews; (2)
a broad open-source model comparison spanning
architectures, scales, and reasoning styles; and (3)
clinically grounded error analyses and prompt abla-
tions disentangling descriptive cues, demonstrative
cues, and reasoning augmentation.

3 Dataset: CAMI

The Context-Adaptive Multimodal Informatics
(CAMI) dataset (Culhane et al., 2023) comprises
authentic patient—clinician dialogues from inpatient
psychiatric care settings. All participants provided
informed consent under IRB-approved protocols.
Each semi-structured session lasted approximately
thirty minutes during which trained raters admin-
istered the MADRS. The dataset contains 541 in-
terviews from 277 adult patients, totaling 5,804
item-level and total-score MADRS ratings.

MADRS annotations. Each session was rated
by a single clinically trained research assistant on
the ten MADRS items: (I1) Apparent Sadness,
(I2) Reported Sadness, (I3) Inner Tension, (I4) Re-
duced Sleep, (I5) Reduced Appetite, (16) Concen-
tration Difficulties, (I7) Lassitude, (I8) Inability to
Feel, (I9) Pessimistic Thoughts, and (I10) Suici-
dal Thoughts. These clinical research assistants
were trained to administer and score the MADRS
through structured supervision, calibration, and re-
view of recorded semi-structured interviews using
standardized rating guidelines. Before indepen-

dent rating, all raters were required to achieve item-
level Cohen’s k > 0.80 on separate calibration
data (Gillis et al., 2023). Each item is scored on
a seven-point scale from 0 (absent) to 6 (severe),
where even anchor points carry specific behavioral
descriptions: 0 = no symptoms, 2 = mild, 4 = mod-
erate, 6 = severe. Odd scores (1, 3, 5) denote inter-
mediate severity levels between adjacent anchors
(e.g., 1 = between absent and mild; 3 = between
mild and moderate; 5 = between moderate and se-
vere). The ten item scores are summed to produce
a total score ranging from 0 to 60, interpreted as:
absent (0—6), mild (7-19), moderate (20-34), and
severe depression (35-60) (Montgomery and As-
berg, 1979). Figure 2 shows the score distribution
across all ten items alongside the total-score sever-
ity bands.

Audio processing. Transcriptions were gener-
ated using both Whisper (Radford et al., 2023)
and Parakeet (Sekoyan et al., 2025) ASR sys-
tems, then processed with Qwen 3-32B (Wang
et al., 2024a) for diarization to assign utterances
to speakers. For item-level prediction, Qwen 3-
32B was used to segment interviews by identifying
question—response exchanges corresponding to spe-
cific MADRS items.

Availability. All experiments were conducted on
the original, non-de-identified transcripts under
the IRB-approved protocol governing the CAMI
dataset. For external access, de-identified versions
of the transcripts, clinician ratings, and session-
level metadata will be available under controlled ac-
cess.! Access is limited to credentialed researchers
who agree to a Data Use Agreement.

'"For data access requests, please contact Justin Baker,
McLean Hospital, Harvard Medical School, Boston, MA,
USA, at jtbaker@mgb.org. Code is available at https:
//github.com/1lamadrs/1lamadrs.


https://github.com/llamadrs/llamadrs
https://github.com/llamadrs/llamadrs

4 Approach

We evaluate 25 open-source LLMs spanning eight
architectural families and parameter counts from
0.6 billion to 400 billion (dense or mixture-of-
experts variants).

4.1 Prompting Framework

Each prompt comprises three components: (1) a
task description with clinical definitions and sever-
ity anchors (descriptive cues); (2) annotated in-
terview excerpts providing rating rationale exam-
ples (demonstrative cues); and (3) JSON schema-
enforced output requirements. Prompt templates
are provided in Appendix Section A.

For item-level predictions, we provide the rele-
vant MADRS item definition and severity anchors
(as described in Section 3), along with the corre-
sponding transcript segment for that item.

For total-score prediction, we provide an
overview of all ten MADRS items and refer to
the standard total-score interpretation, also defined
in Section 3, then ask the model to output a sin-
gle total score. The complete MADRS interview
transcript is used for total score prediction.

4.2 Evaluation Protocol

Error metric. We adopt Mean Absolute Error
(MAE) as our primary evaluation metric, defined
as MAE = %25\21 |U; — vi|, where g; and y;
are predicted and gold-standard ratings, respec-
tively. MAE is preferred over squared-error met-
rics because it is directly interpretable in the orig-
inal rating units (i.e., a MAE of 1.0 corresponds
to an average misprediction of one scale point)
and aligns naturally with clinical minimal-change
thresholds (Turkoz et al., 2021).

Seed replication and averaging. For each
model-session pair, we generate 3 independent
predictions using different random seeds. MAE
is computed per seed, then averaged across the
three seeds to produce the reported seed-averaged
MAE. Cross-seed standard deviations are shown as
= values throughout Tables 2-3.

Sum-based aggregation. We evaluate two strate-
gies for obtaining total MADRS scores. Direct
total score (DTS): the model receives the full inter-
view transcript and predicts the total score (0-60)
in a single inference call. Item-then-sum (ITS):
the model scores each of the ten items indepen-
dently via separate inference calls, and the total is

computed by mechanically summing the ten item-
level predictions, i.e., Tiis = Z}gl 7, With no
model involvement in the summation step.

Clinical error thresholds. We adopt thresholds
from Turkoz et al. (2021) to interpret prediction
errors: a less than 6-point change on the MADRS
total scale (0-60) is “clinically acceptable,” while
more than 12 points is “clinically substantial.” We
repurpose these as error evaluation anchors, defin-
ing three bands: clinically acceptable (MAE < 6
total, < 0.6 per item), moderate error (MAE 6—
12 total, 0.6—1.2 per item), and substantial error
(MAE > 12 total, > 1.2 per item). Errors below
6 points are unlikely to affect clinical interpreta-
tion, while errors exceeding 12 points may alter
treatment decisions.

Handling invalid outputs. Predictions may fail
due to (a) unparseable JSON output (e.g., mal-
formed syntax), (b) absent or out-of-range rating
fields (e.g., returning a rating of 7 or omitting the
score entirely), or (c) generation failures (e.g., in-
complete outputs due to context-length truncation).
For such cases, we apply a conservative backoff:
we assign the maximum absolute error (6 item-
level; 60 total), so models are not rewarded for
invalid or selectively abstained outputs.

Screening evaluation. For screening, we bina-
rize item scores at > 3 and total scores at > 20,
reporting Fy as the primary metric. The total-
score cutoff of > 20 corresponds to the standard
MADRS mild-moderate boundary (Montgomery
and Asberg, 1979) and produces a near-balanced
split in CAMI (see Figure 2): 273/541 (50.5%)
< 20 vs. 268/541 (49.5%) > 20.

4.3 Prompt Ablation

Building on the prompting framework in Sec-
tion 4.1—(1) clinical task and severity descriptive
cues, (2) annotated demonstrative cues, and (3)
schema-enforced outputs—we ablate the first two
components to assess whether descriptive cues and
demonstrative cues differentially benefit LLMs. In
parallel, we run a paired, item-level comparison
of MADRS performance between the reasoning-
augmented and standard variants of Qwen 3 Next
(80B; MoE) across four configurations: All (de-
scriptive cues + demonstrative cues), No Descrip-
tions (demonstrative cues only), No Demonstra-
tions (descriptive cues only), and Raw (no cues).



14. Reduced
Sleep

182 (34%)
33 (6%)
112 (21%)
75 (14%)
88 (17%)
35 (7%)
7 (1%)

13. Inner
Tension

72 (14%)
24 (5%)
92 (17%)
147 (28%)
124 (23%)
52 (10%)
21 (4%)

11. Apparent
Sadness

134 (25%)
55 (10%)
99 (19%)
106 (20%)
79 (15%)
31 (6%)
22 (4%)

12. Reported
Sadness

97 (19%)
45 (9%)
78 (15%)
86 (17%)
126 (24%)
59 (11%)
30 (6%)

363 (68%)
22 (4%)
54 (10%)
55 (10%)
18 (3%)
13 (2%)

8 (2%)

Score
o U A W N B O

Score anchors:

I15. Reduced 16. Concentration
Appetite

0: Absent 1:Absent-Mild 2: Mild 3: Mild-Moderate 4: Moderate 5: Moderate-Severe 6: Severe

Severity Bands (total score, 0-60):

INormal|(0-6):178](14%)} Mild[(7519):}195](36%)}

18. Inability 19. Pessimistic 110. Suicidal
Difficulties  17. Lassitude to Feel Thoughts Thoughts
147 (28%) 189 (36%) 229 (44%) 169 (32%) 225 (43%)
25 (5%) 54 (10%) 42 (8%) 33 (6%) 45 (9%)
96 (18%) 119 (23%) 102 (20%) 121 (23%) 96 (18%)
56 (11%) 75 (14%) 70 (13%) 74 (14%) 64 (12%)
136 (26%) 72 (14%) 45 (9%) 92 (18%) 52 (10%)
36 (7%) 16 (3%) 27 (5%) 28 (5%) 26 (5%)
26 (5%) 2 (0%) 7 (1%) 4 (1%) 19 (4%)
Moderate](20:34):/193/(36%)

Figure 2: MADRS score distributions. Per-item score counts (with percentages) across the 541 sessions
and overall severity-band distribution (No depression 0—6, Mild 7-19, Moderate 20-34, Severe 35-60).

4.4 Statistical Analysis of Prediction Errors

We fit two cross-classified linear mixed-effects

models (Browne et al., 2001; Goldstein, 2010) for

standard and reasoning-augmented LLMs.
Models. For non-reasoning models:

v (NR)

Do = O + 615;;};,7— + 62557' + BBTJ}; + ﬁ4TpB

+ 5 Pary, + B¢ Cont,, + 87 MOE,,
+ by, + Up + Vsip + Wr + Epsm,r-
(D
For reasoning models, we add reasoning-token
predictors:

Y;lis),mﬁ = Y]()I:ISI?TZL,T + 58R]I;‘:977 + 59R£7—- 2)

Variables. Y, , , - is seed-averaged MAE for
patient p, session s, model m, task 7 (ten MADRS
items plus total, with total-score errors rescaled to
item range by dividing by 10). Continuous pre-
dictors are log-transformed, z-standardized, and
decomposed into within- and between-patient com-
ponents: .S), s - (session—item severity), T}, s (tran-
script tokens), I, s - (reasoning tokens; R = 0
for non-reasoning). Model covariates are log; pa-
rameters (Par,,), log;, context window (Cont,,),
and mixture-of-experts indicator (MOE,,). Ran-
dom intercepts by, Uy, Vs.p, W, account for model,
patient, session-within-patient, and item variance;
€p,s,m,r are homoscedastic Gaussian residuals.

5 Results

Our evaluation addresses three central questions:
(1) Can LLMs score MADRS from real interviews
with clinically reliable accuracy? (2) Under what
conditions does reasoning improve performance
over standard models? (3) What factors predict
model performance on clinical assessment tasks?

5.1 Item-then-Sum (ITS) vs. Direct Total
Score (DTS)

Table 2 reveals a striking pattern: ITS aggrega-
tion substantially reduces total MAE for most mod-
els. Standard Qwen 2.5 (72B) improves from 5.53
(DTS) to 3.80 (ITS, 31% reduction); reasoning-
augmented models show even larger improvements,
with GPT OSS 120B transitioning from 6.80 to
3.78 (44% reduction) and QwQ (32B) dramatically
improving from 21.09 to 4.03 (81% reduction).
Most models achieve total MAE in the acceptable
band (< 6) after aggregation; however, some low-
parameter models (e.g., DeepSeek R1 Llama 3.1
8B with sum MAE of 11.84, and Llama 3.1 8B
with 8.30) remain in the moderate or substantial
error range, indicating fundamental capacity limi-
tations below certain parameter thresholds.

Critically, reasoning-augmented models’ inter-
nal aggregation—even when they explicitly sum
items in their reasoning traces—remains less ac-
curate than post-hoc item summation. Even when
models show step-by-step arithmetic, their DTS
predictions remain systematically inferior to me-
chanically summed item-level outputs, indicating
fundamental limits of DTS prediction regardless
of reasoning capability.

Output validity further compounds these capac-
ity limitations: Table 4 shows that reasoning-
augmented models produce substantially more in-
valid total-score outputs than item-level ones (e.g.,
QwQ 32B averages 34.7 invalid total outputs vs.
2.7-5.0 per item), as the longer transcripts used in
DTS prediction leave less generation budget for
the reasoning trace, increasing the likelihood that
the model fails to produce a score. This asymme-
try partly explains the outsized DTS-ITS gap for
reasoning models.



Table 2: Total-score evaluation: reasoning vs. non-reasoning. DTS: T'= fo(x); ItS: T= > Ui. MoE sizes:
Active—Total params. Bold = best; darker = best/worst. MAE: Acceptable (< 6), Substantial (> 12). F1

(T>20): >Q3 (0.86), <Ql (0.77).

Model (Size) Arch. Cix.
REASONING MODELS
Qwen 3 Next (3B-80B) MoE 262k
GPT OSS 120B (58-117B) MoE 131k
Qwen 3 (22B-235B) MoE 262k
GPT OSS 20B 3B-21B) MoE 131k
Magistral Small 2507 (24B) Dense 40k
DeepSeek R1 Qwen 2.5 (328) Dense 131k
DeepSeek R1 Llama 3.3 (70B) Dense 131k
Qwen 3 (14B) Dense 131k
Qwen 3 (32B) Dense 131k
Qwen 3 (8B) Dense 131k
DeepSeek R1 Llama 3.1 (8B) Dense 131k
Qwen 3 @B) Dense 131k
Qwen 3 (1.7B) Dense 40k
Qwen 3 (0.6B) Dense 40k
QwQ 32B) Dense 131k
Qwen 3 (3B-30B) MoE 262k
NON-REASONING MODELS
Qwen 2.5 (72B) Dense 131k
Llama 4 Maverick (178-4008) MoE Im
Llama 4 Scout (17B-1098) MoE 10m
Qwen 2.5 (14B): IM Dense 1m
Qwen 2.5 (7B): IM Dense Im
Llama 3.3 (70B) Dense 131k
Qwen 3 Next: NR (38-30B) MoE 262k
Gemma 3 IT @27B) Dense 131k
Llama 3.1 B) Dense 131k

Screening performance (F; for total > 20)
shows considerable variation: top-performing mod-
els achieve F; scores of 0.86—0.88, while smaller
models range from 0.57 to 0.77. For most mid-to-
large scale models, differences between DTS and
ITS approaches are modest (A < 0.05), though
some small models show larger improvements with
aggregation (e.g., Qwen 3 1.7B: 0.57 — 0.78,
A = +40.21). The distinction between reasoning-
augmented and standard models is minimal for
screening tasks, with both architectures achieving
comparable F; scores at similar parameter scales.

MAE | F14
DTS IS DTS IS
5.90 £0.17 4.31 +0.11 0.87 +0.01 0.87 £0.01
6.80 +0.19 3.78 +0.08 0.84 +0.00 0.86 +0.01
7.60 +0.44 3.68 +0.02 0.85 £0.01 0.87 40.00
7864018 3994003  0.824001  0.85 +0.02
8.76 £0.90 3.81 +0.02 0.82 4+0.01 0.86 +0.01
10.03 4+0.78 3.83 +0.04 0.77 £0.01 0.86 40.01
10.14 £079 390 +£0.04  0.81 £0.01  0.87 £0.01
10.84 +3.01 4.12 £0.04 0.79 4+0.05 0.88 +0.01
12.82 £058  4.06+£002 0754000  0.87 £0.01
13.56 £0.60 443 £0.05 073003  0.86 0.00
13.78 +0.21 11.84 4+0.82 0.73 £0.01 0.71 £0.01
15234000 5464011 0724003  0.84 £0.01
19.05 +0.29 7.45 +0.17 0.57 +£0.02 0.78 £0.01
19.72 +£0.91 9.46 £0.19 0.58 +0.01 0.72 +0.01
21.09£106  4.03 4005 0764001  0.87 £0.00
50.22 +£2.22 3.98 +0.11 0.67 +0.05 0.87 £0.01
DTS ITS DTS ITS
5.53 +0.15 3.80 +0.03 0.86 +0.01 0.87 +0.00
5.604£005  4.004002  0.84+000  0.88 +0.00
5.75 +0.06 3.70 £0.00 0.82 40.02 0.86 +0.00
6.09 +0.20 3.61 +0.03 0.82 4+0.01 0.88 +0.01
6.11 £035 4714027  0.85+001  0.86 +0.00
7.32 £0.17 4.57 £0.07 0.86 +0.00 0.86 4+0.00
8.88 +0.24 4.30 £0.05 0.87 £0.00 0.88 +£0.00
12.12 £0.25 4.76 +0.15 0.77 £0.01 0.85 £0.00
13.71 +£1.45 8.30 +£1.22 0.74 £0.04 0.81 £0.01

5.2 Item-wise Performance

Table 3 presents item-level MAE across all mod-
els, with performance categorized into accept-
able (< 0.6), moderate (0.6—1.2), and substan-
tial (> 1.2) error bands. Among standard models,
Qwen 2.5 (72B) achieves the lowest average MAE
(0.74), with Reduced Appetite (0.50) and Suicidal
Thoughts (0.58) falling in the acceptable band and
remaining items in the moderate range (0.65-0.94).
Llama 4 Scout attains comparable performance
(mean 0.75), again placing Reduced Appetite at
0.42 (acceptable error). Reasoning-augmented



Table 3: Item-wise MAE = std for I1-110 with mean. Formatted as Table 2.

Model (Size) 11 12 13 14 15 16 17 18 19 110 Mean
REASONING MODELS
0.95 0.88 0.75 0.93 0.40 0.88 0.75 0.78 0.66 0.64 0.76
+003  £003 £003 £002 £002 £002 +£003 +001  £001 £003  £001
0.98 0.94 0.76 0.87 0.39 0.87 0.79 0.76 0.65 0.70 0.77
+001  £001  £002 £002 £001 £002 +£002 +003 £002 £004  £002
1.04 0.94 0.80 0.81 0.44 0.85 0.75 0.78 0.73 0.60 0.77
+£005  £002 £001  £000 £002 £001 £005 £001  £001 £00l  £001
1.05 0.95 0.82 0.91 0.47 0.96 0.74 0.80 0.73 0.67 0.81
+001  £002 £003 £005 £001 £002 +£003 +001 £002 £003  +001
1.06 0.92 0.78 0.92 0.49 0.89 0.84 0.92 0.74 0.67 0.82
+001  £002  £001  £004 £002 £001  £001  +002 £001  £002  £000
1.07 0.98 0.85 0.96 0.48 0.99 0.78 0.82 0.68 0.69 0.83
+001  £003  £002 £002 £002 £002 £002 £002 £000 £003  £001
1.06 0.87 0.77 1.00 0.53 0.93 0.81 0.89 0.69 0.82 0.84
+002  £002 £002 £002 £002 £002 +£002 +002 £002 £001  £000
1.07 1.00 0.82 0.95 0.56 1.03 0.79 0.88 0.72 0.78 0.86
+001  £002 £003 £002 £001  £004 £002 +004 £001  £002  +001
1.04 1.04 0.88 1.00 0.53 0.99 1.02 0.98 0.76 0.69 0.89
+002  £002 £001  £001 £001 £002 £003 £002 £003 £00l  £001
1.16 1.00 0.91 1.10 0.51 1.06 0.86 0.94 0.71 0.75 0.90
+003  £001  £002 £004 £001 £003 £00l  £003 £002 £003 +00l
1.18 1.06 0.81 123 0.70 1.01 0.88 1.34 0.71 0.79 0.97
+004  £000 £001  £003 £004 £002 +£003 £003 £002 £003  +001
1.25 1.08 1.09 1.17 0.62 1.19 1.09 1.07 0.75 0.85 1.02
+£006  £002 £004 £001  £001  £004 £002 £004 £002 £004 +001

1.27 1.09 0.95 1.20 0.80 1.27 1.04 1.69 0.81 0.94 1.11
+£002  £003 £002 £002 £002 £006 +£001  £003 £001 £00l  £000
1.68 1.51 1.16 1.43 0.97 1.28 1.23 2.45 0.93 0.94 1.36
+001 | £002 +£001  £002 £005 £004 +£006 | £012 £002 £004  £001
1.53 1.41 0.96 1.61 1.65 1.29 1.73 2.20 1.06 1.39 1.48
+001  £005 £006 £010 £0I13 £006 | £008 +014 £006 £017  £007

1.78 1.47 1.32 2.28 1.72 1.53 1.72 1.84 1.37 1.50 1.65
+£004 £002 £003 | £005 | £005 £001 +£005 +£007 | £003 | £003  £001

Qwen 3 (22B-235B)

GPT OSS 120B (5B-117B)

Magistral Small 2507 (24B)

DeepSeek R1 Qwen 2.5 (32B)

DeepSeek R1 Llama 3.3 (70B)

GPT OSS 20B (3B-21B)

Qwen 3 (32B)

QwQ (32B)

Qwen 3 Next (3B-80B)

Qwen 3 (14B)

Qwen 3 (8B)

Qwen 3 (3B-30B)

Qwen 3 4B)

Qwen 3 (1.7B)

DeepSeek R1 Llama 3.1 (8B)

Qwen 3 (0.6B)

NON-REASONING MODELS
094 077 066  0.92 0.50 0.80 0.71 0.89 0.65 0.58 0.74
+ 0.02 =+ 0.01 =+ 0.02 =+ 0.01 =+ 0.02 + 0.02 + 0.01 =+ 0.01 =+ 0.01 =+ 0.01 =+ 0.00
1.06 0.89 076 083 0.42 0.83 0.73 0.76 066  0.60 0.75
=+ 0.01 =+ 0.01 + 0.01 + 0.01 =+ 0.01 =+ 0.01 =+ 0.00 =+ 0.00 =+ 0.01 + 0.01 =+ 0.00
0.89 090 080 0.89 0.48 0.85 0.78 0.97 0.71 0.57 0.78
+ 0.01 + 0.03 + 0.03 + 0.02 + 0.01 + 0.02 + 0.02 + 0.02 + 0.02 + 0.02 + 0.01
0.96 0.83 0.75 0.88 0.42 0.91 0.92 1.06  0.63 059 0.80
=+ 0.00 =+ 0.01 =+ 0.01 =+ 0.01 =+ 0.01 =+ 0.02 + 0.01 + 0.02 =+ 0.00 =+ 0.01 =+ 0.00
1.07 0.83 0.83 0.92 0.52 0.82 0.79 0.85 0.78 0.66 0.81
=+ 0.01 =+ 0.01 =+ 0.01 =+ 0.00 =+ 0.02 =+ 0.00 =+ 0.01 =+ 0.01 =+ 0.01 =+ 0.01 =+ 0.01
1.08 0.92 0.99 0.96 0.62 0.83 0.81 1.06 082  0.69 0.88
=+ 0.00 =+ 0.01 + 0.02 + 0.01 =+ 0.01 =+ 0.01 + 0.03 + 0.03 + 0.02 =+ 0.01 =+ 0.01
1.10 1.04 094 095 0.63 0.88 0.92 0.87 0.83 0.62 0.88
+ 0.01 =+ 0.01 =+ 0.00 =+ 0.01 =+ 0.00 =+ 0.00 + 0.02 + 0.01 =+ 0.01 =+ 0.01 =+ 0.00
1.08 0.99 0.78 0.92 0.59 0.93 1.08 0.96 1.00  0.67 0.90
+ 0.03 + 0.04 + 0.01 + 0.01 =+ 0.02 + 0.02 + 0.04 + 0.02 +0.03 + 0.04 =+ 0.01

1.38 1.15 1.34 1.61 1.19 1.07 1.57 1.46 1.23 1.05 1.30
+006 +012 | £007 £015 £022 £007 £010  +£008  £008 £00l  £009

Qwen 2.5 (72B)

Llama 4 Scout (17B-109B)
Qwen 2.5 (14B): IM

Llama 4 Maverick (17B-400B)
Llama 3.3 (70B)

Gemma 3 IT (27B)

Qwen 3 Next: NR (3B-80B)
Qwen 2.5 (7B): IM

Llama 3.1 (8B)

models show similar patterns: GPT OSS 120B  in the acceptable band (0.39 and 0.40, respec-
achieves mean MAE of 0.77, and Qwen 3 (235B) tively). Notably, mid-scale models approach large-
achieves 0.76, with Reduced Appetite consistently =~ model performance: Qwen 2.5 (14B; 1M context)



Table 4: Invalid output counts (mean across runs) per MADRS item and total. Lower is better. Formatted

as Table 2.

Model (Size) 11 12 13 14
REASONING MODELS
Magistral Small 2507 (24B) 0 0 0 0
GPT OSS 120B (5B-117B) 0 0 0.3 0
DeepSeek R1 Llama 3.3 (70B) 0 0 0.7 0
GPT OSS 20B (3B-21B) 0 0 0 0.3
DeepSeek R1 Llama 3.1 (8B) 0.3 0 0 0.7
DeepSeek R1 Qwen 2.5 (32B) 0.3 0.3 0.3 1.0
Qwen 3 Next (3B-80B) 0.3 0 1.3 0
Qwen 3 (32B) 1.7 0 0 0
Qwen 3 (8B) 0.7 1.0 1.0 1.0
Qwen 3 (22B-235B) 2.7 2.3 0.7 1.0
Qwen 3 (14B) 2.3 2.3 1.7 2.0
Qwen 3 4B) 1.7 1.3 3.7 33
QwQ (32B) 2.7 3.7 4.0 4.7
Qwen 3 (0.6B) 7.7 7.0 9.7 9.0
Qwen 3 (1.7B) 8.3 53 10.7 8.3
Qwen 3 (3B-30B) 20.3 223 22.3 9.0

NON-REASONING MODELS

15 16 17 18 19 110 Total
0 0 0 0 0 0 0
0.3 0 0 0 0 0 0.7
0 0 0 0 0 0.3 1.0
0 0 0 0.7 0 0 1.0
0.3 0 0 0 0 0.3 1.7
0 0.7 0 0 0.3 0 3.0
0.7 0.3 0 0.7 0 0 33
0.7 0.7 0 1.3 0 0.3 4.7
3.0 0.3 1.0 0.7 0.3 1.0 10.0
1.3 0 4.0 1.0 0.3 3.7 17.0
2.0 1.7 2.3 1.7 0 1.3 17.3
4.3 5.0 2.3 4.0 0.7 3.7 30.0
4.7 3.0 4.0 3.0 0 5.0 34.7
5.7 9.3 9.3 9.3 0.7 8.7 76.3
12.0 11.0 8.0 8.7 1.3 6.3 80.0
18.7 17.3 243 21.7 0 19.7 175.7

All 9 non-reasoning models produced 0 invalid outputs.

achieves mean MAE of 0.78 with acceptable error
on physiological symptom items.

In contrast, models with < 8B parameters ex-
hibit multiple cells in the substantial band (> 1.2),
with Llama 3.1 (8B) and Qwen 3 (0.6B-1.7B)
frequently exceeding MAE of 1.3 across several
items. Comparing architectures, standard mod-
els demonstrate superior average item-level perfor-
mance (mean MAE 0.87) compared to reasoning-
augmented models (mean MAE 0.99), suggesting
that explicit reasoning traces do not uniformly im-
prove accuracy at this task granularity.

Part of the accuracy gap between architectures
is attributable to output validity: as Table 4
shows, all nine non-reasoning models produced
zero invalid outputs, whereas reasoning-augmented
models—particularly at smaller scales—frequently
exhaust their generation budget on reasoning
traces before emitting a parseable prediction (e.g.,
Qwen 3 0.6B: 76.3; 1.7B: 80.0; 3B-30B MoE:
175.7 invalid outputs on the total-score task).

Item-specific patterns reveal consistent difficulty
hierarchies: Reduced Appetite (Item 5) achieves
acceptable error (< 0.6) across all models regard-
less of architecture or scale, likely reflecting its
concrete behavioral nature. Conversely, smaller
reasoning-augmented models struggle particularly
with Lassitude (Item 7) and Inability to Feel (Item

8), with MAE reaching 2.45 for the smallest variant
(Qwen 3 1.7B) on Item 8, indicating that affective-
behavioral items pose unique challenges for low-
capacity reasoning systems. The persistent diffi-
culty of Apparent Sadness (Item 1) across both
architectures—despite interview questions specif-
ically probing what others observe about the pa-
tient’s appearance—suggests an inherent limitation
of text-only assessment: this item fundamentally
requires visual and paralinguistic observations that
necessitate multimodal integration.

5.3 Prompt Ablation: When Does Reasoning
Help?

Using Qwen 3 Next (80B; MoE) with and with-
out reasoning augmentation, we ablated descriptive
cues and demonstrative cues across four config-
urations. Figure 3 presents paired comparisons
(reasoning-augmented in blue, standard in red),
with A = Standard — Reasoning labeled above
each pair.

With full scaffolding (descriptive + demonstra-
tive cues), the standard model slightly outperforms:
Standard=0.88, Reasoning=0.89, A = —0.03. Re-
moving descriptive cues (No Descriptions) equal-
izes performance at ~ 0.98 for both. When only
descriptive cues remain (No Demonstrations),
reasoning-augmented models gain a small edge:
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Figure 3: Prompt ablation: descriptive & demonstrative cues, reasoning vs. no-reasoning. Mean Item
MAE for Reasoning-Augmented (R) vs. Standard (NR) models across four prompt configurations. Values
above each bar pair show A = Standard — Reasoning; positive values indicate a reasoning advantage.

Reasoning=0.90, Standard=0.94, A = +0.03. The
advantage of reasoning becomes pronounced in
the Raw condition (no cues): Reasoning=0.97,
Standard=1.15, A = +0.18, with reasoning-
augmented models also showing narrower variance.
This pattern reveals that explicit reasoning primar-
ily benefits performance when prompt scaffolding
is sparse—when models lack structured clinical
definitions and examples, reasoning helps navigate
the ambiguity. Conversely, with strong descriptive
cues, standard models can match or even exceed
reasoning-augmented ones.

5.4 Mixed-Effects Analysis: Disentangling
Model and Task Factors

Figure 4 summarizes separate task-level, seed-
averaged mixed-effects fits from Section 4.4: one
fit for reasoning-augmented models (/N=92,864
observations; sessions within patients n=>541, pa-
tients n=277, tasks n=11, models n=16) and one
fit for non-reasoning models (N=52,236 obser-
vations; sessions within patients n=541, patients
n=277, tasks n=11, models n=9).

Model characteristics. Larger models yield
lower error in both strata (log-parameters, z-
standardized): reasoning-augmented B = —0.638
(t = —4.84), standard 3 = —0.206 (t = —2.49).

Context length shows divergent effects: positive
for reasoning-augmented (B = +0.966, t = 3.51)
but negligible for standard models (3 = —0.093,
t = —1.92). Mixture-of-Experts architectures cor-
relate with higher error in both strata (reasoning-
augmented: B = 40.525, t = 2.02; standard:
B = +0.308, t = 1.73).

Clinical complexity. Higher severity predicts
higher error both between patients (reasoning-
augmented: B = +40.119, t = 21.4; standard:
B = +0.131, t = 20.1) and within patients
(reasoning-augmented: B = +0.137, t = 33.7;
standard: 3 = +0.078, ¢ = 15.3). Transcript
length shows small effects: between-patient ver-
bosity is slightly harder (reasoning-augmented:
B = 40.035, t = 2.46; standard: 3 = +0.105,
t = 6.64).

Reasoning trace patterns. For reasoning-
augmented models only, reasoning length
exhibits a bidirectional pattern: models/sessions
with typically longer traces show higher error
(between—patient/item/é’ = 40.225, t = 43.5),
but producing more reasoning than usual for a
given patient—item correlates with lower error
(within-session 3 = —0.929, t = —64.9). This
suggests adaptive reasoning—deploying extra
computation when needed—is beneficial, while
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Figure 4. Mixed-effects analysis (task-level, seed-averaged). Blue = reasoning; red = standard. (a)
Fixed-effect estimates (points: coefficients; bars: 95% CI). Longer within-patient reasoning is linked to
lower error, while patients/models with typically longer reasoning show higher error. Larger models reduce
error; MoE tends to increase it. (b) Item random-intercept deviations (BLUPs) highlight item-specific

difficulty (e.g., Inability to Feel >0; Inner Tension

uniform verbosity correlates with harder cases
rather than improved accuracy.

Item-level heterogeneity. Random-intercept
BLUPs (Figure 4b) reveal a consistent dif-
ficulty hierarchy across architectures.  Both
reasoning-augmented and standard models find
Inability to Feel (18; deviations +0.19 and +0.16,
respectively) and Apparent Sadness (11; +0.08
and +0.18) the hardest items, while Inner Tension
(I3; —0.23), Reduced Appetite (15; —0.13 and
—0.17), and Suicidal Thoughts (I110; —0.12
and —0.16) are consistently easiest. The broad
alignment of these rankings across the two strata
indicates that item difficulty is driven primarily by
construct properties—concrete behavioral items
are easier than subjective affective ones—rather
than by architectural differences. The elevated
difficulty of Apparent Sadness is particularly
instructive: despite interview questions explicitly
asking patients what others comment on about
their appearance, this item retains a fundamental
observational component—clinical MADRS
administration relies heavily on the clinician’s
direct visual assessment of facial expression,
posture, and nonverbal presentation, modalities
entirely absent from text transcripts, suggesting
that certain depression symptoms would benefit
from multimodal integration of visual and acoustic
signals. One notable divergence concerns the

<0).

rescaled total-score task: reasoning-augmented
models show the largest positive deviation (+0.44),
reflecting the difficulty of DTS scoring discussed
in Section 5.1, whereas standard models show a
negative deviation (—0.11), suggesting that DTS
prediction is comparatively less penalized in the
non-reasoning stratum.

6 Discussion

Our comprehensive evaluation of 25 state-of-the-
art open-source LLMs on the LLAMADRS bench-
mark reveals nuanced patterns about when rea-
soning augmentation benefits clinical assessment.
We find that strong open LLMs achieve clinically
moderate item-wise accuracy on MADRS from
real interviews, using established interpretability
bands for error magnitude (Montgomery and As-
berg, 1979; Turkoz et al., 2021). Building on
this baseline, the ITS procedure—score items,
then sum—substantially reduces total MAE for
most models, with the majority achieving accept-
able error (< 6); notably, even when reasoning-
augmented models "self-aggregate" in their traces,
their DTS predictions remain inferior to summing
item estimates. However, this benefit does not
extend uniformly to all models: smaller models
with limited capacity (< 8B parameters) may re-
main in the moderate error band even after aggre-
gation, highlighting the importance of adequate
model scale for clinical reliability.



The relationship between reasoning augmenta-
tion and performance proves context-dependent.
Under anchored, schema-constrained prompts that
encode clinical descriptive cues, standard vari-
ants frequently match or surpass their reasoning-
augmented counterparts. Our ablation study clari-
fies this pattern: explicit reasoning helps primarily
when scaffolding is sparse, aligning with recent
reports that reasoning gains are task- and prompt-
dependent. With full clinical scaffolding (descrip-
tive and demonstrative cues), standard models
achieve A = —0.03 advantage; without any cues,
reasoning-augmented models gain A = 40.18 ad-
vantage with reduced variance.

A mixed-effects analysis further contextualizes
these results: larger parameter counts predict lower
error, context-window length has near-zero effect,
and—after adjusting for case mix—both MoE ar-
chitecture and uniform reasoning augmentation cor-
relate with higher error. Critically, longer within-
session reasoning traces correlate with lower er-
ror (B = —0.929), while models that typically
produce longer traces show higher error (B =
40.225). This bidirectional pattern suggests that
adaptive reasoning—deploying extra computation
selectively—is beneficial, whereas indiscriminate
verbosity indicates difficulty rather than capability.

Clinical implications. The consistent achieve-
ment of acceptable-to-moderate error bands across
strong models suggests potential clinical utility,
particularly for the ITS approach (item-level scor-
ing followed by summation). The systematic diffi-
culty pattern across items—with subjective/aftec-
tive items showing higher error than behavioral
items—highlights fundamental challenges in text-
based assessment of internal states. This pattern
persists regardless of reasoning augmentation, sug-
gesting inherent limitations in inferring mood states
from dialogue alone.

Methodological insights. Our findings challenge
assumptions about the uniform superiority of rea-
soning augmentation. The effectiveness of de-
scriptive cues—clinical anchors and severity def-
initions—as the highest-value prompt component
suggests that for well-structured clinical tasks with
clear rubrics, careful prompt engineering can sub-
stitute for explicit reasoning. This has practical
implications for deployment: standard models with
good prompts may be more efficient than reasoning-
augmented models that require additional compu-

tation without commensurate gains.

7 Limitations

Our analysis is text-only; nonverbal cues and
prosody—important for affective items—are not
modeled. The CAMI dataset represents inpatient
psychiatric settings, potentially limiting generaliz-
ability to outpatient or community samples. Future
work should explore multimodal integration, cross-
population validation, and methods for uncertainty
quantification appropriate for clinical deployment.

8 Conclusion

We introduced LLAMADRS, a benchmark for
evaluating LLM performance on clinical depres-
sion assessment using real patient—clinician inter-
views with 5,804 clinician-rated MADRS anno-
tations. Evaluating 25 models reveals that strong
open LLMs achieve clinically acceptable item-level
accuracy, while ITS scoring reduces total MAE by
30-70% compared to DTS prediction, exposing
fundamental limits of end-to-end DTS regression.

Reasoning augmentation benefits are context-
dependent: standard models often match reasoning-
augmented variants under well-structured prompts
(A = —0.03), but reasoning provides clear gains
with sparse scaffolding (A = +0.18). Mixed-
effects analyses identify model scale and reasoning
length as key predictors, with reasoning tokens
showing the largest effect (5 = —0.929). These
findings challenge assumptions about reasoning
augmentation and establish a foundation for auto-
mated yet interpretable clinical assessment.
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A Prompt Templates

Each prompt follows the three-component structure from §4.1: (1) descriptive cues, (2) demonstrative
cues, and (3) JSON output schema. Ablation configurations (§4.3) selectively remove (1) and/or (2). Full
transcripts are provided in the actual prompts; excerpts below are abbreviated for space.

A.1 DTS Prompt

DTS: Total Score (0—60)

Task: Analyze a diarized transcript of a psychiatric session where the Montgomery-Asberg Depression Rating
Scale (MADRS) questionnaire is being administered. Predict the total MADRS score (0-60) that the practitioner
would likely give based on the patient’s responses and the conversation. Remember that the rating is for the
last week, not based on the patient’s history or general condition.

[Descriptive Cues]

The MADRS consists of 10 items, each scored from 0-6:

1. Apparent Sadness, 2. Reported Sadness, 3. Inner Tension, 4. Reduced Sleep, 5. Reduced Appetite,
6. Concentration Difficulties, 7. Lassitude, 8. Inability to Feel, 9. Pessimistic Thoughts, 10. Suicidal
Thoughts

Severity ranges: 0-6 Normal; 7-19 Mild; 20-34 Moderate; 35-60 Severe.

Instructions:

1. Read the provided interview transcript.

2. Predict the total MADRS score (0-60) based on the overall conversation.
3. Provide a brief explanation (2-3 sentences) for your predicted score.

Output Schema: {rating: ©0-60, explanation: 2-3 sentences}

[Demonstrative Cues] — 3 examples at different severity levels
Example 1 (No Depression):
Transcript: <full transcript>
Rating: 4

Explanation: [2-3 sentences]
Example 2 (Moderate):
Transcript: <full transcript>
Rating: 25

Explanation: [2-3 sentences]
Example 3 (Severe):

Transcript: <full transcript>
Rating: 51

Explanation: [2-3 sentences]

A.2 Item-Level Prediction Prompt

Each of the ten MADRS items uses the same template with item-specific definitions, questions, anchors,
and seven demonstrative examples (one per anchor 0-6). Below we illustrate with Reported Sadness
(Item 2).

Item Prompt: Reported Sadness (0-6)

Task: Analyze a diarized transcript of a psychiatric session where the MADRS is being administered. Predict
the rating (0-6) that the practitioner would likely give for the specified MADRS item based on the patient’s
responses and the conversation. Remember that the rating is for the last week, not based on the patient’s history
or general condition. Focus on the questions that are directly related to the MADRS item and the patient’s
answers.

MADRS Item: Reported Sadness



[Descriptive Cues]

Description: Representing reports of depressed mood, regardless of whether it is reflected in appearance or
not. Includes low spirits, despondency or the feeling of being beyond help and without hope. Rate according
to intensity, duration and the extent to which the mood is reported to be influenced by events.

Rating Scale:

@ - Occasional sadness in keeping with the circumstances.

1 — Between @ and 2.

2 — Sad or low but brightens up without difficulty.

3 - Between 2 and 4.

4 - Pervasive feelings of sadness or gloominess. The mood is still influenced by external circumstances.

5 - Between 4 and 6.

6 — Continuous or unvarying sadness, misery or despondency.

Instructions:

1. Read the provided interview transcript.

2. Rate the interviewee’s reported sadness on a scale of 0-6.

3. Provide a brief explanation (2-3 sentences) for your rating.

4. List 2-3 key utterances from the conversation supporting your assessment.

Output Schema: {rating: 0-6, explanation: 2-3 sentences, key_utterances: [line numbers], most_relevant_question:

[...1}

[Demonstrative Cues] — 7 examples (0-6)
Transcript: <item-segmented transcript>
Rating: @

Explanation: [2-3 sentences]

Key Utterances: [line nos.]

Most Relevant Question: [...]

Transcript: <item-segmented transcript>
Rating: 6

Explanation: [2-3 sentences]

Key Utterances: [line nos.]

Most Relevant Question: [...]



