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Abstract. Intelligent Coronary Artery Disease (CAD) guidance requires
comprehensive reasoning over heterogeneous visual attributes and risk
profiles aligned with the clinical diagnostic workflow. However, exist-
ing image-to-prediction methods lack systematic case-level modeling and
evidence-grounded reasoning, limiting their clinical reliability. In this
context, we introduce, for the first time, a Clinically Structured Chain-
of-Thought (CS-CoT) framework for intelligent CAD guidance based
on coronary CT angiography images. Leveraging the semantic under-
standing capabilities of Large Language Models (LLMs), the proposed
vision-language model enables interpretable, clinically aligned, and inter-
active case-level diagnosis and management. Specifically, CS-CoT trans-
forms heterogeneous anatomical, lesion, pericoronary, risk-related fea-
tures, and diagnostic case prior into unified textual-space embeddings
and organizes them into a structured, traceable chain-of-thought rea-
soning process aligned with the clinical diagnostic workflow. Extensive
experiments on 2,067 clinical cases demonstrate that CS-CoT outper-
forms state-of-the-art LLMs, thereby providing reliable clinical decision
support at the case level. The implementation details and prompt en-
gineering are publicly available at the code-link (https://github.com/
PerceptionComputingLab/CS-CoT).

Keywords: Coronary artery disease · Vision-language model · Chain-
of-thought · Intelligent guidance

1 Introduction

Coronary Artery Disease (CAD) remains a leading cause of mortality worldwide,
and its incidence continues to rise with the aging population [24]. Pathologically,
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CAD involves the accumulation of atherosclerotic plaques in the coronary arter-
ies, which leads to progressive luminal narrowing and impaired myocardial perfu-
sion, potentially resulting in Acute Coronary Syndromes (ACS) [4]. Coronary CT
Angiography (CCTA) is a noninvasive modality, that provides high-resolution
imaging of coronary anatomy, stenosis severity, and plaque morphology [12].
With growing demands for precision cardiovascular care, intelligent CAD guid-
ance frameworks have become essential for reducing inter-observer variability,
promoting diagnostic standardization, and optimizing workflow efficiency [11].

Automated CAD diagnosis technologies have been increasingly reported [26],
but most rely mainly on direct image-to-prediction mapping that focuses on
visual feature learning, neglecting the understanding and inference of clinical
contextual information, and thus offer limited clinical reliability. Recently, deep
learning–based methods, often combined with visualization techniques such as
Curved Planar Reformation (CPR), have achieved strong performance in lesion
detection and classification. Zreik et al. [27], Denzinger et al. [6], and Tejero-de-
Pablos et al. [15] applied equidistant point sampling along centerlines to perform
stenosis classification at multiple levels of granularity, whereas Ma et al. [13],
Zhang et al. [25], and Van et al. [21] employed causal interventions, object de-
tection, and surface mesh inference to refine diagnostic strategies. Despite these
advances, their clinical applicability remains limited due to the lack of system-
atic modeling and reasoning of case information and clinical workflows, as well as
the absence of interactive capabilities that allow clinicians to interpret or adjust
diagnostic guidance in a patient-specific context.

Current studies show that Large Language Models (LLMs) excel at semantic
understanding, as demonstrated by their effectiveness in visual question answer-
ing [2], multimodal medical analysis [16], and clinical report generation [19].
However, the complexity of CCTA image analysis and the specialization of the
CAD diagnostic workflow pose significant challenges to the clinically reliable de-
ployment of LLMs in this domain. First, the heterogeneous visual representations
and patient risk profiles required for patient-specific assessment are difficult to
integrate in a standardized manner. Visual attributes, such as anatomical struc-
tures, lesion characteristics, and other relevant features that must be considered
jointly in clinical diagnosis, are often analyzed selectively in previous vision-based
models. Second, existing vision-language models are misaligned with the system-
atic workflow of semantic feature analysis and risk profile integration required
in clinical practice. Structuring and organizing semantic features according to
a clinically coherent reasoning process to generate case-specific diagnostic and
management decisions conflicts with the inherently flat reasoning paradigm.

In this work, we proposed a vision-language model, named the Clinically
Structured Chain-of-Thought (CS-CoT) framework, to provide intelligent CAD
guidance based on CCTA images. To address the existing challenges, CS-CoT
performs comprehensive case-level modeling and systematic CAD-oriented infer-
ence, achieving interpretability, clinical alignment, and interactivity. First, the
multi-aspect coronary encoding module successively models anatomical struc-
tures, lesion characteristics, the pericoronary region, patient risk profiles and
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Fig. 1. CS-CoT performs multi-aspect coronary encoding (a) and structured diagnostic
reasoning (b) to enable clinically reliable diagnostic and management decisions.

diagnostic case prior, and then standardizes these semantics before mapping
them into the textual space. Second, the structured diagnostic reasoning mod-
ule hierarchically organizes clinical features according to the diagnostic workflow,
integrating them into a chain-of-thought process to achieve a comprehensive un-
derstanding of case-specific contexts and generate traceable CAD guidance. In
summary, Our main contributions are as follows: (1) CS-CoT, as the first vision-
language model for intelligent CAD guidance, enables interpretable, clinically
aligned, and interactive case-specific diagnostic and management decisions. (2)
Extensive evaluation on a dataset of 2,067 clinical cases demonstrates that our
CAD-oriented framework achieves superior performance and enhanced clinical
reliability over current State-Of-The-Art (SOTA) methods.

2 Method

The intelligent CAD guidance framework, CS-CoT, consists of two modules: the
multi-aspect coronary encoding module and the structured diagnostic reasoning
module, as shown in Fig.1. The former maps heterogeneous visual semantics and
patient risk profiles into standardized embeddings in the textual space, while
the latter performs structured chain-of-thought reasoning, guided by the user
prompt, to generate case-specific guidance for the current diagnostic scenario.
Formally, given a case consisting of a CCTA image V and risk profiles P , along
with a user prompt Uuser, CS-CoT generates guidance outputs Y conditioned on
both the case information and the user focus:

Y = R
(
M(C,P ), Uuser

)
(1)
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where M and R denote the multi-aspect coronary encoding module and the
structured diagnostic reasoning module, respectively.

2.1 Multi-aspect coronary encoding module

The module performs multi-aspect, case-level modeling and retrieves similar
cases from the database, providing standardized diagnostic evidence to support
the chain-of-thought reasoning process, as shown in Fig. 1(a). Specifically, het-
erogeneous clinical features are extracted from the CCTA volume across three
aspects: anatomical structure, lesion characteristics, and the pericoronary re-
gion. Based on the extracted features and corresponding risk profiles, similar
cases are retrieved using a graph-based approach to serve as prior diagnostic
cases, offering broader clinical reference for the reasoning process.

To construct a complete representation of the coronary tree, the cascaded
network architecture θanat performs coronary artery segmentation and branch
labeling on the volume V , producing the coronary artery mask S and the set
{Γi}Ni=1 of branch centerlines, denoted as S, {Γi}Ni=1 = θanat(V ). The network
architecture θanat comprises a CorSegRec [17] for coronary segmentation and
a CPR-GCN [23] for branch labeling, and incorporates an intelligent recon-
nection technique [17] to automatically complete any discontinuous segments,
ensuring anatomical integrity. Next, the anatomical projection function ganat
maps each i-th branch to a textual-sapce embedding ai based on anatomical
features derived from the coronary mask S and its corresponding centerline Γi,
denoted as ai = ganat(S, Γi). The anatomical features include branch length,
mean/maximum lumen diameter, start/end coordinate, curvature, parent branch
name (N/A for aortic origin), and child branch count. All ai embeddings are ag-
gregated to form the anatomical embeddings A = {ai}Ni=1 of the coronary tree,
where each ai consists of its corresponding branch name and a set of <feature:
value> pairs. For the lesion characteristics, an artery-level architecture gles re-
constructs a CPR volume along each branch centerline Γi from the volume V and
employs TR-Net [14] to localize lesions li and classify the stenosis severity si and
plaque composition pi, denoted as {li, si, pi}Ni=1 = θles(V, Γi). Based on the lesion
information {li, si, pi}Ni=1 and the anatomical context provided by S, the lesion
projection function gles extracts branch-level lesion features and maps them to
lesion embeddings D = {di}Ni=1, where di = gles(li, si, pi). The lesion features
include lesion count, minimal lumen diameter, lesion location, stenosis severity,
plaque composition, and remodeling index. For each branch, a perivascular region
with a diameter comparable to the lumen is selected, fat tissue is segmented
within [−190,−30] HU [18], and the Fat Attenuation Index (FAI) hi and the
number of connected components ci are computed. The perivascular projection
function gper then maps these features to perivascular embeddings F = {fi}Ni=1,
where fi = gper(hi, ci). At the case level, the image-derived embeddings A, D,
and F , together with the patient risk profile P -based embeddings P, collectively
form the textual space of the current patient, denoted as zcase = [A,D,F ,P].
The patient risk profiles include age, sex, smoking status, hypertension, diabetes
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mellitus, hyperlipidemia, family history, body mass index, symptom profile, and
other relevant clinical risk indicators(e.g., troponin).

To enhance clinical reliability by integrating diagnostic case prior, the case
graph G = (V, E) is constructed using BioClinicalBERT-derived similarity, where
each node represents a case and edge weights are defined as wij = sim(zi, zj) for
(i, j) ∈ E [10]. For the diagnostic case, similarity scores are propagated through
the graph via diffusion, and the top-k most relevant cases are retrieved to provide
clinically and structurally analogous references for downstream reasoning:

Rsim = {ri}Ki=1 = TopK
(
{sj}vj∈V

)
s.t., sj = z>case(I− αW)−1zj

(2)

where W is the row-normalized adjacency matrix and α ∈ (0, 1) controls the
diffusion propagation. Overall, the resulting textual space is defined as:

S = (A,D,F ,P,Rsim) (3)

where serves as the case-level input for downstream chain-of-thought reasoning
and patient-specific diagnosis and treatment guidance.

2.2 Structured diagnostic reasoning module

The module hierarchically integrates the textual space S and the user prompt U
into the chain-of-thought aligned with the clinical diagnostic workflow, enabling
evidence-grounded and traceable intelligent diagnosis. Built upon a Qwen-based
LLM as the foundational model φ for inference and interaction, the proposed
reasoning framework organizes the case-level clinical context into a sequence of
ordered stages of understanding and cognitive reasoning, replacing blind feature
aggregation with structured scheduling of clinical evidence. Specifically, φ first
performs global modeling of coronary anatomical structure, followed by patient-
level disease quantification and attribution based on branch-level characteristics.
It then assesses the ACS risk based on perivascular features. Finally, φ integrates
imaging findings, patient risk profiles, and prior diagnostic cases to generate a
complete clinical decision tailored to the current diagnostic scenario.

For global anatomical understanding derived from imaging, φ leverages the
anatomical embeddings A, under the support of the CoT prompt U1

cot, evaluates
the overall configuration of the coronary tree, including segment count, coronary
dominance pattern, tree completeness, and a prioritized analysis plan for major
vessels. Next, guided by the anatomical context and the CoT prompt U2

cot, φ
integrates branch-level lesion descriptions D to derive patient-level disease con-
clusions. This stage determines the presence of obstructive disease, assess left
main involvement, identify multivessel disease, characterize potential high-risk
plaques, and localize the culprit vessel. Perivascular contextual signals are then
incorporated to refine the ACS risk assessment. Integrating the CoT prompt
U3

cot, the perivascular embeddings F , and the intermediate reasoning state, φ
evaluates whether inflammatory markers in the perivascular region indicate in-
creased plaque vulnerability or elevated ACS risk. Subsequently, by comparing
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Table 1. Expert evaluation rubric for clinical credibility and logical consistency.

Score Clinical Credibility (C.C.) Logical Consistency (L.C.)

81∼100 Clinically complete outputs suitable
for direct clinical reference;

Fully coherent reasoning that strictly
follows the clinical reasoning work-
flow;

61∼80 Generally accurate outputs with only
minor imprecision;

Generally coherent reasoning with mi-
nor logical jumps or weak transitions;

41∼60 Partially accurate outputs requiring
clinician revision due to insufficient as-
sessment;

Partially coherent reasoning with bro-
ken reasoning chains or unclear stage
transitions.;

21∼40 Outputs with major diagnostic errors
or missing critical information;

Reasoning containing major inconsis-
tencies or disorganized logic;

0∼20 Outputs with severe diagnostic in-
accuracies inconsistent with medical
knowledge.

Reasoning lacking an explicit struc-
ture or exhibiting largely unstructured
generation.

the current case with the retrieved similar cases, the Cot prompt U4
cot guides φ to

generate comprehensive diagnostic findings and management plan, accompanied
by clinically grounded rationale. Finally, the reasoning output is further refined
according to user prompt Uuser, yielding guideline-compliant and user-centered
CAD decision support. The structured reasoning process is defined as:

Y = φ(h4, Uuser) s.t., hi = φ(i)
(
hi−1, U

i
cot,Xi

)
, i ∈ [1, 4]

X = [{A}, {A,D}, {D,F}, {A,D,F ,P,Rsim}]
(4)

where X denotes the subset of the textual space S required for the multiple
stages of the chain-of-thought reasoning.

3 Experiment

3.1 Dataset and configuration

The experimental dataset comprised 2,067 retrospectively collected cases (age:
55.9±7.5 years; 1,383 males; 28.6% with acute chest pain) acquired from three
clinical centers using five scanner models between 2020 and 2024. Diagnostic
reports were prepared following the Coronary Artery Disease–Reporting and
Data System (CAD-RADS) 2.0 [5], with standardized documentation of CCTA
findings, patient risk profiles, prognosis, treatment strategies, and follow-up out-
comes. Five experienced radiologists performed detailed annotations of the coro-
nary tree, branch labels, and lesion characteristics on CCTA images to support
visual feature learning. Seventy percent of the cases were allocated to the train-
ing set, while the remaining 30% were evenly split between the validation and
test sets.

During diagnosis, disease grading followed CAD-RADS 2.0 [5], with perivas-
cular features and their association with ACS risk referenced from [18]. For visual
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Table 2. Quantitative comparison with SOTA models for intelligent CAD guidance.

Method Anat. Attr. Risk Case F1 E.S. C.C. L.C.

Qwen-2-7B-Instruct [22] 0.822 0.862 0.892 0.803 0.802 0.851 84.6 86.6
Med-Alpaca [8] 0.798 0.829 0.864 0.776 0.783 0.821 80.4 84.3

Claude 3.7 Sonnet [3] 0.844 0.878 0.906 0.816 0.832 0.884 88.3 90.2
Clinical Camel [20] 0.805 0.860 0.871 0.811 0.786 0.843 85.7 85.3
OpenAI GPT-4o [1] 0.861 0.886 0.920 0.837 0.847 0.895 92.4 93.1
CS-CoT (Ours) 0.865 0.902 0.928 0.859 0.852 0.916 94.1 93.5

encoding, the networks in θanat and θles were trained per the original configura-
tion [17] [23] [14]. The diffusion parameter α was set to 0.2, and the top K = 5
most similar cases were selected. For diagnostic reasoning, φ utilizes Qwen-2-7B-
Instruct [22], fine-tuned using LoRA [9], with low-rank adapters injected into the
query and value projection layers. The model was trained for 5 epochs with a
batch size of 4, learning rate 2e-5, gradient accumulation over 8 steps, and mixed-
precision, using a maximum sequence length of 4,096 tokens. Chain-of-thought
supervision was generated by decomposing structured CAD-RADS reports into
four staged reasoning trajectories. During reasoning, temperature was set to 0.2
and top-p sampling to 0.9 to ensure stable, clinically aligned outputs.

3.2 Comparison with SOTAs

To evaluate the performance of the proposed CS-CoT framework in intelligent
CAD guidance, we compared it against the baseline and SOTAs, including Qwen-
2-7B-Instruct [22], Med-Alpaca [8], Claude 3.7 Sonnet [3], Clinical Camel [20],
and OpenAI GPT-4o [1]. All fine-tunable models were trained on the same
dataset to ensure a fair comparison. As these models are inherently incapable
of processing CCTA images, they were provided with the standardized textual
space generated by moduleM as input to complete the diagnostic task. Follow-
ing the diagnostic workflow and clinical standards, we automatically evaluated
the experimental models using accuracy and average F1-score for anatomy anal-
ysis (Anat.), disease attribution (Attr.), risk assessment (Risk), and case-level
diagnosis (Case). In addition, cosine similarity between generated and target
reports was computed based on BERT-encoded token embeddings [7]. Five ra-
diologists independently evaluated the intelligent guidance results for 200 cases
across balanced disease severity levels using a 100-point rubric, assessing both
clinical credibility (C.C.) and logical consistency (L.C.), as shown in Tab.1.

The experimental results indicate that CS-CoT demonstrates high clinical
feasibility across automated metrics, embedding similarity, and expert scoring,
as shown in Tab.2. In analyses related to anatomical structures, lesions, risks, and
cases, CS-CoT outperformed SOTA models, demonstrating its ability to inter-
pret image- and text-derived information across multiple aspects in accordance
with patient-specific clinical contexts. The high consistency between generated
and target reports in the BERT-encoded space further confirms that CS-CoT
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Fig. 2. Ablation study results on the effectiveness of the CS-CoT framework design.

Fig. 3. Case excerpt of CS-CoT with and without clinically structured reasoning.

produces outputs with clinically appropriate organization and articulation, en-
hancing the precise capture of disease and risk by our model. Moreover, achieving
the highest scores in clinical credibility and logical completeness demonstrates
that the guidance generated by CS-CoT is more aligned with radiologists’ rea-
soning, providing evidence-grounded and logically coherent recommendations
during interactive usage.

3.3 Ablation study

To validate the effectiveness of module M, we conducted ablation studies by
sequentially removing individual embeddings from S during the reasoning pro-
cess. When the lesion embeddings D were removed, the model failed to provide
effective diagnostic guidance, whereas removing other embeddings led to vary-
ing degrees of performance degradation, as shown in Fig.2a. This indicates that
lesion characteristics play a decisive role in CAD guidance, while multi-aspect
analysis helps provide a more comprehensive perspective for accurate clinical
judgment. To evaluate the effectiveness of module R, we disabled the chain-of-
thought reasoning across different forward and backward intervals. Compared
with forward-interval disabling (Fig.2b), backward-interval disabling (Fig.2c)
impacts case-level diagnosis earlier, even with fewer steps disabled. Across both
disabling patterns, the disabling of any specific stage immediately causes a signif-
icant drop in the corresponding performance metrics. Compared with disabling
forward reasoning, suppressing reverse reasoning resulted in a more pronounced
decline in diagnostic performance. These findings reveal that the integration of
complete case information is crucial for case-level diagnosis, and that each step
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in the structured reasoning process supports the robustness of the corresponding
CAD feature analysis. Furthermore, as shown in Fig.3, risk-related features with
fewer tokens may be potentially overlooked in the absence of clinically structured
reasoning, which can lead to errors in clinical decision-making.

4 Conclusion

This work proposes the first clinically structured vision–language model, CS-
CoT, for intelligent CAD guidance. The model comprehensively analyzes anatom-
ical structures, lesion attributions, and related risk features through a chain-of-
thought reasoning process aligned with the clinical workflow. Extensive experi-
ments demonstrate that CS-CoT achieves strong performance while maintaining
interpretability, clinical alignment, and interactivity.
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