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Highlights

* This study introduces a novel method to predict the efficacy of PD1/PD-L1 inhibitors in non-small cell lung can-
cer by extracting radiomic features from pre-treatment and post-treatment CT images.

¢ Integrating biological features and radiomic features enhances predictive performance.

* The newly proposed segmentation model achieved a dice coefficient of 90.09%, enabling accurate lesion seg-
mentation.

Abstract

Objective: To propose a method for predicting immunotherapy outcome in non-small cell lung cancer based on
computed tomography images before and after treatment. Methods: An improved U-net model incorporating Ef-
ficient Channel Attention was used to segment lesions. Radiomic features of lesions were extracted using PyRa-
diomics package and combined with biological indicators. Feature selection and dimensionality reduction were
performed using linear discriminant analysis and Pearson correlation algorithms. A support vector machine was
used to establish the predictive model. Results: The proposed segmentation model achieved a Dice coefficient
of 90.09%, a positive predictive value of 89.23%, and an intersection over union of 82.15%, outperforming main-
stream segmentation models. The proposed predictive model achieved an area under the curve of 85.05%, accu-
racy of 77.59%, specificity of 81.68% and sensitivity of 73.52%, all superior to models based solely on single-time
computed tomography images or lacking biological features. Conclusion: The proposed method provides an ef-
fective approach for predicting the efficacy of immunotherapy in non-small cell lung cancer patients and offers a
valuable tool to support clinical decision-making.

Keywords: Immunotherapy, medical image segmentation, non-small cell lung cancer, machine learning, feature
engineering

Introduction from ICls, suggesting that the efficacy of ICls

in NSCLC is not universally predictable [5, 6].

Lung cancer is a prevalent malignancy
worldwide, with non-small cell lung cancer
(NSCLC) accounting for 80%-85% of all lung
cancer cases, making its treatment a critical
focus in the medical field [1, 2]. Studies
have demonstrated that immune checkpoint
inhibitors (ICls) significantly enhance the
objective response rate and prolong the
survival of lung cancer patients. As a result, PD-
L1 testing is clinically recommended for NSCLC
patients to identify those who may benefit
from immunotherapy [3, 4]. However, even
PD-L1-negative patients have shown benefits

Additionally, PD-L1 testing, being invasive,
is not universally suitable [7]. Therefore,
developing a model capable of accurately and
non-invasively predicting the efficacy of lung
cancer immunotherapy is crucial for optimizing
treatment strategies and improving patient
outcomes. The segmentation of lesion areas
and the selection of relevant features are
critical components of this process.

The U-Net network proposed by Ronneberger
et al. has been widely used in medical image
processing due to its superior performance and
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relatively low training sample requirements [8].
The U-Net++ proposed by Zong et al. enhanced
feature map connectivity across different
resolutions, enabling the capture of higher-
level features and improving segmentation
performance [9]. Chen et al. proposed the
Trans-U-net, which inputs features extracted
by a convolutional neural network encoder into
a transformer to model global relationships,
thereby enhancing the model’s contextual
understanding capabilities [10]. Cao et al.
proposed the Swin-U-net, which incorporates
a Hierarchical Self-Attention Mechanism and
Shifted Window technique to improve feature
extraction and processing efficiency [11].
While U-Net and U-Net++ are convolutional
neural network-based models known for their
lightweight parameters, they have limitations in
capturing global image structure and context.
In contrast, transformer architecture-based
models, such as Trans-U-Net and Swin-U-net,
utilize the transformer’s ability to capture global
information, making them particularly effective
in computing long-distance dependencies. This
enables more efficient feature learning and
detailed recovery.

He et al. established a model to predict the
outcome of ICls using radiomic biomarkers as
features, achieving an Area Under the Curve
(AUC) of 0.81 [12]. In another study, He et al.
classified the ICI outcomes in NSCLC patients
into disease progression and partial response
using CT image features, achieving AUC values
of 0.78 and 0.81, respectively [13]. Shen et
al. extracted ten texture feature sets to predict
efficacy, resulting in an AUC of 0.81 [14]. Gong
et al. combined 1,118 CT radiomic features
to predict ICI efficacy, achieving an AUC of
0.82 [15]. These studies demonstrate the
effectiveness of imaging data in predicting
treatment outcomes. However, they primarily
focused on medical image data from a single
time point, overlooking the temporal changes
in tumor characteristics. Additionally, these
studies did not incorporate patients’ biological
indicators. Combining imaging data with
biological and clinical indicators offers a more
comprehensive assessment of a patient’s
overall health.

This study presents an improved U-Net
segmentation model based on Efficient
Channel Attention (ECA) to accurately segment
the lesion regions of interest in CT images
[16]. The proposed prediction model combines
radiomic features from chest CT images and
biological indicator features collected from two
time points, before and after immunotherapy.
Feature dimensionality reduction and selection
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were performed using LDA and Pearson
algorithms, and a SVM was employed to
establish the prediction model [17-19].

Materials and methods
Materials

This study was approved by the Ethics
Committee of Shanghai Chest Hospital (Ethics
approval number: KS24074). The research
included 427 pairs of pre- and post-treatment
CT images and biological markers (12
biomarkers, including white blood cell count
and neutrophil count) from 103 NSCLC patients
[20, 21]. Lesions were annotated by two senior
radiologists, while treatment efficacy was
assessed by one senior radiologist and one
senior pulmonologist according to the RECIST
1.1 criteria. Efficacy was categorized into three
types: partial response, stable disease, and
progressive disease [22, 23].

Methods

The overall workflow of this study is illustrated
in Figure 1. The proposed segmentation model
was employed to segment lesions, followed by
extraction of various features from CT images.
Biological features were also collected from
clinical test reports of the patients. Feature
selection and dimensionality reduction were
then performed to identify the features
sensitive to predicting immunotherapy efficacy.
Finally, the processed features were input into
an SVM classifier to predict the immunotherapy
outcome for the patients.

Lesion segmentation model

An improved segmentation model, named
the Multi-Size Self-Attention model (MSSA)
is proposed in this study. The workflow is
illustrated in Figure 2. We employed a multi-
size self-attention learning module based on
the ECA module, which is embedded after every
two 3x3 convolutional layers in the encoder.
Additionally, a prompt-based cropping module
that uses the mouse-clicks as prior knowledge
was incorporated into the MSSA.

Multi-scale self-attention module

The multi-scale self-attention module employs
a two-layer structure. Initially, the original
feature map is divided into sub-feature maps,
each with half the original size. These sub-
feature maps are then processed using the
multi-head self-attention mechanism to
compute pixel-wise associations in both local
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Figure 1. Overview of the prediction framework. The framework consists of three main modules: segmentation,
feature engineering, and prediction. The segmentation module segments the lesion regions of interest, which are
then input into PyRadiomics to extract radiomic features. These features undergo feature selection and
dimensionality reduction, which are combined with biological features for further dimensionality reduction.
Finally, the processed features are input into the SVM model.
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Figure 2. The architecture of the proposed MSSA. Blue boxes correspond to a multi-channel feature maps;
Orange boxes refer to feature maps processed by the Multi-Size Self-Attention Learning Block; White boxes
represent copied feature maps; Arrows denote different operations.

and global regions. The resulting pixel features
are further processed by the ECA module,
which enhances key features by weighting
each channel. Afterward, the processed sub-
feature maps are concatenated back to their
original size, producing a weighted feature
map. This weighted feature map is then divided
into sub-feature maps, each with one-fourth
of the original size, and the aforementioned
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operations are repeated. This method is
particularly effective for lesion segmentation
in lung CT images, addressing issues such
as boundary blurring and feature extraction
difficulties, ultimately achieving more precise
segmentation. The diagram is shown in Figure
3.

The multi-head self-attention mechanism
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Figure 3. Schematic diagram of the multi-scale self-attention learning module (H, W, and C represent the
height, width, and channel dimensions of the feature map, respectively). The input feature map is divided into
2 sub-feature maps of half size and then sequentially fed into the multi-head self-attention module and Efficient
Channel Attention (ECA) module. Subsequently, the sub-feature maps are concatenated back to the original size.
Following this, the resulting feature map is further divided into 4 sub-feature maps of one-quarter size, and the

aforementioned process is repeated.

generates weight matrices w;, ,w, and w, based
on the similarity relationships between pixels
[24]. Then, the query matrix (Q), key matrix (K),
and value matrix (V) are obtained according to
Equation (1):

Q=W,-X
K=Wy-x (1)
V=W, -x

Thus, the mathematical expression of the self-
attention mechanism is:

ZN
i=1

QK
TV @)

Softmax (e;pISSE) exp (5}-)) -V,

=1

Where: N represents the maximum index value
within the matrix; Si denotes the similarity
between Q and K; Vi represents the value
indexed by i in V; and d is the dimension of Q
and K. Following the self-attention mechanism,
an ECA module is incorporated. The ECA
module utilizes a linear transformation
combined with global average pooling, offering
lower computational complexity compared to
other channel attention mechanisms. Figure
4 illustrates the corresponding schematic
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diagram:

First, global average pooling is applied to the
feature map, as shown in Equation (3):
1
GAP(U) = ——57—U; ;
) WxHE 3
Then, convolution operations are performed on
GAP(X) using a dynamic 1D convolutional kernel
of size k to learn the importance weights
between different channels. The definition of
the convolution kernel adaptive function and
weights wER1x1xC is as follows:

logz(C) + b
Y 4

k=y(C) = @

odd

w = Sigmoid (CIDL(GAP(V)))  (5)

Where, in Equation (4), k represents the
convolutional kernel size, |.|odd ensures
that & is an odd number, and y and b are
used to adjust the ratio between C and £ ;in
Equation (5), the vector w adjusts the attention
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Figure 4. Schematic diagram of the Efficient Channel Attention (ECA) mechanism. X represents the input
feature map. First, global average pooling (GAP) is performed, followed by a convolution using a 1D convolutional
kernel of size k. o denotes the Sigmoid activation function, represents element-wise multiplication, and is the
weighted feature map. The features of each channel are adjusted according to their importance.

weights of each channel, and the Sigmoid
function computes the activation values of the
1D convolution output. Finally, the generated
weights are applied to the original feature map
through element-wise multiplication, enhancing
important channels while suppressing less
important ones [25].

Prompt-based cropping module

In this module, a physician is required to
perform a single click at the center of the lesion
on any slice of the CT scan. The click point
serves as the center, for cropping the CT image
according to Equation (6), resizing the CT image
to (128, 128) pixels, as illustrated in Figure 4.
When processing 3D CT data, this interactive
point is propagated to other CT slices via
translation, allowing all CT slices to undergo the
cropping operation.

X1=X R
-T2
X2—X+R
o 2
Yl=Y R 6
= > (6)
Y2—Y+R
- 2

Img *= Img[X1:X2,Y1:Y2]

Here, (X, Y) represents the coordinates of the
interactive point provided by the physician, R is
the size of the desired ROI to be cropped, and
X1, X2, Y1, Y2 are the horizontal and vertical
coordinates after cropping. The brackets []
denote the slicing operation. To save labor,
the interactive points in the training set are
obtained based on the mask images.

Feature selection

Radiomic features were extracted from the
CT images using the PyRadiomics tool. These
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features were then matched with the patient’s
data and the timing of the CT examinations.
This resulted in a dataset of 427 pairs of 3D CT
images from the same patient before and after
treatment, comprising over 1,500 different
feature differences. Two feature selection
methods (Pearson and LASSO) were applied
to this dataset to identify the top 21 radiomic
features most relevant to treatment efficacy
[26-29]. Furthermore, these selected features
were combined with 12 biological features for
Principal Component Analysis (PCA) and LDA,
aiming to optimize the data representation [30,
31].

Outcome prediction

SVM was selected as the classification
prediction model due to its strong ability in
handling high-dimensional and nonlinear
data. By maximizing the margin and utilizing
kernel functions, SVM demonstrates excellent
generalization performance and robustness
against overfitting, making it widely used in the
medical field as well as other domains [32-34].

Experiments and results
Experimental configuration

All experiments were conducted on a system
equipped with an Intel i12-12700KF processor,
Nvidia RTX 3090 GPU, and 16 GB of memory.
The software configuration included Python
3.9 and PyTorch 1.8. The dataset was split into
training and testing sets in an 8:2 ratio. For
the segmentation model, stochastic gradient
descent was chosen as the optimizer, with a
batch size of 9, an initial learning rate of 0.001,
and a total of 100 iterations. The loss function
combined binary cross-entropy and Dice loss
(BCE-Dice-Loss). Due to the high computational
cost, b-fold cross-validation was employed
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Table 1. Comparison of Segmentation Performance of Various Models on the Test Set

Methods/ o o N
Evaluation Metrics ) 7 () oIS () alb=S
U-net* 78.92+1.52 85.58+1.31 86.26+1.52 2.35+0.51
U-net++* 78.52+1.12 85.21+1.46 86.34+1.23 2.85+0.56
Swin-U-net* 79.82+1.58 86.27+1.71 87.06+1.12 2.23+0.36
Trans-U-net* 79.12+1.62 85.63+1.43 86.45+1.01 2.09+0.41
MSSA 80.08+1.27 88.86+1.12 88.40+0.95 2.21+0.43
U-net* 79.85+1.34 87.92+1.01 87.85+1.82 2.33+0.53
Incorporation of U-net++* 79.23+1.29 87.12+1.89 87.26+1.43 2.62+0.51
Prompt-based Swin-U-net* 80.23+1.45 88.51+1.27 88.05+1.32 2.35+0.56
Cropping Module
Trans-U-net* 80.28+1.04 88.11+1.81 88.29+1.27 2.07+£0.58
MSSA 82.15+1.02 89.23+1.04 90.09+1.28 2.18+0.31

Note: * Indicates significant difference compared to MSSA model. loU, Intersection over Union; PPV, Positive

Predictive Value.

Table 2. Comparison of Segmentation Performance in Ablation Experiments for Different Models

Baseline Model Modulel Module2  IoU (%) PPV (%) Dice (%) Hd_95

\ 78.92+1.52 85.58+1.31 86.26+1.52 2.15+0.51
V V 80.08+1.27 88.86+1.12 88.40+0.95 2.86+0.31
y v 79.85+1.34 87.92+1.01 87.85+1.82 2.33+0.53
V V \ 82.15+1.02 89.23+1.04 90.09+1.28 2.18+0.43

Note: loU, Intersection over Union; PPV, Positive Predictive Value.

to evaluate segmentation performance,
balancing computational efficiency with
evaluation reliability. The classification model
SVM was trained and tested using the Scikit-
learn package in Python and its performance
was evaluated using 10-fold cross-validation,
providing fine-grained and robust evaluation
with relatively low computational burden [35].

Results
Lesion segmentation model

The upper part of Table 1 presents the
performance of various models on the lung
lesion segmentation task. The U-Net network,
serving as the baseline model, achieved a Dice
coefficient of 86.26%. The best-performing
comparison model was the Swin-U-Net, with
a Dice coefficient of 87.06%. Our proposed
method, MSSA, achieved an intersection over
union (loU) of 80.08%, positive predictive
value (PPV) of 88.86%, and Dice coefficient of
88.40%, outperforming all other models.

The lower part of Table 1 shows the
performance of each model after incorporating
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the prompt-based cropping module. All models
exhibited an improvement of over 1% in the dice
coefficient. Notably, the MSSA model achieved
an outstanding dice coefficient of 90.09%,
representing a performance improvement of
6.72% compared to the baseline U-Net model.

Ablation experiments of segmentation model

Table 2 presents a comparison of segmentation
performance for models derived from the
base U-Net network, incorporating different
combinations of two modules (Module 1: Multi-
scale Self-attention Learning Module and
Module 2: Prompt-based Cropping Module).
Incorporating the Multi-scale Self-attention
Learning Module improved the model’s loU,
PPV, and Dice coefficient by 1.45%, 3.83%
and 2.71%, respectively. Adding the Prompt-
based Cropping Module further enhanced
loU, PPV and Dice coefficient by 1.19%, 2.73%
and 1.84%, respectively. When both modules
were integrated, the model’s loU, PPV and Dice
coefficient are improved by 4.09%, 4.27% and
4.44%, respectively. These results validate that
the combined use of both modules significantly
enhances segmentation performance.
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E‘::;“re Eigg;zrmg AUC (%) Accuracy (%)  Sensitivity (%)  Specificity (%) PPV (%)
Lasso + PCA 49.41+822 51134320  35.32#2.79  42.32+125  33.68+17.59
Lasso + LDA 47.10+11.85  54.80+10.83 77.87+10.06 20.90+7.07  59.47+14.86
DA oearson +PCA 613111552 6124+10.60 4331:2121 755241320 56.01:14.22
Pearson +LDA 58.17+5.78  52.54+5.83 38464532  69.67+3.84  44.84+15.28
Lasso + PCA 67.53+13.87 60.17+7.91  38.49+13.96 81.40+8.57  60.49+17.29
Datap  LESSOTLDA  7826+10.27 69413001  80.12:897 60931672 68.90+16.39
Pearson +PCA 72.26+9.06  63.73+9.40  53.01+13.28 74.83+12.57 58.45+14.39
Pearson +LDA 78.97+9.39  69.04+7.09  62.24+t9.67  78.66+11.21 65.43:13.68
Lasso + PCA  74.44+523  66.93+6.96  52.00+14.67 78.37+6.89  63.27+11.17
Lasso + LDA 82.24+6.13  75.85+7.54  66.94+12.88 82.88+4.07  73.91+4.97
DAC  earson +PCA 81.83:628 75841871 663041427 8351:708 7523872
Pearson +LDA 85.63t9.67  77.60+9.93  73.524¢8.90  81.68+7.29  74.62+9.42

Note: PCA, Principal Component Analysis; LDA, Linear Discriminant Analysis; PPV, Positive Predictive Value.

Feature selection and outcome prediction

To evaluate the performance of the model, this
study employed three groups of data:

Data-A: Radiomic features derived solely from
the first period CT images of patients.

Data-B: Radiomic features from both the first
and second period CT images.

Data-C: Radiomic features from both periods
combined with biological features.

For each data group, two feature selection
methods (Pearson and LASSO) and two feature
dimensionality reduction methods (PCA and
LDA) were applied in various combinations.
The experimental results are shown in Table
3, with all prediction models using SVM for
classification. The optimal feature selection
scheme was identified as using Pearson
and LDA. The final results for specificity,
sensitivity, AUC, accuracy, and precision
reached 85.63%, 77.60%, 73.52%, 81.68%
and 74.62%, respectively. Notably, sensitivity,
AUC, and accuracy outperformed other feature
combinations.

Comparing Data-A and Data-B, experiments
based solely on radiomic features from pre-
and post-treatment CT images significantly
outperform those based on a single-period
CT image across all evaluation metrics.
This highlights the superiority of using

Progress in Medical Devices

multi-period CT images. When comparing
Data-B and Data-C, it was observed that
the combination of radiomic and biological
features consistently yielded better predictive
performance over radiomic features alone,
regardless of the feature engineering technique
used. This indicates that combining radiomic
and biological features provides a more
effective strategy for predicting the efficacy of
immunotherapy for lung cancer patients.

Ablation experiments on outcome prediction

Table 4 presents the comparison of
classification performance for models based on
the baseline SVM, using a dataset containing
radiomic features from two-period CT images
and biological features. Incorporating the
Pearson feature selection method improved
the model’s AUC and Accuracy by 62.62% and
27.96%, respectively. Adding the LDA feature
dimensionality reduction method resulted
in an improvement in AUC and accuracy by
64.52% and 23.43%, respectively. When both
methods are applied simultaneously, the
AUC and accuracy increased by 81.80% and
41.61%, respectively, demonstrating that the
incorporation of these feature engineering
techniques can significantly enhance
classification performance.

Discussion
This study proposes a method for predicting

the efficacy of immunotherapy in lung cancer,
leveraging pre- and post-treatment CT images.
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Table 4. Ablation Experiment Results for Outcome Prediction

Eﬂisde;'lne Pearson LDA  AUC (%) Accuracy (%)  Sensitivity (%) Specificity (%) PPV (%)

N 4710+11.85 54.80+10.83 77.87+10.06 20.90+7.07 59.47+14.86
N N 76.62+6.82  70.1245.46 63.42+10.72 75.92+7.98 66.18+9.45
N N 77.49+12.94 67.64+12.96 64.34+11.92 77.56+8.50 63.06+12.83
N \ v 85.63+9.67 77.60+9.93  73.52+8.90 81.68+7.29  74.62+9.42

Note: LDA, Linear Discriminant Analysis; AUC, Area under the curve; PPV, Positive Predictive Value.

It combines an improved U-Net segmentation
model, radiomic feature extraction, and
clinical biological indicators to achieve precise
predictions of immunotherapy outcomes for
NSCLC patients.

In terms of lesion segmentation, we introduced
a multi-scale self-attention learning module
based on ECA. This module enhances the
model’s ability to identify lesion areas by
performing self-attention computation and
channel weighting at multiple scales. The
experimental results show that the improved
MSSA model outperforms some existing
popular segmentation models across four
evaluation metrics, including the Dice
coefficient. Particularly, after integrating the
prompt-based cropping module, the Dice
coefficient reached 90.09%, significantly
improving the segmentation accuracy. This
improvement not only facilitates more precise
extraction of radiomic features from lesion
areas but also provides a reliable foundation
for subsequent efficacy predictions.

In constructing the predictive model, this
study incorporated data from pre- and post-
treatment CT images, along with relevant
clinical biological indicators. Using feature
engineering methods like Pearson correlation
analysis and LDA dimensionality reduction,
we selected the most relevant feature
combinations associated with treatment
efficacy. The experimental results showed that
models combining radiomic features from pre-
and post-treatment CT images and biological
features outperformed models relying solely
on single-period CT images or those without
biological features in terms of AUC, accuracy,
sensitivity and specificity. This suggests that
dynamic information on tumor changes during
treatment, coupled with the clinical state of
patients, plays a crucial role in predicting
treatment efficacy, thereby offering more
comprehensive and accurate predictive results.

Despite the achievements of this study, several
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limitations should be acknowledged. First, the
sample size is relatively small and primarily
drawn from a single center, which may limit the
generalizability of the model. Future studies
should validate and refine the model using
larger, multi-center datasets. Second, the
current research focuses predominantly on
NSCLC patients. The applicability of the model
to other types of lung cancer or its potential
for predicting immunotherapy efficacy in other
cancers remains to be explored.

Conclusion

This study proposes a method for predicting
the outcome of immunotherapy in lung cancer
patients based on pre- and post-treatment
CT images. By integrating the proposed
segmentation model, radiomic feature
extraction, and clinical biological indicators,
the method provides accurate predictions of
immunotherapy efficacy in NSCLC patients. The
proposed segmentation model outperforms
existing popular methods, providing an effective
solution for CT lesion segmentation in NSCLC.
The prediction model achieves specificity,
sensitivity, AUC, accuracy, and precision rates
of 85.63%, 77.60%, 73.52%, 81.68%, and
74.62%, respectively. These results provide new
insights into predicting immunotherapy efficacy
in NSCLC, enhancing the scientific basis for
medical decision-making. This method shows
strong potential for broad application in clinical
application, offering oncologists more precise
and effective diagnostic and treatment support.
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