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Abstract

Large language models (LLMs) have shown
significant promise in healthcare applications.
To better mirror real-world settings for LLM
evaluation, dynamic longitudinal diagnosis-
and-treatment simulation with virtual patients
has recently emerged as a focal point of re-
search. However, existing simulation frame-
works are limited by clinical trajectory unique-
ness, where virtual patients can only provide
feedback based on information available in
static electronic health records (EHRs). This
limitation leads to simulation failures when un-
recorded but medically sound examinations are
ordered. In this paper, we formulate the task
of Examination Feedback Simulation, which
aims to dynamically augment the unique tra-
jectory by simulating medically plausible ex-
amination results in response to clinical or-
ders. To support this largely unexplored re-
search area, we construct ClinTrack, a dataset
curated from MIMIC-IV. We further propose a
structure-aware evaluation metric SimScore to
quantitatively assess the quality of simulated re-
sults, which shows promising initial alignment
with expert judgment. Building on this frame-
work, we develop ClinSim, a tailored genera-
tive model for this task. Experiments demon-
strate that our 4B ClinSim model significantly
outperforms flagship models with up to 235B
parameters on this task, providing a critical
foundation for creating more dynamic and real-
istic virtual patients. Code and other resources
are available at GitHub'.

1 Introduction

Artificial intelligence (Al), particularly large lan-
guage models (LLMs), is considered a promising
solution to address the long-standing challenges
in healthcare, such as access, quality, and cost
containment (Kissick, 1994; Wang et al., 2024;

*Corresponding author.
"https://github.com/X-Ray-git/clinsim

& =
8\ EHR Trajectory  \(3ed ———

838 Initial Clinical Info -
Hematology Test Order | €%
[(e Hematology Test Result Y ‘
Prescription Order @%
X-Ray Test Order @
@ X-Ray Test Report ‘
Procedure Order 9
— @ Simulation Trajectory @ —
Initial Clinical Info .
Hematology Test Order | €%
(7" Hematology Test Result o ¥
Prescription Order @%
. CT Test Order | (2
A J cr Test Not Found in EHR i
(Y ClinSim:
&, L ¢ Simulated CT Test Report

Figure 1: The limitation of clinical trajectory unique-
ness in static EHRs. By referring to EHRs (top), the
LLM-based virtual patient (bottom left) provides feed-
back to the LLM doctor (bottom right). It functions
well until the doctor orders an unrecorded examination.
Our approach aims to support examination feedback
simulation beyond the recorded clinical trajectory.

OpenAl et al., 2024; Brodeur et al., 2025; Sing-
hal et al., 2023). To provide a more realistic basis
for evaluating LLLM performance, dynamic longi-
tudinal diagnosis-and-treatment simulation has re-
cently emerged as a focal point of research (Luo
et al., 2026; Nori et al., 2025; Zhou et al., 2025;
Shang et al., 2025; Li et al., 2024; Fansi Tchango
et al., 2022; Baichuan-M2 Team et al., 2025; Liu
et al., 2025b; Johri et al., 2024; Liu et al., 2025a;
Schmidgall et al., 2026). Conceptually parallel-
ing the Objective Structured Clinical Examination
(OSCE) widely utilized to assess human clinical
competence (Harden et al., 1975; Tu et al., 2025),
this simulation paradigm represents a crucial step
towards mirroring real-world clinical practice. In
these simulation frameworks, the medical LLM
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agent acts as a doctor, and another LLM agent
serves as a virtual patient that simulates the actions
of sequentially reporting symptoms and examina-
tion feedback to the doctor by referring to elec-
tronic health records (EHRs). After the simulation,
the performance of the medical LLM is evaluated
based on the entire clinical interaction process with
the virtual patient. Among various clinical actions,
the medical examination (including radiological,
microbiological, and laboratory examinations) is
one of the most essential, as the ability to order and
interpret it is a fundamental component of medical
competence (Zayed et al., 2025; Amrollahi et al.,
2024; Johnson et al., 2019).

However, the simulation of medical examina-
tions in prior studies is inadequate. Existing sim-
ulation frameworks inherit the limitation of clini-
cal trajectory uniqueness naturally present in static
EHRs, implicitly excluding any potentially reason-
able deviation from the recorded clinical actions.
This limitation, illustrated in Figure 1, creates a
critical failure point: as existing virtual patients
can only provide examination feedback based on
the unique and static EHRs (Zhou et al., 2025; Liu
et al., 2025b), ordering any unrecorded examina-
tion, even if medically sound, can cause the inter-
action to halt (Nori et al., 2025; Shang et al., 2025).
The virtual patient’s refusal to provide feedback
on unrecorded examinations degrades the evalua-
tion from a genuine assessment of clinical compe-
tence to a mere test of whether the LLM doctor
can guess the specific examinations listed in the
original record.

To address this limitation, we present a compre-
hensive, three-part solution. (1) We formulate the
task of Examination Feedback Simulation, which
involves leveraging a patient’s clinical history to
simulate medically plausible examination results in
response to medical orders. To support this task, we
introduce ClinTrack-MIMIC (ClinTrack for sim-
plicity), a dataset curated from MIMIC-IV (John-
son et al., 2023) that enables scalable, reference-
anchored evaluation serving as a proxy for the in-
tended off-path simulation setting. (2) We propose
SimScore, an objective, rule-based evaluation met-
ric that leverages the structured nature of our data
to quantitatively assess the simulated results. A
blind review by medical experts on a randomly se-
lected sample set provides preliminary evidence
that SimScore aligns with expert judgments, un-
derscoring its potential as an objective metric for
quantitative evaluation. (3) We develop ClinSim,

a specialized generative model, to demonstrate the
potential of a purpose-built LLM in this task. Clin-
Sim, with only 4 billion parameters, significantly
outperforms various larger models (up to 235B, in
few-shot settings).

Our key contributions can be summarized as
follows:

* We systematically define the task of exam-
ination feedback simulation, and introduce
the supporting ClinTrack dataset, laying the
groundwork for creating more realistic simu-
lation frameworks.

* We propose SimScore, a rule-based metric
derived from a structure-aware evaluation
schema, to assess the quality of the simulated
results, and investigate its alignment with ex-
pert judgment in an initial human evaluation.

* We develop ClinSim, a model specifically
trained for this task that achieves superior per-
formance compared to existing models, in-
dicating that the capability of simulating ex-
amination feedback is highly trainable, and
demonstrating the feasibility of effectively in-
stilling task-specific capabilities into existing
LLM:s.

2 Related Work

2.1 Virtual Patient

Clinical evaluation of LLLMs has long relied on
static datasets and isolated scenarios that fail to
capture the cascading effects of healthcare deci-
sions (Luo et al., 2026). To address this limitation,
dynamic longitudinal diagnosis-and-treatment sim-
ulation with virtual patients has recently emerged
as a focal point of research.

In multi-turn clinical dialogue simulation (Johri
et al., 2024; Liu et al., 2025a; Sun et al., 2025; Liu
et al., 2025b; Fansi Tchango et al., 2022; Li et al.,
2024; Tu et al., 2025; Baichuan-M2 Team et al.,
2025), the medical model incrementally collects in-
formation from a virtual patient role-played by an-
other model. These approaches reveal that the diag-
nostic performance of the medical model declines
significantly when it is required to gather informa-
tion progressively through a multi-turn dialogue,
as opposed to receiving the entire record at once to
make a final diagnosis (Johri et al., 2024; Liu et al.,
2025a). SD-Bench (Nori et al., 2025), Dynami-
Care (Shang et al., 2025), MultiCogEval (Zhou
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et al., 2025) and AgentClinic (Schmidgall et al.,
2026) propose frameworks that allow the LLM doc-
tor to order clinical examinations and treatments,
receiving feedback based on real patient records.

2.2 Examination Feedback Simulation

Examination Feedback Simulation is a latent com-
ponent of these simulation frameworks. It aims to
address the limitation of clinical trajectory unique-
ness in static EHRs. Due to this limitation, any
attempt to order a reasonable but unrecorded ex-
amination inevitably halts the interaction. Early
research intentionally sidesteps this challenge by
relaxing the requirement of “longitudinal”, ex-
cluding new examination orders from the simu-
lation scope (Fansi Tchango et al., 2022; Liu et al.,
2025b). In later studies, AgentClinic (Schmidgall
et al., 2026) mitigates this issue by prompting the
virtual patient to respond with “Normal Readings’
for unrecorded examinations. MediQ (Li et al.,
2024) and DynamiCare (Shang et al., 2025) in-
struct the virtual patient to faithfully respond based
on the original records, leading to a possible refusal
to provide corresponding feedback.

Nori et al. (2025) highlight a key weakness of
this approach: refusals can imply the ground-truth
trajectory and discourage valid alternative ones.
To overcome this, they employ a language model
to simulate feedback for unrecorded examinations.
The simulation is treated as an auxiliary function
rather than a primary research focus, and is not sys-
tematically and quantitatively validated. Luo et al.
(2026) also propose a theoretical framework of the
Clinical Environment Simulator (CES) for gener-
ating counterfactual trajectories, but it remains a
high-level perspective rather than a practical tool.

bl

3 ClinTrack Dataset Curation

Our study is based on MIMIC-1V (Johnson et al.,
2023), a large-scale, publicly available dataset
well-suited for constructing a dynamic longitudi-
nal diagnosis-and-treatment simulation framework.
MIMIC-IV is widely used for clinical research and
is organized into multiple tables linked by unique
patient and admission identifiers.

The final data structure is exemplified in Figure 2.
To construct the ClinTrack dataset, we follow a
4-step process comprising 3 stages as shown in
Figure 3.

Basic Info Admission List

Gender Birth [———- ————— 2137-02-24 =---- ———-»}

e Discharge Note ~N
A Info —
+ allergies: No Known Allergies
+ chief complaint: rectal pain
+ history of present illness: Mrs. ___ is a ___ w/ anal mucinous...
9 Progress Info —
Text + pertinent results: ...
+ brief hospital course: Mrs. __ is a ___ w/ anal mucinous...
== Discharge Info —
+ discharge condition: Mental Status: Clear and coherent...
discharge medications: 1. Acetaminophen 650 mg PO Q6H:PRN pain...
- J
Event List 3
2 L {ve X )
——— (8% Prescription Event " Lab Event

2137-02-24 16:00:00 2137-02-24 18:20:00

+ category: Chemistry + fluid: Blood
+ Anion Gap 9 mEq/L

+ Bicarbonate 26mEq/L

* Heparin 5600 Units (SC)
* NaCl 0.9% Flush 3mL/24hrs (IV)

Ei Microbiology Event
2137-02-26 04:52:00

— @ Radiology Event
2137-02-24 18:24:00

* spec type desc: URINE

+ test name: URINE CULTURE

* comments: MIXED BACTERIAL FLORA ( >= 3
COLONY TYPES), CONSISTENT WITH
FECAL CONTAMINATION.

+ modality: X-ray =+ body part: Chest

* text: Moderate cardiomegaly is chronic.
Lungs are clear of any acute
pulmonary abnormality. Tiny right
pleural effusion is new. Right
jugular line ends in the upper...

L )

Others
[ Race

Marital Status
Figure 2: Data structure of a record in ClinTrack. An-
other detailed JSON example can be found in Appendix
H.

Admission Location Diagnosis List J

3.1 Stage 1: Data Aggregation

The initial stage involves gathering information
across all tables and reconstructing each patient’s
clinical history into a chronologically ordered se-
quence of events.

Step (D Each record, denoted as R, is struc-
tured as a tuple containing basic patient informa-
tion Ipasic, an unstructured discharge note o, @
list of diagnoses Igiae, and a sequence of clinical
events [eq = {E;}} |, where E; represents the
i-th clinical event in chronological order.

R = (Ibasic:a]noteaIdiagaIseq) (1)

3.2 Stage 2: Fine-grained Parsing

The second stage focuses on fine-grained parsing
of the clinical text to extract relevant information.

Step @@ To leverage the rich information con-
tained in the unstructured notes, we employ an
LLM to extract structured data. For discharge notes,
this includes admission information I,qp,, progress
information Ij,rg, and discharge information g;sch.
The detailed schema of these fields is provided
in Appendix G. For radiology reports, we extract
modality information Ijodality and body part infor-
mation Ihody part-

([adm 5 Ipmg 3 Idisch) = ££M (pnoteiexlruct I} Inote) (2)
(Imodalily 3 Ibodyipan ) = ££M (preportiextracl ) Irepon ) (3)
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Stage 1: Data Aggregation 364,627 Patients

546,028 Admissions

o |

PostgreSQL: MIMIC-1V Database

JSONs
Keep patients with
admissions
Stage 2: Fine-grained Parsing l
JSONs

Keep patients where
all admissions have
discharge notes

w/ Parsed Discharge Notes

JSONs l

w/ Parsed Discharge Notes 103,138 Patients
188,992 Admissions

17,722,203 Events

Step @

w/ Parsed Radiology Reports

Stage 3: Trainset/Testset Generation

JSON Line Files: Trainset/Testset

Parse radiology
reports

Generate History-
ExamEvent pairs
from trajectories

}

Format into chat
messages
Keep patients where
all reports are ‘
successfully parsed

Parse discharge notes

v v

Keep patients where
all notes are

successfully parsed Split trainset/testset

by patient

Remove overlong
samples
Testset
4,242

Step @
h 4

v \ 4

103,123 Patients
188,869 Admissions
17,704,944 Events

| Step @ ‘

102,788 Patients
187,542 Admissions

Trainset

17,559,178 Events
115,191

‘ Step@ l

4

Figure 3: The dataset curation process consists of three stages implemented across four steps. The JSON schemas
from the first three steps are structurally compatible, allowing records from Steps 2 and 3 to be seamlessly merged
back into the dataset for augmentation. In this work, we proceed to Step 4 utilizing only the most comprehensively

annotated records from Step 3.

where Iiepore 18 a field in Ej; if the event type is
RadiologyEvent, and p denotes the corresponding
prompt used for the LLM.

3.3 Stage 3: Trainset and Testset Generation

The third stage involves transforming the structured
data into prompts for training and evaluation pur-
poses.

Step (@) We frame the core functionality of the
expected model as a conditional generation task.
Given a specific time step ¢, the preliminary infor-
mation of the patient’s record is denoted as SI(,Q.
To better specify the latent patient state in our ret-
rospective simulation setting, we additionally in-
corporate the final diagnosis list g5, as auxiliary
patient-side case information. This information
is available only to the virtual-patient simulator
and is never exposed to the doctor agent. The
model is tasked with generating the subsequent
clinical event, E;, conditioned on the preliminary
information, the auxiliary final diagnosis list, and
the type and time of that event. The event type is
constrained to one of {Radiology, Microbiology,
Lab}. Each event type can be further described by
subtypes, which are also provided as part of the
input to the model. For Radiology events, the sub-
type consists of the modality (such as CT, X-Ray,
and Ultrasound) and the body part (such as Chest,
Upper Extremity, and Head). For Microbiology
events, the subtype is the type of culture (such as
BloodCulture, UrineCulture, and AcidFastCulture),
and the specimen type (such as Stool, Blood, and

Urine). For Lab events, the subtype is the type of
fluid (such as Blood, Urine, and JointFluid), and
the category (such as Chemistry, Hematology, and
BloodGas). The task is formulated as follows:

Ei = LLM (Psim, S5, Liiag, Type(E:), Time(E;))  (4)
S8 = (Iasics Taams By B, . .., Bio1) )

where pgin, is the prompt used to instruct the model
to perform the simulation task.

4 SimScore: Structure-Aware Evaluation

Existing evaluation metrics, whether based on
text overlap (e.g., ROUGE (Lin, 2004), Leven-
shtein (Levenshtein, 1965)) or semantic embed-
dings (e.g., BERTScore (Zhang et al., 2020)), treat
the output as plain text. Since our simulation pro-
duces structured clinical data, these traditional met-
rics are suboptimal, as they overlook the distinct
semantics of specific data types (e.g., numerical
values), intrinsic structures, and the clinical signif-
icance of different JSON fields. To address this,
we propose a domain-specific metric, SimScore,
to quantify the fidelity of the simulated clinical
events.

Instead of using a generic recursive JSON com-
parison, SimScore s = Siype(Fy, E) is computed
by routing the ground-truth event £, and the pre-
dicted event E to the corresponding specific scorer
based on the event type:
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Sui(Egy, E)  if type = Radio
Swn(Ey, E)  if type = Lab 6)
Shicro (Eg7 E) if type = Micro

Stype(Ega E) =

where each scorer is composed of several primitive
metrics.

4.1 Primitive Metrics

We define four foundational primitive metrics to
compare primitive values.

Textual fields are evaluated using a compos-
ite similarity oy that averages Levenshtein simi-
larity and ROUGE scores (ROUGE-1, ROUGE-2,
ROUGE-L) to capture both character-level robust-
ness and phrase overlap.

(U]BV (Ug, Ut) + Ry (”gv Ut)

-

Ttext (Um Ut) =

@)
+ RQ('Ug, Ut) + RL(UEN Ui))

Numeric fields are evaluated based on the rela-
tive error.

1
|ve—vg|
[vg|+e

®)

Unum(vga Ut) =

1+

Categorical or identifier fields use an exact
match indicator oexact.

Jexact(vgy Ut) = ]lvg:vt C))

Set-based fields use the standard Jaccard simi-
larity.

_ |AnB
- |Au B]

4.2 Radiology Scorer (Syaq)

For radiology events, the primary clinical informa-
tion is encapsulated in the report. Thus, the scorer
exclusively evaluates the text field, ignoring other
structural metadata.

Jaccard(A, B) (10)

Sud(Eg, E) = oexi (Eg[text], E[text)) (1)

4.3 Laboratory Scorer (Sip)

Laboratory events typically contain a list of multi-
ple test items. We first match the predicted items
with the ground truth based on their label. For
each matched entry pair (e4, e;), we compute a
COmPposite SCOre Oiap_enyry Using a weighted sum
of the scores for the value oy,, abnormality flag,

and unit of measurement (UOM). Let e\ and e’

denote the valuenum and value fields of a ground
truth entry ey, and egn) and egv) denote the corre-
sponding fields of a predicted entry e;. The score
Oval dynamically adapts to the data modality of the

ground truth:

(n) _(n) if (n) 1
Jval(eg, et) _ {O’num (eg ;€ ) 11 ey # nu (12)

Otext (eév) 5 6£v)) otherwise

The composite entry score is then formulated as
follows, where we empirically set the weights to
wy = 0.70, wy = 0.15, and w,, = 0.15 to reflect
their relative clinical importance.

J]abientry(eg, et) = Wy * Uval(eg7 et)
+ wy - Oexact (€g[Flag], e[flag]) (13)

+ Wy * Texact (€g[valueuom], e;[valueuom))

The final score is computed by aggregating the
entry scores and normalizing them by the size
of the union of label sets |L, U L;| across both
records. This union-based normalization acts as a
strict penalty mechanism, ensuring the final score
is reduced for any omitted or hallucinated entries.

Z Olab_entry (eg, et)

Sn(Ey, ) = |y ULy
g

(14)

4.4 Microbiology Scorer (Smicro)

Microbiology events are evaluated based on the
clinical outcome. If neither the ground truth nor the
prediction contains pathogenic organisms (O, =
0 A Q; = (), the structural fields are inherently
empty. In this scenario, the critical clinical context
(e.g., “no growth” or specimen quality) is entirely
encapsulated within the comments field C. Oth-
erwise, we construct a set of atomic fact tuples T
(where each tuple comprises the organism name,
antibiotic name, and sensitivity interpretation) and
compute the Jaccard similarity between the sets T,
and T;.

ifOy =0N0, =0

otherwise

i O'text (097 Ct)
micro E 7E =
Snicro (Eg, B {Jaccard(Tg,Tt)

s)

5 Experiments

5.1 Experimental Setup

To rigorously prevent data leakage, we partition the
ClinTrack dataset into a trainset and a testset at the
patient level with a 99:1 split ratio, ensuring that
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all clinical records belonging to a single patient are
confined entirely to the same subset. Furthermore,
due to computational resource constraints, we filter
the generated samples by their context length, ex-
clusively retaining those with up to 6k tokens for
the trainset and 8k tokens for the testset. Following
this filtering process, the final trainset and testset
comprise 115,191 samples and 4,242 samples, re-
spectively. The proportions of the event types are
illustrated in Appendix D.

To comply with the data use agreement of
MIMIC-1V, all data curation, model training, and
test processes are executed locally using open-
source models. No proprietary or closed-source
models are utilized.

5.2 Models

ClinSim is developed based on the Qwen3 fam-
ily of models (Yang et al., 2025). Specifically,
we utilize the 4B parameter variant as the founda-
tion model for training. We employ Qwen3-235B-
A22B (Qwen3-235B for short) as the teacher model
to synthesize high-quality Chain-of-Thought (CoT)
reasoning traces. For efficiency considerations, the
parsing process described in Section 3.2 is initially
executed by the highly efficient Qwen3-30B-A3B,
and any instances that fail to parse are sequentially
escalated to Qwen3-32B and ultimately Qwen3-
235B.

We compare ClinSim against the Qwen3 fam-
ily (Qwen3-4B, Qwen3-8B, Qwen3-32B, and
Qwen3-235B) and several additional baseline mod-
els. DeepSeek-R1-0528-Qwen3-8B distilled from
DeepSeek-R1-0528 (Guo et al., 2025), GPT-OSS-
20B, and GPT-OSS-120B (OpenAl et al., 2025)
are included as strong general-purpose baselines.
HuatuoGPT-01 series (Chen et al., 2025) and
Baichuan-M2-32B (Baichuan-M2 Team et al.,
2025) are included as state-of-the-art medical QA
models. General-purpose models and medical QA
models are evaluated in a few-shot manner with one
output example for each category in the prompt.

5.3 Data Synthesis and Training

To instill robust diagnostic reasoning capabilities,
we construct an augmented trainset using synthetic
CoT traces generated by a teacher model. Given
the input context and the ground-truth answer,
the teacher model first performs unrestricted in-
ternal analysis within <think> and </think> tags,
where hindsight bias is naturally permitted, and
then produces a distilled reasoning trace within

<clean_think> and </clean_think> tags. We
instruct the model to justify the examination re-
sult based solely on preliminary information in the
clean reasoning trace, and only extract this part to
train our student model, ensuring the reasoning is
completely free of hindsight bias and accurately
reflects a clinician’s prospective decision-making.
Finally, the ground-truth answer is appended to
the clean reasoning trace to form the final training
target for the student model.

Building upon this data, we design a two-stage
training pipeline to develop the final ClinSim
model. We divide the dataset into two patient-
level subsets of equal size. In the first stage, we
utilize the CoT-augmented samples from the first
half of the dataset to perform SFT on Qwen3-4B.
This cold-start phase efficiently equips the model
with fundamental clinical knowledge and instills
the distilled CoT reasoning paradigm. In the sec-
ond stage, we initialize the model with the result-
ing cold-start checkpoint and apply Group Relative
Policy Optimization (GRPO) (Shao et al., 2024)
using the second half of the dataset. During GRPO,
the model generates multiple candidate responses
for each clinical context, and the policy is updated
using a composite reward signal consisting of the
response’s SimScore (0.9 weight) and a binary for-
matting reward for valid JSON (0.1 weight). The
detailed SFT and GRPO hyperparameters are pro-
vided in Appendix A, while Appendix G provides
the detailed instructions and prompt templates, in-
cluding the CoT distillation and examination feed-
back simulation prompts relevant to this training
pipeline.

5.4 Main Results

The experimental results are summarized in Table 1,
with performance evaluated by SimScore. Clin-
Sim surpasses all baseline models by at least 11.34
percentage points in overall SimScore and 20.97
percentage points in macro SimScore. Qwen3-
32B outperforms other baselines in almost all met-
rics, except for Microbiology events, where it is
surpassed by HuatuoGPT-01-72B. While our 4B-
parameter ClinSim achieves an exceptionally low
parsing error rate of 0.5%, the two largest base-
line models (Qwen3-235B and GPT-OSS-120B)
achieve flawless formatting with a 0.0% ParseErr.
This highlights the inherent advantage of massive
parameter scale in maintaining strict structural con-
sistency for complex outputs. Additionally, the
HuatuoGPT-o1 series and Baichuan-M2 are built
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Model | Radiology Microbiology  Lab | Overall Macro | ParseErr
General Foundation Models
Qwen3-4B 0.2491 0.1586 0.2396 | 0.2336  0.2158 3.4%
Qwen3-8B 0.2603 0.1427 0.2623 | 0.2468  0.2218 0.2%
Qwen3-32B 0.2667 0.1752 0.2905 | 0.2665 0.2441 0.2%
Qwen3-235B 0.2619 0.1408 0.2827 | 0.2567  0.2285 0.0%
DeepSeek-R1-Qwen3-8B 0.2175 0.0872 0.2344 | 0.2093  0.1797 7.1%
GPT-OSS-20B 0.2634 0.1256 0.2538 | 0.2420 0.2143 0.2%
GPT-0SS-120B 0.2642 0.1604 0.2755 | 0.2567 0.2334 0.0%
Medical Domain Models
HuatuoGPT-01-7B 0.0780 0.1074 0.2094 | 0.1425 0.1316 29.7%
HuatuoGPT-01-8B 0.0889 0.1091 0.1397 | 0.1149 0.1126 22.6%
HuatuoGPT-01-70B 0.0298 0.1489 0.2557 | 0.1492  0.1448 37.2%
HuatuoGPT-01-72B 0.2148 0.2280 0.2534 | 0.2344  0.2321 10.3%
Baichuan-M2-32B 0.2546 0.1297 0.2600 | 0.2418 0.2148 5.7%
Ours
ClinSim-SFT 0.3283 0.4748 0.2548 | 0.3122  0.3526 12.9%
ClinSim-CoT 0.3300 0.7035 0.3016 | 0.3627  0.4451 33%
ClinSim-GRPO 0.3245 0.2380 0.2984 | 0.3018  0.2870 0.5%
ClinSim 0.3553 0.6850 0.3210 | 0.3799  0.4538 0.5%

Table 1: The performance evaluated using SimScore. The Overall and Macro scores represent the mean SimScore
across all samples and across the three categories, respectively. The best scores are highlighted in bold, and the best

scores among the baselines are underlined.

upon previous-generation foundation models such
as Llama 3.1 (Grattafiori et al., 2024) and Qwen
2.5 (Qwen et al., 2025). Older foundations poten-
tially limit their precision in strict structural gener-
ation, contributing to their notably higher ParseErr.

The results reveal varying difficulty across event
types. Although absolute scores cannot be directly
compared across types because each category has
different components in SimScore, we can still an-
alyze the task complexity with the relative perfor-
mance gains over the baselines.

Lab events emerge as the most challenging do-
main to simulate. Compared to the best-performing
baseline (Qwen3-32B), ClinSim achieves a mod-
est relative improvement of approximately 10.5%.
This difficulty stems from the vast combinatorial
space of lab panels and the strictness of the Lab
Scorer, which heavily penalizes omitted test items,
fabricated labels, and numeric inaccuracies in phys-
iological values. In contrast, Microbiology events
demonstrate the highest learnability. While base-
line models struggle severely (peaking at 0.2280),
ClinSim achieves a significant increase to 0.6850.
This suggests that Microbiology results, often char-
acterized by standardized patterns (e.g., “no growth”
or specific pathogen-antibiotic sensitivity tuples),
can be fit by the model during training. Radiol-
ogy events exhibit moderate difficulty, with Clin-

Sim demonstrating 33.2% improvement over the
strongest baseline. Because radiology reports con-
sist of free-text descriptions, the performance is
intrinsically bounded by the natural variability in
clinical phrasing.

Furthermore, consistent with the SimScore
evaluation, ClinSim also achieves state-of-the-
art performance across multiple traditional NLP
metrics such as BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), BERTScore (Zhang et al.,
2020), and Levenshtein similarity (Levenshtein,
1965), with Qwen3-32B and Qwen3-235B remain-
ing the strongest baselines. The detailed NLP per-
formance is summarized in Appendix C.

5.5 Ablation Studies

Model Variant \ Data: 1st Half Data: 2nd Half

ClinSim-SFT SFT-QA (Full Dataset)
ClinSim-CoT SFT-CoT (Full Dataset)
ClinSim-GRPO GRPO (Full Dataset)
ClinSim \ SFT-CoT GRPO

Table 2: Ablation configurations for training strategies.
The dataset is evenly divided into two patient-level sub-
sets. The hybrid model (ClinSim) sequentially utilizes
CoT distillation on the first half, followed by GRPO
alignment on the second half.

As detailed in Table 2, we conduct an ablation
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study evaluating three alternative training configu-
rations. The results in Table 1 offer critical insights
into the contribution of each training component.

The suboptimal performance of ClinSim-SFT
demonstrates the necessity of reasoning. The in-
troduction of synthetic reasoning traces (ClinSim-
CoT) dramatically reduces the ParseErr to 3.3%
and improves all domain scores. This confirms that
CoT acts as a crucial cognitive bridge and format
stabilizer, decomposing the complex predictive task
into manageable logical steps.

The results of ClinSim-GRPO reveal the need for
a cold-start phase. Although pure GRPO achieves
higher scores than the strongest baselines on Ra-
diology and Lab events, it struggles to improve
the performance of Microbiology events (0.2380
in SimScore), showing virtually no advantage over
the best baseline (0.2280 in SimScore). We at-
tribute this to the specific pattern of Microbiology
events, which causes reward sparsity. Without prior
exposure to this distribution, the model can hardly
discover high-reward generation trajectories.

The final ClinSim model, which harmonizes a
CoT-based SFT cold-start with subsequent GRPO
refinement, achieves better overall performance
than ClinSim-CoT. It is hypothesized that even if
the curated CoT samples are well-designed, they
are still: (1) generated by a teacher LLM that is
significantly larger than the target student model,
introducing a capacity gap, and (2) synthesized
retrospectively from the structured gold records,
leading to a potential distributional shift. These
factors may lead to reasoning patterns that are sub-
optimal when generalized to the specific parameter
space of the 4B model. The subsequent GRPO
stage may partially mitigate this by allowing the
model to autonomously adapt and polish its reason-
ing trajectories beyond the static limitations of the
teacher’s synthetic data.

It is also observed that ClinSim-CoT, trained
without SimScore-guided GRPO, already substan-
tially outperforms the baselines, while the subse-
quent GRPO stage provides only a modest addi-
tional gain. This indicates that CoT distillation
provides the main task adaptation, while GRPO
provides a small final refinement in both output
validity and average content score. Together with
the improvements on traditional NLP metrics re-
ported in Appendix C, these results suggest that
the performance gains are not solely attributable to
direct optimization of SimScore.

5.6 Validation of SimScore

I Consensus: ClinSim

0.8 i Leans: ClinSim

Score ClinSim

F Leans: Qwen3-32B

Consensus: ClinSim |+
£ €l 77
4 ‘onsensus: Qwen3-32B
00 —

0.0 0.2 04 0.6 0.8 1.0
Score Qwen3-32B

Consensus: Qwen3-32B

Figure 4: Continuous distribution of SimScore against
human physician consensus. The background color gra-
dient represents the intensity of human preference, while
scatter markers indicate individual case assessments.

To preliminarily assess the alignment of Sim-
Score with expert judgment, we conducted an in-
dependent, blinded human evaluation on 100 ran-
domly sampled cases. Two medical experts were
invited to evaluate the generated events from Clin-
Sim against Qwen3-32B, the best-performing base-
line.

Three choices were provided for each case:
Model A is better, Model B is better, or Tie (in-
dicating that both models performed equally well
or equally poorly). The ground-truth examination
report was provided as a reference for 50 cases,
while it was intentionally masked for the remain-
ing 50. To maintain blinding, Model A and Model
B were randomly assigned to either ClinSim or
Qwen3-32B for each case. Based on the combina-
tion of choices, the evaluations were categorized
into an ordinal consensus gradient. As shown in
Figure 4, Consensus refers to cases where both
experts agree on a distinct preference, Leans indi-
cates a weak consensus where one prefers a model
while the other chooses Tie, and Tie denotes unani-
mous ties.

The experts exhibited general agreement, con-
flicting on only 11 samples (which were treated as
Tie in Figure 4, but excluded from ordinal corre-
lation analysis to maintain strict gradient validity).
Overall, SimScore demonstrates a positive rank cor-
relation (Spearman’s r = 0.529, p < 0.001 (Spear-
man, 1987)) and a reasonable ordinal concordance
(C-index = 0.699 (Harrell et al., 1982)) with the
intensity gradient of human clinical preferences.
These results provide preliminary evidence of a
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generally positive alignment between SimScore
and physician judgment.

6 Conclusion

In this study, we formulate the task of examination
feedback simulation to address the critical chal-
lenge of clinical trajectory uniqueness in develop-
ing realistic clinical simulation environments. We
introduce the large-scale ClinTrack dataset and the
structure-aware evaluation metric SimScore as the
supporting tools. Experiments reveal that exist-
ing models struggle on the task. To bridge this
gap and validate the feasibility of our formula-
tion, we developed ClinSim as a proof-of-concept
generative model. Results demonstrate that Clin-
Sim significantly outperforms massive foundation
models by over 10 percentage points in overall
SimScore, indicating that the capability to simu-
late medically plausible, structured examination
outcomes is highly trainable, laying the founda-
tion for creating dynamic longitudinal diagnosis-
and-treatment simulation frameworks for training
and evaluating advanced clinical decision-making
LLMs.

Limitations

We summarize the limitations of our work as fol-
lows:

* Unexplored Counterfactual Clinical Tra-
jectories: While our evaluation provides a
scalable, reference-anchored proxy for the in-
tended off-path setting, direct evaluation on
genuinely off-path and unrecorded examina-
tions remains outside the scope of the current
benchmark. Clinician-designed counterfac-
tual scenarios are an important direction for
future work.

Data and Modality Constraints: ClinTrack
relies on a single-center database (MIMIC-
IV), which may reflect institution-specific
ordering habits, documentation styles, and
regional practice patterns. Future multi-
institutional validation is needed to assess
the broader generalizability of ClinTrack and
ClinSim. Additionally, the current scope is
strictly confined to textual and tabular in-
patient EHR data, thereby excluding multi-
modal clinical inputs such as radiological im-
ages or continuous ECG waveforms.

* Validity of Metric: Higher SimScore values
do not by themselves guarantee broader clini-
cal quality or downstream clinical utility. Fur-
ther validation of SimScore is needed to en-
sure its reliability (e.g., finer-grained prefer-
ence scale to avoid difficulties in capturing
nuanced model differences, such as numeri-
cal precision versus textual coherence). Using
SimScore as the reward as well as the evalu-
ation metric may also introduce metric circu-
larity.

* Hyperparameter Optimization: Due to
computational constraints, we did not perform
an exhaustive grid search for the two-stage
training pipeline. While our results demon-
strate the feasibility of this alignment strategy,
further hyperparameter tuning and detailed
ablation studies could lead to deeper insights
into the training dynamics of this task.

* Finer-grained Evaluation Metrics for Radi-
ology: Radiology reports are currently eval-
uated using purely text-based metrics. Fu-
ture work should explore finer-grained rubric-
based and structure-aware evaluation.

Ethical Considerations

Our ClinTrack dataset is curated from the MIMIC-
IV database, which has been rigorously de-
identified to protect patient privacy. To strictly ad-
here to the MIMIC-IV data use agreement, all data
curation, model training, and evaluation processes
were executed locally using open-source models.
No proprietary or closed-source cloud APIs were
utilized to avoid the risk of leakage. Finally, Al
assistants were employed only for language pol-
ishing of the manuscript and did not influence the
scientific content of this work.
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A Experimental Setup Details

During training, all models are initialized from the
Qwen3-4B base model. The training process is
conducted using the TRL (von Werra et al., 2020)
library on eight GPUs, with DeepSpeed optimiza-
tion employed to manage memory constraints. For
the hybrid two-stage training strategy (ClinSim)
detailed in Section 5.5, the dataset subsets (halves)
are each trained for a full epoch sequentially, rather
than splitting a single epoch across them. Due
to computational constraints, the reported model
performances are derived from a single experimen-
tal run. Greedy decoding is used for all inference
generations at test time.

The detailed hyperparameter configurations for
both the SFT and GRPO stages are summarized in
Table 3.

Hyperparameter QA & CoT GRPO
Optimizer AdamW AdamW
Learning rate le-5 le-6
Scheduler Cosine Cosine
Warmup ratio 0.05 0.01
Precision bf16 bf16
Max length 8192 8192
Per-device batch size 1 1
Gradient accumulation steps 64 64
Generations per prompt - 4
Temperature - 1.0
Format reward weight - 0.1
SimScore reward weight - 0.9
KL coefficient (3) - le-3
Clip range (¢) - 0.2

Table 3: Hyperparameter configurations for different
training stages.

B Human Audit of the Parsing Pipeline

To quantify the potential label noise introduced by
our LL.M-based parsing pipeline, we conducted a
comprehensive human audit covering both the dis-
charge note extraction and radiology report parsing
tasks.

B.1 Audit of Discharge Note Extraction

For the structured extraction of discharge notes,
we randomly sampled 100 cases from our dataset
and manually annotated the ground-truth JSONS.
The LLM-generated outputs were then compared
against these human-annotated references. We
measured the agreement using BLEU, ROUGE
(ROUGE-1, ROUGE-2, ROUGE-L), and Leven-
shtein similarity. The results, summarized in Ta-
ble 4, show high agreement between the automated

extraction and the human annotations. These scores
confirm that our parsing pipeline is highly accurate,
ensuring that the structured information faithfully
represents the original clinical notes.

Metric Score

BLEU 85.24%
ROUGE-1 93.08%
ROUGE-2 88.26%
ROUGE-L 92.26%
Levenshtein Similarity  95.78%

Table 4: Average agreement metrics between the LLM-
generated structured extractions and human expert an-
notations on 100 randomly sampled discharge notes.

B.2 Audit of Radiology Report Parsing

For the radiology report parsing task, we performed
a stratified sampling of 120 reports to ensure bal-
anced coverage. Specifically, we randomly selected
20 samples for each of the six primary modali-
ties: X-ray, CT, Ultrasound, MRI, Fluoroscopy,
and Mammography.

Given that radiology reports typically contain
explicit modality and body part keywords in their
textual descriptions, this parsing task is relatively
straightforward. The human audit confirmed this
observation, yielding an accuracy of 100% across
all 120 sampled cases. This perfect alignment indi-
cates that the labels used in our dataset are highly
reliable, with a negligible risk of label noise affect-
ing downstream training or evaluation.

C Traditional NLP Metrics

In addition to the SimScore evaluation, we also
assess model performance using traditional NLP
metrics, including BLEU (Papineni et al., 2002),
ROUGE-1/2/L (Lin, 2004), Levenshtein similar-
ity (Levenshtein, 1965), and BERTScore (Zhang
et al., 2020) computed with RoOBERTa-Large (Liu
et al., 2019). The detailed results are presented in
Table 5.

D Event Type Proportion

Figure 5 shows the detailed distribution of event
types and their respective subtypes within the train-
set and testset. To offer a deeper insight into the
data diversity, the subsequent figures (Figure 6, Fig-
ure 7, and Figure 8) provide a fine-grained break-
down of modalities and clinical categories specifi-
cally within the trainset.
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Model \ BLEU R-1 R-2 R-L Lev BERTScore

General Foundation Models

Qwen3-4B 0.5401 0.5109 0.3544 0.4412 0.5635 0.9115
Qwen3-8B 0.5327 0.5188 0.3568 0.4404 0.5705 0.9136
Qwen3-32B 0.5596 0.5415 0.3799 0.4650 0.5893 0.9181
Qwen3-235B 0.5701 0.5400 0.3820 0.4602 0.5887 0.9175
DeepSeek-R1-Qwen3-8B | 0.5410 0.5029 0.3494 0.4275 0.5489 0.9047
GPT-0OSS-20B 0.5282 0.5256 0.3550 0.4439 0.5768 0.9124
GPT-0OSS-120B 0.5359 0.5375 03717 0.4522 0.5814 0.9138
Medical Domain Models
HuatuoGPT-01-7B 0.5132  0.3820 0.2841 0.3482 0.4243 0.8762
HuatuoGPT-01-8B 0.4018 0.3956 0.2857 0.3579 0.4508 0.8812
HuatuoGPT-01-70B 0.4256 0.3651 0.2894 0.3378 0.3969 0.8695
HuatuoGPT-01-72B 0.5428 0.5025 0.3700 0.4488 0.5518 0.9087
Baichuan-M2-32B 0.5423 0.5037 0.3528 0.4315 0.5501 0.9052
Ours
ClinSim-SFT 0.3780 0.5059 0.3941 0.4624 0.5473 0.9064
ClinSim-CoT 0.5038 0.5863 0.4644 0.5367 0.6275 0.9287
ClinSim-GRPO 0.5657 0.5797 0.4192 0.5086 0.6230 0.9252
ClinSim 0.5786 0.6137 0.4690 0.5493 0.6560 0.9350

Table 5: The performance evaluated using traditional NLP metrics. The best scores are highlighted in bold, and the
best scores among the baselines are underlined. R-1, R-2, and R-L denote the ROUGE-1, ROUGE-2, and ROUGE-L
scores, respectively. Lev denotes the Levenshtein similarity. BERTScore is computed with RoOBERTa-Large.

Outer: Train
115,191 events

Inner: Test
4,242 events

Radiology (outer 80,182 / inner 1,753)
Lab (outer 24,627 / inner 1,968)
Microbiology (outer 10,382 / inner 521)

Figure 7: Distribution of laboratory event subtypes by

Figure 5: Overall distribution of events in the trainset  fluid and category within the trainset.
and testset.

Figure 8: Distribution of microbiology event subtypes

Figure 6: Distribution of radiology event subtypes by by specimen type and test name within the trainset

modality and body part within the trainset.
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Figure 9: ICD-10 chapter-level disease distribution across all admissions.

E Disease Distribution

We analyzed the disease distribution across ~188K
admissions from ~103K patients using ICD-10
chapter-level classification. For each admission,
we counted each chapter at most once regardless
of how many diagnosis codes fell within it, so the
percentages reflect the proportion of admissions in
which a given disease category appeared. Figure 9
shows the full chapter-level distribution.

F Effect of Final-Diagnosis Conditioning

To examine whether ClinSim relies on the diagno-
sis field as a shortcut, we conducted an inference-
time ablation using the same ClinSim checkpoint
and test set. The results are presented in Table 6.
These results suggest that ClinSim’s perfor-
mance is not primarily driven by directly exploiting
the final diagnosis field. The longitudinal Clin-
Track input already contains rich disease-state cues
through past medical history and preceding clinical
events, which may make the final diagnosis partly
redundant under this MIMIC-1V distribution.
Nevertheless, when modeling, we retain the fi-
nal diagnosis list as a clinically grounded auxiliary

anchor for specifying the patient state, because
the degree of redundancy between longitudinal his-
tory and final diagnoses may vary across hospital
datasets.

G Prompt Templates

We present the prompt templates utilized across
different stages of our framework from page 17
to page 18, containing instructions for Chain-of-
Thought distillation, examination feedback simula-
tion, as well as discharge and radiology note pars-
ing. To preserve privacy and comply with data us-
age agreements, patient-specific information in the
few-shot examples has been replaced with place-
holders.

H Data Samples

MIMIC-IV and its derivatives have strict data usage
policies that prevent us from sharing actual patient
data. Therefore, we created a brief fictitious exam-
ple that mimics the structure and content of real
clinical data while ensuring patient privacy (page
19).

42994



Diagnosis condition Macro Overall Lab Radiology Microbiology ParseErr

Included 0.4538  0.3799 0.3210 0.3553 0.6850 0.5%
Removed 0.4530  0.3804 0.3249 0.3535 0.6807 0.4%

Table 6: The effect of final-diagnosis conditioning on SimScore performance.

I Details of SimScore Validation

Two medical experts with clinical experience were
invited to participate in the human validation
of SimScore. Their participation was managed
through academic collaboration and governed by
internal research standards. The full instructions
provided to the experts are detailed at the end (page
21).
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CoT Distillation Instructions

You are a medical data annotation expert. Your task is to write high-quality "reasoning chain-of-thought” training data
for a smaller AI model.

### Your Workflow
1. You will receive a medical prediction task consisting of a [Question] and its corresponding [Reference Answer].
2. Carefully read the patient information and clinical context provided in the question.
3. Use the reference answer to understand the correct reasoning direction.
4. Then, write a **clean reasoning process** that:
- Starts from the question and systematically analyzes the patient's condition
- Applies medical knowledge for logical deduction
- Naturally arrives at a conclusion consistent with the reference answer
- *xMust NEVERx* mention "reference answer”, "given answer”, "ground truth”, "we know the answer is"”, or any phrasing
that implies prior knowledge of the result
5. #xCritical Anti-Leakage Rulex*: Your reasoning must ONLY use information available in the [Question]. You must NOT
incorporate any specific details from the [Reference Answer] into your reasoning. This includes but is not limited
to:
- Specific test results, lab values, or imaging findings from the answer
- Exact wording or phrases that appear in the answer's report text
- Specific diagnoses or conclusions that are only revealed in the answer
- Any numeric values (e.g., counts, measurements) from the answer
The reference answer is provided solely so you understand what the task is asking for and what direction the
reasoning should take.
6. *x*xTemporal Boundary Rulex*: Your reasoning must end BEFORE the examination is performed. You must NOT describe,
summarize, or comment on the outcome or results of the examination in any way - not even in general terms such as
"the findings were normal”, "no abnormalities were found”, or "the results confirmed the diagnosis”. The reasoning
should explain WHY an exam is ordered and WHAT the clinician expects to find, but must never state what was
actually found. Think of yourself as the clinician writing a pre-exam clinical note.

### Output Format
Wrap your clean reasoning process with <clean_think> and </clean_think> tags.
Do NOT output anything outside the tags.

### Example of CORRECT reasoning (no leakage)

<clean_think>

The patient is a 27-year-old woman with Crohn's disease presenting with acute abdominal pain, nausea, and vomiting, with
a history of prior SBO episodes and ileocecectomy. The acute worsening of symptoms and pain progression raise
concern for recurrent small bowel obstruction. An abdominal X-ray is the standard initial imaging modality in
suspected SBO, as it can quickly assess for bowel distention patterns, air-fluid levels, and free air. Given the
clinical urgency and her surgical history, this is the logical first-line diagnostic step before considering
advanced imaging such as CT.

</clean_think>

### Examples of WRONG reasoning (DO NOT do this)

WRONG Example 1 - Leaking specific findings from the results:

"The radiographic findings of scattered air-fluid levels and gaseous distention in the mid-to-lower abdomen support
partial SBO."

Describes specific imaging findings that only exist in the exam results.

WRONG Example 2 - Summarizing the outcome, even in general terms:

"The imaging findings showed no acute intrathoracic abnormalities, which helped exclude life-threatening respiratory
causes.”

States what the exam showed. The reasoning should stop BEFORE the results are known.

Examination Feedback Simulation Instructions

You are a medical prediction assistant tasked with forecasting the potential results of a patient's subsequent medical
examination based on their existing data.

### Instructions

1. *xPredict*x: You should predict the full details of the event.

2. xxFormatx*: Your final response must be a valid JSON object strictly following the format of the examples below. Do
not include any text outside the JSON block.

### Input Format

1. Preliminary Information: A chronological list of past events.

2. Auxiliary Diagnosis List: The patient's final diagnosis list, provided only as simulator-side case information.
3. Information to Predict: The metadata of the event to predict.

### Reference Examples
The following examples demonstrate the required JSON structure for different event types. Note that these examples only
show the final JSON output.

{examples_block}

{examples_block} denotes a runtime-injected block containing one output-format example for each
event type. The exact block is provided in the released repository.
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Discharge Note Parsing Instructions

You are a medical assistant. You are responsible for parsing the following discharge note and extracting the relevant
information in the json format.
You should strictly copy the information from the discharge note and paste it to corresponding fields.
If any information is missing, please leave the field empty by filling it with null.
The json format should be as follows:
{
"Admission Info”: {
"Allergies”: "text",
"Chief Complaint”: "text",
"History of Present Illness”: "text”,
"Past Medical History”: "text",
"Social History": "text"”,
"Family History": "text",
"Admission Physical Exam": "text",
"Medications on Admission”: "text"
3,
"Progress Info": {
"Major Surgical or Invasive Procedure”: "text",
"Pertinent Results”: "text",
"Brief Hospital Course”: "text"
3,
"Discharge Info": {
"Discharge Condition”: "text”,
"Discharge Physical Exam": "text"”,
"Discharge Instructions”: "text”,
"Discharge Diagnosis”: "text",
"Discharge Medications”: "text",
"Followup Instructions”: "text"
3
}
Note: all "text"” should be replaced with the actual text from the discharge note in plain text format. The answer should
not include any type of other elements like "™~ json".

Radiology Note Parsing Instructions

You are a medical assistant specialized in Radiology.
Your task is to classify the **Modalityx* and **Body Partx* of a radiology note based on the following standards.
All classification results must be chosen from the predefined valid labels listed below.

### Target Labels

*xValid Modalities*x: ['CT', 'MRI', 'Ultrasound', 'X-ray', 'Mammography', 'Fluoroscopy', 'Nuclear Medicine', 'Others']

**Valid Body Parts*x: ['Head', 'Neck', 'Chest', 'Breast', 'Abdomen', 'Pelvis', 'Abdomen & Pelvis', 'Spine', 'Upper
Extremity', 'Lower Extremity', 'Whole Body', 'Others']

### Classification Rules

#### 1. Modality Rules

- x*%CTx*: Includes its angiographic variants (CTA) and venography (CTV).

- %x*%MRI**: Includes MRA and MRV.

- *xUltrasound**: Includes "Sonogram", "Doppler"”, "Duplex”, and "Echocardiogram”

- *xX-ray*x: Includes all plain radiographs (e.g., "Chest X-ray”, "KUB", "Extremity X-ray").

**Mammography**: Includes screening and diagnostic mammograms, as well as breast tomosynthesis.

- *xFluoroscopy**: Includes contrast studies (e.g., "Barium Swallow”), real-time imaging, Angiography (DSA/Angio), and
C-Arm guidance for procedures (e.g., line placement).

- x*Nuclear Medicinex*: Includes all scans using radiotracers (e.g., "Bone Scan”, "PET-CT", "HIDA", "V/Q Scan").

#i### 2. Body Part Rules
- *xHeadx*: Includes Brain, Skull, Face, Sinus, Orbits.
- xxNeckxx: Soft tissue, Thyroid, Carotids (Exclude Spine).
- *xSpine*x: Any exam of the vertebrae (Cervical, Thoracic, Lumbar).
*xSpine Priorityx*: Any exam of the vertebrae (Cervical, Thoracic, Lumbar) is "Spine”.
- *Contrast*: "CT Neck” (Soft tissue) -> *xNeck*x. "CT C-Spine” (Bone) -> x*Spinexx.
**Abdomen & Pelvis**:
- Select this ONLY if the note explicitly covers BOTH regions (e.g., "CT Abd/Pelv").
- If it is "CT Abdomen” only, select **Abdomenxx.
- If it is "CT Pelvis” only, select **Pelvis*x.
- *xChest vs. Breastxx:
- "Chest" includes lungs, heart, mediastinum.
- "Breast” is strictly for breast tissue imaging (Mammogram, Breast US/MRI).
- *xExtremities (Upper vs. Lower)#*x:
- *xUpper Extremity*x: Shoulder, Clavicle, Scapula, Humerus, Elbow, Forearm, Wrist, Hand, Finger
- *xLower Extremity*x: Hip, Femur, Knee, Tibia, Fibula, Ankle, Foot, Toe.
- xNotex: If a scan covers both (e.g., skeletal survey), select "Whole Body".

### 3. Conditions for "Others” Label
- x*Not Listed**: The modality or body part is not in the provided valid labels.
- xxInsufficient Information**: The text does not provide enough details to determine modality or body part.
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- x*Multiple Conflicting Info*x: The note mentions multiple modalities or body parts without a single, current focus.
However, if one modality/body part is the current focus and the others are historical, classify as that primary
one.

### 4. Standard Mapping
Treat "Computed Tomography” as "CT" and "Magnetic Resonance Imaging” as "MRI".

### 5. Current vs. Historical

You must distinguish the current examination from historical comparisons.

If a modality or body part is mentioned only in the context of prior studies, do NOT classify based on that.
Classify based solely on the examination currently being reported.

### 6. Output Format
You must output a JSON object with exactly two fields: "Modality” and "Body Part”.
The output JSON should look like this:

"Modality": "CT",
"Body Part”: "Chest"
3

Ensure the values for each field are selected from the predefined valid labels.

Example Data Entry

"subject_id": 999999,

"gender”: "F",

"birth": "2100",

"dod": null,

"admission”: [

{

"hadm_id": 9000001
"admittime”: "2100-01-01 10:00:00",
"dischtime”: "2100-01-04 12:00:00",
"admission_type": "TEST OBSERVATION",
"admit_provider_id": "P99TEST",
"admission_location”: "EMERGENCY ROOM",
"insurance”: "Private"”,
"language"”: "English",
"marital_status”: "SINGLE",
"race": "WHITE",
"edregtime”: "2100-01-01 08:30:00",
"edouttime”: "2100-01-01 11:00:00",
"hospital_expire_flag": @,
"discharge_note"”: "This is a test discharge note for unit testing purposes. Content is non-clinical.”,

"diagnosis_list": [

{
"seq_num": 1,
"icd_code”: "TESTO1",
"icd_version"”: 99,
"long_title": "Test Diagnosis A"
e
{
"seq_num": 2,
"icd_code”: "TEST@2",
"icd_version”: 99,
"long_title"”: "Test Diagnosis B"
}
1,

"admission_info": {
"allergies”: "Test Allergy (e.g., Testicillin)"”,
"chief_complaint”: "Test Complaint (e.g., Test Pain)”,
"history_of_present_illness”: "Test HPI: Patient presents with test symptoms."”,
"past_medical_history”: "Test PMH (e.g., Test Hypertension)”,
"social_history”: null,
"family_history”: "Test Family History",
"admission_physical_exam”: "Test Physical Exam findings.",
"medications_on_admission”: "TestMed (e.g., Testopril)”

Y

"progress_info": {
"major_surgical_or_invasive_procedure”: "Test Procedure (e.g., Test CABG)",
"pertinent_results”: "Test results are pending.”,
"brief_hospital_course”: "Test hospital course. Patient stable.”

Y

"discharge_info": {
"discharge_condition”: "Test Condition (Stable)”,
"discharge_physical_exam”: null,
"discharge_instructions”: "Test Discharge Instructions (e.g., Follow up)”,
"discharge_diagnosis”: "Test Discharge Diagnosis (e.g., Test CAD)",
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"discharge_medications”: "Test Discharge Meds (e.g., TestAspirin)”,
"followup_instructions”: null

Y

"event_list": [
{
"event_time": "2100-01-01T10:00:00",
"event_type": "AdmissionEvent”,
"admission_type”: "TEST_EMERGENCY",
"admission_location”: "TEST_LOCATION"

"event_time”: "2100-01-01T711:00:00",
"event_type": "TransferEvent”,
"transfer_location”: "Test Emergency Department”

"event_time": "2100-01-01T12:00:00",
"event_type": "ServiceEvent”,
"prev_service”: null,
"curr_service"”: "TEST_SURG"

"event_time": "2100-01-02T10:00:00",
"event_type": "LabEvent”,
"specimen_id": 99999999,
"fluid": "Test Fluid (Blood)",
"category”: "Test Chemistry”,
"lab_list": [
{
"lab_event_id": 90001,
"itemid": 50983,
"value”: "140",
"valuenum”: 140.0,
"valueuom”: "mEq/L",
"ref_range_lower"”: 133.0,
"ref_range_upper”: 145.0,
"flag”: null,
"priority”: "STAT",
"comments”: null,
"label”: "Test Sodium”

"event_time"”: "2100-01-02T11:00:00",
"event_type": "MicrobiologyEvent”,
"spec_type_desc"”: "Test Specimen (e.g., URINE)",
"test_name": "Test Culture”,
"microbiology_list”: [
{

"micro_event_id": 90002,

"test_seq": 1,

"org_itemid": null,

"org_name": null,

"isolate_num”: null,

"quantity”: null,

"ab_itemid”: null,

"ab_name": null,

"dilution_text"”: null,

"dilution_comparison”: null,

"dilution_value": null,

"interpretation”: null,

"comments”: "Test comments for microbiology."

"event_time": "2100-01-02T12:00:00",

"event_type": "RadiologyEvent”,

"note_id": "TEST-NOTE-12345",

"note_type": "RAD",

"note_seq": 1,

"text"”: "Test radiology report text. Findings are non-clinical.”,
"modality”: "Test modality”,

"body_part"”: "Test body part”

"event_time": "2100-01-02T13:00:00",
"event_type": "PrescriptionEvent”,
"prescription_list": [
{
"starttime”: "2100-01-02T13:00:00",
"stoptime”: "2100-01-03T13:00:00",
"drug_type": "MAIN"
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"drug”: "TestMed-A (e.g., Aspirin)”,
"formulary_drug_cd”: "TESTDRUG",
"gsn": null,

"ndc”: null,

"prod_strength”: "100mg Tablet”,
"form_rx": null,

"dose_val_rx": "100",
"dose_unit_rx": "mg",
"form_val_disp”: "1",

"form_unit_disp”: "TAB",
"doses_per_24_hrs": 1.0,

"route”: "P0O"
}
]
}
{
"event_time": "2100-01-02T14:00:00",
"event_type": "EmarEvent",
"emar_list": [
{
"emar_id": "999999-1",
"emar_seq": 1,
"medication”: "TestMed-A (e.g., Aspirin)”,
"event_txt": "Administered”
}
]
3,
{
"event_time": "2100-01-03T10:00:00",
"event_type": "ProcedureEvent",
"seq_num": 1,
"icd_code": "TESTP1",
"icd_version”: 99,
"long_title": "Test Procedure”
1
{
"event_time": "2100-01-03T11:00:00",
"event_type": "OmrEvent”,
"seq_num": 1,
"result_name"”: "Test OMR"
"result_value”: "Test Value”
3
{
"event_time": "2100-01-04T12:00:00",
"event_type": "DischargeEvent”,
"discharge_location”: "TEST HOME"
}
]
3
]
3

SimScore Human Validation Instructions

### Task Overview
Welcome, and thank you for lending your medical expertise to this evaluation! Your task is to assess AI-simulated
examination feedback to help us validate an automated scoring metric.

In each of the 100 cases, you will be provided with:

1. A patient's **prior clinical records** and x*diagnosis list*x.

2. A specified *xexamination typexx.

3. Two simulated examination feedback samples generated by **Model A*x and **Model Bxx.
4. x(Optional)* The *xreal report*x for that visit as a reference (for 50 cases)

### Evaluation Rules

* x*%Blind A/B Comparison:** Based on your professional judgment, please choose the x*better** report between Model A and
Model B. Model identities are blinded and randomized across cases.

* xxPrioritize Clinical Plausibility:** The real report is provided merely for reference, not as a strict gold standard.
Please evaluate the generated reports based on *xmedical reasonableness*x. If an AI's report differs from the real
outcome but remains clinically plausible and logical given the patient's context, it should still be considered
highly acceptable.

* *xEdge Cases:** If you cannot confidently choose one over the other, please select the "Tie (both good/both bad)"
option.
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