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Abstract

Three-dimensional Computed Tomography
(3D CT) is a cornerstone of precision medicine.
Most Al diagnostic models analyze large num-
bers of CT slices uniformly, treating all slices as
equally important. While this has partly accel-
erated radiologists” workflows, it overlooks that
clinically relevant information is often sparsely
distributed throughout a volume. Without tar-
geted or weighted processing, fine-grained cues
may be missed and substantial computation
wasted on diagnostically uninformative slices.
We propose a radiologist-simulating framework
for selective and efficient 3D CT interpreta-
tion. Evaluated on a 3D CT dataset covering
eight thoracic lesion types, it was compared
with state-of-the-art multimodal large language
models such as GPT-40 and supervised visual
backbones including ViT and ResNet-50. Us-
ing accuracy, F1-score, AUC, and blind radiolo-
gist assessment, Screen-CLIP achieved an AUC
of 0.87 and F1-score of 0.82, surpassing ViT-
Base (AUC: 0.84). For report generation, our
method outperformed M3D across all metrics,
reaching a BLEU-Avg of 29.03, and achieved
the highest average Doctors’ Score (6.16/10) in
a preliminary human evaluation.

1 Introduction

Three-dimensional computed tomography (3D CT),
as the mainstream three-dimensional medical imag-
ing modality, has become the cornerstone of mod-
ern precision medicine through stereoscopic quan-
tification of anatomical structures (Wang et al.,
2025; Dayarathna et al., 2024; Chen et al., 2024a;
Ouyang et al.,, 2022). Compared with two-
dimensional imaging, 3D CT precisely delineates
organ morphology (Raffy et al., 2023), spatial
lesion—tissue relationships, and vascular anatom-
ical variations (Wang et al., 2024c; Huynh et al.,
2025), playing an irreplaceable role in critical sce-
narios such as tumor node metastasis (TNM) clas-
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sification of thoracic tumors (Leduc et al., 2025),
differential diagnosis of pulmonary nodules (Niu
et al., 2025), and severity assessment of pulmonary
infections (Rauner et al., 2025).

However, this technological potential confronts
a stark clinical paradox. Projections indicate that
global cancer incidence will reach 28.4 million
cases by 2040 (Schlemmer, 2023), generating an
unprecedented volume of CT examinations and
placing unprecedented pressure on radiology de-
partments, yet data from the Medscape doctor
Burnout & Depression Report 2023 indicate that
radiologists’ interpretive capacity may be approach-
ing a cognitive limit, with 46% of radiologists
reporting burnout symptoms. Moreover, a typi-
cal chest CT contains hundreds of slices requiring
manual review, and diagnostic oversight under in-
formation overload has become a core bottleneck
contributing to healthcare quality disparities (Re-
ichenpfader et al., 2024; Hering et al., 2022; Mas-
trodicasa et al., 2025; AlSaad et al., 2024). In
this context, intelligent 3D CT interpretation is
not merely a technical optimization problem, but
a systematic clinical challenge concerning tiered
healthcare system efficacy and patient safety.

Despite the potential of Multimodal Large Lan-
guage Models (MLLMs) in two-dimensional med-
ical imaging analysis, existing MLLMs for three-
dimensional scenarios reveal three core limita-
tions. First, full-volume sequence modeling meth-
ods like RadFM (Wu et al., 2025), and M3D-
LaMed (Bai et al., 2024) utilize 3D encoders to
preserve spatial integrity, but suffer from high GPU
overhead and long-sequence noise, struggling to
balance efficiency with fine-grained detail. Second,
clustering-based dimensionality reduction, such as
Vote-MI (Wang et al., 2024b), discards intra-cluster
textures and anatomical continuity across planes,
compromising spatial associations and deviating
from the stereoscopic reasoning essential for clini-
cal diagnosis. To bridge the gap between complex
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Al models and clinical accessibility, researchers
have explored more streamlined diagnostic work-
flows. Finally, challenges persist due to the scarcity
of high-quality 3D annotated datasets (Hamamci
et al., 2026) and the difficulty of transferring gen-
eral visual knowledge from large-scale 2D pre-
training (e.g., leveraging 1.6 million of biomedical
image-text pairs (Lin et al., 2023)) to 3D encoders,
which often necessitates inefficient training-from-
scratch cycles.

These three issues fundamentally stem from a
common limitation: current research focuses on
adapting models to 3D data while neglecting ra-
diologists’ cognitive diagnostic processes. This
paper proposes a radiologist-imitation framework
that encodes this cognitive workflow into MLLM
pipelines. The framework integrates a confidence-
driven dynamic slice selection mechanism that sim-
ulates doctors’ gaze shifts, compressing MLLM
inference to top-M critical slices and significantly
reducing computational overhead. A neighborhood
context window preserves 3D spatial coherence
while avoiding long-sequence interference.

This study seeks improvements in efficiency, per-
formance, and usability for 3D CT interpretation.
Our framework (see Figure 1) achieves a reduction
in GPU memory consumption by 9.4%. In perfor-
mance, it achieves an 8.8% relative improvement in
macro-average F1 over the best compared baseline.
In usability, generated reports outperform M3D and
RadFM across BLEU, METEOR, ROUGE-L, and
BERTScore metrics. Furthermore, a preliminary
blinded evaluation by three radiologists using a 1—
10 scale yields a subjective usability score of 6.16,
suggesting improved perceived report quality.

2 Related Work

A persistent challenge in applying multimodal large
language models (MLLMs) to 3D medical image
analysis is the scarcity of large-scale, high-quality
volumetric datasets. Early efforts such as PMC-OA
(Lin et al., 2023) and MedMD (Wu et al., 2025)
collected 2D and 3D image—text pairs from med-
ical literature and professional websites, partially
easing data limitations but still facing heteroge-
neous quality and inconsistent modality coverage.
RP3D (Wu et al., 2025) expanded this scale to 51K
3D image—text pairs, but remained limited by auto-
matic collection noise and restricted task diversity.
More recently, CT-RATE (Hamamci et al., 2026)
provides 25,692 non-contrast chest CT volumes

(expanded to 50,188) paired with radiology reports,
substantially strengthening supervised signals for
3D medical vision—language learning, though its
focus on chest CT and non-contrast protocols limits
broader generalization across organs and imaging
modalities.

Beyond data adaptation, several medical
MLLMs extend open-source 2D MLLMs to the
medical domain, including LLaVA-Med (Li et al.,
2023), Med-Flamingo (Moor et al., 2023), and
HuatuoGPT-Vision (Chen et al., 2024b). These
models mainly target 2D medical images and re-
lated reasoning or generation tasks, offering limited
direct support for volumetric inputs. RadFM (Wu
et al., 2025) extends multimodal modeling to 3D
images, but its evaluations are largely text-centric,
leaving comprehensive 3D reasoning and segmen-
tation underexplored. SAM-Med3D-MoE (Wang
et al., 2024a) introduces a Mixture-of-Experts
framework integrating task-specific experts with
a foundational SAM-Med3D model, but increases
training and inference complexity and depends on
routing quality. Med-2E3 (Shi et al., 2025) pro-
poses a text-guided inter-slice scoring module to
mimic radiologists’ slice-level attention, yet re-
mains slice-based and dependent on textual guid-
ance quality. MLLM-For3D (Huang et al., 2025)
transfers 2D MLLM reasoning to 3D scene under-
standing via multi-view pseudo segmentation and
back-projection with spatial constraints; however,
this multi-stage pipeline may propagate pseudo-
label errors and requires careful geometric align-
ment. LLMs have also shown potential in public
health feature extraction (Zhang et al., 2026).

In contrast, our framework introduces a
radiologist-imitation strategy for 3D CT interpreta-
tion with MLLMs by explicitly encoding the clini-
cal diagnostic workflow into the inference pipeline.
Rather than processing full 3D volumes or relying
on proxy formulations such as sparse slice selec-
tion, the proposed coarse-to-fine design performs
confidence-driven abnormality screening, followed
by focused diagnostic interpretation on a small set
of critical slices with local 3D context and final
structured report generation.

3 Methods

3.1 Data Curation

To strictly validate the proposed framework, all ex-
periments were conducted on the CT-RATE dataset,
a publicly available resource consisting of chest
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Figure 1: Overview of the proposed radiologist-imitation diagnostic framework, which comprises rapid abnormality
screening, focused diagnostic interpretation, and validation through report generation, with MediReflect serving as a

core mechanism for framework-wide self-refinement.

CT volumes paired with radiology reports, multi-
abnormality labels, and associated metadata. We
designed two non-overlapping evaluation splits tai-
lored for distinct experimental purposes, with no
overlap at either the patient or slice level.

To ensure the clinical reliability of the data,
we invited 3 licensed doctors to annotate approxi-
mately 12,000 CT slices (from 100 patients), form-
ing Split 1, which is primarily used for training and
evaluating the CLIP-based rapid screening mod-
ule, as well as for diagnostic comparison and ab-
lation analysis. All samples were independently
annotated by two doctors; cases with consistent an-
notations were directly retained, while discrepant
cases were further reviewed and confirmed by an
additional doctor. A patient-level random split was
adopted, with 70% of patients used for training and
the remaining 30% reserved for testing, thereby
strictly preventing any data leakage between the
two sets. Screening performance is evaluated on
the test set using F'I-score, Precision, Recall, and
Accuracy (at a fixed threshold of 0.5), while di-
agnostic experiments rely on the official disease
labels provided in the dataset.

Furthermore, Split 2 is introduced to further eval-
uate report generation quality using the official ra-
diology report annotations written by professional

radiologists provided by the publicly available CT-
RATE dataset. Specifically, we randomly sample
1,000 CT volumes from the CT-RATE test set. A
patient-level split is applied, with 90% of the pa-
tients used for updating the proposed automated
MediReflect mechanism and the remaining 10%
reserved for evaluation, ensuring no patient over-
lap between the two subsets. Ground-truth com-
parisons are conducted using the corresponding
official radiology reports, and report generation
quality is assessed using standard natural language
generation metrics, including BLEU, ROUGE-L,
METEOR, and BERTScore.

To enable mainstream MLLM with a 2D en-
coder to process these 3D datasets, we adopt a
standardized preprocessing pipeline. Specifically,
we employ percentile-based intensity normaliza-
tion: voxel intensities are clipped at the 1st and
99th percentiles (P; and Fyg, respectively) to sup-
press outliers, and then linearly rescaled to the 8-bit
grayscale range [0, 255]:

’r T — P1
Pog — P

followed by conversion to np.uint8 format. In

contrast, for 3D models, we input the data directly

without such additional processing. Unless oth-
erwise specified, all models share identical input

T x 255 . (1)
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resolutions and prompting strategies to ensure fair
comparison.

3.2 Overall Framework: A
Radiologist-Inspired Agent Pipeline

To balance diagnostic accuracy and computational
efficiency, we propose an MLLM-based frame-
work for 3D CT diagnosis and report generation.
Inspired by radiologists’ clinical reading process,
the framework decomposes CT interpretation into
three progressive steps: Rapid Abnormality Screen-
ing, Focused Diagnostic Interpretation, and Valida-
tion and Report Generation.

In Stage I, Screen-CLIP rapidly scans the en-
tire CT volume to identify potentially abnormal
slices while filtering out normal ones to reduce
unnecessary computation. These candidate slices
are then passed to Step II, where the MLLM per-
forms fine-grained analysis of pathological features.
Finally, in Step I1I, the model verifies the interme-
diate findings and synthesizes them into a coherent,
structured diagnostic report.

Step I: Initial Rapid Abnormality Screening via
Screen-CLIP To reduce computational overhead,
we implement Screen-CLIP, a high-throughput
module designed to filter pathological slices from
3D volumes. We fine-tune a CLIP model (Radford
et al., 2021) for binary classification (Normal: 1,
Abnormal: 0) using 12,000 doctor-annotated slices.
Specifically, the CLIP Vision Encoder is frozen
as a fixed feature extractor, with a compact MLP
classification head mounted on top to minimize
trainable weights. Training was conducted on two
NVIDIA A800 GPUs with a learning rate of 2 x
10~ and a batch size of 64. During inference,
the classifier has generated confidence scores, and
slices predicted as "Abnormal" are prioritized for
subsequent MLLM analysis.

Step I1: Focused Diagnostic Interpretation via
MLLM Building on Screen-CLIP, the MLLM
performs localized analysis on anomalous slices
and their spatial neighbors, simulating radiologists’
verification of suspicious findings. For each slice,
the abnormality confidence P,pnormal 1S computed
by applying a softmax transformation to the CLIP
logits ¢:

eXp(Eabnormal)
exp(énormal) + exp(gabnormal) (2

P, abnormal =

where £;,ormal and Capnormal represent the logits for
each class.

To preserve 3D context while maintaining a man-
ageable computational load, we adopt a sequential
interpretation strategy:

1. Target Selection: Identify the top-M slices
with the highest P,p,0rmal SCOTESs as primary
targets.

2. Context Construction: For each target, a lo-
cal contextual stack of K = 9 slices is formed
by including its +4 adjacent neighbors.

3. Sequential Inference: The MLLM performs
M separate inference steps, processing one
K -slice stack at a time.

This fixed-size window approach ensures that each
finding is analyzed with sufficient volumetric con-
text while avoiding long-sequence noise and hard-
ware memory saturation.

Step III: Final Validation and Report Genera-
tion We employ a two-phase strategy to ensure
clinical accuracy and coherence. To prevent redun-
dancy and hallucinations inherent in direct concate-
nation, an MLLM-based “Reflector” first audits
the localized interpretations from Step II. Subse-
quently, the verified findings are synthesized into a
standardized radiology report, structured into pro-
fessional “Findings” and “Impression” sections.

3.3 MediReflect: A Self-Reflective Mechanism
for MLLM Evolution

We propose MediReflect (Figure 2), a medical ap-
plication—oriented reflective learning mechanism,
which serves as an adaptive framework that mimics
clinical reflective reasoning through two core com-
ponents: multi-dimensional loss, and trajectory-
based knowledge retrieval.

Component I: Multi-Dimensional Penalty Loss
MediReflect uses a composite loss:

Etotal = w1 £slice + WQ['report + w3£disease ; (3)

where w; denotes the dynamic weight of each ob-
jective. The three components are:

1. Slice Anomaly Loss (Lgjice): Binary cross-
entropy over N slices:

1 N
£slice - _N Zl

+ (1 - sliice) log(l - Pszlice)

)

sziice 1Og(Pslice)

“
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Figure 2: The MediReflect mechanism: an iterative process that alternates between reflection on visual input and
retrieval of clinical knowledge to refine diagnostic reasoning.

Here, Y, . € {0,1} indicates whether the i-
th slice contains a lesion, and Py, is the pre-
dicted anomaly probability from the screening

module.

2. Disease Classification Loss (Lg;sease): Multi-
label binary cross-entropy over M diagnostic
categories:

1 M
Edisease = _M Z
k=1

k k
Ydisease log(Pdisease)

k k
+ (1 - Ydisease) IOg(l - Pdisease)] :

&)
Here, Yd"ﬁsease € {0, 1} indicates the presence
of the k-th disease in the ground truth, and
Pfisease is the predicted probability for that
category.

3. Report Quality Loss (L eport):

ﬁreport =1- (/\sem -simy + Agtr - Comps) .

(6)
We set Agem = Astr = 0.5, where:

* simy: Jaccard similarity between clini-
cal entities extracted by RadGraph (Jain

et al., 2021) from the generated report
(Egen) and the ground-truth report (Egt):

[Egen N Eg

simp = ——————2—,
P 1 Egen U gt + €

where € is a small constant.
* comp,: Structural completeness ratio:

1
comp, = — Z]I(s € Rgen),
’S| seS

where S = {“Findings”, “Impression”}
is the set of required sections, Ry, 1S the
generated report, and I(-) = 1 if section
header s appears in Rge,, and 0 other-
wise.

Component II: Trajectory Learning and Knowl-
edge Retrieval MediReflect logs the evolution of
each training case into a structured trajectory T'(*),
forming a searchable knowledge base K:

T(t) — <Xt’ Rtgen, R%t, thce, Y;disease’
t t
{Lz(' )}7 {wz( )}’ Pstlice> .

Here, X; denotes the input CT volume; R¥™" and
th represent the generated and ground-truth re-

ports; Y;(') are the ground-truth labels; {Lgt)} and

(N
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{wgt)} store the historical loss values and dynamic
weights; and Pstlice is the stored anomaly probabil-
ity vector generated during the training phase.
During inference, since ground-truth profiles
are unavailable, we construct a Predicted Spa-
tial Anomaly Profile P = [f1,...,9n], where
7; is the anomaly confidence score of the ¢-th slice
obtained from the Stage-1 Screen-CLIP. We then
perform KNN retrieval to identify a set of clinically

similar historical cases Nx:
Ny = KNN (15, K, k:) . (8)

where k is the number of neighbors retrieved
from knowledge base K. These retrieved trajec-
tories undergo an LLM-based filtration to evaluate
reference-worthiness. The selected high-quality
trajectories are then utilized to assist prompt tuning
and optimize the current diagnostic reasoning.

4 Results

We conduct comprehensive experiments to evaluate
the proposed framework across three key steps, in-
cluding rapid abnormality screening, diagnostic in-
terpretation, and report generation quality, together
with a component-level ablation study to assess
the contribution of each module. For the end-to-
end pipeline, we first analyze the performance of
the trained CLIP-based model in the rapid abnor-
mality screening stage and examine whether it can
efficiently identify suspicious slices from large 3D
volumes. We further compare our framework with
state-of-the-art 3D MLLMs such as M3D-LaMed-
Phi-3-4B (Shi et al., 2025) and RADFM (Wu et al.,
2025) to evaluate diagnostic interpretation perfor-
mance and the quality of generated clinical reports.
Finally, a comprehensive ablation study is con-
ducted to quantify the contribution of each indi-
vidual component to the overall performance.

Unless otherwise specified, all comparative ex-
periments adopt a unified prompting strategy and
experimental setup, with Qwen3-VL-8B-Instruct
serving as the core MLLM. Detailed implementa-
tion settings and prompt templates are provided in
Tables S2-S4.

4.1 Evaluation of Initial Rapid Abnormality
Screening (on Step I)

Given the large volume of slices in 3D CT data
and the sparsely distributed nature of clinically
relevant abnormalities, an effective and efficient

screening mechanism is essential to enable scal-
able downstream diagnostic reasoning. We evalu-
ated the screening performance of our framework
on a patient-level 7:3 split of the doctor-annotated
subset to ensure no data leakage across subjects.
Our Screen-CLIP was benchmarked against state-
of-the-art MLLMs (Qwen2.5-VL-72B (Bai et al.,
2025) and GPT-40 (Hurst et al., 2024)) in a zero-
shot setting, and standard supervised backbones
(PMC-CLIP (Lin et al., 2023), ViT-Base, and
ResNet-50).

Method ‘Accuracy Precision  Recall F1-Score AUC

Zero-shot MLLMs

0.62 0.57 0.69 0.63
0.68 0.89 0.35 0.50

Qwen2.5-VL-72B
GPT-40

Supervised Models

PMC-CLIP 0.56 0.52 0.45 0.49 0.60
ViT-Base 0.77 0.77 0.71 0.74 0.84
ResNet-50 0.71 0.69 0.67 0.68 0.79
Screen-CLIP (Ours) 0.80 0.80 0.83 0.82 0.87

Table 1: Quantitative comparison of abnormality screen-
ing performance on the test set. The best results are
highlighted in bold. For zero-shot MLLMs, AUC is not
reported due to their discrete text-based outputs.

As summarized in Table 1, Screen-CLIP signif-
icantly outperforms all baseline models, achieving
the highest Accuracy (0.80), F1-score (0.82), and
AUC (0.87). A pivotal observation is the trade-
off between Precision and Recall: while GPT-40
yields a high Precision (0.890), its extremely low
Recall (0.35) indicates an overly conservative diag-
nostic bias, which is clinically unacceptable for a
screening task due to the heightened risk of missed
diagnoses. In contrast, Screen-CLIP maintains a
robust Recall (0.83) while preserving high preci-
sion, effectively minimizing false negatives. Fur-
thermore, our model surpasses the best-performing
supervised baseline (ViT-Base) by 3.6% in AUC
and 16.9% in Recall. This reliable screening per-
formance serves as a critical gatekeeper for the
subsequent spatial anomaly retrieval and diagnos-
tic interpretation stages.

4.2 Comparative Evaluation of Medical
Diagnostic Capability (on Step II)

To assess whether the proposed framework
achieves competitive diagnostic reasoning perfor-
mance beyond initial screening, we conduct a con-
trolled comparison against representative state-of-
the-art 3D medical MLLMs.

In the M3D (Bai et al., 2024) and RadFM (Wu
et al., 2025) model testing, we load the pretrained
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M3D model and RadFM on an A800 GPU sep-
arately. In the image preprocessing section, the
nibabel library is used to load NIfTI-format med-
ical imaging files and extract the image data. Next,
the image is resampled to meet the model’s input
requirements, and the output report is generated in
the specified format. In this process, we provide
the same prompt to M3D, RadFM, and ours; the
details can be seen in Table S2, Table S3, and Ta-
ble S4. Results are shown in Table 2. Our model
demonstrates strong disease recognition capabil-
ities, achieving a higher Fl-score on 5 out of 8
diseases compared to M3D and RadFM, including
significant improvements in categories like Atelec-
tasis and Cardiomegaly.

. M3D RadFM
Disease Feature citeref18  (Wuetal,2025) OUTS
Arterial wall calcification 0.27 0.13 0.29
Cardiomegaly 0.09 0.09 0.17
Atelectasis 0.34 0.29 0.53
Lung nodule 0.29 0.42 0.40
Lung opacity 0.17 0.72 0.67
Pleural effusion 0.11 0.08 0.17
Consolidation 0.37 0.32 0.36
Interlobular septal thickening 0.43 0.67 0.40
Macro-average | 026 0.34 0.37

Table 2: Comparison of F1 Score for Disease Feature
Classification between different models. The F1-Score
value of some diseases is 0 because the sample is rare
or difficult to distinguish.

4.3 Quality Assessment of Medical Report
Generation (on Step III)

To evaluate whether the proposed framework can
translate diagnostic understanding into coherent
and clinically meaningful reports, we assess its
report generation quality on a shared test set. We
required the MLLM to read CT images (providing
3D CT images directly to M3D and RadFM) and
generate reports on the same test set. Therefore, in
this experiment, we had medical personnel select
several diseases that are recognizable at the current
stage. The quality of the generated reports was
compared against the ground truth reports using
four metrics: BLEU-Avg, BERT-Score, ROUGE-
L, and METEOR. As shown in Table 3, our model
achieves substantial improvements over M3D and
RADFM on all metrics, achieving a significant lead
over all baselines. Specifically, it improves the
BLEU-Avg by 19.2% and METEOR by 4.3 points
compared to the strongest baseline, M3D.

In terms of the 1-10 subjective Doctors’ Score,
assessed by three individuals with professional

Model ‘ BLEU © pouGEL METEOR BERT  Doctors
Avg Score Score
Ours 29.03 16.73 2378 8229  6.16
M3D 24.35 13.38 1948 8189  5.89
RADFM | 11.71 9.69 1346 79.08 547

Table 3: Quantitative comparison of report generation
quality across different models using automatic metrics
(BLEU-Avg, ROUGE-L, METEOR, BERT-Score) and
human evaluation (Doctors’ Score).

medical backgrounds, our framework obtained the
highest average score of 6.16, compared with 5.89
for M3D and 5.47 for RADFM, as shown in Fig-
ure 3. This result provides preliminary evidence of
improved perceived report quality.

T Means1SD

Q@ Mean

O Density

! 1
M3D RADFM

Model

Figure 3: Distribution of doctor-assigned scores evalu-
ating the quality and clinical applicability of model-
generated medical reports. Our method achieves a
higher mean score compared to other 3D medical
MLLMs.

4.4 Ablation Analysis of Core Framework
Components

We conduct ablation studies to evaluate the con-
tribution of individual framework components by
selectively removing Screen-CLIP, Neighbor Win-
dow, Trajectory Retrieval, and TextGrad (Reflec-
tion).

As shown in Table 4, Screen-CLIP is central
to both efficiency and accuracy. By filtering non-
informative slices, it reduces average inference la-
tency by 61.3% (from 9.83 s to 3.80 s) and GPU
memory consumption by 9.4%.

Configuration | Latency (s) GPU Memory (GB)
Without screen-clip 9.83 19.06
With screen-clip 3.80 17.27

Table 4: Impact of screen-clip on latency and GPU
memory usage.

Figure 4 further confirms its importance: remov-
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ing Screen-CLIP causes a 39.7% drop in F1-score,
while integrating it substantially improves through-
put. Excluding the Neighbor Window decreases
F1-score by 32.4%, indicating the importance of
context for volumetric interpretation. Removing
TextGrad reduces BLEU by 23.2%, showing its
contribution to report quality. Finally, without Tra-
jectory Retrieval, performance declines consis-
tently by approximately 14%—16% across evalua-
tion metrics.
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Figure 4: Component-wise ablation study. We evalu-
ate the contribution of Screen-CLIP, Neighbor Window,
Trajectory Retrieval, and TextGrad to F1 (accuracy),
BLEU (quality), and latency. Removing Screen-CLIP
causes the most severe degradation, with a 39.7% drop
in F1.

Specifically, in the configuration without Screen-
Clip, we bypassed the first-stage screening; instead,
clips were input into the second-stage analysis in
batches based on the maximum threshold. In the
absence of Neighbor Window, rather than selecting
the number of clips based on severity calculated via
softmax, we solely input the clips identified as ab-
normal by the Screen-Clip module. For the removal
of Trajectory Retrieval, the model was required to
make independent judgments without referencing
retrieval cases. Finally, in the experiment with-
out TextGrad (Reflection), prompt updates were
disabled.

4.5 Discussion

Although our framework achieved a solid 0.11
boost in macro-average F1-score over M3D, the
picture becomes more nuanced at the individual-
disease level. This variation largely reflects the in-
trinsic imaging characteristics of different patholo-
gies.

Our approach was particularly effective for vol-
umetric lesions with clear boundaries, such as At-
electasis (0.53) and Lung Nodules (0.40). This is
consistent with our design: by mimicking how a

radiologist scrolls through the Z-axis, the MediRe-
flect mechanism captures spatial continuity that
single-slice 2D proxies often miss. In effect, the
model learned to distinguish a 3D nodule from a
2D vessel cross-section by considering the “whole
picture.”

However, there is a trade-off for subtle textures.
We observed a slight performance drop in detecting
Consolidation and Interlobular Septal Thicken-
ing compared with some baselines. These condi-
tions are difficult because they depend on subtle
textural changes that can be confused with normal
pulmonary vasculature. Our Screen-CLIP module,
while efficiently filtering healthy slices, may be
somewhat too aggressive here, likely discarding
slices containing faint, “threshold-level” signals
before the MLLM could analyze them. This sug-
gests that while the screening strategy works well
for focal lesions, the filtering threshold may need
adjustment for diffuse interstitial diseases.

Finally, like many deep learning systems, we still
face the long-tail distribution problem. Although
the model performed competitively on critical con-
ditions such as Cardiomegaly, its generalization
to extremely rare pathologies remains constrained
by data scarcity. Even powerful MLLMs appear to
struggle to hallucinate correct diagnoses for rare
diseases without sufficient few-shot clinical exam-
ples.

In short, while our framework successfully repli-
cates radiologist reasoning for structural abnormali-
ties, future work should improve sensitivity to ultra-
fine textural changes and robustness to class imbal-
ance.

5 Conclusion

This study proposes a radiologist-imitation frame-
work integrating MediReflect for closed-loop 3D
CT diagnosis and reporting, with three clinical
advantages. First, it improves diagnostic safety:
trained on 12,000 annotated slices, Screen-CLIP
achieves a recall of 0.83 and F1-score of 0.82, out-
performing baselines and reducing missed diag-
noses of subtle lesions. Second, it shows promising
perceived report quality in a preliminary blinded
human evaluation, obtaining an average Doctors’
Score of 6.16 compared with 5.47-5.89 for the
baselines. Third, it supports practical deployment:
optimized inference reduces GPU memory cost by
9.4% per case, improving diagnostic efficiency in
resource-constrained settings.
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Limitations

This study has several limitations. The current ex-
periments are mainly conducted on chest CT data,
so the generalizability of the framework to other
imaging modalities, anatomical regions, and multi-
organ diagnostic scenarios remains to be further
validated. Although Screen-CLIP improves infer-
ence efficiency, further optimization is still needed
for real-time clinical deployment. In addition, the
current framework does not explicitly model diag-
nostic uncertainty, which is important for safety-
critical medical applications.

The human evaluation should be regarded as pre-
liminary, as it involves a limited number of evalua-
tors and does not yet include inter-rater agreement
or statistical significance testing. Future work will
conduct larger-scale reader studies and further im-
prove the framework in terms of multimodal adap-
tation, inference efficiency, and uncertainty-aware
diagnosis.
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