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Abstract

Background This study aims to explore the feasibility to automate the application process of nomograms in clinical
medicine, demonstrated through the task of preoperative pleural invasion prediction in non-small cell lung cancer
patients using PET/CT imaging.

Results The automatic pipeline involves multimodal segmentation, feature extraction, and model prediction. It

is validated on a cohort of 1116 patients from two medical centers. The performance of the feature-based diagnostic
model outperformed both the radiomics model and individual machine learning models. The segmentation models
for CT and PET images achieved mean dice similarity coefficients of 0.85 and 0.89, respectively, and the segmented
lung contours showed high consistency with the actual contours. The automatic diagnostic system achieved an accu-
racy of 0.87 in the internal test set and 0.82 in the external test set, demonstrating comparable overall diagnostic per-
formance to the human-based diagnostic model. In comparative analysis, the automatic diagnostic system showed
superior performance relative to other segmentation and diagnostic pipelines.

Conclusions The proposed automatic diagnostic system provides an interpretable, automated solution for predict-
ing pleural invasion in non-small cell lung cancer.
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Background

Beyond subjective impressions and intuitive judg-
ments, evidence-based decision-making in clinical prac-
tice often involves sophisticated mathematical models.
Nomograms achieved a balance between efficiency and
simplicity by utilizing graphical representations to elu-
cidate complex interactions among various clinical and
physiological variables. In medical imaging, a radiomics
approach is often employed to extract quantitative image
features for nomogram construction. This approach
gains so much research interest that in the year 2024
alone, around 700 research papers exploring radiomics-
based nomograms were indexed in the Web of Science
database.

Although numerous nomograms have been developed,
their integration into clinical workflows remains rare.
One key limitation is the manual application of graphical
analyses, which is labor-intensive and error-prone. This
challenge is further exacerbated when radiomics features
are involved, as these variables must first be extracted
and processed using specialized computer systems, add-
ing an additional layer of complexity to their practical
use.

This challenge in the application of nomograms was
virtually unsolvable until recent years, when advance-
ments in artificial intelligence (AI), particularly deep
learning algorithms, emerged as state-of-the-art solu-
tions for various tasks in medical imaging [1, 2].
Al-driven approaches, such as convolutional neural net-
works (CNNs), offer automated diagnostic capabilities
that bypass some of the limitations of traditional meth-
ods by learning representations directly from the imaging
data [3-5]. However, these end-to-end deep learning-
based diagnostics methods are not the ultimate solu-
tion, and faces multiple limitations [6]. The "black box"
nature of these models often limits their interpretability,
making it challenging for clinicians to understand and
validate the underlying decision-making process [7, 8].
Additionally, most current AI methodologies function
as standalone systems, seldom integrating established
diagnostic tools such as radiomic features or clinically
relevant parameters—elements that could enhance their
clinical applicability, reliability, and acceptance.

In this research, we propose the integration of Al
methodologies to address the longstanding challenges
in the clinical application of nomograms. We demon-
strate our approach through the development of a nom-
ogram-based automated diagnostic pipeline designed to
predict pleural invasion (PI) from preoperative PET/CT
images. PI in lung cancer serves as a critical prognostic
factor, significantly influencing clinical decision-mak-
ing and treatment planning for patients with non-small
cell lung cancer (NSCLC) [9, 10]. Accurate preoperative
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identification of PI is essential for determining surgical
approaches and predicting disease progression [11]. Tra-
ditionally, predictive models such as nomograms have
been developed to address this type of diagnostic need
by incorporating clinical, radiological, and pathologi-
cal data [12, 13]. These models offer individualized risk
predictions by integrating parameters such as tumor
size, pleural thickening, and the maximum standardized
uptake value (SUVmax) from imaging. [14, 15] Despite
their demonstrated utility, traditional methods rely on
manual measurement and feature extraction, processes
that are often time-intensive and prone to interobserver
variability—challenges that are particularly pronounced
in high-volume clinical settings where efficiency is a criti-
cal requirement [16, 17].

This study presents a hybrid diagnostic framework
consisting of two key components: a feature-based diag-
nostic model (FDM), which utilizes radiomic features to
generate interpretable clinical insights, and an Al-ena-
bled diagnostic pipeline (AIDP), which integrates these
insights into a fully automated diagnostic workflow.
Building on this foundation, we developed an automatic
diagnostic system (ADS) capable of predicting PI with
high accuracy while simultaneously improving the inter-
pretability and clinical usability of the results. This frame-
work bridges traditional diagnostic practices and modern
Al capabilities by incorporating interpretable radiomic
features in alignment with clinical diagnostic habits,
while also streamlining diagnostic processes through Al-
driven automation. By combining these complementary
strengths, our approach seeks to advance preoperative PI
prediction in NSCLC, offering a solution that is not only
accurate and efficient but also scalable and adaptable to
clinical workflows.

Methods

Workflow overview

The computer-aided diagnostic strategies employing
radiomics and clinical features, such as the FDM devel-
oped, traditionally find their clinical applications in the
form of nomograms. However, this is a laborious multi-
step procedure involving intensive human interference.
As shown in Fig. 1, the current research explores an
AIDP to substitute such interference. This AIDP contains
(1) an automatic segmentation module to generate masks
of the lesions and organs, (2) an automatic feature extrac-
tion module to generate various parameters based on the
images, and (3) an automatic model evaluation module to
calculate the model output. To demonstrate the effective-
ness of such a strategy, we developed an ADS by combin-
ing an FDM for predicting PI with preoperative PET/CT
images, and the AIDP for lung nodule.
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Fig. 1 The workflow of the proposed strategy

Clinical data acquisition

We retrospectively included 1116 NSCLC patients
who underwent [!®F]FDG PET/CT scans for the con-
struction of the Feature-Based Diagnostic model, with
1017 cases from Center 1 (Peking University Cancer
Hospital) between January 2018 and January 2023; and
99 cases from Center 2 (Peking University Third Hos-
pital) between August 2021 and August 2024. In the
dataset from Center 1, 503 cases had manually delin-
eated regions of interest (ROI), which were used for
constructing the feature-based model and the AIDP.
These cases were randomly divided into a training set
of 403 cases and an internal test set of 100 cases. An
additional 514 cases from Center 1 lacked manually
delineated ROI information. These cases were used for
constructing and evaluating the ADS, with 411 cases
randomly assigned to the training set and 103 cases
to the internal test set. The dataset from Center 2 was
used as an external test set. The patient enrollment pro-
cess is depicted in Fig. 2. Inclusion and exclusion crite-
ria are detailed in the supplementary materials.

This retrospective study was approved by the Institu-
tional Review Board of Center 1 (2018KT110) and the
Institutional Review Board of Center 2 (LM2020001),
and all methods were conducted in accordance with
approved guidelines.

Feature-based diagnostic model

Manual segmentation

The segmentation of CT and PET images was per-
formed manually using ITK-SNAP (version 3.8.0). To
minimize interobserver variability, a reader with over
five years of clinical diagnostic experience initially
manually segmented the regions of interest. Subse-
quently, the second reader with over 15 years of clini-
cal experience verified and confirmed the segmentation
results. In cases of disagreement between the two phy-
sicians, discussions were held to reach a consensus on
the ROI. Both readers were blinded to the clinical out-
comes throughout the annotation process. To enhance
efficiency, a drawing tablet with a stylus (Huion Kamvas
16, Huion, Shenzhen, China) was utilized during the
manual segmentation.

Two readers independently analyzed the PET/CT
images and extracted common clinical parameters for
each patient. The following parameters were recorded:
the major diameter of the tumor, the minor diameter of
the tumor, the consolidation-to-tumor ratio (CTR), the
tumor location, the shortest distance from the tumor to
the pleura, and SUVmax. Detailed definitions of these
parameters can be found in Table S1.
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Feature selection

Using the Pyradiomics package (version 3.1.0) in
Python (version 3.8.19), we extracted 200 radiomic
features from the ROIs of the PET/CT images. Subse-
quently, z-score normalization was applied to the entire
dataset to standardize the extracted features. Feature
importance was assessed using SHapley Additive exPla-
nations (SHAP) analysis to identify the most diag-
nostically valuable features. SHAP-based importance
ranking of all candidate features followed by incremen-
tal testing of top 1 to 15 features through accuracy eval-
uation on the internal test set. To mitigate batch effects
introduced by different devices, experimental condi-
tions, or scan batches, we applied the ComBat har-
monization method [18] after feature extraction. The
ComBat-harmonized data were then used for feature
selection, model training, and evaluation.

Model construction and evaluation

In this study, random forest, k-nearest neighbors, logis-
tic regression, decision tree, and adaptive boosting were
employed as base learners, with the multi-layer percep-
tron model serving as the meta-learner in the stacking
ensemble framework. The performance of the model
was evaluated using various metrics, including accu-
racy, sensitivity, and specificity. The model’s robustness
was assessed through internal test using three-times
five-fold cross-validation techniques, and its generaliz-
ability was further tested on the external test set.

Al-enabled diagnostic pipeline

Segmentation network

For lesion segmentation on CT images, we utilized the
nnU-Net framework within the MONALI library [19,
20]. For PET images, lesion segmentation was per-
formed using the ResU-Net framework [21]. The train-
ing process involved adjusting all image matrices to a
size of 128 x128x 128, followed by normalization of
the image data to enhance model performance.

The training process was conducted on a server
equipped with an Intel Core i7-8700 CPU, 64 GB RAM,
and an NVIDIA RTX 3090Ti GPU. For CT lesion seg-
mentation using nnU-Net, the total training duration
was 35 h over 300 epochs. The PET lesion segmentation
model (ResU-Net) required 18 h for 300 epochs. The
combined training time for both models was 53 h. We
used Python version 3.11.9 along with MONALI version
1.3.2 and PyTorch version 2.4.1 for the implementation.

The training was conducted using the Adam opti-
mizer, a variant of stochastic gradient descent. The
initial learning rate was set to 10~ and adjusted with
a gamma value of 0.99 throughout the training pro-
cess. The performance of the segmentation models was
evaluated using the dice similarity coefficient (DSC)
to quantify the overlap between the predicted and
ground-truth segmentation masks, while Dice Loss was
employed as the loss function during the backpropa-
gation phase of the CNNs. Each dataset combination
underwent training for 300 epochs to ensure robust
learning.
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For lung contour segmentation, we utilized the open-
source tool TotalSegmentator. TotalSegmentator is an
Al model trained using nnU-Net V2 on a large dataset,
capable of automatically segmenting 117 organs across
the body from CT data [22]. The implementation was
carried out using Python version 3.11.9 and TotalSeg-
mentator version 2.4.0, enabling efficient and accurate
segmentation of lung contours.

Automatic feature extraction

Using the largest cross-section of the tumor as a
standard, common clinical features were automati-
cally extracted from the tumor ROIs and lung contours
obtained through segmentation. The geometric relation-
ships were primarily calculated using the Shapely pack-
age (version 2.0.1), OpenCV-Python (version 4.8.1), and
NumPy (version 2.0.0). Detailed methodologies for fea-
ture extraction are provided in the supplementary mate-
rials. The clinical parameters extracted by the algorithm
were compared with the manually labeled parameters
using Spearman’s rank correlation coefficient. The lesion
ROIs and lung contours obtained from the automated
segmentation network were used to extract the nine radi-
omic features selected for the feature-based model.

Automatic diagnostic system for Pl prediction

ADS evaluation

The development of the ADS combines the FDM and the
AIDP described. Based on the segmentation results of
the lesions and lung contours, 6 automatically extracted
features and 9 radiomic features were incorporated to
construct the predictive model.

To compare the performance of models, confusion
matrix analysis was performed, calculating key metrics
such as accuracy, specificity, and sensitivity. Addition-
ally, the receiver operating characteristic (ROC) curve
was used to evaluate the model’s ability to distinguish
between lung cancer patients with and without PI.

Comparative analysis

To evaluate the performance of the ADS in predicting PI,
a comparative analysis was conducted against existing
methods. The performance of the default ADS (Model 1,
MONAI nnU-Net for lesion segmentation, TotalSegmen-
tator for organ segmentation) was benchmarked against
two alternative models to evaluate its effectiveness in
PI rediction. Other configuration unchanged, Model
2 utilized the Moosez segmentation tool [23] for lesion
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delineation, while Model 3 applied a maximum con-
nected region algorithm for lung contour segmentation.
Each model was evaluated on the same datasets for con-
sistency and comparability.

Efficiency-efficacy comparison with human physicians

To validate the clinical utility and efficiency advantages
of the ADS system, we conducted a comparative experi-
ment involving three nuclear medicine physicians with
varying clinical experience (Rater 1: in clinical train-
ing; Rater 2: 5 years’ diagnostic experience; Rater 3:
10 years’ diagnostic experience). Ten randomly selected
preoperative cases were independently evaluated using
a standardized protocol. The physicians were blinded
from the diagnosis results and the individual identifier
of the patient, and they used a previously developed set
of rules for PI diagnosis. Detailed criteria can be found
in the supplementary materials. Initially, all readers
performed visual assessment of pleural invasion status
for each case, with interpretation time and diagnos-
tic conclusions recorded. The ADS system simultane-
ously processed identical cases through its automated
pipeline, with total processing time and prediction
outcomes documented. Subsequently, all physicians
manually extracted three key imaging features previ-
ously established in publication [24] (jellyfish sign,
pleural thickening, and pleural contact area), while
the ADS executed automated feature extraction. To
quantitatively analyze system efficiency, we conducted
detailed time-motion analysis of ADS workflow compo-
nents using Case 1 as a representative example. In the
time analysis of ADS workflow components, we utilized
a high-performance system featuring an AMD Ryzen
9 9900X (12-core/24-thread, 5.37 GHz), 64 GB DDR5
RAM, RTX 4060 Ti GPU (16 GB VRAM/Tensor Cores),
and NVMe SSDs, integrated via PCle 5.0 motherboard
architecture to ensure accelerated computational paral-
lelism and data throughput.

All evaluations were performed on standardized
workstations to eliminate hardware variability. Diag-
nostic accuracy was calculated against pathologi-
cal gold standards, with ADS performance validated
against its internal test set labels.

Results

Patient characteristics

A total of 1,017 cases from Center 1 and 99 cases from
Center 2 were included in this study. The baseline char-
acteristics of the patient populations are summarized
in Table 1. The prevalence of PI was 45.3% in Center 1
and 52.5% in Center 2. Although there was a time gap
between the data collection periods at each center, no
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Table 1 Clinical characteristics of the patients with pulmonary
nodules in the different centers
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Table 2 Performance comparison between our feature-based
diagnostic model and other models

Characteristic Center 1 (n=1017) Center2 (n=99)

Gender

Male 446 (43.9%) 35 (35.4%)
Female 571 (56.1%) 64 (64.6%)
Age

Median (IQR) (y) 61 (54,67) 65 (60,72)
Smoke

No 680 (66.9%) 71 (71.7%)
Yes 337 (33.1%) 28 (28.3%)
CEA

<5.0ng/ml 807 (79.4%) 78 (78.8%)
>5.0ng/ml 210 (20.6%) 21 (21.2%)
CYFRA21-1

<33 ng/ml 827 (81.3%) 76 (76.8%)
>33 ng/ml 190 (18.7%) 23 (23.2%)
NSE

<152 ng/ml 710 (69.8%) 79 (79.8%)
>15.2 ng/ml 307 (30.2%) 20 (20.2%)
Thrombus

No 887 (87.2%) 80 (80.8%)
Yes 130 (12.8%) 19 (19.2%)
Spiculation

No 247 (24.3%) 31(31.3%)
Yes 770 (75.7%) 68 (68.7%)
Lobulation

No 158 (15.5%) 16 (16.2%)
Yes 859 (84.5%) 83 (83.8%)
Contact distance from the pleura

Median (IQR) (cm) 0.14 (-=0.79,1.51) -05(-08,14)
Relationship of nodules to the pleura

il 259 (25.5%) 24 (24.2%)

/v 758 (74.5%) 75 (75.8%)
CTR

Median (IQR) 0.2 (0,0.6) 0.7 (04,0.9)
SUVmax

Median (IQR) 36 (1.6,7.5) 3.8 (1.6,9.9)
The status of PI

Negative 556 (54.7%) 47 (47.5%)
Positive 461 (45.3%) 52 (52.5%)

IQRinterquartile range, CEA carcinoembryonic antigen, CYFRA21-1 cytokeratin
19 fragment, NSE neuron-specific enolase, CTR consolidation-to-tumor ratio,
SUVmaxthe maximum standardized uptake value

statistically significant differences in baseline clinical
characteristics were observed between the two centers,
indicating comparable populations for analysis.

Proposed model Previous model Radiomics-based

model
Internal test set
Accuracy 0.90 (90/100) 0.66 (66/100) 0.79 (79/100)
Sensitivity  0.90 (43/48) 0.63 (30/48) 0.85 (41/48)
Specificity  0.90 (47/52) 0.69 (36/52) 0.73 (38/52)
AUC 0.95 0.73 0.83
External test set
Accuracy 0.82 (81/99) 0.63 (62/99) 0.67 (66/99)
Sensitivity  0.79 (41/52) 0.52 (27/52) 0.69 (36/52)
Specificity  0.85 (40/47) 0.74 (35/47) 0.64 (30/47)
AUC 0.90 0.69 0.78

The highest metrics among the models are highlighted with bold font

Development and evaluation of the feature-based
diagnostic model

Feature selection

From the PET/CT images, a total of 200 radiomic fea-
tures were extracted. As shown in Figure S1, the model
reached peak validation accuracy of 0.79 (£0.01% fluc-
tuation) when 9 radiomics features were included. These
included one gray-level run-length matrix (GLRLM)
feature, two gray-level co-occurrence matrix (GLCM)
features, three first-order statistical features, and three
shape-based features. Additionally, six clinical features
were analyzed for importance. The importance ranking
of clinical features is shown in Figure S2(a). Figure S2(b)
illustrates the SHAP-derived importance ranking of these
radiomic features, highlighting their relative contribu-
tions to the diagnostic model.

Model performance
The diagnostic performance of the FDM was evaluated
across multiple datasets, demonstrating strong predic-
tive capabilities for PI. Constructed using 9 selected radi-
omic features and 6 clinical features, the model achieved
an area under the ROC curve (AUC) of 0.95 in the inter-
nal test set and 0.90 in the external test set, indicating
robust discrimination in both settings. Furthermore, the
stacked ensemble model, which combined multiple indi-
vidual models, outperformed the single model, achieving
accuracies of 0.90 and 0.82 on the internal and external
test datasets, respectively. The performance compari-
son between the stacked ensemble model and individual
machine learning models is shown in Table S2.
Incorporating clinical features into the model signifi-
cantly enhanced its predictive performance compared
to a radiomics-only approach. To further validate the
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Fig. 3 Visualization of segmentation results. a Lesion segmentation; b Lung contour segmentation

Table 3 The Spearman correlation coefficient between the
automated and manual clinical parameters

Variable Internal test set External test set

r p value r p value
Major diameter 0.80 P<0.05 0.88 P<0.05
Minor diameter 0.87 P<0.05 0.90 P<0.05
Tumor Location 0.79 P<0.05 0.94 P<0.05
CTR 0.57 P<0.05 0.58 P <0.05
SUVmax 094 P<0.05 0.96 P<0.05
Shortest distance 047 P<0.05 045 P<0.05

from the pleura

superiority of the proposed model [24], its performance
was compared with a recently published method that
predicts PI risk based on preoperative CT imaging. Using
the same datasets, the proposed model demonstrated
superior performance in terms of accuracy, sensitivity,
specificity, and AUC across all sets, as detailed in Table 2.

Development and evaluation of the AIDP
Segmentation performance evaluation
The segmentation performance of the AIDP was evalu-
ated on both PET and CT images, focusing on the auto-
mated delineation of lung lesions and lung contours.
The nnU-Net and ResUNet models demonstrated high
accuracy in segmenting lesions on CT and PET images,
respectively. The learning curve of the neural network is
shown in Figure S3. For CT images, the nnU-Net model
achieved a mean DSC of 0.85, indicating a satisfactory
level of agreement in delineating lung lesions. Figure 3a
shows representative examples of the segmented lung
tumors on CT, demonstrating the model’s ability to cap-
ture tumor boundaries effectively.

For PET images, the ResU-Net model yielded a mean
DSC of 0.89, reflecting a high degree of accuracy in seg-
menting regions of high ["®F]JFDG uptake. The model

was particularly effective at identifying metabolic tumor
boundaries, as demonstrated in the PET examples shown
in Fig. 3a.

The lung contours automatically segmented using
TotalSegmentator were highly consistent with the actual
lung boundaries, demonstrating excellent performance in
capturing anatomical details. Figure 3b presents a visual
example of the automatically segmented lung contours.

Feature extraction

Clinical features were automatically extracted from the
segmented ROIs. Table 3 provides a summary of the
correlation analysis between the automated and manual
clinical parameters. These high correlation values indi-
cate a strong agreement between the automated system
and manual measurements, further validating the relia-
bility of the automated feature extraction process. Figure
S4 illustrates the visualization of the correlation analysis
between manually delineated and automatically extracted
features in the external test set.

Development and evaluation of the ADS for Pl prediction
Model performance

The diagnostic performance of the ADS was evaluated
across internal and external test datasets, demonstrating
strong and consistent predictive ability for PI. This fully
automated pipeline, integrating segmentation, feature
extraction, and classification, achieved an AUC of 0.95
on the internal test set and 0.89 on the external test set,
reflecting excellent discrimination across diverse patient
populations.

The end-to-end system achieved an accuracy of 0.87,
sensitivity of 0.90, and specificity of 0.85 in the internal
test set, while achieving an accuracy of 0.82, sensitivity
of 0.83, and specificity of 0.81 in the external set. Com-
parative analysis with the human-based diagnostic pipe-
line indicated that the ADS achieved comparable overall
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Table 4 The performance comparison between the ADS and
other models

Model 1 Model 2 Model 3
Internal test set
Accuracy 0.87 (90/103) 0.77 (79/103) 0.86 (89/103)
Sensitivity 0.90 (43/48) 0.90 (43/48) 0.88 (42/48)
Specificity 0.85 (47/55) 0.65 (36/55) 0.85 (47/55)
AUC 0.95 0.85 093
External test set
Accuracy 0.82 (81/99) 0.73 (72/99) 0.78 (77/99)
Sensitivity 0.83 (43/52) 0.83 (43/52) 0.81 (42/52)
Specificity 0.81 (38/47) 0.62 (29/47) 0.74 (35/47)
AUC 0.89 0.80 0.85

The highest metrics among the models are highlighted with bold font

diagnostic performance while demonstrating superior
sensitivity.

Comparative analysis

On the different datasets, ADS (Model 1) demonstrated
the highest diagnostic performance in terms of accuracy,
sensitivity, and specificity, outperforming both Model 2
and Model 3. These results consistently highlight ADS’s
advantage in providing reliable and robust predictions
across diverse datasets. A detailed performance compari-
son is provided in Table 4.

In terms of discrimination ability, the AUC was 0.95 for
Model 1 on the internal dataset, significantly higher than
0.85 for Model 2 and 0.93 for Model 3. On the external
dataset, ADS maintained superior performance with an
AUC of 0.89, compared to 0.80 for Model 2 and 0.85 for
Model 3. The ROC curves of the three models are shown
in the Fig. 4.
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Efficiency-efficacy comparison with human physicians

Figure 5a demonstrates the diagnostic performance and
time distribution for PI assessment across three read-
ers and the ADS system. The ADS achieved superior
mean interpretation time (29.81+0.47 s/case) compared
to physicians’ 104.3+£59.08 s (Reader 1), 65.4+25.70 s
(Reader 2), and 66.2 +10.54 s (Reader 3). Diagnostic accu-
racy analysis revealed ADS superiority (0.9) over human
readers (0.7, 0.6, and 0.6 for Readers 1-3 respectively).
Notably, ADS maintained consistent processing speed
across all cases, while physicians’ interpretation times
exhibited significant case-dependent variability.

Figure 5b illustrates temporal differences in manual
versus automated feature extraction. The ADS com-
pleted required feature extraction in 9.45+0.43 s/case,
substantially faster than physicians’ manual measure-
ments (109.3+59.08 s, 42.6+25.70 s, and 40.3+10.54 s
for Readers 1-3 respectively). Automated feature quan-
tification demonstrated particular advantages in com-
plex geometric calculations, as evidenced by significantly
lower time variance (ADS SD=0.43 s vs. physician SD
range =10.54-59.08 s).

Detailed workflow analysis for Case 1 (Fig. 5¢) revealed
total ADS processing time of 31.58 s, comprising auto-
mated segmentation (16.00 s, 50.66%) and feature extrac-
tion (9.85 s, 31.19%), with remaining time allocated to
data preprocessing and classification. This granular tem-
poral decomposition quantitatively demonstrates the
system’s efficiency optimization across computational
stages.

Discussion

This study presents a strategy for an automatic diagnos-
tic pipeline, demonstrated by the development and vali-
dation of an ADS for predicting PI in NSCLC patients
using PET/CT imaging. By integrating radiomic and
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Fig. 4 The ROC curves of the three models in the internal test set (a) and external test set (b)
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Fig. 5 Efficiency-effectiveness comparison between the ADS system and human readers. a Comparative performance of pleural invasion
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represents case ID, while the y-axis indicates interpretation time per case. b Box-and-whisker plots comparing manual versus automated feature
extraction times across three readers and the ADS system. ¢ Time decomposition analysis of the ADS workflow for Case 1, illustrating computational

resource allocation across system modules

deep learning methodologies, the ADS achieves a bal-
ance between automation and interpretability, addressing
existing gaps in clinical diagnostic workflows.

In this study, SUVmax and CT GLRLM RunLengthNon-
Uniformity were identified as the most influential predic-
tors for PI in lung cancer patients. SUVmax reflects the
metabolic activity of the tumor, which is closely related to
the tumor’s aggressiveness and invasive potential. Previ-
ous studies have confirmed that SUVmax is an independ-
ent predictor of PI in lung cancer, demonstrating good
stability [25]. Studies have also reported that NSCLC
patients with SUVmax <1.3, regardless of tumor size, did
not exhibit pleural invasion, and a positive correlation
was observed between SUVmax and pleural infiltration
(r=0.456, p<0.001) [26]. High SUVmax values are pre-
dictive of increased risks of lymph node involvement,
distant metastasis, and recurrence, thereby guiding pre-
operative staging and therapeutic strategies [27]. Addi-
tionally, a high SUVmax was associated with a shorter
overall survival and disease—free survival, suggesting
that SUVmax could be used as a biomarker to predict the
efficacy of neoadjuvant chemotherapy and patient prog-
nosis [28]. On the other hand, CT GLRLM RunLength-
NonlUniformity captures tumor texture heterogeneity,
which correlates with histopathological complexity and
genomic instability. Tumors with higher heterogeneity

are more likely to exhibit invasive growth patterns due to
clonal diversity and adaptive resistance mechanisms [29].
These findings underscore the importance of integrating
metabolic and texture-based data to improve the accu-
racy of PI prediction.

In the evaluation of the FDM in this study, we found
that the stacked ensemble model outperformed indi-
vidual machine learning models, a finding consistent
with previous research [30, 31]. The stacked ensemble
approach, by combining the predictions of multiple base
learners, effectively reduces the bias and variance that
individual models may have, thereby enhancing the gen-
eralization ability and accuracy of the model. Further-
more, the performance of the stacked ensemble model
surpassed that of previously proposed single-modality
CT models [24] and single-radiomics models, further
demonstrating the importance of multimodal data in
disease prediction. Single-modality models often rely
solely on one type of feature, such as structural infor-
mation from CT images or quantitative features from
radiomics data. In our study, the supplementation of
clinical features and PET/CT metabolic information sig-
nificantly improved model performance. This highlights
that PET/CT provides valuable biological activity infor-
mation of the tumor, while clinical features contribute
essential structural and locational information, and their
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integration greatly enhanced the model’s accuracy in pre-
dicting pleural invasion.

In the correlation analysis between automatically
extracted clinical features and manually delineated fea-
tures, we observed certain discrepancies, particularly
in the parameters of the CTR and the shortest distance
from the pleura. The automatic extraction method relies
on image processing algorithms, such as ellipse fitting
and contour extraction, which are effective in capturing
tumor regions and associated structural information.
However, due to the sensitivity of these algorithms to
image preprocessing, segmentation accuracy, and noise,
certain features—such as the boundary of the solid com-
ponent and the contact points between the tumor and
the pleura—may not align perfectly with manual deline-
ation, leading to discrepancies in the numerical values
between the two methods. Despite these differences, the
automatic extraction method does not diminish its clini-
cal value. On the contrary, it offers a fast and standard-
ized approach for feature extraction, which can assist
clinicians in decision-making processes. The automation
of feature extraction provides efficiency and consistency,
significantly saving time when processing large datasets
and reducing human biases.

The ADS demonstrated high diagnostic accuracy, com-
parable to experienced clinicians, by leveraging a combi-
nation of radiomic and clinical features. These features,
being well-understood in clinical practice, enhance the
interpretability of the model. Research has shown that
compared to manual diagnostic methods, the ADS sys-
tem demonstrates higher sensitivity in the external test
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set. This can be attributed to its ability to systematically
analyze large datasets and detect subtle patterns that
might be overlooked in manual evaluations. The auto-
mated segmentation and feature extraction processes
ensure consistency, reducing observer variability, which
is a significant limitation of manual methods. This transi-
tion holds promise for improving workflow efficiency in
clinical settings and ensuring consistent diagnostic out-
comes across institutions.

To address concerns regarding protocol vari-
ability, we systematically evaluated the impact of
ComBat harmonization on model performance. Post-
correction, the ADS demonstrated statistically significant
improvements(Supplementary Table S3). These results
underscore the necessity of batch effect correction in
radiomic workflows, particularly when integrating multi-
institutional data. While retrospective harmonization
mitigates existing biases, future studies should prioritize
real-time adaptive methods to address protocol heteroge-
neity in dynamic clinical settings.

In this research, we have demonstrated the feasibility
of a strategy to circumvent the limitations of traditional,
manual nomogram application. The AIDP we developed
accommodates various FDMs, provided that the segmen-
tation capabilities and generated features are compatible.
This can be conceptualized as a set of optical filters, as
illustrated in Fig. 6. The "optical apparatus" (AIDP) can
accommodate an exchangeable set of "filters" (FDM), with
each filter representing a distinct diagnostic model appli-
cable to the same disease. Each filter can yield a specific
diagnostic result (e.g., malignancy, pathological subtype),

( FDM Set

Model 1 Model 2 Model 3

o

O

\ FDM: feature-based diagnostic model
AIDP: Al-based diagnostic pipeline

FDM v v v
=% =
1§24 " Positive

|

AIDP Diagnosis

Fig. 6 The‘optical filter"illustration of the proposed automatic diagnostic strategy. The Al-based diagnostic pipeline (AIDP,“apparatus”) proposed
may support a set of different feature-based diagnostic models (FDMs, “filters”). Inserting different FDMs may diagnose different aspects

of the disease shown on the image. Icon by pmicon at flaticon.com
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revealing a particular aspect of the input images. By
implementing such a strategy, the practical application of
various radiomics-based nomograms in clinical settings
could be significantly enhanced.

Despite the promising results of this study, several limi-
tations need to be acknowledged. First, the retrospective
study design may introduce selection bias. Additionally,
while automated feature extraction was employed to
improve efficiency, the accuracy of the segmentation and
feature extraction process is still heavily dependent on
the preprocessing and segmentation algorithms. In some
challenging cases, such as small or irregularly shaped
lesions, the algorithm might struggle to achieve accurate
tumor delineation, which could lead to discrepancies in
extracted features.

Future work will focus on several improvements.
Improving segmentation accuracy through the use of
more deep learning techniques, such as attention mech-
anisms, will be essential to handle challenging tumor
delineation cases. Additionally, large-scale multi-center
validation with heterogeneous imaging protocols and
tumor subtypes will be prioritized to ensure robustness
across diverse clinical scenarios. Future work will pri-
oritize prospective multi-center trials comparing the
performance of the ADS against standard qualitative
analyses conducted by experienced radiologists and cli-
nicians. Such trials will assess diagnostic concordance,
workflow efficiency, and interobserver variability reduc-
tion in real-world settings. Additionally, we aim to inves-
tigate the impact of ADS-guided predictions on clinical
decision-making, including surgical planning, adjuvant
therapy selection, and patient outcomes. Furthermore,
we plan to explore the system’s adaptability to other clini-
cal scenarios (e.g., lymph node staging or recurrence pre-
diction), leveraging its modular "optical filter" framework
to support diverse diagnostic models. Through these
efforts, we envision the ADS becoming a trusted tool for
clinicians to optimize NSCLC management and, ulti-
mately, improve patient outcomes.

Conclusion

In conclusion, this study highlights the potential of a fully
automated diagnostic system to transform the assess-
ment of PI in NSCLC patients. By combining AI tech-
nologies with clinical expertise, the ADS achieves high
diagnostic accuracy, efficiency, and scalability. With fur-
ther validation and optimization, the ADS has the poten-
tial to enhance clinical workflows and improve patient
outcomes.
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