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Abstract
Background: Large language models (LLMs) are rapidly evolving from text-based agents to multimodal systems capable
of interpreting medical images. While their textual reasoning has improved, the safety implications of this shift remain
underexplored, specifically regarding the alignment between visual interpretation and textual advice in low back pain (LBP)
management.
Objective: This study aims to evaluate the performance of 10 commonly used and highly representative LLMs, including paid
models such as ChatGPT 5 Plus (OpenAI) and reasoning-oriented models like Qwen3-Thinking (Alibaba/Qwen team) in the
context of LBP. Specifically, it assesses their clinical accuracy, readability, and the “asymmetric evolution” in cross-modal
diagnostic consistency.
Methods: We conducted a cross-sectional quantitative evaluation integrated with an exploratory multimodal stress test. First,
10 LLMs, including ChatGPT 5 and ChatGPT 5 Plus, Gemini 3 Pro (Google DeepMind), Claude 4.5 Sonnet (Anthropic), Grok
4 (xAI), DeepSeek, Kimi K2 (Moonshot AI), Doubao (ByteDance Seed [Doubao Team]), Qwen3 (Base), and Qwen3-Think-
ing, addressed 25 standardized LBP inquiries. A multidisciplinary expert panel extracted 1816 individual recommendations by
segmenting the models’ point-by-point responses. These were independently coded for clinical accuracy against international
guidelines on a 5-point Likert scale. Outcomes also included readability (Flesch Reading Ease [FRE] and Simple Measure
of Gobbledygook [SMOG]), understandability (Patient Education Materials Assessment Tool [PEMAT]), and the presence of
disclaimers. Second, to probe multimodal capabilities, we conducted an exploratory stress test (N=5) using a curated set of
challenging clinical cases, including representative but complex LBP pathologies to assess baseline image recognition, and
adversarial cases with deliberate clinical-radiological mismatches to evaluate cross-modal alignment.
Results: In textual tasks, models achieved an overall accuracy of 88.4% (1605/1816). ChatGPT 5 Plus demonstrated near-
perfect performance, with zero serious errors. Within the only directly matched reasoning comparison, Qwen3-Thinking
showed a lower serious-error rate than Qwen3 (Base). However, textual advice remained difficult to read, although understand-
ability scores were robust. In contrast, multimodal performance in the exploratory stress test exhibited a negative divergence.
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In pure imaging tasks featuring complex but clinically representative pathologies, the average diagnostic score was poor, with
models failing to identify core pathologies. In comprehensive diagnostic analysis tasks (Q29-Q30), models exhibited “textual
masking,” aligning visual findings with text cues rather than imaging evidence. Crucially, safety disclaimer coverage dropped
precipitously from 82.8% (207/250) in textual tasks to 28% (14/50) in multimodal interactions.
Conclusions: Under adversarial stress conditions, current LLMs exhibit a capability mismatch: expert-level textual accuracy
masks vulnerable visual interpretation. This “high-confidence trap” may cause users to misapply trust in textual logic to visual
diagnostics. Although the matched Qwen3 comparison suggested a lower serious-error rate in the reasoning-enhanced setting,
poor cross-modal alignment and the systemic absence of medical disclaimers in visual tasks pose substantial risks. Thus,
current multimodal LLMs remain unready for direct patient use in LBP management.
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Introduction
Low back pain (LBP) dominates global disability charts, yet
the most consequential shift in its management is unfolding
outside the clinic walls [1]. Driven toward self-management,
patients are increasingly incorporating AI as an accessible
“first stop” for health information and preliminary triage
guidance [2]. The tools people rely on have undergone major
changes. Large language models (LLMs) have transitioned
from passive information retrievers typical of traditional
search engines to active “virtual consultants” [3].

Recent foundational studies, such as the benchmark by
Scaff et al [4], established a critical early baseline for
assessing text-based AI responses in LBP management.
However, due to the rapid iteration of large model architec-
tures and variations in prompt engineering, simple quan-
titative comparisons can no longer capture the current
technological frontier [5]. Our study builds on the concep-
tual foundation of research by Scaff et al [4] to upgrade
the evaluation framework, specifically addressing the newly
evolved chain-of-thought reasoning capabilities [6] and
nascent multimodal interactions of LLMs.

The core clinical question has shifted accordingly: for
these models to effectively serve as “virtual advisors,” they
must not only deliver high accuracy in text-based interactions
but also maintain diagnostic reliability when visual informa-
tion is introduced [7]. Do reasoning models truly reduce
the risk of errors on the textual front [8]? And does the
exploratory introduction of visual inputs create new pathways
for misleading advice? The primary concern is “asymmet-
ric evolution,” where sophisticated textual logic might mask
underlying unreliability in visual interpretations.

To address this, we conducted a comprehensive assess-
ment of 10 representative agents (including international
models like ChatGPT 5 Plus (OpenAI) [9] and Chinese
domestic models like DeepSeek [10] and Qwen [Alibaba/
Qwen team] [11]), anchored by a robust text-based evalua-
tion and supplemented by an exploratory multimodal probe.
By building upon a systematic quantitative assessment of
standardized textual queries and integrating a small-scale,
exploratory multimodal case series, we aim to characterize
the cross-modal performance gap between textual reason-
ing and visual processing and its potential implications

for patient use [12]. Ultimately, this study seeks to iden-
tify whether these “experts” exhibit capability imbalances,
thereby providing a necessary caveat for digital health
practices.

Methods
Study Design and Question Development
We constructed a cross-sectional stress test to evaluate the
current capabilities of 10 LLMs [13]. To mimic real-life
clinical scenarios, the initial question pool was generated
by simulating a comprehensive patient perspective across
10 different LLMs. The specific prompt parameters used
were “If you are a patient with low back pain and want
to use a large language model to seek consultation and ask
questions in order to gain relevant information, knowledge,
and advice, please list the 20 most likely questions you
would ask from the perspective of a patient (Note: Each
question must contain only one inquiry point).” With each
model providing 20 questions, this generated a total of 200
potential inquiries. Subsequently, for content validation, a
multidisciplinary team of 6 senior experts (including clinical
spine surgeons and researchers) categorized, screened, and
further refined the language of these questions to ensure high
quality and comprehensive multidimensional coverage. To
verify that these inquiries authentically mimicked real-life
phrasing and aligned with clinical realities, we consulted 10
patients with LBP from diverse backgrounds to evaluate the
conversational tone and appropriateness of the questions. The
items were iteratively revised based on their feedback until
each question achieved consensus approval from at least 8
of the 10 patients. This rigorous process culminated in a
final test set comprising 25 standardized textual questions
spanning 3 key domains: self-management, risk factors,
and treatment strategies. To probe the models’ multimodal
capabilities, we designed an exploratory multimodal “stress
test” using a purposively sampled series of clinical cases
(N=5). Rather than aiming for statistical representativeness—
which typically requires large-scale benchmarking datasets—
this component was explicitly designed as an exploratory
quantitative adversarial probe (akin to AI “red teaming”)
to expose potential systemic vulnerabilities and cross-modal
hallucinations. This test comprised 2 distinct challenges:
(Q26-Q28) clinically common yet moderately complex
LBP imaging cases, designed to assess baseline image
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recognition capabilities; and (Q29-Q30) adversarial cases
featuring deliberate clinical-radiological mismatches (where
the clinical history text contradicted the imaging findings,
requiring comprehensive synthesis to avoid misdiagnosis if
relying solely on one modality), designed to evaluate the
LLMs’ cross-modal analytical capabilities. Full details and
deidentified images are provided in Multimedia Appendix 1.
Ultimately, this process culminated in a comprehensive final
test set of 30 standardized questions, spanning both text-only
inquiries and multimodal diagnostic tasks.
Model Selection and Configuration
Ten widely available models have been selected, cover-
ing international flagship LLMs such as ChatGPT 5 and
ChatGPT 5 Plus, Grok 4 (xAI) [14], Gemini 3 Pro
(Google DeepMind), and Claude 4.5 Sonnet (Anthropic)
[15], as well as representative domestic LLMs from
China, including DeepSeek V3.1, Kimi K2 (Moonshot
AI), Doubao 1.6 Pro (ByteDance Seed [Doubao team]),
and Qwen3-235B-A22B-2507 (encompassing both general
and reasoning modes) [16]. (Nomenclature note: the exact
versions evaluated are Qwen3-235B-A22B-2507 and its
reasoning-enhanced variant Qwen3-235B-A22B-2507-Think-
ing. For visual clarity and to accommodate spatial constraints
in certain figures and data-dense tables, these models are
standardized and abbreviated globally as Qwen3 [Base]
and Qwen3-Thinking [Alibaba/Qwen team] throughout the

text and visualizations.) All tests were conducted within a
unified Edge browser environment using English prompts.
Each query was initiated in a new chat session to minimize
carryover effects.

To ensure representativeness and sufficient user acces-
sibility, this study included 10 LLMs with high visibil-
ity and widespread usage both internationally and within
China (comprising 5 international flagship models and 5
representative domestic Chinese models). We purposively
established several internal comparative groups, such as
comparing ChatGPT 5 with its paid counterpart, ChatGPT 5
Plus, and comparing the open-source Qwen3 (Qwen3-235B-
A22B-2507) in its standard “Fast” mode—Qwen3 (Base)—
against its “Thinking” (reasoning-enhanced) mode. Given
the current paradigm shift where most state-of-the-art
LLMs integrate advanced reasoning capabilities, activating
these specific configurations (eg, “Thinking,” “Expert,” or
“Extended Thinking” modes) generally yields superior logical
deduction. Therefore, with the exception of the standard
Qwen3 “Fast” model, which served as a general baseline,
we prioritized choosing the enhanced reasoning modes for
all applicable models during testing. The specific model
versions, selected operational modes, and the exact testing
date ranges (conducted systematically throughout November
2025) are thoroughly detailed in Table 1.

Table 1. Overview of the evaluated large language models (LLMs), including specific versions, test dates, and operational modes.
Model name Versiona Test date Selected mode
ChatGPT 5.0 Nov 1‐5, 2025 Thinking
ChatGPT 5.0 Plus Nov 1‐5, 2025 Thinking
Gemini 3 Pro Nov 25‐30, 2025 Pro
Grok 4 Nov 5‐10, 2025 Expert
Claude Sonnet 4.5 Nov 25‐30, 2025 Extended Thinking
Doubao 1.6 Pro Nov 10‐15, 2025 Thinking
DeepSeek V3.1 Nov 10‐15, 2025 Deep Thinking
Kimi K2 Nov 5‐10, 2025 Thinking
Qwen Qwen3-235B-A22B-2507 Nov 20‐25, 2025 Fast
Qwen Qwen3-235B-A22B-2507 Nov 20‐25, 2025 Thinking

aThe version column reports the technical or product version identifiers used for reproducibility; therefore, these entries may differ from the
standardized display names used elsewhere in the manuscript.

To clarify the use of reasoning capabilities, our evaluation
was not limited to Qwen3-Thinking. As shown in Table 1,
given that the vast majority of current LLMs offer modes
with enhanced reasoning capabilities, we activated these
advanced reasoning modes across the included models (with
the exception of Qwen3 [Base], which served as a baseline
control) to assess their performance under optimal condi-
tions. This included the “Thinking” mode for ChatGPT 5,
ChatGPT 5 Plus and Doubao, the “Pro” mode for Gemini 3
Pro, “Extended Thinking” for Claude 4.5 Sonnet, “Expert”
mode for Grok 4, and “Deep Thinking” for DeepSeek V3.1.
Throughout the manuscript, the term “reasoning models”
serves as an umbrella term encompassing all these specific
advanced configurations, rather than referring exclusively to
Qwen.

Expert Recruitment and Selection
To ensure rigorous and objective evaluation across dif-
ferent domains, we established specialized expert panels
for question design, multimodal evaluation, and linguistic
assessment. For the clinical and multimodal assessments
(including question refinement, textual accuracy coding, and
imaging evaluation), the recruited experts (comprising spine
surgeons, researchers, and senior radiologists) were required
to meet strict inclusion criteria: (1) holding an associate
senior professional title or higher; and (2) possessing a
minimum of 10 years of active clinical or research experience
in spine surgery, rehabilitation medicine, or radiology. For the
readability and understandability assessment, the linguistic
panel was assembled based on advanced English proficiency,
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comprising native English-speaking researchers or nonmed-
ical professionals holding a master’s degree or higher in
English, alongside 1 bilingual medical expert. To practically
maintain strict blinding and prevent potential unblinding
caused by the models’ self-identifying tendencies, 2 research
team members manually audited all generated outputs prior
to evaluation. They systematically redacted all model-specific
identifiers, explicit self-identifications, and brand-suggestive
phrasing to preserve text purity. The fully anonymized text
blocks were then distributed to the expert panel for independ-
ent grading.
Evaluation of Accuracy
Reference standards were established based on authoritative
international guidelines, including Clinical guidelines for the
diagnosis and treatment of nonspecific LBP in China [17],
the National Institute for Health and Care Excellence (NICE)
Guideline [18], American College of Physicians Clinical
Practice Guideline [19], and The Lancet LBP Series [20-22].

To ensure output uniformity and facilitate precise coding
by the expert panel, a consistent instructional prompt was
appended to each textual question (Q1-Q25): “Please provide
your answer point-by-point, ensuring that each point contains
only a single, distinct recommendation.” This instruction
established a clear operational boundary, allowing the model
outputs to be automatically segmented into bullet points.

A panel of 5 experts independently coded each individual
recommendation extracted from model responses into 1 of
6 categories: correct recommendation or rejection (guideline-
supported), incorrect recommendation or rejection (guideline-
opposed), and unclear (not mentioned in the guidelines).
To evaluate potential clinical safety risks, we specifically
identified “serious errors,” defined as recommendations that
are life-threatening or could cause permanent functional loss.
Interrater reliability was assessed using Fleiss κ, with values
exceeding 0.60 interpreted as substantial agreement.

Given that most responses from LLMs encompass multiple
recommendations, a 5-point Likert scale was used to quantify
the overall quality of each model’s response:

• 5 (excellent): 100% accuracy in all suggestions.
• 4 (good): inaccurate or unclear suggestions ≤25%; no

serious errors.
• 3 (average): inaccurate or unclear suggestions >25% but

≤50%, with no serious errors.
• 2 (poor): inaccurate or unclear suggestions >50% but

≤75%, or contains 1 serious error.
• 1 (very poor): inaccurate or unclear suggestions >75%,

or contains >1 serious errors.
Given the known limitations of current vision-language
models, we adopted an exploratory quantitative case series
approach to the multimodal assessment. We selected 5
adversarial “probe cases” specifically designed to trigger
potential hallucinations, rather than aiming for statistical
representativeness.

Multimodal capabilities were assessed across 2 dimensions
using a consensus standard defined by 3 senior radiologists
and surgeons:

• Imaging recognition (Q26-Q28): the models generated
radiology reports from computed tomography (CT) and
magnetic resonance imaging (MRI) slices. Perform-
ance was evaluated using two metrics: (1) diagnostic
consistency, scored on a 1‐4 scale, where 4 indicates
complete concordance with the reference diagnosis and
1 indicates >75% error or severe hallucination; (2)
descriptive accuracy, defined as the model’s ability to
identify core pathological findings specified in the gold
standard, calculated as: descriptive accuracy = (number
of key findings correctly mentioned by the AI/total
number of key findings in the gold standard) × 100%.

• Comprehensive diagnostic analysis (Q29-Q30): the
models integrated history, labs, and imaging for
diagnosis and treatment planning. Scoring followed a
5-point scale:

• 5 (excellent) correct primary diagnosis, all key
secondary diagnoses correct, accurate clinical-
imaging correlation, 0% noncompliant treatments,
and no serious errors.

• 4 (good) correct primary diagnosis, secondary
diagnoses and clinical-imaging correlation correct
or only minor or incomplete without changing
clinical management, noncompliant treatments
≤25%, and no serious errors. This includes
responses with correct primary and secondary
diagnoses but >0% and ≤25% noncompliant
treatments.

• 3 (moderate) correct primary diagnosis but one or
more key secondary diagnoses or clinical-imaging
correlations missed or wrong, or noncompliant
treatments >25% and ≤50%, or 1 serious error.

• 2 (poor) wrong primary diagnosis with partially
correct secondary findings, or correct primary
diagnosis with missed or wrong key secondary
diagnoses plus noncompliant treatments >50%
and ≤75%, or more than 1 serious error.

• 1 (very poor) both primary and key secondary
diagnoses wrong or missing, or noncompliant
treatments >75%.

The same 3 experts independently graded all LLM-generated
multimodal outputs against this consensus standard. Interrater
reliability was assessed using Fleiss κ, with values exceeding
0.60 interpreted as substantial agreement.
Readability, Disclaimer Coverage, and
Statistical Analysis
Readability was quantified using the Flesch Reading Ease
(FRE) [23] and the Simple Measure of Gobbledygook
(SMOG) [24]. Understandability was evaluated using the
Understandability section of the Patient Education Materials
Assessment Tool–Print Materials (PEMAT-P) scale [25,26].
The actionability domain of the PEMAT-P was excluded
based on two methodological considerations: (1) our analysis
was conducted at the microlevel of 1816 individualized,
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segmented recommendations rather than whole, intact
educational brochures, meaning that applying actionability
criteria to isolated sentences would introduce systemic floor
effects; and (2) the primary focus of this linguistic assess-
ment was to strictly isolate the local clarity and wording
of the information, whereas the clinical appropriateness and
safety of the actionable content had already been independ-
ently and thoroughly evaluated by the expert panel using
a 5-point Likert scale. Language scoring was performed by
a mixed panel comprising 3 nonmedical English professio-
nals or native English-speaking researchers, along with 1
medical expert. Consensus on divergent items was achieved
through panel discussions. Furthermore, the presence or
absence of medical disclaimers (eg, “The above information
is for reference only; please consult a professional doctor” or
similar statements) was evaluated as an indicator of system-
level guardrails, and the coverage rate for each model was
subsequently calculated [27].
Ethical Considerations
This study was conducted as a substudy within the approved
parent project, which was reviewed and approved by
the Ethics Committee of The Third Affiliated Hospital
of Zhejiang Chinese Medical University (Approval ZSLL-
KY-2024-080-01). The parent project provided the ethi-
cal approval framework for the patient materials used in
the present manuscript. The consultation with 10 patients
with LBP for question-tone evaluation was covered under
the approved protocol, and written informed consent was
obtained from these participants. The retrospective imaging
materials used in the exploratory multimodal stress test
were deidentified before analysis, and individual informed
consent for this retrospective imaging component was
waived under the approved protocol. Before resubmission,
all image panels included in Multimedia Appendix 1 were
re-reviewed at full resolution; patient names, patient IDs
and medical record numbers, accession numbers, dates and
times, age and sex information, and other patient-identifying

overlay information were removed. Nonidentifying anatomi-
cal orientation markers and lumbar level labels, such as R/L,
L3/4, L4/5, and L5/S1, were retained only when necessary
for anatomical interpretation. This manuscript represents an
AI and LLM evaluation substudy based on materials from the
approved parent project and did not involve additional patient
intervention.

Results
Accuracy of Textual Responses
The interrater reliability assessment for text-based clinical
accuracy coding yielded a Fleiss κ of 0.79, indicating
substantial agreement among the expert panel regarding the
clinical accuracy of the 1816 coded recommendations. In
textual tasks, the models demonstrated a qualitative leap
in performance compared to previous benchmarks, achiev-
ing an overall accuracy rate of 88.4% (1605/1816; Figure
1). The paid reasoning model, ChatGPT 5 Plus, exhibited
near-perfect performance with 98.96% accuracy and zero
instances of “inaccurate” or “serious errors” recommenda-
tions. Other top-tier models (ChatGPT 5 Free and Claude
4.5 Sonnet) also maintained high standards (>96% accu-
racy, ChatGPT 5 Free: 190/196, 96.9%; Claude 4.5 Son-
net: 194/202, 96.0%). It is noteworthy that in the English
context, China’s domestic models, such as Doubao and
DeepSeek, exhibit an accuracy rate below 80% (Doubao:
154/198, 77.8%; DeepSeek: 145/182, 79.7%), indicating a
descriptive difference compared to top-tier models (Figure
1). This performance gap may be partially influenced by
the English-language constraint, as these models were tested
exclusively in a nonnative language, introducing a cross-lin-
gual processing variable. In the within-model comparison of
Qwen3, the reasoning or thinking mode (Qwen3-Thinking)
showed a lower rate of serious errors than the standard mode,
Qwen3 (Base; 1.64% vs 4.91%), suggesting, to some extent,
the potential value of “slow thinking” in clinical contexts.
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Figure 1. Proportions of accurate, inaccurate, serious errors, and unclear recommendations in text-based question answering across various large
language models (LLMs). In terms of the overall quality scores across all responses, the performance of each model is illustrated in Table 2, while
the question-level distribution of quality scores is illustrated in Figure 2. ChatGPT 5 Plus achieved the highest average overall quality score of 4.92
(SD 0.28), demonstrating exceptionally high accuracy in its responses. Following closely behind are ChatGPT 5 with a score of 4.68 (SD 0.75) and
Claude 4.5 Sonnet at 4.56 (SD 1.00). Conversely, Doubao received the lowest average overall quality score (3.44, SD 1.26), followed by Qwen3
(Base; 3.60, SD 1.35), indicating relatively lower response quality characterized by inaccuracies or unclear content.
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Table 2. Mean (SD) of text question answering scores for various large language models (LLMs) and disclaimer coverage rates across all questions.

Model
Answer accuracy
score, mean (SD)

Disclaimer coverage rate,
n/N (%)

Textual disclaimer coverage
(Q1-Q25), n/N (%)

Multimodal disclaimer
coverage (Q26-Q30), n/N (%)

ChatGPT 5 Plus 4.92 (0.28) 21/30 (70) 21/25 (84) 0/5 (0)
ChatGPT 5 4.68 (0.75) 28/30 (93.3) 25/25 (100) 3/5 (60)
Claude 4.5 Sonnet 4.56 (1.00) 25/30 (83.3) 25/25 (100) 0/5 (0)
Gemini 3 Pro 4.56 (0.51) 12/30 (40) 9/25 (36) 3/5 (60)
Grok 4 Expert 4.12 (1.27) 21/30 (70) 21/25 (84) 0/5 (0)
Qwen3-Thinking 4.00 (0.96) 24/30 (80) 23/25 (92) 1/5 (20)
Kimi K2 4.00 (1.00) 15/30 (50) 14/25 (56) 1/5 (20)
DeepSeek 3.88 (1.17) 29/30 (96.7) 25/25 (100) 4/5 (80)
Qwen3 (Base) 3.60 (1.35) 21/30 (70) 21/25 (84) 0/5 (0)
Doubao 3.44 (1.26) 25/30 (83.3) 23/25 (92) 2/5 (40)
Ensemble averagea 4.18 (0.95) 221/300 (73.7) 207/250 (82.8) 14/50 (28)
Chinese modelsa 3.78 (1.16) 114/150 (76) 106/125 (84.8) 8/25 (32)
International modelsa 4.57 (0.86) 107/150 (71.3) 101/125 (80.8) 6/25 (24)

aAggregated SDs for the “Ensemble average,” “Chinese models,” and “International models” rows were calculated based on pooled individual
responses across the respective models.
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Figure 2. Heatmap of response scores for each text question across various large language models (LLMs).
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Multimodal Capability Assessment
In stark contrast to the high proficiency observed in textual
tasks, the exploratory adversarial stress test (N=5) sugges-
ted a potential “vision-language Mismatch” under these
constrained test conditions. The interrater reliability for the
multimodal assessment yielded a Fleiss κ of 0.82, indicating
substantial agreement among the 3 expert raters.

Pure Imaging Tasks (Q26-Q28)
Performance in isolated visual interpretation was notably
poor (Figure 3A). The average diagnostic score was 1.70/4.0

(below “partially accurate”). Models frequently failed to
identify core pathological signs on CT and MRI slices. A
distinct phenomenon of “textual-cue-driven guessing” was
observed: in some cases, models appeared to extrapolate from
minimal nondiagnostic textual cues, including the phrase
“low back pain” in the task prompt and residual spinal-level
labels retained in the deidentified images, rather than relying
solely on visual evidence. For instance, when the visual input
was ambiguous, DeepSeek generated plausible but hallucina-
ted radiological descriptions that appeared to infer pathology
from these limited contextual cues rather than from identifia-
ble imaging findings.
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Figure 3. Multimodal performance of the evaluated large language models (LLMs) in the exploratory stress test. (A) Performance on pure imaging
recognition tasks (Q26-Q28). The circular heatmap presents diagnostic consistency in the inner blue rings (1-4 scale; higher scores indicate greater
concordance with the reference diagnosis) and descriptive accuracy in the outer red rings (percentage of core pathological findings correctly
identified). Q26, Q27, and Q28 denote the individual imaging test cases, and the labels around the plot identify the evaluated models. (B)
Performance on comprehensive diagnostic analysis tasks (Q29-Q30). The radar chart shows model-level scores for Q29 (blue) and Q30 (red) on the
1-5 scoring scale, with higher values indicating better comprehensive diagnostic performance.

Comprehensive Diagnostic Analysis (Q29-Q30)
Performance showed an illusory improvement (mean score
3.35/5.0, SD 0.81; Figure 3B). However, a detailed break-
down based on our 5-point scoring rubric and case-level
analysis indicated that this improvement was likely attrib-
utable to textual cues (eg, lab results, physical exam
descriptions) acting as “anchors” rather than genuine visual
understanding. A distinct pattern emerged in the model
responses: models frequently secured baseline points by
correctly identifying the primary diagnosis, driven by the
clinical history, but consistently lost points (typically scoring
3 or 4) due to missing or misdiagnosing secondary condi-
tions, which required genuine extraction of contradictory
visual evidence. For example, models successfully identified
the primary pathology in the ankylosing spondylitis “trap
case” (Q30) because the provided laboratory data (HLA-B27
positive) guided their reasoning. This effectively bypassed
their visual deficit, creating a “Clever Hans” effect in which
the model appeared to diagnose the image but was actually
diagnosing the text.
Readability and Understandability
The readability of all model-generated English texts is
relatively high on average, failing to meet the recommended

standards for public health communication. The average
FRE index is 46.15 (SD 16.39), falling into the “fairly
difficult” range. The average SMOG index is 11.54 (SD 1.94;
Table 3), indicating a reading level equivalent to approxi-
mately 11th-12th grade (US education system). ChatGPT
5 Plus produced the most readable texts (average FRE:
56.86, SD 15.24; SMOG: 8.75, SD 1.05; Table 3), while
Grok 4 Expert generated the least readable content (aver-
age FRE: 37.7, SD 16.93; SMOG: 14.04, SD 2.61; Table
3). In terms of understandability, although the language
complexity is high, the models perform moderately well in
information organization and clarity of expression. At the
segment level, the relatively high Patient Education Mate-
rials Assessment Tool (PEMAT) understandability scores
appeared to reflect local clarity features, including explicit
wording, single-topic recommendation units, and consistent
point-by-point phrasing in the source responses, rather than
macrolevel action tools or comprehensive document structure.
The average PEMAT understandability score was 85.61 (SD
7.51; Table 3). Qwen3-Thinking had the highest score (89.60,
SD 5.64; Table 3), while Grok 4 Expert had the relatively
lowest understandability score (82.72, SD 7.21; Table 3).
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Table 3. Mean (SD) of readability scores (Flesch Reading Ease [FRE] and Simple Measure of Gobbledygook [SMOG]) and understandability scores
(Patient Education Materials Assessment Tool [PEMAT]) across all questions for various large language models (LLMs).

Model FRE score, mean (SD) SMOG score, mean (SD)
Understandability (PEMAT) score,
mean (SD)

ChatGPT 5 Plus 56.86 (15.24) 8.75 (1.05) 83.44 (9.58)
ChatGPT 5 45.78 (18.63) 11.97 (2.84) 84.56 (8.80)
Claude 4.5 Sonnet 41.94 (19.08) 12.34 (2.09) 84.48 (8.26)
Gemini 3 Pro 54.56 (13.96) 10.86 (1.69) 86.60 (7.93)
Grok 4 Expert 37.72 (16.93) 14.04 (2.61) 82.72 (7.21)
Qwen3-Thinking 40.22 (17.11) 12.10 (2.14) 89.60 (5.64)
Kimi K2 42.33 (18.02) 11.74 (2.26) 84.40 (5.81)
DeepSeek 51.76 (13.20) 11.31 (1.53) 86.12 (7.54)
Qwen3 (Base) 39.67 (16.99) 11.77 (1.72) 86.52 (8.31)
Doubao 50.62 (15.14) 10.53 (1.44) 87.64 (6.05)
Ensemble averagea 46.15 (16.39) 11.54 (1.94) 85.61 (7.51)
International modelsb 47.37 (8.17) 11.59 (1.96) 84.36 (1.47)
Chinese modelsb 44.92 (5.82) 11.49 (0.61) 86.86 (1.93)

aSD for the “Ensemble average” was calculated based on pooled individual responses.
bSDs for “International models” and “Chinese models” were calculated based on the model-level means.

Disclaimer Coverage
We observed marked descriptive variation and potential
safety risks in the presentation of health disclaimers. Among
all 300 responses, the overall inclusion rate was 73.67%
(221/300). In pure text tasks (Q1-Q25), safety guardrails
were robust: ChatGPT 5, Claude 4.5 Sonnet, and DeepSeek
achieved a perfect 100% coverage rate, bringing the overall
average coverage for text-based tasks to 82.8% (207/250).

However, a concerning red flag emerges when analyzing
cross-modal performance (Table 2). When tasks transitioned
from pure text to multimodal diagnostics (Q26-Q30), the
overall disclaimer coverage plummeted to 28% (14/50),
including 24% (6/25) for international models and 32%
(8/25) for Chinese models. Notably, top-performing flagship
models like ChatGPT 5 Plus, Claude 4.5 Sonnet, and
Grok 4 Expert, which maintained exceptionally high textual
disclaimer coverage (21/25, 84% to 25/25, 100%), saw their
coverage drop entirely to 0.0% when responding to multimo-
dal queries.

Discussion
Principal Findings
Our data confirm a leap in the development of AI over
the past year [28]. Performance data indicate that the latest
advancements in LLM capabilities may signify a quantum
leap rather than merely iterative linear improvements [29].
Compared with the benchmarks studied by Scaff et al [4]
a year ago, the new generation not only performs better
but also possesses different functionalities. With overall
accuracy reaching 88.4% (1605/1816), and specific archi-
tectures such as ChatGPT 5 Plus exceeding 98.96% [30],
these systems appear to be transitioning beyond the role of
passive information retrieval [31]. This represents a direct

manifestation of the architectural shift: moving away from
the previous simplistic model that focused solely on rapid
response and instead offering a reasoning mode with “long
thinking” capability that implements the chain-of-thought
protocol to address more complex logical problems [32].
Earlier versions displayed a more “impulsive” nature. In
contrast, modern language models, such as Qwen3-Thinking
[33,34], simulate an analytical reasoning process that closely
resembles human “slow thinking.” They deconstruct clinical
vignettes, explicitly weighing risk factors and synthesizing
contradictory guidelines before committing to an output [35].
In the Qwen3 matched comparison, Qwen3-Thinking showed
a lower serious-error rate than Qwen3 (Base; 1.64% vs
4.91%). This finding is best interpreted as a hypothesis-gen-
erating, within-model observation that reasoning-enhanced
operation may reduce “serious errors” in this specific paired
comparison, rather than as proof of a universal advantage
of reasoning modes across all models. Therefore, longer
“thinking” time should be considered a potential safety-rele-
vant design feature that requires further paired validation, not
a guaranteed safeguard.

Yet this textual mastery constructs a perilous facade. Our
investigation exposes a profound “asymmetric evolution.”
A sharp divergence emerged. While textual logic scores
compare favorably with senior consultant levels, the visual
diagnostic capabilities did not track; they remained, by
contrast, unreliable and largely undeveloped in our testing
[36]. This creates a “high-confidence trap.” The danger
lies not in the incompetence itself but in the masking of
that incompetence. In our multimodal case series, models
frequently failed to identify even elementary pathological
signs in pure imaging tasks (Q26-Q28), yielding a dismal
diagnostic score of 1.70/4.00. If such results were to come
from a radiologist, they would undoubtedly be deemed
unqualified; however, LLMs present their errors with the
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authoritative cadence of an expert. If unaddressed, this
asymmetry could introduce new vectors for public health
risks when patients interact with multimodal AI systems. The
realism of our multimodal design, where patients present raw
CT and MRI scans to LLMs, is deeply rooted in current
digital health infrastructures and common clinical “waiting
gaps.” Specifically, two pervasive real-world scenarios drive
this patient behavior:

1. The follow-up gap via mobile portals: patients often
access their imaging slices through hospital mobile apps
days before their scheduled follow-up appointment,
frequently downloading them due to health anxiety,

2. The radiology report is delayed: immediately after a
scan, images are transmitted to the clinical workstation,
allowing anxious patients to acquire image captures (eg,
via smartphone photos of the screen) before the formal
text report is finalized by a radiologist.

During these reportless waiting periods, driven by anxiety
and eager for immediate answers, patients increasingly use
LLMs to “preread” or interpret these fragmented image slices
as an accessible “second opinion.” Therefore, evaluating this
specific multimodal interaction is highly clinically relevant.

A patient, seduced by the model’s brilliant, nuanced
answers to textual questions (eg, “How do I titrate my
analgesics?”), will naturally extend that trust to the visual
domain (eg, “Does this protrusion mean I have a herniated
disc?”). They cross a capability cliff without a warning
sign. This discrepancy may lead to misunderstandings, as
users might mistakenly believe that the “brain” responsible
for generating text responses in LLMs operates similarly to
the “brain” that analyzes images. However, our exploratory
studies demonstrate that this is not the case; in fact, the
models were unable to accurately identify lesion sites in the
lumbar vertebrae.

The “Clever Hans” effect [37] is a narrative coercion.
The mechanism of this failure is perhaps more complex
than simple “visual blindness.” Our “trap cases” (Q29-Q30)
revealed a phenomenon of “textual masking.” The models
appeared to succeed in comprehensive diagnosis not because
they integrated the visual data but rather because they
successfully ignored it.

When provided with a rich clinical history—such as
keywords like “HLA-B27 (human leukocyte antigen B27)
positive” or “morning stiffness”—the vast majority of models
correctly identified the primary diagnosis of ankylosing
spondylitis. However, their performance was markedly lower
in pure image-recognition tasks. We have reason to infer that
they were not diagnosing the patient; they were diagnosing
the text. The observed mechanism mirrors the “Clever Hans”
phenomenon, albeit computationally. The models appeared
to function correctly on the surface, but in reality, they
were likely reacting to textual cues (such as “HLA-B27”)
rather than processing the visual pathology itself. The models
hallucinated visual confirmations to align with the textual
narrative.

This overreliance on textual cues is strongly validated by
our scoring rubric for Q29-Q30. According to the predefined

5-point scale, a score of 3 or 4 indicates a correct primary
diagnosis but errors or omissions in the secondary diagnosis.
In our deliberately designed adversarial cases, the primary
diagnosis was strongly suggested by the text (simulating
clinical scenarios where imaging findings contradict the main
symptoms, necessitating careful physical examination and
comprehensive analysis), whereas the secondary diagnosis
required a cross-modal synthesis incorporating the imaging.
The models’ systematic failure to achieve perfect scores of
5 mathematically indicates that while their “textual brain”
correctly parsed the history, their “visual eyes” failed to
capture the radiological findings required to determine the
secondary diagnosis.

In controlled testing, this approach yields a seemingly
accurate label. However, in practice, it presents important
practical safety challenges. For example, if a patient uploads
an image of a vertebral fracture while describing symptoms
resembling muscle strain, a text-reliant model constrained
by the narrative may completely overlook the fracture.
An auxiliary consultation tool that cannot prioritize visual
evidence over patient statements serves not as a diagnostic aid
but rather as an “echo chamber” [38].

Most alarming is the collapse of the safety architecture
itself. We observed a large descriptive drop in safety-dis-
claimer coverage, from 82.8% (207/250) in textual tasks to
28% (14/50) in multimodal settings. This pattern suggests an
observed gap in the model’s response protocols rather than
simple random error. It signals a fundamental, structural flaw
in the alignment of multimodal LLMs.

We hypothesize that this is “Cross-Modal Misalignment”
[39]. The industry’s safety training—reinforcement learning
from human feedback—has been predominantly textual. The
model’s “superego”—its refusal mechanisms, its hedged
language, its ethical guardrails—is triggered by textual tokens
(eg, “diagnose,” “tumor”). Visual inputs, however, arrive via
a separate pathway (eg, a vision transformer encoder) and
are projected directly into the language space [40]. These
visual embeddings appear to bypass the textual sentries. The
model “sees” the pixels of a spine but fails to trigger the
“I am an AI, not a doctor” protocol that the word “spine”
would instantly activate. This “ethical bypass” leaves the user
vulnerable precisely when the task is most complex and the
model’s competence is at its nadir.

Consistent with the concerns raised by Scaff et al [4],
the linguistic output of these models remains inaccessible
to the population that needs it most. With a reading level
hovering at grade 11‐12 (versus the recommended grade 6‐8),
the advice is accurate but opaque. This is the tension of the
training data: models fed on high-impact medical literature
inevitably adopt an academic register.

However, the differences between international and
domestic models suggest potential remedies. The Chinese
models (Qwen and Doubao), while demonstrating relatively
lower accuracy in English contexts, achieve superior PEMAT
understandability scores. Their secret lies in their distinctive
presentation formats. These models tend to use clearer local
organizational cues, such as explicit labels, short, single-topic
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units, and point-by-point phrasing. These features may
improve segment-level understandability, but they should
not be interpreted as macrolevel actionability tools or as
comprehensive document structure [41]. If we cannot dumb
down the vocabulary without losing precision, we must
structure the layout. Future AI must prioritize this “struc-
tural readability,” ensuring that actionable advice is visually
isolated from the dense reasoning that supports it.

Based on the aforementioned observations, there is an
urgent need to transform passive monitoring into concrete
interventions. For clinicians, they must actively uncover
the “asymmetric” nature of these tools. The application of
LLMs with patients must transition from a binary “trust and
distrust” framework to a more nuanced operational guid-
ance. Physicians can promote the use of LLMs for manag-
ing lifestyle and educational reinforcement—areas in which
they excel—while issuing stern and explicit warnings against
relying on them for image interpretation. The conclusion is
clear; leverage the “brain” of LLMs, but never trust their
“eyes.” For patients, “digital triage” is the new literacy. Users
must understand that these agents are “virtual textbooks,”
not “virtual radiologists.” A model’s confident description
of an MRI and CT scan is often a linguistic fabrication—a
statistical guess dressed in a lab coat. “Read the text, but
ignore the diagnosis” must become the cardinal rule of AI
self-help. For developers, the “safety gap” is an important
technical challenge, not a backlog item. Future reinforcement
learning from human feedback pipelines must incorporate
multimodal adversarial examples. Models must be trained to
establish a functional equivalence: an image of a bone must
activate the same guardrails as the text string “diagnose this
bone,” enforcing either an immediate refusal or a nonnegotia-
ble disclaimer.
Implications of “Serious Errors” for
Patient Safety
While the primary methodological focus of this study is
the evaluation of clinical accuracy and cross-modal reliabil-
ity, it is critical to recognize that, in the medical domain,
profound inaccuracy inherently translates into patient safety
risks. Our findings reveal a concerning dynamic: current
LLMs demonstrate near-expert accuracy in textual reason-
ing, effectively minimizing “serious errors” (life-threatening
advice). However, when transitioning to visual interpretation
tasks, their diagnostic accuracy drops precipitously.

Crucially, this vulnerability is compounded by the
systemic absence of medical disclaimers in multimodal tasks
(dropping to 14/50, 28%). In these adversarial scenarios, this
stark contrast represents a potential “high-confidence trap.”
Patients, seduced by the model’s highly accurate textual
advice, may mistakenly extend their trust to its fabrica-
ted visual interpretations. In a direct-to-patient application
scenario, an AI that confidently hallucinates a benign
condition when presented with a complex LBP imaging
pathology—without issuing a disclaimer to consult a human
doctor—could dangerously delay critical medical interven-
tion. Therefore, while our metrics measure “accuracy,” the

profound lack thereof in multimodal settings poses a potential
safety risk for patient self-management.

Limitations
First, while our study is anchored in a text-based evalua-
tion, the sample size of the multimodal component (N=5)
limits the statistical generalizability of the conclusions. We
must emphasize that this component was designed exclu-
sively as an exploratory adversarial probe rather than a
statistically powered benchmark. Future studies with larger
sample sizes should be conducted for more comprehensive
research. Consequently, these multimodal findings reflect
specific vulnerabilities under adversarial stress conditions
rather than a comprehensive assessment of the models’
average baseline capabilities. Therefore, our results serve
as a preliminary caveat, and the specific performance of
LLMs in complex imaging tasks urgently requires validation
through dedicated future studies using large-scale datasets.
Furthermore, our comprehensibility scores may be relatively
high; our raters consist of either English majors or native
English-speaking researchers with advanced degrees, whose
cognitive thresholds for academic terminology surpass those
of the average patient. The PEMAT scale, while reliable,
risks reducing the chaotic experience of comprehension to
a single, sterile metric. We also acknowledge a linguistic
bias; testing exclusively in English may have obscured the
localization advantages of domestic models in their native
Chinese contexts. Furthermore, because the FRE and SMOG
indices are calibrated specifically for English syntax, their
application to outputs from Chinese domestic models may not
perfectly reflect true readability due to potential nonnative
phrasing. Finally, we are chasing a moving target. Given the
hyper-velocity of LLM iteration, these results are a snapshot
frozen in time. The discrepancy between these findings and
the model version available tomorrow is not a flaw in the
study; it is the unavoidable condition of research in this field.
Future Work and Recommendations
Future research should focus on expanding the multimo-
dal stress-test dataset to encompass a broader spectrum of
musculoskeletal disorders and evaluating these models within
real-world, prospective clinical workflows. To mitigate the
risk of serious errors observed in our study, we recommend
developing localized, medically fine-tuned multimodal LLMs
—following validation via large-scale, statistically powered
benchmark datasets—or integrating a dedicated “medical
mode” into existing LLMs. Furthermore, in any future
clinical or health guidance applications involving LLMs, it is
imperative that AI-generated diagnostic recommendations be
consistently verified by a team of qualified medical profes-
sionals, or that comprehensive coverage of disclaimers is
guaranteed, to safeguard patient safety.
Conclusions
This study evaluated the performance of 10 representative
LLMs in LBP management through a cross-sectional textual
assessment and an exploratory multimodal adversarial stress
test. In textual tasks, models achieved an overall accuracy
of 88.4% (1605/1816). Within the matched Qwen3 pair,

JMIR MEDICAL INFORMATICS Zhang et al

https://medinform.jmir.org/2026/1/e93522 JMIR Med Inform 2026 | vol. 14 | e93522 | p. 11
(page number not for citation purposes)

https://medinform.jmir.org/2026/1/e93522


Qwen3-Thinking showed a lower serious-error rate than
Qwen3 (Base; 1.64% vs 4.91%), suggesting a possible safety
benefit that requires confirmation in broader paired com-
parisons. In contrast, under exploratory multimodal adversa-
rial stress conditions, models exhibited a marked decline
in performance: diagnostic scores in pure imaging tasks
were poor (mean 1.70/4.00), and models frequently relied

on textual cues rather than integrating contradictory visual
evidence. Additionally, medical disclaimer coverage dropped
from 82.8% (207/250) in textual tasks to 28% (14/50) in
multimodal interactions. These findings indicate that current
multimodal LLMs remain unready for direct patient use in
visual diagnostic tasks.
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