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Abstract

Current Large Language Models (LLMs)
demonstrate exceptional performance on med-
ical benchmarks. However, models that ex-
cel in standardized tests focused on medical
knowledge recall are not necessarily effective
in real-world healthcare scenarios. This dispar-
ity between academic performance and clinical
effectiveness stems from existing evaluations
focusing overly on knowledge retrieval and QA,
while neglecting high-load executive tasks in
real clinical workflows. The effective execution
of such tasks depends not only on model rea-
soning but also on the overall digital maturity
of the healthcare institution. To address this,
we propose a “Capability-Based Hospital Al
Maturity Model” framework. This framework
establishes a layered maturity system based on
capabilities. By categorizing hospital Al capa-
bilities into distinct maturity levels, it provides
a clear, stepwise evolutionary path for hospi-
tals, guiding them from foundational infras-
tructure construction to ubiquitous intelligence.
Guided by this framework, we constructed ten
representative real-world clinical scenarios as
a reference test set and compared the perfor-
mance of multiple models across benchmarks
and real-world scenarios. Preliminary results
suggest that, compared to relying solely on aca-
demic benchmark scores, this maturity assess-
ment mode—which integrates system gover-
nance and scenario constraints—may provide a
more valuable basis for Al adoption in medical
institutions.

1 Introduction

Medical Artificial Intelligence is currently at a crit-
ical transition stage from technical verification to
deep clinical integration (Aravazhi et al., 2025;
Topol, 2019). Although general LLMs (OpenAl
et al., 2024; Touvron et al., 2023) and medical-
specific models continue to break records on influ-
ential public benchmarks, we must face a reality
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Figure 1: The Capability-Based Hospital Al Maturity
Model.

in actual deployment: models that perform excel-
lently in standardized test environments often fail
to translate directly into expected clinical value
when intervening in complex real-world hospital
workflows (Bedi et al., 2025).

This misalignment essentially stems from the sin-
gularity of evaluation dimensions. A model skilled
only in knowledge recall and exam-oriented QA, if
lacking adaptability to hospital private data distri-
butions or unable to strictly follow clinical specific
quality control and compliance instructions, cannot
undertake real medical work. In other words, clini-
cal scenarios require not just the model’s reasoning
ability, but the system capability of the model to
deeply integrate with existing hospital processes
and governance systems. However, building such
systematic capabilities is highly complex. Cur-
rently, due to the lack of unified evaluation stan-
dards and construction paths, many medical in-
stitutions find it difficult to precisely locate their
governance shortcomings when advancing Al trans-
formation.

Addressing this core pain point, this paper pri-
marily contributes the following three aspects:

First, we propose a Construction Guidance
Framework. We introduce the “Capability-Based
Hospital AI Maturity Model,” offering a stepwise



evolutionary path from infrastructure to ambient
intelligence. This framework moves beyond single-
dimensional performance metrics, providing a sys-
tematic structure for Al adoption (HIMSS, 2024;
ISO, 2023).

Second, we constructed Real Verification Scenar-
i0s. We designed 10 representative clinical tasks,
ranging from administrative execution to decision
support. These serve as reusable templates for med-
ical institutions to build localized evaluation bench-
marks aligned with their specific workflows (Zhang
et al., 2022).

Third, we conducted an Empirical Evaluation of
Discrepancies. Our experiments reveal that high
academic scores do not guarantee clinical effective-
ness. We highlight how models often fail in real
scenarios due to instruction compliance or reason-
ing deficits, emphasizing the critical role of system
governance architectures.

2 Related Work

2.1 Medical AI Benchmarks

As LLM application in the medical field deep-
ens, high-quality evaluation benchmarks have
driven quantitative research on clinical capabilities
(Vaswani et al., 2023; Alsentzer et al., 2019). These
works can be roughly divided into two evolutionary
stages:

Phase 1: Static Reasoning Based on Medical
Knowledge. Early benchmarks focused on mea-
suring the model’s memory of standardized medi-
cal knowledge and single-step reasoning. MedQA
(Jin et al., 2021) derives directly from physi-
cian licensing exams in the US and Mainland
China/Taiwan, requiring models to choose from
4-5 options, assessing professional access levels.
MedMCQA (Pal et al., 2022) collects over 190,000
questions from Indian medical entrance exams, cov-
ering 21 disciplines. PubMedQA (Jin et al., 2019)
adopts a literature-based QA format, testing logical
judgment based on evidence-based medicine.

Phase 2: Comprehensive Ability and Interactive
Evaluation. To address complex clinical realities,
works have begun building comprehensive bench-
marks involving multi-modality, multi-turn, and
specific contexts. MedXpertQA (Zuo et al., 2025)
positions itself at “expert-level” difficulty, intro-
ducing complex case-based board questions. Med-
Bench (Liu et al., 2024) and HealthBench (Arora
et al., 2025) focus on large-scale benchmarks for

specific language contexts and interactive scenarios
involving empathy and safety boundaries.

2.2 Hospital Informatics and Maturity
Assessment

Existing assessment systems focus on infrastruc-
ture and digitization. HIMSS EMRAM & IN-
FRAM (HIMSS, 2024) are global gold standards
guiding hospitals from paperless records to interop-
erability and evaluating underlying hardware readi-
ness. ISO/IEC 42001 (ISO, 2023) provides a nor-
mative framework for Al risk management.

3 Hospital A1 Maturity Model
Framework

To systematically deconstruct and guide the integra-
tion path of medical Al, we propose a seven-level
capability-based maturity model framework (see
Figure 1). This framework abstracts complex sys-
tem evolution into three continuous stages.

3.1 Phase 1: Foundation and Platformization

The core task is breaking data silos and establishing
standardized computing infrastructure.

LO0: Infra Ready. Definition: The hospital pos-
sesses basic computing resources and has com-
pleted localized deployment of foundation mod-
els. Core Capability: Private operation of mod-
els within the hospital intranet, ensuring data
sovereignty. Value: Solves the “cold start” problem,
guaranteeing basic privacy and compute supply.

L1: Point Solutions. Definition: Al serves spe-
cific department business scenarios as independent
tools or workstations. Core Capability: Automated
assistance for high-frequency, mechanical single
tasks. Value: Quickly addresses specific pain
points and improves efficiency without complex
integration.

L2: Platform. Definition: Establishing a
hospital-wide Al middle platform and API gateway.
Core Capability: Unified scheduling of model re-
sources, version management, and standard API en-
capsulation. Value: Breaks data chimneys, avoids
repetitive procurement, reduces operations costs,
and improves resource utilization.

3.2 Phase 2: Governance and Intelligence

This phase focuses on building a trustworthy en-
vironment, introducing strict quality control (QC)
and high-order reasoning.



L3: Closed-Loop Governance. Definition: In-
troducing safety guardrails and deterministic
rule engines to build a “Generation-Monitoring-
Intervention” closed-loop QC system. Core Ca-
pability: Real-time interception and correction of
model inputs/outputs. Value: Ensures Al behavior
remains within hospital management regulations,
reducing medical risk (Ouyang et al., 2022).

L4: Decision Support. Definition: Comprehen-
sive analytical capability for complex clinical sit-
uations, bridging the gap to expert-level clinical
thinking. Core Capability: Utilizing long-context
and Chain-of-Thought (CoT) (Lewis et al., 2021)
to combine surface information with authoritative
literature/regulations for comprehensive judgment.
Value: Compensates for cognitive limitations in
processing massive information, assisting in high-
risk critical decisions.

3.3 Phase 3: Symbiosis and Future

LS: Self-Evolving System. Definition: Estab-
lishing a “Data Flywheel” with continuous RLHF.
Value: Performance continuously climbs via usage
data accumulation.

L6: Ambient Intelligence. Definition: Invisible
Al integration into physical space and digital flows
(Zero-touch). Value: Reshapes hospital operations;
technology recedes into the background as a ubig-
uitous safety foundation.

4 Experimental Design and Scenarios

To verify the framework, we constructed a test
benchmark containing ten typical clinical tasks
(LO-L4). Detailed definitions are in the Appendix.
The scenarios are: L0: Standardized Medical Li-
censing Exam (CNMLE) and Clinical Terminol-
ogy Completion (CTC). L1: Clinical Form Filling
(CFF) and Radiology Report Generation (RRG).
L2: Time Logic Validation (TLV) and Ultrasound-
Radiology Consistency (UDC). L3: Rule-Based
Record QC (RBQ) and Document Error Correction
(DEC). L4: TNM Staging Decision (TNM) and
MDT Suggestion Generation (MDT).

4.1 Public Benchmark Datasets

To build a complete evaluation reference frame,
we selected MedQA (USMLE), MedMCQA, Pub-
MedQA, and MedXpertQA (text) as academic base-
lines. These datasets represent standardized evalu-
ations of knowledge recall and reasoning, serving
as a control group to contrast model performance.

4.2 Evaluation Metrics

To adapt to the task differences, we adopted a clas-
sified evaluation system. Type A (Discrimination)
uses Accuracy. Type B (Structured reasoning) uses
Logical Accuracy. Type C (Open-ended genera-
tion) uses LLM as Judge. Specific details are pro-
vided in the Appendix.

S Experiments

5.1 Experimental Setup

Given the high sensitivity of medical data and strict
hospital requirements for data sovereignty, this ex-
periment excludes all closed-source commercial
API services. We selected open-source models ca-
pable of private deployment as evaluation objects,
covering both general LLMs and medical-specific
fine-tuned models. To ensure fairness, we used
identical system prompts and default inference pa-
rameters for all models across the same tasks. All
results are derived from single deterministic runs.

5.2 Performance Analysis

The multidimensional evaluation (Figure 2) and
results in Table 2 reveal that clinical capability is
not a linear function of benchmark scores. Instead,
we observe three structural characteristics:

Asymmetric Capability Distribution. As visu-
alized in Figure 2, model capabilities are heav-
ily skewed towards the upper-right axes (LO: In-
fra Ready, L1: Point Solutions). While 7B-class
models achieve near-saturation in standardized ex-
ams and simple extraction, their performance sig-
nificantly degrades in the lower-left sectors (L3:
Closed-Loop, L4: Predictive). This asymmetry
confirms that while medical knowledge retrieval
has become a commoditized capability, high-order
clinical reasoning and strict constraint adherence
remain emergent abilities that are strictly depen-
dent on model scale.

Trade-offs in Domain Specialization. Our ex-
periments indicate that medical-specific fine-tuning
often leads to performance regression in L3 Gover-
nance tasks. Specialized models frequently exhibit
a retraction along the L3 axis compared to their
base versions. This suggests that aggressive tuning
on medical corpora may overfit to domain content,
compromising the model’s general robustness in
following complex, negative constraints required
for administrative quality control.



Table 1: Model performance on public academic benchmarks.

Model

MedQA MedMCQA PubMedQA MedXpertQA

gemma-3-4b-it (Team et al., 2025a)
Qwen3-4B-Instruct-2507 (Yang et al., 2025)
medgemma-4b-it* (Sellergren et al., 2025)
gpt-0ss-20b (OpenAl et al., 2025)
gemma-3-27b-it (Team et al., 2025a)
medgemma-27b-text-it* (Sellergren et al., 2025)
Qwen3-30B-A3B-Instruct-2507 (Yang et al., 2025)
Baichuan-M2-32B* (Team et al., 2025b)
GLM-4-32B-0414 (GLM et al., 2024)
Seed-OSS-36B-Instruct (Team, 2025)
Llama-3.3-70B-Instruct (Grattafiori et al., 2024)
gpt-0ss-120b (OpenAl et al., 2025)

Qwen3-235B-A22B-Thinking-2507 (Yang et al., 2025) 91.52

48.31 42.43 47.3 11.06
73.45 61.2 76.3 17.39
62.22 53.79 69.7 14.04
84.21 66.79 77.1 25.35
74.31 62.56 42.7 14.41
87.82 73.06 72.8 26.29
86.57 71.46 77.8 23.59
89.32 71.67 69.6 27.1
82.64 67.08 55.0 20.9
88.92 72.99 71.4 27.67
84.13 74.13 79.6 24.41
91.28 74.21 71.3 34.45
77.86 76.7 33.31

Table 2: Model performance across LO-L4 clinical maturity scenarios. (* denotes medical-specific models).

Model Lo

L1 L2 L3 L4

CNMLE CTC CFF RRG TLV UDC RBQ DEC TNM MDT

gemma-3-4b-it 4479 19.36 65.71 62.99 54 51 64.88 231 4.13 49.74
Qwen3-4B-Instruct-2507 84.28 47.97 84.62 65.05 73 39 64 43.52 20.66 80.61
medgemma-4b-it* 55.21 24.55 67.95 59.07 36 54 64.13 8.18 1.65 4532
gpt-0ss-20b 78.59 35.86 92.95 65.34 67 63 70.63 26.39 24.79 65.05
gemma-3-27b-it 74.07 3493 91.35 71.08 36 51 58.38 9.72 4.13 69.81
medgemma-27b-text-it* 79.76  35.77 90.71 67.21 60 46 60.75 12.04 3.31 74.42
Qwen3-30B-A3B-Instruct-2507 89.98 58.02 92.31 72.13 60 40 65.88 29.63 23.14 78.02
Baichuan-M2-32B* 90.37 48.09 90.71 75.55 51 50 71.50 52.93 23.14 78.60
GLM-4-32B-0414 83.69 48.44 91.03 76.87 46 47 63.25 47.22 16.53 71.87
Seed-OSS-36B-Instruct 9293 67.32 79.81 7886 70 54 64.38 60.03 25.62 82.96
Llama-3.3-70B-Instruct 84.48 33.99 91356843 65 46 66 48.15 14.88 65.41
gpt-0ss-120b 85.27 49.90 91.99 64.88 79 56 69.63 26.23 25.62 79.12
Qwen3-235B-A22B-Thinking-2507 92.93 67.11 94.87 7547 60 67 60 38.58 27.27 84.58
Divergence between Benchmarks and Reality. . émdm"hb
High academic scores do not guarantee real-world NN et
effectiveness. Models like Llama-3.3-70B excel / \\\ — gd:;;::z%;trzso7

in MedQA yet show limited coverage in L4 sce-
narios. Consequently, the total area covered in the
radar chart serves as a more reliable proxy for the
systematic maturity of a model than single-metric
leaderboards.

6 Conclusion

This paper proposes the Capability-Based Hospital
Al Maturity Model to guide the systematic con-
struction of Al in medical institutions. Through
empirical verification across ten clinical scenar-
ios (LO-L4), we demonstrate that high benchmark
scores often mask significant deficiencies in real
hospital workflows.

Our analysis identifies a substantial disparity in
model capabilities: while current systems excel in
knowledge retrieval (LO), they face significant bot-
tlenecks in complex instruction compliance (L3)
and decision support (L4). The proposed frame-

GLM-4-32B-0414
\ — Seed-0SS-36B-Instruct

' —— Uama-3.3-70B-Instruct

~—— gpt-055-120b
Qwen3-235B-A22B-Thinking-2507

Figure 2: Radar Chart of Capability Envelopes (LO-L4).

work provides a stepwise path for medical institu-
tions to assess Al readiness, shifting focus from
parameter competition to the construction of bal-
anced, governable clinical intelligence systems.



Limitations

Although this study preliminarily verifies the effec-
tiveness of the framework, future work still needs
to be deepened in the following three dimensions.
High-Order Stages: This study covers LO-L4 of-
fline verification but has not touched upon L5 and
L6, which require real-time feedback and physi-
cal perception. Future work will explore online
(On-policy) evaluation. Metric Adaptation: Uni-
fied latency/throughput metrics were not set due to
hospital heterogeneity; these should be customized
during engineering implementation. Expert Re-
view: We provided reference scenarios without
passing scores. Final maturity certification should
involve expert review mechanisms.

Ethical Considerations

All clinical data were sourced from the internal
EHR of our collaborating hospital. All data un-
derwent rigorous de-identification. Processing oc-
curred exclusively within a secure, on-premise pri-
vate environment with no external transmission.
The study received IRB approval. No direct human
subject experimentation was involved.
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* RRG (N=300): Radiology Report Genera-
tion. Generate a standard radiology finding
report based on provided imaging features and
diagnostic conclusions.

L2: Platform (Interoperability)

e TLV (N=100): Time Logic Validation. 1den-
tify logical contradictions in medical records
regarding timestamps (e.g., discharge time
cannot be earlier than admission time).

* UDC (N=100): Ultrasound-Radiology Con-
sistency. Verify if the semantic conclusion
of an Ultrasound report is consistent with the
Radiologist’s summary.

L3: Closed-Loop Governance (Safety)

¢ RBQ (N=100): Rule-Based Quality Control.
Check medical records against explicit hospi-
tal rules.

e DEC (N=108): Document Error Correction.
Identify and correct typos or semantic errors
in clinical documentation while maintaining
the original medical intent.

L4: Decision Support (Complex Reasoning)

* TNM (N=121): TNM Staging Decision. De-
termine the T, N, and M stages of cancer pa-
tients based on complex, multi-page pathol-
ogy and surgical reports.

e MDT (N=50): MDT Suggestion Genera-
tion. Generate comprehensive multidisci-
plinary treatment plans for complex oncology
cases, integrating guidelines and patient his-
tory.

B Evaluation Metrics and Prompts

To adapt to the diverse nature of tasks, we adopted
a classified evaluation system:

Type A: Discrimination and Selection. Applied
to tasks with a single unique standard answer
(CNMLE). We utilize Accuracy as the core met-
ric.

Type B: Structured Reasoning and Verification.
Applied to tasks requiring structured decision out-
puts or specific format constraints (CTC, CFF,
TLYV, UDC, RBQ, DEC). We employ Logical Ac-
curacy. A sample is considered correct only if
the output strictly follows the required format (e.g.,
JSON or specific terminology) and the key decision
fields match the ground truth.

Type C: Open-Ended Generation. For open-
ended tasks involving complex reasoning and long-
form generation (RRG, TNM, MDT), we adopt
a Model-Based Evaluation (LLM-as-a-Judge)
framework. We use a calibrated expert scoring
model as the judge. The specific prompt template
is provided below.

LLM-as-a-Judge Prompt Template



You are a professional evaluation expert. You need to evaluate the
quality of the "Predicted Answer"” based on the following four core elements:

- *xDialogue Historyx* (Contextual information)

- %*Current Questionxx (The user's specific request)

- x%Gold Standard Answerx* (Verified high-quality reference answer)
- **Predicted Answer*x (The answer to be evaluated)

### Scoring Criteria [Independent scoring, strict and rigorous]:

1. Accuracy [Positive Score, Max 100 points]:
Evaluate whether the answer is correct, aligns with user intent,
covers key information completely (no omissions or redundancies),
and is logically sound. Scoring starts from the highest standard;
any errors or deficiencies result in strict deductions.

2. Hallucination [Negative Penalty, Max deduction 25 points]:
Evaluate whether the answer contains any factual errors, baseless
speculations, or fabricated content. Zero tolerance policy:
any confirmed hallucination results in severe deductions.

3. Readability [Negative Penalty, Max deduction 25 points]:
Evaluate whether the language is fluent and natural, checks for
improper language mixing (e.g., unnecessary English-Chinese mixing),
and controllable formatting (severe deductions for format issues
like piled-up line breaks that hinder semantic understanding).

(Total Score Formula = max(@, Accuracy - Hallucination - Readability))

> Note: The "Gold Standard Answer” has passed strict review and
represents a high standard baseline.

### Dialogue History
{Insert Dialogue History}

### Current Question
{Insert Original Question}

### Gold Standard Answer (Reference)
assistant: {Insert Gold Answer}

### Predicted Answer (To be evaluated)
assistant: {Insert Predicted Answer}

Please output your evaluation results in the following structure:

### Evaluation Analysis
[Conduct item-by-item comparative analysis here]

### Predicted Answer Score
\boxed{Total Score}

Figure 3: The specific prompt template used for the calibrated expert scoring model (Type C Tasks).
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