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Abstract Accurate prediction of pathological complete
response (pCR) is useful for clinical precision treatment of
lung cancer. However, most existing pCR prediction methods
are based on either convolutional neural networks (CNNs)
or Transformers, which cannot effectively capture 3D global
information or fuse features. Therefore, this study proposes
a novel multi-scale CNN-Mamba network (MSCM-Net) to
achieve accurate pCR prediction on CT scans of lung cancer
patients. In each stage of the hybrid encoder, after chan-
nel splitting for parameter reduction, we design the CNN
branch and Mamba branch to extract local and global fea-
tures. Specifically, in the Mamba branch, we propose a novel
intra-slice and inter-slice scanning mechanism to implement
8-way 3D scanning, thereby effectively capturing 3D global
information. Furthermore, to better fuse CNN and Mamba
features, we design a novel multi-scale aware feature fusion
module with channel-level and multi-scale spatial level fu-
sion. The proposed method is evaluated on a private dataset
including 108 lung cancer patients who underwent neoadju-
vant chemoimmunotherapy. Experimental results demonstrate
that MSCM-Net achieves the best accuracy of 83.33% and
an area under curve of 84.08%. Furthermore, results on
the esophageal cancer and stroke prognosis prediction tasks
validate the generalizability of MSCM-Net.

Keywords Pathological complete response prediction, Lung
Cancer, Hybrid CNN and Mamba, Multi-scale Aware Feature
Fusion

1 Introduction
In neoadjuvant chemoimmunotherapy, pathological complete
response (pCR) is regarded as the gold standard for evaluat-
ing therapeutic efficacy and predicting long-term prognosis,
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which is defined as the absence of viable tumor cells in postop-
erative pathological specimens [1]. However, the assessment
of pCR relies on postoperative histopathological examination,
which is retrospective and invasive. Consequently, it can-
not provide real-time guidance for clinical decision-making
during treatment, thus hindering the dynamic optimization
of personalized therapeutic strategies. Therefore, develop-
ing a noninvasive and accurate method to predict pCR after
neoadjuvant chemoimmunotherapy for lung cancer based on
pre-treatment CT imaging has become a pressing clinical
need in the context of precision oncology.

Current studies on pCR prediction from CT imaging mainly
fall into two categories. The first category is radiomics-based
methods, which extract hand-crafted radiomic features to
describe tumor phenotypes [2–6]. However, the effective-
ness of these methods heavily depends on the quality and
representativeness of the extracted features, which are often
suboptimal. The second, more prevalent category comprises
deep learning-based approaches, which automatically learn
discriminative features in an end-to-end manner. Convo-
lutional Neural Networks (CNNs), with their strong local
feature extraction capability, excel at capturing textural and
morphological details of tumors [7, 8]; Transformers leverage
self-attention mechanisms to effectively model global depen-
dencies [9–11]. Nevertheless, both architectures face inherent
limitations: CNNs struggle to capture long-range contextual
dependencies that are crucial for accurate pCR prediction,
whereas Transformers suffer from quadratic computational
and memory complexity when processing high-resolution 3D
CT volumes.

Beyond pCR-specific studies, there are also some CNN and
Transformer methods for medical image analysis that can be
used as a reference [12–14],and some studies have designed
hybrid networks of CNN and Transformer for medical image
analysis [15–17]. Although such hybrids mitigate certain
shortcomings, they still encounter challenges in achieving
efficient global modeling of 3D volumetric data.

Recently, to maintain global modeling capacity while
achieving linear computational complexity, State Space Mod-
els (SSMs) particularly the representative Mamba [18] have
recently been introduced into medical image analysis. How-
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ever, Mamba’s unidirectional sequence-scanning mechanism
is originally designed for its core application domain, natu-
ral language processing, and is inherently misaligned with
the multi-dimensional spatial structure of medical images.
Although existing studies attempt to adapt Mamba to two-
dimensional images via block-wise or row–column scanning
strategies [19, 20], such approaches tend to overlook critical
inter-slice dependencies when extended to 3D CT data. Recent
works [21–23] have begun to explore inter-slice scanning, yet
their modeling of volumetric information remains incomplete.

Relying solely on either CNN or Mamba architectures
cannot simultaneously capture local details and global de-
pendencies, which may limit further improvement in pCR
prediction performance. Therefore, constructing an effective
hybrid CNN–Mamba architecture is highly desirable but re-
mains challenging. The challenges primarily lie in: (1) within
3D lung CT scans, individual slices provide local cues such
as tumor edge sharpness and internal heterogeneity, while
inter-slice relationships reveal spatial distribution and vol-
umetric changes; current Mamba scanning strategies fail to
adequately model spatial dependencies across slices. There-
fore, it is necessary to design a 3D Mamba scanning strategy
that jointly models intra-slice details and inter-slice contex-
tual information. (2) Simply concatenating or stacking CNN-
and Mamba-derived features may introduce redundancy or
interference, while existing feature fusion schemes often fail
to effectively exploit their multi-scale characteristics, leading
to suboptimal fused representations. Thus, a more refined
feature fusion mechanism is required.

To address the aforementioned issues, this study proposes a
MSCM-Net for predicting pCR after neoadjuvant chemoim-
munotherapy in lung cancer. The core of this framework
is a Mamba module specifically designed for 3D medical
imaging, incorporating an Intra–Inter Slice Scanning (I2S)
mechanism. The proposed I2S-Mamba consists of a token
mixer and a channel mixer, where the token mixer performs
eight-directional 3D scanning to enhance spatial information
modeling. Furthermore, to achieve effective fusion between
CNN and Mamba features, a Multi-scale Aware Feature Fu-
sion (MAFF) module is introduced. The proposed approach
is validated on a postoperative lung cancer pCR prediction
dataset from Hunan Cancer Hospital and further evaluated
on an esophageal cancer dataset undergoing the same neoad-
juvant chemoimmunotherapy protocol. Experimental results
demonstrate that our method achieves accurate pCR pre-
diction with superior generalization capability, indicating
its potential applicability to pCR prediction in other cancer
types. The main contributions of this study are summarized

as follows:
• We propose MSCM-Net for pCR prediction after neoad-

juvant chemoimmunotherapy in lung cancer. The net-
work integrates the local detail modeling of CNNs with
the efficient global dependency modeling of Mamba,
enhancing 3D CT feature representation.

• We design an innovative I2S (Intra–Inter Slice) 3D
Mamba scanning mechanism that combines intra-slice
eight-directional scanning with inter-slice sequential
modeling, thereby strengthening the model’s ability to
capture 3D spatial structures and tumor spatial distribu-
tion patterns.

• We introduce a MAFF module to enable effective multi-
scale integration of CNN and Mamba features.

• Extensive experiments on real lung cancer datasets
demonstrate that the proposed method achieves state-
of-the-art performance in pCR prediction. Furthermore,
cross-cancer validation on an esophageal cancer dataset
confirms the generalizability and robustness of the pro-
posed framework.

2 Methodology
2.1 Overview of the Proposed Method

The proposed Multi-scale hybrid CNN–Mamba Network
(MSCM-Net) is illustrated in Fig. 1. The overall architecture
consists of three major components: a convolutional stem, a
CNN–Mamba hybrid encoder with four hybrid stages, and a
final classification head.

The processing pipeline begins with the convolutional
stem, which is composed of two 3 × 3 × 3 convolutional
layers designed to extract low-level features from the input
CT volume. The core of the architecture lies in the hybrid
encoder, where each stage integrates several key designs.
First, a channel-splitting operation is applied to reduce com-
putational complexity. The resulting feature maps are then
processed by two parallel branches: a CNN branch and a
Mamba branch. The CNN branch focuses on capturing local
spatial details, while the Mamba branch models global con-
textual dependencies through a novel I2S mechanism. The
I2S module, specifically designed for volumetric medical
imaging, enables efficient and comprehensive modeling of
3D spatial information in CT scans. For clarity, the tensor
dimensions at the key operations of the overall network are
directly annotated in Fig. 1.

To integrate the complementary representations learned by
the two branches, a MAFF module is introduced to effectively
fuse multi-scale features from both CNN and Mamba path-
ways. Finally, the classification head takes the fused features

Ju
st

 A
cc

ep
te

d



MSCM-Net: Multi-scale CNN-Mamba Network for Pathological Complete Response Prediction of Lung Cancer 3

as input and generates the final pCR prediction.

2.2 CNN Branch

As illustrated in Fig. 1, at the beginning of each hybrid
stage, a channel-splitting strategy equally divides the input
feature maps along the channel dimension into two parts.
Each part contains half of the original feature channels and
is independently fed into the CNN and Mamba branches,
respectively. This design not only effectively reduces the total
number of model parameters but also ensures that the two
branches focus on learning different types of representations,
thereby minimizing potential feature interference.

Within the CNN branch, the basic processing unit consists
of two stacked convolutional blocks. Each block follows the
standard convolution normalization activation design pattern,
comprising a 3D convolution layer, an instance normalization
layer, and a LeakyReLU activation function in sequence. The
first convolutional block performs an initial transformation to
extract fundamental local spatial patterns, while the second
block incorporates a residual connection to reuse features
from the preceding block. This residual design alleviates the
gradient vanishing problem in deep networks and enhances
the robustness of feature representations. The process can be
formulated as:

Y1 = LeakyReLU(InstanceNorm(Conv1(X))), (1)

Y2 = LeakyReLU(InstanceNorm(Conv2(Y1))) + Y1, (2)

where X denotes the input feature maps to the CNN branch,
and Y2 represents the final output. Here, LeakyReLU refers
to the rectified linear unit with a negative slope, and In-
stanceNorm denotes the instance normalization operation.
Through this concise yet effective design, the CNN branch is
capable of capturing local morphological and textural features
in CT images that are highly relevant to pCR prediction.

2.3 Mamba Branch Based on I2S Mechanism

The overall structure of the Mamba branch mainly consists
of two components: a token mixer and a channel mixer, as
shown in Fig. 1. In the token mixer, the input features are
first processed by layer normalization and a linear projection,
followed by a depthwise separable convolution to capture
local spatial patterns. A SiLU activation function is then
applied to introduce nonlinearity. The processed features are
subsequently fed into a SSM equipped with the proposed I2S

mechanism, and finally passed through another layer normal-
ization and linear projection to effectively model 3D spatial
information. The channel mixer, consistent with the design
of Transformer architectures, is responsible for information

interaction and integration along the channel dimension. The
overall computation of the I2S-based Mamba module can be
formulated as:

Z1 = SiLU(DW(Linear(LayerNorm(X)))), (3)

Z2 = I2S(Z1), (4)

Z3 = Linear(LayerNorm(Z2)) +X, (5)

Zout = MLP(LayerNorm(Z3)) + Z2, (6)

where X denotes the input to the Mamba branch and Zout rep-
resents its final output. Here, I2S refers to the intra–inter slice
scanning operation, MLP denotes the multilayer perceptron,
and DW indicates the depthwise separable convolution.

Since the original Mamba model was designed for one-
dimensional sequences, its native unidirectional scanning
mechanism struggles to effectively capture the rich 3D spatial
structures present in CT volumes, leading to potential infor-
mation loss. To address this limitation, we propose a SSM
equipped with an I2S mechanism, whose core structure is
depicted in Fig. 2.

In this model, the input features are first processed by
the I2S mechanism, which performs eight directional 3D
scans to comprehensively traverse the spatial domain. The
outputs from all scanning directions are then aggregated via
summation to form a unified representation encompassing
complete spatial context. The implementation of a single 3D
directional scan is illustrated in Fig. 3(a), which consists of
two hierarchical levels: the intra-slice scan operates within
each 2D slice following a top-left-to-bottom-right traversal
order, while the inter-slice scan models dependencies across
slices along the axial (Z) direction in a top-to-bottom order.
A complete 3D scan thus integrates path information across
three orthogonal planes: axial, sagittal, and coronal.

To achieve comprehensive spatial perception, an eight-
directional scanning strategy is designed, as shown in
Fig. 3(b). Specifically, four basic scanning patterns are first
defined: two intra-slice traversal modes (row-first and column-
first), each paired with two inter-slice traversal directions
(through the sagittal or coronal plane). Then, by completely
reversing the scan order of these four modes (from bottom-
right to top-left intra-slice traversal and from bottom-to-top
inter-slice traversal), four additional scanning paths are de-
rived. Together, these eight scanning directions provide full
spatial coverage, enabling the model to capture complex vol-
umetric structures from multiple perspectives and thereby
enhancing its ability to learn global 3D representations from
CT images.
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Fig. 1 Overview of the proposed MSCM-Net. The input and output feature sizes of Stem and each Stage are clarified.
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Fig. 2 Architecture of the SSM based on the proposed I2S mechanism. The input 3D features are processed through eight directional 3D
scans using the I2S. Each directional scan is independently handled by a dedicated SSM, and the outputs of all eight paths are aggregated
via summation to integrate spatial information from multiple perspectives.

2.4 Multi-scale Aware Feature Fusion Module

To effectively integrate the local details captured by the CNN
branch with the global contextual representations modeled by
the Mamba branch, a MAFF module is proposed, as illustrated
in Fig. 4. During the fusion process, the features from the CNN
and Mamba branches are first concatenated along the channel
dimension. The concatenated features are then passed through
a depthwise separable convolution followed by a pointwise
convolution to achieve initial channel-level fusion.

However, relying solely on channel-level operations is in-
sufficient to fully exploit the complementarity between the
two types of features. To address this, a Multi-Head Mixed
Convolution (MHMC) module is further designed to ex-
tract multi-scale spatial information. Specifically, the initially
fused features are projected through a linear transformation
and evenly divided into four subgroups along the channel

dimension. Each subgroup is then processed in parallel by
convolutional kernels of different sizes (3× 3× 3, 5× 5× 5,
7×7×7, and 9×9×9), thereby capturing diverse information
ranging from fine-grained local details to broader structural
patterns. The parallel outputs are then concatenated and
element-wise multiplied with another linearly transformed
version of the initially fused features. This gating mechanism
dynamically reweights and enhances discriminative feature
responses. Finally, the features processed by the MHMC block
are successively passed through batch normalization, point-
wise convolution, and depthwise convolution layers to obtain
more discriminative representations, followed by a residual
connection and a final pointwise convolution to produce the
fused output. For clarity, the tensor dimensions at the key
operations of the MAFF module are directly annotated in
Fig. 4. The overall fusion process of the MAFF module can
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Fig. 3 Details of the eight-directional 3D scanning. (a) Illustration of a single directional 3D scan combining intra-slice scanning within
each slice and inter-slice scanning across slices. (b) Generation of the eight scanning directions. By combining different scanning planes and
reversing the scanning order, eight independent scanning paths are obtained, covering all spatial directions.

be expressed as:

Fhybrid = Concat(FCNN, FMamba), (7)

Fch = GELU(BN(PW(GELU(BN(DW(Fhybrid)))))), (8)

Fspk = Convk(ChannelSplit(WA · Fch)), (9)

FMHMC = (WB · Fch)⊗ Concat(Fspk), (10)

Ffusion = GELU
(

BN(PW(FMHMC)) + BN(DW(FMHMC))

+ BN(FMHMC)
)

(11)

where FCNN and FMamba denote the input features from the
CNN and Mamba branches, respectively. Convk represents a
convolution operation with a kernel size of k ∈ {3, 5, 7, 9},
used to extract spatial features at multiple scales. The sym-
bol ⊗ denotes element-wise multiplication, which enables
dynamic weighting and enhancement of key discriminative
features. WA and WB correspond to the weight matrices of
two independent linear projection layers. Note that for clarity,
the normalization and activation layers embedded within the
depthwise (DW) and pointwise (PW) convolution modules
are omitted in the figure for simplicity.

2.5 Classification Head and Loss Function

The classification head designed in this study consists of
a global average pooling (GAP) layer followed by a fully
connected (linear) layer, which maps the encoded features to
the final pCR classification prediction. Specifically, the 3D
feature maps output by the encoder are first passed through the
global average pooling layer to produce a 2D feature vector.
This operation not only reduces the number of trainable

parameters but also enhances the model’s robustness to spatial
variations in the input CT images. The resulting feature
vector is then fed into a linear layer to generate the predicted
probabilities of each sample belonging to the pCR-positive
or pCR-negative class.

To effectively optimize model performance on the pCR pre-
diction task, the cross-entropy loss function is employed as the
training objective. This loss measures the divergence between
the predicted probability distribution and the ground-truth
label distribution. Its mathematical formulation is defined as:

L = − 1

N

N∑
i=1

C∑
c=1

yi,c log(pi,c), (12)

where N denotes the total number of samples in a batch, C is
the number of classes, yi,c represents the ground-truth label,
and pi,c denotes the predicted probability for class c of the
i-th sample.

3 Experiments and Results
3.1 Datasets

As no publicly available dataset exists for predicting pCR
after neoadjuvant chemoimmunotherapy in lung cancer, we
collected a private dataset from Hunan Cancer Hospital for
experimental validation. The dataset comprises 108 patholog-
ically confirmed lung cancer patients. All patients underwent
standard-dose non-contrast chest CT scans prior to the initi-
ation of neoadjuvant chemoimmunotherapy, with scanning
parameters standardized according to the hospital’s imaging
quality control protocols.

The determination of pCR labels was independently per-
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Fig. 4 Architecture of the proposed MAFF module. MAFF first concatenates the input features from the CNN and Mamba branches. The
fused features are then processed by the core MHMC module, where the channel dimension is evenly split and fed into parallel convolutions
with different kernel sizes. The annotated feature sizes are illustrated using Stage1 as an example.

formed by two experienced pathologists, who reached a
consensus based on the postoperative pathological reports.
Patients were labeled as pCR if no viable tumor cells were
observed in the surgical specimens; otherwise, they were
labeled as non-pCR.

As summarized in Table 1, the dataset consists of 108
patients, divided into the pCR group (46 cases, label = 1)
and the non-pCR group (62 cases, label = 0). The two groups
exhibited comparable demographic characteristics. In terms
of age, the pCR group had an average age of 60.41 years,
while the non-pCR group averaged 59.27 years. Regarding
gender, both groups were predominantly male, accounting for
approximately 60.87% (28/46) in the pCR group and 61.29%
(38/62) in the non-pCR group. However, differences were ob-
served in the pathological subtype distribution: the pCR group
is dominated by squamous cell carcinoma (93.48%), whereas
the non-pCR group showed greater heterogeneity, including
both squamous cell carcinoma (66.13%) and adenocarcinoma
(33.87%).

To further assess the generalization capability of the pro-
posed model, an additional independent dataset comprising

243 esophageal cancer patients was collected from Sichuan
Cancer Hospital. All patients received neoadjuvant chemora-
diotherapy and underwent postoperative pathological eval-
uation. The pCR determination followed the same clinical
criteria and expert consensus protocol, with pCR assigned as
label = 1. Among these patients, 92 achieved pCR following
neoadjuvant treatment, while 151 did not.

Table 1 Clinical characteristics of the lung cancer pCR prediction
dataset.

Label 0 (non-pCR) Label 1 (pCR)
Number of samples 62 46
Mean age (years) 59.27 ± 7.09 60.41 ± 8.07
Gender (Female / Male) 24 / 38 18 / 28
Pathological subtype
Squamous cell carcinoma 41 (66.13%) 43 (93.48%)
Adenocarcinoma 21 (33.87%) 3 (6.52%)

3.2 Experimental Settings

All experiments were conducted on an Ubuntu operating
system using the PyTorch framework, and executed on an
NVIDIA RTX 3090 GPU with 24 GB of memory. The model
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was trained using the Adam optimizer with a batch size of 2
and 200 epochs. The initial learning rate was set to 1× 10−4

and dynamically decayed using a polynomial learning rate
scheduler with a decay factor of 0.9.

To alleviate overfitting, the following multiple strategies
were jointly adopted. We applied weight decay in the op-
timizer and introduced stochastic depth to improve regu-
larization and reduce parameter co-adaptation. An early
stopping strategy based on the validation AUC was em-
ployed with a patience of 5 to prevent overfitting in the
later stages of training. In addition, all experiments were
conducted under a strict 5-fold cross-validation protocol
to improve robustness and reduce potential bias caused by
accidental data partitioning. Furthermore, several data aug-
mentation techniques were employed during training, in-
cluding random flipping, rotation, brightness adjustment,
and Gaussian noise perturbation. Please refer to the code
https://anonymous.4open.science/r/MSCM-Net-280E

3.3 Comparison Methods

To comprehensively evaluate the performance of the pro-
posed method, MSCM-Net was quantitatively compared with
state-of-the-art approaches on the collected lung cancer pCR
prediction dataset. The results are summarized in Table 2.
Due to the limited code availability of 3D medical image
classification methods, all comparison models were faith-
fully reproduced following the technical details and publicly
available implementations described in their original papers.
The 3D version of DenseNet was implemented using the
MONAI framework①, while other 2D networks—including
MedViT [24], RepViT [25], EViT [26], StarNet [27], UniRe-
pLKNet [28], and FasterNet [29]—were adapted into their
corresponding 3D versions for fair comparison. In addi-
tion, two deep-learning methods specifically designed for
pathological pCR prediction were included for comparison,
namely DELRN [30] and Voxel-Mamba [31]. DELRN is a
multidimensional deep ensemble framework that integrates
handcrafted radiomics features with deep features extracted
from pretreatment CT images for pCR prediction, while
Voxel-Mamba combines pretreatment CT images with voxel-
level radiomics feature maps and performs classification using
a 3D Vision-Mamba architecture.

Among the selected comparison methods, nnMamba [32]
represents a hybrid CNN–Mamba architecture, while MedViT
and EViT are Transformer-based frameworks. The remaining
models are CNN-based architectures. For fairness, all methods
were trained and evaluated using the same dataset splits

① https://monai.io/

and identical data augmentation strategies. Each baseline
was reproduced using its official implementation, and all
hyperparameters were re-tuned on the dataset used in this
study to ensure optimal performance.

3.4 Evaluation Metrics

To ensure fair comparison, all baseline methods were retrained
and evaluated under the same experimental framework used
in this study. We adopt five-fold cross-validation on the entire
dataset. The evaluation metrics include accuracy (ACC),
sensitivity (SEN), specificity (SPE), F1-score (F1), and the
area under the ROC curve (AUC).

All reported performance values represent the mean and
standard deviation calculated across the five validation folds.

3.5 Comparison of pCR Prediction Performance after
Lung Cancer Treatment

Table 2 presents the comparison of the proposed method
against eight state-of-the-art approaches on the lung cancer
pCR prediction dataset after neoadjuvant chemoimmunother-
apy. As shown, the proposed MSCM-Net achieved the best
overall performance, with an ACC of 83.33%, SEN of 89.13%,
F1 of 82.00%, and an AUC of 84.08%, outperforming all
other competing methods across most metrics.

It is noteworthy that SEN is particularly critical for pCR
prediction, as higher SEN helps minimize the risk of false
negatives—ensuring that true pCR patients are not misclassi-
fied and thus avoiding the loss of potential opportunities for
timely therapeutic adjustment.

Compared with nnMamba [32], which also adopts a
CNN–Mamba hybrid architecture, MSCM-Net achieved a
substantially higher AUC (84.08% vs. 74.33%), demon-
strating the superiority of the proposed I2S 3D scanning
mechanism and MAFF module. Relative to Transformer-
based models such as MedViT, the performance improvement
of MSCM-Net can be attributed to the Mamba architecture’s
ability to efficiently model long-range dependencies in 3D
volumes with linear computational complexity. In addition,
MSCM-Net also outperformed pure CNN-based models such
as StarNet, highlighting the importance of global contextual
information in enhancing predictive accuracy for complex
tasks like pCR prediction. Compared with DELRN [30],
the superior performance of MSCM-Net suggests that the
proposed framework can more effectively learn discrimina-
tive volumetric patterns in an end-to-end manner without
relying on an explicit ensemble of handcrafted radiomics
and deep features. Compared with Voxel-Mamba [31], which
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Table 2 Comparison of pCR prediction performance on the lung cancer dataset. The best results are highlighted in bold. All values are
reported as mean ± standard deviation.

Method ACC(%) SEN(%) SPE(%) F1(%) AUC(%) Parameters(M) GPU memory(G)
nnMamba 2025 [32] 74.07 ± 2.68 76.09 ± 3.24 72.58 ± 3.63 71.43 ± 3.12 74.33 ± 2.87 13.62 13.78
MedViT 2023 [24] 78.70 ± 2.23 80.43 ± 3.15 77.42 ± 3.28 76.29 ± 2.51 78.93 ± 2.41 35.14 22.76
RepViT 2024 [25] 80.56 ± 1.94 78.26 ± 3.27 82.26 ± 3.05 77.42 ± 2.43 80.26 ± 2.17 2.22 4.90
EViT 2025 [26] 79.63 ± 2.14 67.39 ± 3.82 88.71 ± 2.36 73.81 ± 2.73 78.05 ± 2.52 26.16 3.64
StarNet 2024 [27] 80.56 ± 1.93 84.78 ± 2.94 77.42 ± 3.25 78.79 ± 2.35 81.10 ± 2.08 9.80 4.35
DenseNet 2017 [33] 70.37 ± 2.83 69.57 ± 3.91 70.97 ± 3.72 66.67 ± 3.34 70.27 ± 3.02 11.24 7.52
UniRepLKNet 2024 [28] 79.63 ± 2.16 80.43 ± 3.14 79.03 ± 3.18 77.08 ± 2.52 79.73 ± 2.43 43.46 10.33
FasterNet 2023 [29] 81.48 ± 1.82 69.57 ± 3.89 90.32 ± 2.54 76.19 ± 2.53 79.94 ± 2.31 18.02 1.88
DELRN 2025 [30] 80.56 ± 2.05 76.09 ± 3.12 83.87 ± 2.86 76.09 ± 2.64 81.12 ± 2.18 23.51 5.06
Voxel-Mamba 2025 [31] 81.48 ± 1.98 82.61 ± 2.88 80.65 ± 2.76 79.17 ± 2.24 82.50 ± 2.01 33.16 16.46
MSCM-Net (Proposed) 83.33 ± 1.52 89.13 ± 2.03 79.03 ± 2.14 82.00 ± 1.83 84.08 ± 1.81 16.54 7.48

already incorporates voxel-level radiomics priors and a mod-
ern Mamba-based backbone, MSCM-Net still achieves better
results, indicating the advantage of the proposed hybrid CNN-
Mamba encoder together with the MAFF-based multi-scale
fusion strategy in capturing pCR-related information from
pretreatment CT images.

3.6 Computational Complexity Analysis

We compare the number of trainable parameters and the peak
GPU memory consumption of MSCM-Net and representative
baselines under a unified evaluation setting in Table 2. MSCM-
Net contains 16.54M trainable parameters and requires 7.48
GB peak GPU memory, indicating a moderate computational
scale. Compared with a few generic baselines such as RepViT
(2.22M, 4.90 G), MSCM-Net is moderately computational
complex, but it remains obviously more efficient than most
generic baselines such as MedViT (35.14M, 22.76 G) and
also more economical than the pCR-specific baselines such as
Voxel-Mamba (33.16M, 16.46 G). More importantly, MSCM-
Net achieves the best overall pCR prediction performance
in Table 2, with 83.33 ± 1.52% ACC and 84.08 ± 1.81%
AUC. These results demonstrate that MSCM-Net achieves
better trade-off between the computational complexity and
predictive performance.

3.7 Ablation Studies

3.7.1 Effectiveness of the CNN Branch

To verify the contribution of the CNN branch, an ablation
experiment was conducted by removing this component. As
shown in Table 3, the overall ACC dropped by 9.26% after
removing the CNN branch. The most notable decline occurred
in SEN, which decreased by 19.56%, indicating a reduced
ability to correctly identify pCR-positive patients. This result
confirms that the local structural and textural features captured
by the CNN branch—such as tumor boundaries and internal

heterogeneity—provide valuable discriminative information
for accurate pCR prediction.

3.7.2 Effectiveness of the I2S-based Mamba Branch
To systematically assess the effectiveness of the Mamba
branch with the proposed I2S mechanism, three ablation ex-
periments were conducted: (1) removing the Mamba branch
entirely; (2) replacing the Mamba module with a Transformer
block; and (3) substituting the proposed I2S scanning mech-
anism with the original unidirectional Mamba scanning. The
results (Table 3) show that removing the Mamba branch led to
a 16.66% drop in ACC, highlighting its crucial role in model-
ing global features in CT volumes. Replacing Mamba with a
Transformer resulted in a 4.63% ACC decrease, reflecting the
higher efficiency and superior sequence-modeling capability
of Mamba for long-range dependencies. Similarly, replacing
the proposed I2S with the original Mamba scanning mecha-
nism also caused a 4.63% decline, validating the advantage
of I2S in effectively capturing 3D spatial context.
3.7.3 Effectiveness of the MAFF Module
To evaluate the contribution of the MAFF module, we re-
placed it with two common feature fusion strategies: direct
concatenation and a cross-attention mechanism. As shown
in Table 3, replacing MAFF with cross-attention reduced
the ACC by 9.26%, while simple concatenation caused a
more significant 12.96% decrease. These results demonstrate
that the MAFF module, with its multi-scale perception and
refined fusion design, more effectively integrates the CNN’s
local features and Mamba’s global representations, leading to
improved overall predictive performance.
3.7.4 Effectiveness of the Hybrid Architecture
To validate the necessity of the hybrid CNN–Mamba design,
two additional experiments were conducted: (1) replacing
both branches in the hybrid encoder with Mamba modules,
and (2) replacing both branches with CNN modules. As pre-
sented in Table 3, using only Mamba in both branches led
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Table 3 Ablation studies on the lung cancer pCR prediction dataset. A←B denotes replacing component A with component B. “CA”
indicates cross-attention, and “Concat” denotes direct feature concatenation.

Methods ACC(%) SEN(%) SPE(%) F1(%) AUC(%)
w/o CNN 74.07 ± 2.43 69.57 ± 3.52 77.42 ± 3.16 69.57 ± 3.24 73.49 ± 2.63
w/o Mamba 66.67 ± 2.91 78.26 ± 3.27 58.06 ± 3.85 71.11 ± 2.83 75.10 ± 2.54
Mamba←Transformer 78.70 ± 2.14 80.43 ± 2.94 77.42 ± 3.18 76.28 ± 2.45 78.92 ± 2.36
I2S←Original Mamba Scanning 78.70 ± 2.15 88.24 ± 2.43 69.35 ± 3.47 78.50 ± 2.37 80.33 ± 2.24
MAFF←CA 74.07 ± 2.45 76.09 ± 3.28 72.58 ± 3.35 71.43 ± 2.86 74.33 ± 2.57
MAFF←Concat 70.37 ± 2.74 76.09 ± 3.25 66.13 ± 3.68 68.63 ± 3.07 71.11 ± 2.84
All branches use Mamba 71.30 ± 2.65 80.43 ± 3.08 64.52 ± 3.74 70.48 ± 2.94 72.48 ± 2.73
All branches use CNN 75.93 ± 2.37 88.24 ± 2.46 64.52 ± 3.75 76.36 ± 2.54 77.91 ± 2.43
MSCM-Net (Proposed) 83.33 ± 1.52 89.13 ± 2.03 79.03 ± 2.54 82.00 ± 1.83 84.08 ± 1.81

to a 12.03% drop in ACC, indicating that relying solely on
global context is insufficient to capture the local imaging
characteristics critical for pCR prediction. Conversely, using
CNNs for both branches resulted in a 7.4% performance
drop, revealing the limitations of local features when de-
prived of complementary global semantics. Together, these
findings confirm that the proposed hybrid design effectively
leverages the complementary strengths of CNN and Mamba,
enabling simultaneous modeling of local details and global
dependencies to enhance prediction performance.

4 Discussion
4.1 Interpretability Analysis

To investigate the decision-making rationale of the proposed
model, feature activation visualization was conducted on
axial CT slices from the test cohort. The visualizations were
generated using Grad-CAM, and their purpose is to highlight
the discriminative regions that contribute most to the model
prediction. This approach visualizes the regions most strongly
activated by the model, highlighting areas that contributed
most to its final prediction. The resulting activation maps
were superimposed on the original CT images in the form of
heatmaps.

Fig. 5 presents four representative cases, including both
relatively less satisfactory and comparatively better localiza-
tion examples. As illustrated in Fig. 5, the activation regions
with the highest values predominantly concentrate within or
around the solid components of the tumor and its adjacent
structures—particularly along the tumor core and boundary
areas. These regions are consistent with previously reported
imaging biomarkers that correlate with therapeutic response,
including both intratumoral and peritumoral features [34].
Overall, these visualizations suggest that the proposed model
tends to attend to lesion-related and clinically relevant regions.

4.2 Subgroup Analysis

To further evaluate the model’s predictive performance across
different patient populations, subgroup analyses were con-
ducted on the lung cancer pCR prediction dataset according
to three clinical variables: gender, pathological subtype, and
age. Following the same evaluation procedure as the overall
experiment, five-fold cross-validation was employed, and
subgroup-specific metrics were computed for each fold. The
final results were reported as the mean and standard deviation
across all folds.

4.2.1 Gender-based Subgroup Analysis

As shown in Table 4, the female subgroup slightly outper-
formed the male subgroup across all metrics. Specifically,
females achieved an ACC of 83.50%, SEN of 89.50%, SPE of
79.50%, F1 of 82.50%, and AUC of 84.50%, compared with
83.22%, 88.89%, 78.73%, 81.68%, and 83.81% for males,
respectively. This marginally superior performance among
female patients aligns with findings from previous studies
suggesting gender-related differences in lung cancer treatment
response [10].

Table 4 Comparison of model performance by gender (mean ±
standard deviation). The better-performing subgroup is highlighted
in bold.

Metric Female (n=42) Male (n=66)
ACC (%) 83.50 ± 2.0 83.22 ± 1.8
SEN (%) 89.50 ± 2.5 88.89 ± 2.2
SPE (%) 79.50 ± 3.0 78.73 ± 2.6
F1 (%) 82.50 ± 2.2 81.68 ± 2.0
AUC (%) 84.50 ± 2.2 83.81 ± 2.0

4.2.2 Pathological Subtype-based Subgroup Analysis

As presented in Table 5, the model achieved slightly higher
performance on adenocarcinoma cases compared to squa-
mous cell carcinoma. The ACC, SEN, SPE, F1, and AUC
were 83.80%, 89.60%, 79.50%, 82.47%, and 84.55% for
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Fig. 5 Interpretability analysis of the proposed method. The first row shows the manually delineated ROI regions. The second row presents
the Grad-CAM visualization results.

adenocarcinoma, versus 83.20%, 89.00%, 78.90%, 81.87%,
and 83.95% for squamous cell carcinoma, respectively. These
results suggest that the model demonstrated slightly better
discriminative ability and positive detection performance in
adenocarcinoma patients. The simultaneous improvement
in F1 and AUC further indicates more stable classification
behavior, which is consistent with prior CT-based response
prediction research [10].

Table 5 Comparison of model performance by pathological sub-
type (mean ± standard deviation). The better-performing subgroup
is highlighted in bold.

Metric Squamous (n=84) Adenocarcinoma (n=24)
ACC (%) 83.20 ± 1.8 83.80 ± 3.0
SEN (%) 89.00 ± 2.2 89.60 ± 3.5
SPE (%) 78.90 ± 2.6 79.50 ± 3.2
F1 (%) 81.87 ± 2.0 82.47 ± 3.0
AUC (%) 83.95 ± 2.0 84.55 ± 3.0

4.2.3 Age-based Subgroup Analysis
The age-based subgroup results are summarized in Table 6.
The elderly group (>60 years) outperformed the younger
group (⩽60 years) across all metrics, achieving an ACC of
83.50% vs. 83.16%, SEN of 89.50% vs. 88.76%, SPE of
79.50% vs. 78.56%, F1 of 82.50% vs. 81.50%, and AUC of
84.50% vs. 83.66%. These findings suggest that the model
exhibited slightly better predictive stability in older patients,
which aligns with previous clinical observations on age-
related variability in treatment response [35].

4.3 Generalization to pCR Prediction after Neoadju-
vant Chemoimmunotherapy in Esophageal Cancer

To validate the generalization capability of MSCM-Net on
other cancer types for pCR prediction following neoadjuvant
chemoimmunotherapy, an additional dataset was collected

Table 6 Comparison of model performance by age group (mean±
standard deviation). The better-performing subgroup is highlighted
in bold.

Metric >60 years (n=54) ⩽60 years (n=54)
ACC (%) 83.50 ± 1.8 83.16 ± 1.9
SEN (%) 89.50 ± 2.0 88.76 ± 2.1
SPE (%) 79.50 ± 2.6 78.56 ± 2.8
F1 (%) 82.50 ± 2.1 81.50 ± 2.3
AUC (%) 84.50 ± 2.1 83.66 ± 2.2

from Sichuan Cancer Hospital. This dataset comprises 243
patients diagnosed with locally advanced esophageal can-
cer, including both CT imaging and clinical information.
For all patients, the pCR status was determined based on
postoperative pathological examination, serving as the gold
standard.

As in the lung cancer experiments, we adopt five-fold
cross validation and report mean ± standard deviation. The
esophageal cancer dataset was chosen for generalization
testing due to the lack of publicly available CT-based lung
cancer pCR datasets after neoadjuvant chemoimmunotherapy
and the extended acquisition cycle of our private lung cancer
dataset.

As summarized in Table 7, the proposed MSCM-Net
achieved the best overall performance on the esophageal
cancer pCR prediction task, with an ACC of 77.24%, SEN
of 65.67%, SPE of 79.90%, F1 of 70.45%, and an AUC of
79.39%. These results demonstrate that MSCM-Net exhibits
strong adaptability and robust generalization across different
tumor types.

This generalization ability may be related to two aspects of
MSCM-Net. On the one hand, tumor regions in 3D CT vol-
umes usually exhibit a certain degree of inter-slice continuity,
and the proposed I2S mechanism explicitly models such
spatial continuity and long-range dependencies among slices,
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Table 7 Comparison of pCR prediction performance after neoadjuvant chemoimmunotherapy in esophageal cancer. The best results are
highlighted in bold.

Methods ACC(%) SEN(%) SPE(%) F1(%) AUC(%)
nnMamba 2025 [32] 72.96 ± 2.58 61.63 ± 3.63 73.42 ± 3.18 66.24 ± 2.97 71.07 ± 2.74
StarNet 2024 [27] 75.50 ± 2.25 63.81 ± 3.64 75.89 ± 2.81 68.97 ± 2.56 78.47 ± 2.09
EViT 2025 [26] 74.47 ± 2.29 62.60 ± 3.77 74.02 ± 3.12 67.01 ± 2.75 78.53 ± 2.31
UniRepLKNet 2024 [28] 74.99 ± 2.34 58.09 ± 3.72 76.54 ± 3.24 64.88 ± 2.89 72.77 ± 2.55
FasterNet 2023 [29] 76.74 ± 2.05 61.78 ± 3.69 78.83 ± 3.05 67.12 ± 2.46 77.99 ± 2.34
MSCM-Net (Proposed) 77.24 ± 1.78 65.67 ± 3.28 79.90 ± 2.81 70.45 ± 2.31 79.39 ± 1.87

Table 8 Comparison with SOTA methods for the AIS mRS pre-
diction task.

Methods ACC(%) SEN(%) AUC(%)
nnMamba 2025 [32] 74.62 ± 2.43 61.38 ± 3.72 73.95 ± 2.65
StarNet 2024 [27] 78.78 ± 2.14 63.08 ± 3.58 81.67 ± 2.18
EViT 2025 [26] 75.64 ± 2.37 61.96 ± 3.69 81.34 ± 2.23
UniRepLKNet 2024 [28] 76.98 ± 2.26 57.98 ± 3.85 75.01 ± 2.61
FasterNet 2023 [29] 78.66 ± 2.16 61.07 ± 3.73 80.24 ± 2.28
MSCM-Net (Proposed) 82.12 ± 1.87 65.21 ± 3.42 83.19 ± 1.94

which is helpful for extracting more globally informative
representations from volumetric tumor regions. On the other
hand, the MAFF module effectively integrates the local lesion
details captured by the CNN branch with the global contex-
tual information modeled by the Mamba branch, which may
facilitate the learning of treatment-response-related tumor
and peritumoral features. These characteristics may together
contribute to the favorable generalization performance of
MSCM-Net across different cancer types.

4.4 Generalization on the Stroke Prognosis Prediction
task

To evaluate the generalization capability of MSCM-Net across
different prognosis prediction tasks, we further collected a
dataset comprising 295 patients diagnosed with acute is-
chemic stroke (AIS) and undergone mechanical thrombec-
tomy from Xiangya Hospital, Central South University. The
dataset comprises both imaging data and clinical informa-
tion. The modified Rankin Scale (mRS) scores after 90 days
for all patients were independently reviewed and confirmed
by experienced radiologists and neurologists to ensure label
reliability.

In this experiment, several representative state-of-the-art
(SOTA) methods were compared with MSCM-Net for the AIS
mRS prediction task to assess the model’s cross-disease and
cross-task applicability. As shown in Table 8, the proposed
MSCM-Net achieved the highest performance, with an ACC
of 82.12%, SEN of 65.21%, and an AUC of 83.19%. Its
overall performance consistently outperformed all compared
SOTA methods.

These results not only validate the effectiveness of MSCM-
Net in stroke prognosis prediction but also demonstrate that
the proposed hybrid CNN–Mamba architecture and the multi-
scale fusion mechanism possess strong generalization capa-
bility. This indicates that MSCM-Net has promising potential
for broader applications in post-treatment outcome prediction
tasks across different diseases.

4.5 Effect of Kernel Sizes in the Multi-Head Mixed
Convolution Module

To investigate the influence of kernel sizes in the MHMC
module and to determine the most suitable multi-scale recep-
tive field configuration for lung cancer pCR prediction, four
kernel size combinations were evaluated: {3, 5}, {3, 5, 7},
{3, 5, 7, 9}, and {3, 5, 7, 9, 11}.

As shown in Table 9, the results demonstrate a clear “rise-
then-drop” performance trend. When expanding the kernel
combination from {3, 5} to {3, 5, 7} and further to {3, 5, 7,
9}, the model’s AUC improved progressively from 77.49%
to 80.50% and finally to 84.08%. This consistent increase
indicates that incorporating a wider range of kernel scales
enables the model to capture richer contextual information
from lung CT images, facilitating multi-level spatial under-
standing of tumor structures. This result may be related to
the complementary roles of different kernel scales. Specifi-
cally, the smaller kernels (3 and 5) mainly focus on local and
fine-grained spatial patterns, which are helpful for capturing
detailed lesion-related information, whereas the larger kernels
(7 and 9) provide a broader receptive field that aggregates
wider contextual information and long-range spatial depen-
dencies. The {3, 5, 7, 9} configuration offers complementary
modeling of local details and broader context, resulting in
the better performance. However, when the 11×11×11 kernel
was added, the AUC dropped to 80.01%, suggesting that an
excessively large receptive field may introduce background
noise or redundant contextual information unrelated to the
tumor region, thereby distracting the model’s focus from key
discriminative features.
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Table 9 Effect of different multi-scale kernel size configurations in the Multi-Head Mixed Convolution module.
Kernel Sizes ACC(%) SEN(%) SPE(%) F1(%) AUC(%)
{3, 5} 79.63 ± 2.14 63.04 ± 3.82 91.94 ± 2.36 72.50 ± 2.73 77.49 ± 2.52
{3, 5, 7} 81.48 ± 1.82 73.91 ± 3.42 87.10 ± 2.68 77.27 ± 2.43 80.50 ± 2.18
{3, 5, 7, 9} (Proposed) 83.33 ± 1.52 89.13 ± 2.03 79.03 ± 2.54 82.00 ± 1.83 84.08 ± 1.81
{3, 5, 7, 9, 11} 79.63 ± 2.16 82.61 ± 2.76 77.42 ± 3.18 77.55 ± 2.45 80.01 ± 2.37

Table 10 Effect of different scanning strategies in the Mamba branch.
Scanning Strategies ACC(%) SEN(%) SPE(%) F1(%) AUC(%)
Without flipped reverse 77.78 ± 2.14 76.09 ± 3.28 79.03 ± 3.18 74.47 ± 2.83 77.56 ± 2.52
Without inter-slice 76.85 ± 2.23 86.96 ± 2.68 69.35 ± 3.47 76.19 ± 2.53 78.16 ± 2.43
I2S (Proposed) 83.33 ± 1.52 89.13 ± 2.03 79.03 ± 2.54 82.00 ± 1.83 84.08 ± 1.81

In summary, these results confirm that the {3, 5, 7, 9}
kernel combination provides the optimal trade-off between
multi-scale representation and noise suppression. It effec-
tively captures hierarchical contextual cues while avoiding
performance degradation caused by overly large receptive
fields, making it the most suitable configuration for pCR
prediction.

4.6 Effect of Scanning Strategies in the Mamba
Branch

In the ablation studies, the proposed I2S scanning mechanism
demonstrated superior performance compared to the original
Mamba scanning strategy. This improvement primarily stems
from the comprehensive eight-directional scanning design,
which enables more effective modeling of complex spatial
structures in 3D medical images. To further examine the
specific effects of different scanning strategies, two simplified
variants were evaluated: (1) removing the flipped reverse
scanning, and (2) removing the inter-slice scanning.

As shown in Table 10, when the flipped reverse scanning
was removed, the model’s AUC dropped to 77.56%. This
finding indicates that multi-directional scanning serves as an
effective inductive bias for sequence-based models lacking
explicit spatial ordering, allowing them to learn more discrim-
inative spatial representations. When the inter-slice scanning
was removed, performance degradation became more pro-
nounced, with the AUC decreasing to 78.16%. This highlights
the crucial role of inter-slice scanning in preserving spatial
continuity across 3D structures. It ensures that anatomically
adjacent regions remain spatially coherent even after being
unfolded into sequential form, thus facilitating the model’s
ability to leverage the inherent anatomical priors present in
volumetric medical images.

Taken together, these results confirm the necessity of both
multi-directional and inter-slice scanning in the I2S mecha-

nism. The synergistic effect of these two components enhances
the model’s capability to capture global dependencies and
spatial coherence in 3D medical image analysis.

5 Conclusion
In this study, we propose MSCM-Net, a multi-scale CNN–
Mamba hybrid framework for predicting pathological com-
plete response (pCR) in lung cancer after neoadjuvant
chemoimmunotherapy from CT scans. Its core innovation is a
stage-wise parallel design that integrates a CNN branch and a
Mamba branch with the proposed I2S scanning mechanism.
This architecture combines the CNN’s inductive bias for local
structural modeling with the Mamba’s capacity to capture
long-range dependencies, allowing the model to extract com-
plementary local and global representations and achieve a
multi-scale understanding of 3D tumor structures.

To further enhance cross-scale feature integration, we
introduce a MAFF module that performs efficient channel-
level and multi-scale spatial fusion between CNN and Mamba
features. Experimental results on our lung cancer cohort
demonstrate that MSCM-Net consistently outperforms state-
of-the-art methods across multiple metrics, suggesting strong
predictive capability and potential for clinical translation
pending prospective, multi-center validation.

In summary, MSCM-Net provides an effective CT-based
solution for pCR prediction in lung cancer and offers a
generalizable hybrid design that may inform future research
on treatment-response prediction across cancer types.
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