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Abstract

Coronary Artery Disease (CAD) poses a significant threat
to cardiovascular patients worldwide, underscoring the crit-
ical importance of automated CAD diagnostic technologies
in clinical practice. Previous technologies for lesion assess-
ment in Coronary CT Angiography (CCTA) images have
been insufficient in terms of interpretability, resulting in so-
lutions that lack clinical reliability in both network architec-
ture and prediction outcomes, even when diagnoses are ac-
curate. To address the limitation of interpretability, we in-
troduce the Trusted Lesion-Assessment Network (TLA-Net),
which provides a clinically reliable solution for multi-view
CAD diagnosis: (1) The causality-informed evidence collec-
tion constructs a causal graph for the diagnostic process and
implements causal interventions, preventing confounders’ in-
terference and enhancing the transparency of the network ar-
chitecture. (2) The clinically-aligned uncertainty integration
hierarchically combines Dirichlet distributions from various
views based on clinical priors, offering confidence coeffi-
cients for prediction outcomes that align with physicians’ im-
age analysis procedures. Experimental results on a dataset of
2,618 lesions demonstrate that TLA-Net, supported by its in-
terpretable methodological design, exhibits superior perfor-
mance with outstanding generalization, domain adaptability,
and robustness.

Code — https:
//github.com/PerceptionComputingl.ab/CAD _Diagnosis

Introduction

The interpretability of methodologies is crucial for
computer-aided diagnosis, especially when addressing
severe conditions like coronary artery disease (CAD)
(Kagiyama et al. 2019; Luo et al. 2023). CAD, a preva-
lent cardiovascular condition, arises from arterial stenosis
caused by atheromatous plaques of varying compositions.
This condition can lead to life-threatening events such as
myocardial infarction and heart failure (Pagliaro et al. 2020).
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Adhering to the Society of Cardiovascular Computed To-
mography (SCCT) guidelines (Leipsic et al. 2014), arte-
rial stenoses are categorized as significant (Sig.) or non-
significant (Non-sig.) based on whether the luminal narrow-
ing > 50%. Atheromatous plaques are categorized as Cal-
cified (Calc.), Non-calcified (Non-calc.), or Mixed, based
on the presence of calcium deposits. Coronary CT angiogra-
phy (CCTA) is widely used for the screening, diagnosis, and
prognosis of CAD (Abdelrahman et al. 2020). Automated
CCTA-based diagnosis offers a more efficient and intelligent
diagnostic mode for radiologists. Nevertheless, the level of
interpretability significantly affects the clinical reliability of
automated diagnosis, which in turn impacts its practicality
in clinical settings.

Despite considerable progress in CAD automated di-
agnosis, researchers often overlook the significance of
interpretability, which affects clinical application. Early
computer-aided diagnosis for CAD relied on semi-
automated technologies (Xu et al. 2012). While these meth-
ods required substantial manual input from healthcare pro-
fessionals, they inherently offered some interpretability. The
rise of deep learning in Computer Vision (CV) has led
to many automated CAD diagnostic methods (Singh et al.
2020). (Zreik et al. 2018) combined Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs)
for multi-class classification of stenoses and plaques. (Den-
zinger et al. 2019) and (Ma et al. 2021) further advanced
these C&RNN architectures, making notable progress in de-
tecting Sig. stenosis. (Zhang, Ma, and Li 2022) analyzed
Curved Planar Reformation (CPR) volumes and employed
Faster R-CNN (Girshick 2015) for CAD-related object de-
tection, while (Van Herten et al. 2023) inferred surface
meshes of arteries and plaques for CAD Reporting & Data
System (CAD-RADS) scoring. However, the lack of atten-
tion to interpretability during network parameter optimiza-
tion hinders their suitability for real clinical settings, dimin-
ishing radiologists’ trust.

The limitations in interpretability of previous technolo-
gies throughout the diagnostic process can be attributed to
two main factors: network architecture and prediction out-
comes. (1) Network architecture: The causality in the diag-
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Figure 1: Trusted CAD Diagnostic Solution. Our interpretable methodological design: Causal interventions based on the
diagnostic process within the network architecture (b) and the integration of clinical-prior-based uncertainty in prediction
outcomes (c) effectively enhance the clinical reliability, generalization, and robustness (d) of automated diagnosis.

nostic process based on imaging signals can be disrupted by
spurious associations caused by confounders. In the causal
graph (Fig.1b), The imaging signal X undergoes feature ex-
traction to obtain a representation F', which is then classified
to yield the lesion prediction Y, forming a causal relation-
ship X — F' — Y . The confounder D negatively impacts
both the imaging signal X and lesion prediction Y through
D — X and D — Y, forming a confounding relationship
X < D — Y. In clinical practice, factors such as varia-
tions in imaging quality, blurred boundaries between tissues
& plaques, and unobserved confounding variables can act
as confounders that disrupt the causal relationship, leading
to uninformed generalization by the network architecture.
(2) Prediction Outcomes: Providing diagnostic results with-
out including the confidence interval or probability distri-
bution undermines trust and prevents the assessment of the
prediction’s reliability. In clinical practice, the lack of un-
certainty estimation is particularly problematic in scenarios
where both radiologists and patients need to rely on trust.
Additionally, it can obstruct valuable feedback and make it
challenging to detect and correct inaccuracies when faced
with previously unseen situations. As a result, this can lead
to misguided clinical decisions and potentially harmful out-
comes for patients.

In this work, we introduce causal intervention and uncer-
tainty estimation in a manner highly relevant to clinical sce-
narios, thereby providing a trusted network architecture and
prediction outcomes for interpretable diagnosis. The trusted
methodological design closely aligns the entire diagnostic
process with clinical practice, not only reducing the risk of
misdiagnosis and missed diagnoses through high generaliza-
tion but also enhancing the domain adaptability and robust-
ness of lesion assessment (Fig.1d). The causality perception
of network architecture enhances the representation’s abil-
ity to capture more general semantics, effectively address-
ing potential gaps between the source & target domains,
such as data variations from different clinical centers, equip-
ment models, or imaging parameters. The uncertainty es-
timation of prediction outcomes provides radiologists with
confidence coefficients, which helps manage low-confidence
results in extreme or previously unseen situations, such as
unclear signals in low-quality imaging.
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Specifically, we propose a Trusted Lesion-Assessment
Network (TLA-Net) to analyze global and local views fo-
cused on coronary arteries in CCTA imaging for inter-
pretable CAD diagnosis. For the network architecture, the
causality-informed evidence collection aggregates multi-
view semantic representations to build an intervention
medium and uses the intervented expectation P(Y|do(X))
instead of the likelihood P(Y|X) to block the confound-
ing effects on evidence prediction (Fig.1b). For the predic-
tion outcomes, the clinical-aligned uncertainty integration
estimates the uncertainty based on the evidence provided
by different views using a Dirichlet distribution, and adap-
tively integrates it into the final lesion assessment accord-
ing to the clinical prior of global-to-local procedure(Fig.1c).
During this process, the representation and confounders de-
scribed by multiple views complement each other, providing
not only a robust medium for causal intervention but also
a more comprehensive analysis for lesion prediction. Our
main contributions are summarized as follows: (1) TLA-Net,
as a pioneering framework for interpretable CAD diagnosis,
offers critical value in advancing the automation of clini-
cal diagnostic processes. (2) Adhering to clinical practice,
the introduction of causal intervention and uncertainty esti-
mation significantly improves the clinical reliability of auto-
mated diagnosis. (3) A thorough evaluation on a dataset of
2618 lesions demonstrates that TLA-Net outperforms State-
of-the-Art (SOTA) automated CAD diagnostic methods.

Related Work

Automated CAD Diagnosis Automatic CAD diagnosis
technologies are continuously being developed to address
the high labor intensity and inter-observer variability asso-
ciated with manual diagnosis (Gudigar et al. 2021). Tradi-
tional methods, such as thresholding, were initially used to
detect plaques (Kristanto et al. 2013; Schepis et al. 2010),
but these were often affected by artifacts and had limited
effectiveness in detecting non-calcified plaques. Recently,
deep learning-based methods have significantly improved
CAD diagnosis, particularly with the use of CNNs and
Transformers (Fischer et al. 2020; Ma et al. 2021; Zhai
et al. 2022). These methods enhance plaque classification
and stenosis detection by capturing richer spatial informa-



tion and global context. Given the high correlation between
plaques & stenosis, some studies (Zreik et al. 2018; Zhang,
Ma, and Li 2022; Van Herten et al. 2023; Ma et al. 2024) uti-
lized a multi-task learning model, detecting stenosis while
simultaneously classifying plaques.

Vision Causal Reasoning Causal reasoning, as an effec-
tive means to enhance the credibility of deep learning, has
attracted the attention of many researchers in the CV field,
such as image classification (Rao et al. 2021), semantic seg-
mentation (Zhang et al. 2020; Chen et al. 2022), and visual
language (Yang et al. 2021; Niu et al. 2021) tasks. Research
has demonstrated that spurious associations can severely im-
pact model performance (Niu et al. 2021; Yang et al. 2021;
Chen et al. 2022), and causality can effectively identify
and eliminate these confounding effects through construct-
ing structural causal models and adopting intervention mea-
sures. For example, (Chen et al. 2022) employed backdoor
adjustment methods to address the ever-elusive confound-
ing effect in semantic segmentation tasks. (Yang et al. 2021;
Zhang et al. 2022) utilized front-door adjustment for causal
intervention without explicitly defining confounders. Addi-
tionally, some studies (Niu et al. 2021; Yue et al. 2021) have
leveraged counterfactual frameworks to eliminate spurious
associations in their respective tasks.

Uncertainty Estimation Uncertainty estimation is used
to improve the reliability and interpretability of neural net-
works in deep learning. Standard neural network models
are typically deterministic, providing only prediction results
without any measure of prediction uncertainty. This limita-
tion affects the model’s reliability and robustness in com-
plex scenarios (Sensoy, Kaplan, and Kandemir 2018). Re-
searchers have developed various effective tools to quantify
model uncertainty, including Bayesian methods (Gal and
Ghahramani 2015; Molchanov, Ashukha, and Vetrov 2017),
Monte-Carlo dropout (Tian et al. 2020), and ensemble meth-
ods (Durasov et al. 2021; Lakshminarayanan, Pritzel, and
Blundell 2017). In visual classification tasks, the application
of Dempster-Shafer evidence theory in multiple predictions
can fully utilize multi-view information, thereby enhancing
classification reliability (Han et al. 2020; Gao et al. 2023).

While causal reasoning and uncertainty estimation are
widely used in CV tasks, their application to CAD diag-
nosis for improved interpretability and broader clinical use
remains limited. Our method utilizes multiple CCTA views
and incorporates causal intervention and uncertainty integra-
tion specifically designed for CAD diagnosis, ensuring reli-
able lesion assessment with enhanced interpretability.

Method

The TLA-Net, an interpretable automated CAD diagnostic
solution (Fig.2), consists of two trusted modules: Causality-
informed Evidence Collection (CEC) and Clinical-aligned
Uncertainty Integration (CUI). Within the CPR volume, a
set of L 3D cubes is systematically selected at uniform in-
tervals. Each cube serves as input to TLA-Net with multiple
views, including both global and local views (Fig.1a). Based
on these multi-view image signals, the CEC collects evi-
dence with causal intervention to control for confounders,
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while the CUI hierarchically integrates multiple uncertain-
ties for lesion assessment. For each of the L cubes, TLA-Net
provides predictions for lesion attributes and uncertainty.

Causality-informed Evidence Collection (CEC) for
Trusted Network Architecture

The CEC performs causal interventions in semantic repre-
sentation and evidence collection through a multi-view ag-
gregated medium, achieving a trusted network architecture
(Fig.2a). Based on the causal effect flow between X and F,
as well as the causal and confounding relationship between
F and Y, all possible outcomes of the random variable Y is
defined as:

P(yldo(x)) => P (fl)Y P (ylf,d)P(d) (1)
[ d

Given the representation f corresponding to imaging sig-
nal x and the lesion category c, the process of evi-
dence collection through causal intervention is expressed as
Y o(P(yclf,d))p(d). When using Softmax to predict the
probabilities of different lesion categories, the above expres-
sion be transformed into E4[Softmax(¢q(f, d))], where @q
denotes the operation of causal intervention. Following the
Normalized Weighted Geometric Mean (NWGM), the inter-
vented expectation is approximated as:

P (y|do (x)) = Eq [Softmax (¢4 (f,d))]

NYEM Softmax (Eq [wa (£, d)])

2

The input 3D-cube (global view) and its 2D-slices (lo-
cal views) are referred to as ¢, € RN*N*N and x;; €
RN*N (i € [1, K]), respectively. In the configuration with
K views, a total of 9 2D-views are acquired, all centered
on the center point of the 3D-cube. For global represen-
tation, the 3D-cube undergoes processing through the 3D
Shift Transformer (Tang et al. 2022), establishing high-
quality correlations of long-range image information. The
view x, is divided into 4 x 4 x 4 sub-cubes, each of which is
transformed into an embedding through a Multi-Layer Per-
ceptron (MLP). These embeddings are then processed se-
quentially by Transformers with a shifted window mech-
anism and patch merging. For local representation, the K
2D-views are analyzed individually through 2D-CNN to
comprehensively capture semantic features that clearly de-
scribe detailed information at each position. The view x;;
is processed through a 4-layer convolutional encoder (Ron-
neberger, Fischer, and Brox 2015), where a 2 x 2 max-
pooling is inserted between two layers. The feature maps are
transformed into 1-dimensional embeddings through MLP
layers, producing global semantics f, € R*'? and local se-
mantics f;; € R%2 (i € [1, K]), ensuring comprehensive
evidence collection.

In the causal graph, the unobservable variable d can be
transformed into x through Bayesian network decompo-
sition and conditional independence. Therefore, multiple
views of x-related representations are associated and aggre-
gated to act as the intervention medium. The intervention
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Figure 2: Overview of TLA-Net. The CEC relies on a multi-view medium to perform causal interventions, obtaining the
expectation P(Y |do(X)) for trusted network architecture (a), and the CUI integrates multi-view distributions Dir(p|a) align

with clinical prior for trusted prediction outcomes (b).

operation of the view v is defined as:

QueryfTKeyd
v, d) = |Softmax | —————"— | - Valueg| ® [
ealfo;d) Vdim | @f
s.t.,d = Self attention ([f,, fi1,-- -, fix])
3

where Queryy, Keyq and Valuey are derived from f and

d through linear projections, with dim representing the di-
mension of representation.

Adhering to the SCCT guideline (Leipsic et al. 2014) for
CAD reporting, the two stenosis degree categories (i.e., Sig.
& Non-Sig.) and the three plaque component categories (i.e.,
Calc., Non-calc, & Mixed) are unified into a total of six
lesion categories. The global and local semantics f; and
fi; (i € [1, K]) after causal intervention, are inputted into
a C-class softmax classifier with an MLP to provide evi-
dence for lesion assessment. Here, C' = 2 x 3 + 1 denotes
the number of classification heads, which includes six le-
sion categories plus an additional category indicating the
absence of a lesion. Following the lesion attribute classi-
fier, evidence for uncertainty estimation is collected, includ-
ing global evidence e, = {{eg} 1} and local evidence

€l = {{elz c=1} (i € [1, K)).

Clinical-aligned Uncertainty Integration (CUI) for
Trusted Prediction Outcomes

The CUI utilizes Bayesian-based subjective logic to inte-
grate evidence from multiple views, in alignment with clin-
ical prior knowledge, achieving trusted prediction outcomes
(Fig.2b). Dirichlet distributions are calculated to control
class probabilities based on collected global g and local
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li (¢ € [1,K]) evidence. For view v, the Dirichlet distri-
bution (Han et al. 2020) is defined as Dir(p,|c, ).

For the single-view v (i.e., g, 11, . .., lx), according to the
theory proposed by (Sensoy, Kaplan, and Kandemir 2018),
the parameters of the Dirichlet distribution are determined
as o, = e, + 1. Subsequently, the uncertainty U/, for the
single-view undergoes transformation based on the Dirichlet
distribution:

U, = {{bz}le ’UU}

I=wuy+ Zf:lbzc;

where the belief mass b¢ of category ¢ is calculated as (¢ —

1)/Sy, the Dirichlet strength S,, equals ZC ¢, and overall
uncertainty u, is defined as C/S,. Using the ev1dence ey
and e;; (i € [1, K]) from the CEC, the global uncertainty U/,
for global overview and the local uncertainty Uy, (i € [1, K ])
for local examination can be derived from Eq.4, respectively.
For multi-view integration, based on the “Clinical prior —
Physicians’ image analysis procedures from global overview
to local examination (Kallergi 2005)”, the global view is in-
tegrated with K local views to hierarchically combine lesion
assessments from each view. Dempster’s combination rule
(Jgsang and Hankin 2012) is applied to produce an overall
lesion assessment with associated uncertainty, which is then
transformed into the final predictive distribution:

Upin =R Uy, U)
U =R U1, U, ...

4)
s.t.

®)

s.t. 7Z/{ZK)

where R(-) denotes Dempster’s combination rule. For
this combination rule, given view-1 o1 uncertainty
U1 {39 1, ur} and view-2 w2 uncertainty
02 {{b¢5}5 1, uz2}, the combined uncertainty U



¢ u} = R(Up1,Uyz) is defined as:

b =1/(1 = M) - (b51bye + byy ez + byativ)
w=1/ (1= M) - uprteg

{{v°
(6

where 1/(1 — M) is the scale factor for normalization,
and M = 3., jbfjlbf)z denotes a measure of the amount
of conflict between the two mass sets. Referring to Eq.5
and Eq.6, this rule initially integrates the local uncertainties
Ui € [1, K]) associated with each local assessment, fol-
lowed by merging these integrated local uncertainties with
the global uncertainty U, to yield the uncertainty {/y;,, for
the final lesion assessment, thereby accomplishing a trusted
automated CAD diagnosis.

To achieve the optimization objective of TLA-Net, the
loss function L, incorporates all sources of uncertainty,
including global overview, local examination across all 2D-
views, and final evaluation, allowing for end-to-end training
of the solution:

‘Ctla = £g + Z,L‘Kzlﬁli + ‘Cfln @)

where L, Ly;, and Ly, denote the loss for the global un-
certainty, the local uncertainty, and the final uncertainty, re-
spectively. For assessing each-view uncertainty v (i.e., g,
li (i € [1,K]), and fin) assessment, the single-uncertainty
loss £, consists of an adjusted cross-entropy loss L5,
which ensures that more evidence is provided for the cor-
rect label compared to other categories, and a regularization

term that enhances the uncertainty for misclassified samples:
L, = L3+ AKL[Dir (py|&,) || Dir (p,|1)]  (8)

where A € (0, 1) is the balancing factor, which gradually
increases during training, and &, = y, + (1 — y,) © .
The adjusted cross-entropy loss is defined as:

*Cgce :[qu,NDir(pﬂdv) [‘CC'E (pvv yv)]
=2 95 (W(Sy) — ¥ (a5))

where 1) is the digamma function and y, is the one-hot label.

©))

Experiment
Dataset

Experimental datasets from two Clinical Centers (CCs),
each using distinct equipment models and imaging param-
eters, were utilized for performance evaluation: CC1: CCTA
scans from 218 patients (average age: 57.4 + 6.2 years,
163 males, 2019~2022), performed using a 320-row CT
scanner. CC2: CCTA scans from 352 patients (average age:
54.7+8.1 years, 274 males, 2022~2024), performed using a
dual-source CT scanner. Following SCCT guidelines (Leip-
sic et al. 2014) for CAD reporting, five experienced physi-
cians annotated coronary segments. Inter-observer variabil-
ity was assessed through voting, and intra-observer variabil-
ity was evaluated via sampling reviews. Using the marching
cubes algorithm (Rajon and Bolch 2003), 3,090 CPR vol-
umes of main coronary branches were reconstructed, iden-
tifying 2, 618 lesions: 1,621 Non-sig. stenoses (690 Calc. /
265 Non-calc. / 666 mixed plaques) and 997 Sig. stenoses
(320 Calc. / 214 Non-calc / 463 mixed plaques).
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Figure 3: Radar chart for patient-level quantitative compar-
ison with SOTA methods: Results under proportional Data
Split (DS) (a) and under center-based DS (b).

Implementation Details

For TLA-Net input, 30 3D-cubes are sampled with a 5-
interval sampling within CPR volume, and the size param-
eter N for the input 3D-cube and 2D-views is set to 64. To
address potential inaccuracies in coronary centerline extrac-
tion and rotational uncertainty of MPR, the center voxel is
randomly shifted by 3 voxels along any of the six neighbor-
ing directions (i.e., anterior, posterior, left, right, superior,
inferior) and rotated at a random angle perpendicular to the
centerline. During training, the Adam optimizer is used to
adjust the network parameters, with an initial learning rate
set to le — 4, and Polynomial Decay is applied to adjust the
learning rate. The balancing factor A linearly increases from
0 to 1 during training, which reduces the early reliance on
KL divergence and avoids insufficient exploration of the pa-
rameter space. After 500 epochs, the weights of the model
that performed best on the validation set are saved for lesion
assessment on the test set.

Evaluation Metrics

Experiments are conducted on two Data Splits (DSs) to eval-
uate generalization and domain adaptability. DS1: Images
are divided proportionally, with 70% from two CCs used for
training and the remaining 30% split evenly between vali-
dation and test sets. DS2: Images are divided by center, us-
ing images from CC1 for training and validation and images
from CC?2 for testing. Evaluations are performed at both the
artery and patient levels. Metrics including average ACCu-
racy (ACC), Precision (Prec), recall, F1 score, Negative Pre-
dictive Value (NPV), and Specificity (Spec) are calculated
from the confusion matrix and subjected to appropriate t-
tests. At the artery-level, a lesion is considered correctly pre-
dicted if at least 50% of the lesion area is accurately identi-
fied. At the patient level, patients are classified based on the
severity of the most severe stenosis or the presence of lumi-
nal stenosis. Additionally, the Area Under the receiver oper-
ating characteristic Curve (AUC) and Expected Calibration
Error (ECE) are assessed to evaluate uncertainty estimation.



Method ACC Prec Recall Fl NPV Spec
(Tejero-de Pablos et al. 2019) | 0.830 (<0.001) | 0.866 (£0.001) | 0.866 (£0.001) | 0.866 (£0.001) | 0.687 (£0.018) | 0.685 (£0.019)
(Zreik et al. 2018) 0.874 (<0.001) | 0.907 (<0.001) | 0.902 (<0.001) | 0.905 (<0.001) | 0.758 (£0.017) | 0.748 (£0.027)
(Denzinger et al. 2019) 0.866 (<0.001) | 0.896 (£0.001) | 0.894 (£0.001) | 0.894 (£0.001) | 0.748 (£0.017) | 0.749 (£0.014)
(Ma et al. 2021) 0.907 (<0.001) | 0.926 (£0.001) | 0.924 (£0.001) | 0.925 (£0.001) | 0.838 (+0.003) | 0.829 (£0.008)
(Zhang, Ma, and Li 2022) 0.934 (<0.001) | 0.945 (£0.001) | 0.949 (<0.001) | 0.947 (<0.001) | 0.865 (40.008) | 0.887 (£0.001)
(Van Herten et al. 2023) 0.926 (<0.001) | 0.943 (<0.001) | 0.940 (<0.001) | 0.941 (<0.001) | 0.872 (£0.002) | 0.856 (£0.009)
TLA-Net (Ours) 0.953 (<0.001) | 0.962 (<0.001) | 0.963 (<0.001) | 0.962 (<0.001) | 0.907 (+0.004) | 0.921 (£0.001)
(Zreik et al. 2018) 0.809 (£0.001) | 0.874 (£0.002) | 0.876 (£0.001) | 0.873 (<0.001) | 0.537 (£0.099) | 0.484 (£0.105)
(Zhang, Ma, and Li 2022) 0.849 (<0.001) | 0.896 (£0.001) | 0.901 (£0.001) | 0.897 (<0.001) | 0.642 (+0.047) | 0.643 (£0.018)
(Van Herten et al. 2023) 0.875 (<0.001) | 0.915 (<0.001) | 0.918 (<0.001) | 0.916 (<0.001) | 0.683 (£0.032) | 0.697 (£0.018)
TLA-Net (Ours) 0.913 (<0.001) | 0.939 (0.001) | 0.945 (<0.001) | 0.942 (<0.001) | 0.771 (£0.022) | 0.806 (+0.003)

Table 1: Artery-level quantitative comparison (mean =+ std) with SOTA methods under proportional data split for generalization
evaluation (Top: Stenosis Degree; Bottom: Plaque Component).

Method ACC Prec Recall F1 NPV Spec

(Tejero-de Pablos et al. 2019) | 0.794 (<0.001) | 0.846 (<0.001) | 0.839 (£0.002) | 0.842 (<0.001) | 0.630 (£0.023) | 0.625 (£0.048)
(Zreik et al. 2018) 0.853 (<0.001) | 0.883 (0.001) | 0.885 (£0.001) | 0.883 (£0.001) | 0.713 (£0.032) | 0.720 (£0.018)

(Denzinger et al. 2019) 0.837 (<0.001) | 0.88 (<0.001) | 0.873 (£0.001) | 0.876 (<0.001) | 0.717 (£0.009) | 0.7 (£0.033)
(Ma et al. 2021) 0.878 (<0.001) | 0.900 (£0.002) | 0.904 (<0.001) | 0.902 (£0.001) | 0.770 (£0.013) | 0.783 (£0.007)
(Zhang, Ma, and Li 2022) 0.905 (<0.001) | 0.925 (<0.001) | 0.925 (£0.001) | 0.925 (<0.001) | 0.834 (£0.003) | 0.827 (£0.006)
(Van Herten et al. 2023) 0.912 (<0.001) | 0.929 (£0.001) | 0.933 (<0.001) | 0.931 (<0.001) | 0.822 (£0.013) | 0.838 (£0.005)
TLA-Net (Ours) 0.944 (<0.001) | 0.956 (<0.001) | 0.955 (<0.001) | 0.955 (<0.001) | 0.904 (+0.001) | 0.895 (4-0.003)
(Zreik et al. 2018) 0.774 (<0.001) | 0.848 (<0.001) | 0.847 (£0.001) | 0.847 (£0.001) | 0.483 (£0.032) | 0.482 (£0.042)
(Zhang, Ma, and Li 2022) 0.845 (£0.001) | 0.893 (£0.001) | 0.897 (<0.001) | 0.894 (£0.001) | 0.607 (£0.045) | 0.618 (£0.024)
(Van Herten et al. 2023) 0.851 (<0.001) | 0.896 (£0.001) | 0.9 (<0.001) | 0.898 (£0.001) | 0.633 (+0.032) | 0.654 (£0.014)
TLA-Net (Ours) 0.909 (<0.001) | 0.938 (<0.001) | 0.940 (<0.001) | 0.939 (<0.001) | 0.762 (+0.021) | 0.775 (£0.009)

Table 2: Artery-level quantitative comparison (mean =+ std) with SOTA methods under center-based data split for domain
adaptability evaluation (Top: Stenosis Degree; Bottom: Plaque Component).

Comparison with SOTAs

The quantitative comparison results demonstrate that TLA-
Net consistently outperforms SOTAs, as evidenced by sig-
nificant improvements in all metrics and at two DSs. In the
DS1 evaluation (Tab.1 & Fig.3a), TLA-Net showed supe-
rior performance, indicating its strong generalization capa-
bility for detecting various lesion attributes. In the DS2 eval-
uation (Tab.2 & Fig.3b), TLA-Net’s advantages were even
more pronounced, highlighting its effectiveness in leverag-
ing source domain data to accurately address target domain
testing. At the artery-level, TLA-Net excelled in detecting
stenosis severity and plaque composition, providing a reli-
able basis for identifying and characterizing coronary artery
lesions. At the patient-level, its high reliability further under-
scores TLA-Net’s potential to assist healthcare professionals
in accurately assessing the severity of CAD, thereby sup-
porting CAD-RADS timely treatment decisions. Compared
to the best-performing SOTA methods (Zhang, Ma, and Li
2022; Van Herten et al. 2023), the p-values from the t-test
were all less than 1e — 4, indicating that TLA-Net’s predic-
tion distribution is statistically significantly different. This
confirms that the performance improvement is genuine and
not due to random chance.

The qualitative comparison also shows that TLA-Net can
more accurately identify areas of coronary artery lesions
(Fig.4). Specifically, when dealing with lesions caused by a
series of small plaques, TLA-Net can precisely detect each
plaque and the degree of stenosis it causes, effectively avoid-
ing misdiagnoses and missed diagnoses. Moreover, even
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with lower-quality images (Fig.4-Bottom), TLA-Net’s en-
hanced lesion localization and qualitative analysis, facili-
tated by trusted methodological design, ensure that the re-
sults meet clinical needs, demonstrating its robustness.

Ablation Analysis

Effectiveness of Causal Intervention To assess the im-
pact of the designed causal intervention on the evidence
collection of the trusted network architecture in CEC,
we replaced the P(Y|do(X)) operation with self-attention
(Vaswani et al. 2017) computation for ablation analysis
without altering the model’s parameter count (Fig.5). Af-
ter removing P(Y'|do(X)) (ABL-CI), the performance de-
clined across both DSs, highlighting that the designed causal
intervention effectively prevents confounders’ interference,
thereby better preserving the causal relationships within the
diagnostic process.

Effectiveness of Uncertainty Estimation We assessed
the impact of uncertainty estimation on prediction trustwor-
thiness by comparing CUI with previous uncertainty-related
methods (Tab.3 & Fig.5) and evaluating results based solely
on class probabilities (ABL-UE). Variations in performance
with different uncertainty estimation approaches show that
CUT’s clinically aligned design is well-suited to the needs
of automated diagnosis. The superior uncertainty estimation
results of CUI, in terms of ACC and AUC, suggest that the
diverse imaging signal from each view offers more reliable
guidance for predictions when integrated with clinical pri-
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Figure 5: Artery-level ablation analysis for the effectiveness
of the trusted methodological design: Results under propor-
tional Data Split (DS) (a) and under center-based DS (b).

ors. The lower ECE indicates a more accurate correspon-
dence between the confidence coefficient and prediction re-
sults with CUI. Additionally, the more pronounced perfor-
mance drop observed when averaging classification proba-
bilities in DS2 underscores the role of uncertainty estimation
in enhancing domain adaptability.

Selection and Number of Views To understand how the
selection and number of views affect TLA-Net’s perfor-
mance, we evaluated the network using only global or local
views. Comparing the performance (Tab.3) between TLA-
Net and these variants (ABL-GV & ABL-LV) revealed that
both global & local semantic extraction and evidence col-
lection contribute positively to lesion assessment. We also
investigated the impact of the number of views by randomly
selecting subsets from the local views (Fig.6a). The abla-
tion results showed that satisfactory performance can be
achieved with 6 to 8 selected views, with optimal perfor-
mance reached at 9 views. Furthermore, a comparison of
the performance of variants that retain only the three views
(Fig.6b) containing the central axis of each cube (a total of
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Method ACC AUC ECE
Softmax | 0.902/0.887 | 0.921/0.907 | 0.217/0.247
Dropout | 0.911/0.889 | 0.938/0.916 | 0.188/0.201
Ensemble | 0.926/0.906 | 0.935/0.924 | 0.192/0.198
Ours 0.953/0.944 | 0.963/0.950 | 0.159/0.173

Table 3: Artery-level quantitative comparison (Data Split
(DS)1 / DS2) of various uncertainty estimation methods.
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Figure 6: Combination Chart for view-related analysis: Re-
sults of various number of views (a), and results of various
view selections (b).

three groups) indicates that views centered on the coronary
centerline are crucial for TLA-Net’s performance.

Discussion

This work enhances the interpretability of automated CAD
through two main strategies. Firstly, abstracting lesion as-
sessment into a causal graph and implementing causal inter-
ventions reduce the black-box nature of deep learning meth-
ods and control confounders during generalization. Sec-
ondly, incorporating uncertainty estimation alongside clini-
cal priors provides confidence coefficients for lesion predic-
tion, aiding in the identification of potential anomalies and
errors in clinical practice.

These improvements in interpretability significantly en-
hance architectural transparency and outcome credibility,
thereby increasing physician trust and acceptance while sup-
porting personalized treatment plans. Moreover, TLA-Net’s
interpretability minimizes the risks of misdiagnosis and
missed diagnoses while enhancing generalization, domain
adaptability, and robustness. Its ability to generalize across
different lesion categories and adapt to diverse clinical set-
tings is reflected in quantitative comparisons across various
centers. The solution’s robustness to low-quality imaging
and the effectiveness of each methodological design are also
confirmed by qualitative examples and ablation studies.

Overall, TLA-Net addresses critical challenges in CAD-
RADS and meets the demands of clinical practice. Future
work will explore the impact of multiple modalities on com-
prehensive disease monitoring, aiming for multimodal joint
diagnosis and further interpretability improvement.

Conclusion

In this work, we propose TLA-Net, a novel trusted CAD
diagnostic solution that addresses the interpretability limi-



tations of existing technologies. The trusted network archi-
tecture, based on causal intervention, manages confounders
and concentrates semantics and evidence on lesions. Addi-
tionally, the integration of multi-view uncertainty, informed
by clinical prior knowledge, ensures high confidence in
prediction outcomes and helps prevent missed or misdiag-
noses. Experimental results demonstrate that TLA-Net out-
performs SOTA methods in lesion assessment, exhibiting su-
perior generalization. Supported by an interpretable network
architecture and reliable prediction outcomes, our solution
offers automated CAD diagnosis with clinical reliability, do-
main adaptability, and robustness.
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