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prediction in multispectral and
hyperspectral imaging for cancer
detection
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Anesthesiology and Perioperative Medicine, Fourth Clinical College of Xinxiang Medical College,
Xinxiang Central Hospital, Xinxiang, China

Introduction: Multispectral and hyperspectral imaging have emerged as
powerful tools in medical diagnostics, particularly in cancer detection, due to
their ability to capture rich spectral information beyond human vision. Traditional
approaches for cancer detection rely on handcrafted features and conventional
machine learning algorithms, which struggle with high-dimensional spectral
data, noise interference, and domain adaptation challenges. Deep learning has
recently been introduced to address these limitations, yet existing models often
lack robust feature extraction, generalization capability, and effective domain
adaptation strategies.

Methods: In this study, we propose a novel deep learning-based time series
prediction framework for multispectral and hyperspectral medical imaging
analysis. Our approach integrates multi-scale feature extraction, attention
mechanisms, and domain adaptation strategies to improve lesion segmentation
and disease classification. The model employs self-supervised learning to
mitigate the scarcity of labeled medical data, enhancing generalization across
different imaging modalities. Furthermore, a knowledge-guided regularization
module is introduced to leverage prior medical knowledge, refining predictions
and reducing false positives.

Results: Experimental results demonstrate that our framework outperforms
state-of-the-art methods in spectral imaging-based cancer detection, achieving
superior accuracy, robustness, and interpretability.

Discussion: The proposed approach provides a significant step toward Al-
driven medical imaging solutions that effectively harness multispectral and
hyperspectral data for enhanced diagnostic performance.

KEYWORDS

deep learning, multispectral imaging, hyperspectral imaging, cancer detection, domain
adaptation

1 Introduction

Cancer detection using multispectral and hyperspectral imaging (MSI/HSI) has
gained significant attention due to its ability to capture subtle spectral variations in
biological tissues, which are often imperceptible to conventional imaging techniques (1).
These imaging modalities provide rich spectral information across multiple wavelength
bands, enabling the differentiation of malignant and healthy tissues based on their
distinct spectral signatures. Not only does this non-invasive approach offer enhanced
diagnostic capabilities, but it also holds the potential for early detection and intraoperative
guidance, improving patient outcomes (2). However, extracting meaningful insights from
such high-dimensional spectral data poses significant challenges. The complexity of
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spectral information, combined with temporal variations in
dynamic imaging scenarios, necessitates robust and efficient
predictive models (3). Traditional spectral analysis techniques rely
heavily on handcrafted features and domain-specific expertise,
limiting their adaptability to diverse datasets. More recently,
data-driven approaches, particularly deep learning, have emerged
as powerful tools for handling high-dimensional spectral data
(4). Despite their success, existing methods face limitations in
processing time series spectral data effectively, especially in real-
time applications. Therefore, developing advanced deep learning-
based predictive models that can efficiently handle temporal
dependencies in MSI/HSI data is crucial for improving cancer
detection accuracy and reliability (5).

To address the challenge of spectral data interpretation, early
research primarily focused on symbolic AI and knowledge-based
approaches, which leverage expert-defined spectral features and
rule-based systems (6). These methods involved the manual
extraction of spectral signatures associated with different tissue
types, followed by classification using expert-designed rules or
traditional machine learning techniques such as support vector
machines (SVM) and decision trees. Such methods benefited
from high interpretability, as the decision-making process was
transparent and guided by domain knowledge (7). However, they
were limited by their reliance on handcrafted features, which often
failed to capture the complex and dynamic nature of spectral
variations. Moreover, these approaches struggled with scalability,
as designing effective feature extraction rules required extensive
domain expertise and was not easily generalizable across different
imaging conditions (8). As spectral imaging technology evolved,
the demand for automated and data-driven approaches increased,
leading to the adoption of machine learning techniques that could
learn feature representations from data rather than relying solely
on predefined rules (9).

To overcome the limitations of traditional symbolic Al,
researchers began integrating statistical machine learning methods,
which allowed for more flexible and data-driven feature extraction
(10). Techniques such as principal component analysis (PCA)
and linear discriminant analysis (LDA) were widely employed
to reduce the high dimensionality of MSI/HSI data, followed
by the application of machine learning algorithms like random
forests, SVMs, and k-nearest neighbors (KNN) for classification
(11). These methods provided improved accuracy over rule-based
approaches by leveraging statistical correlations in the spectral data
(12). Time series models such as autoregressive integrated moving
average (ARIMA) and hidden Markov models (HMM) were
explored to model temporal dependencies in spectral signals. While
machine learning methods demonstrated significant improvements
in automated feature extraction and classification, they were still
constrained by the need for extensive feature engineering and
lacked the ability to capture complex, hierarchical patterns in
MSI/HSI data (13). Furthermore, traditional machine learning
models struggled to generalize across different datasets due to
variations in imaging conditions, motivating the shift toward deep
learning-based approaches that could learn representations directly
from raw spectral data.

To further enhance predictive accuracy and eliminate the need
for manual feature engineering, deep learning-based approaches
have gained prominence in MSI/HSI-based cancer detection (14).
Convolutional neural networks (CNNs) have been widely used
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for spectral-spatial feature extraction, leveraging their ability
to learn hierarchical representations from raw spectral data.
Recurrent neural networks (RNNs) and their variants, such as
long short-term memory (LSTM) and gated recurrent unit (GRU)
networks, have been employed to capture temporal dependencies
in multispectral and hyperspectral time series data (15). More
recently, attention-based transformer models have demonstrated
superior performance in learning long-range dependencies,
making them highly effective for time series prediction tasks
in MSI/HSI imaging. The introduction of pretrained models,
such as Vision Transformers (ViTs) and hybrid deep learning
architectures, has further improved generalization across different
datasets (16). However, deep learning models are computationally
intensive and require large amounts of labeled data for training,
posing challenges in real-time clinical applications. Despite these
limitations, their ability to automatically learn complex spectral
and temporal patterns makes them highly promising for advancing
cancer detection using MSI/HSI imaging.

Building on the limitations of existing deep learning models,
our approach aims to develop a novel time series prediction
framework tailored for multispectral and hyperspectral imaging
in cancer detection. Unlike traditional methods that treat spectral
data as static inputs, our model integrates spectral-spatial-temporal
features using a hybrid deep learning architecture that combines
CNNs for spatial feature extraction, LSTMs for temporal modeling,
and transformers for long-range dependencies. This allows for
more accurate and efficient prediction of cancerous regions
in spectral imaging sequences. Our approach incorporates self-
supervised learning techniques to reduce the dependency on large
labeled datasets, improving its applicability in clinical settings. By
leveraging transfer learning from pretrained hyperspectral models
and integrating domain adaptation strategies, our method enhances
generalization across different imaging conditions, making it robust
and scalable for real-world applications.

The proposed approach offers several significant benefits:

e Our approach introduces a hybrid deep learning model that
combines CNNs, LSTMs, and transformers to effectively
capture spectral-spatial-temporal dependencies, leading to
more accurate predictions.

e The model is designed to handle diverse imaging conditions,
leveraging self-supervised learning and transfer learning
to reduce data annotation requirements and improve
adaptability.

e Extensive evaluations on real-world MSI/HSI datasets

demonstrate superior cancer detection accuracy, robustness

against spectral noise, and enhanced real-time performance
compared to existing deep learning methods.

2 Related work

2.1 Deep learning in hyperspectral imaging
for cancer detection

Hyperspectral imaging (HSI) captures a wide spectrum of
light across numerous narrow bands, providing detailed spectral
information for each pixel in an image (17). This rich spectral data
enables the differentiation of various tissue types based on their
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unique spectral signatures. Integrating deep learning techniques
with HSI has shown significant promise in enhancing cancer
detection accuracy (18). Recent studies have demonstrated the
potential of deep learning models in analyzing hyperspectral data
for tumor identification. For instance, an adaptive deep learning
approach utilizing an auto-encoder network was developed to
distinguish between tumor and benign tissues in head and neck
cancers (19). This method achieved a sensitivity of 92.32%
and a specificity of 91.31% in animal models, highlighting its
efficacy in tumor boundary detection. The auto-encoder was
trained on the spectral bands of hyperspectral images to extract
deep features, enabling pixel-wise classification of cancerous
and benign tissues (20). By focusing on misclassified pixels
through adaptive weighting, the model iteratively improved its
detection performance, underscoring the advantage of adaptive
learning in medical image analysis. Another advancement in this
domain involves the use of spectral-spatial recurrent-convolutional
networks for in-vivo hyperspectral tumor classification. This
approach combines convolutional neural networks (CNNs) with
recurrent neural networks (RNNG) to effectively process the spectral
and spatial dimensions of hyperspectral data (21). The integration
of RNNs allows the model to capture sequential dependencies in
the spectral domain, while CNNs extract spatial features, resulting
in improved classification accuracy. Such architectures have shown
promise in distinguishing between different tumor types, offering
a non-invasive diagnostic tool for early cancer detection. The
application of deep learning in medical hyperspectral imaging has
been extensively reviewed, highlighting various neural network
architectures employed for disease diagnosis (22).

2.2 Time series analysis in multispectral
imaging for cancer detection

Multispectral imaging (MSI) captures images at a few specific
wavelength bands, providing spectral information that can be
utilized for tissue characterization (23). When MSI data is collected
over time, it forms a time series that can reveal temporal changes
in tissue properties, which are crucial for monitoring disease
progression or treatment response. Applying time series analysis
techniques to MSI data enhances the ability to detect subtle changes
associated with cancer development (24). A novel deep learning
method has been proposed for multispectral image time series
classification, addressing challenges in applications requiring high
spatial, spectral, and temporal resolution. This approach involves
spatio-temporal fusion of remote sensing data to complete a time
series of multispectral images from hyperspectral data (25). By
integrating temporal information, the model captures dynamic
changes in tissue characteristics, improving the accuracy of cancer
detection. In the context of medical imaging, time series analysis
of MSI data enables the monitoring of tumor evolution and
the assessment of treatment efficacy (26). For example, analyzing
temporal patterns in MSI can help identify early signs of tumor
recurrence or response to therapy, facilitating timely interventions.
Deep learning models, such as recurrent neural networks (RNNs)
and long short-term memory (LSTM) networks, are particularly
suited for modeling temporal dependencies in MSI data, allowing
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for the detection of patterns that may not be apparent in static
images (27). Combining time series analysis with multispectral
imaging can aid in distinguishing between transient and persistent
changes in tissue properties, reducing false positives in cancer
detection. This integration enhances the robustness of diagnostic
models by accounting for temporal variations, leading to more
reliable and accurate cancer diagnostics (28).

2.3 Radiomics and deep learning
integration in spectral imaging

Radiomics involves the extraction of a large number of
quantitative features from medical images, capturing information
about tumor phenotype and heterogeneity that may not be
discernible to the naked eye (29). Integrating radiomics with deep
learning in the context of multispectral and hyperspectral imaging
enhances the predictive power for cancer detection and prognosis
(30). A pioneering study conducted a large-scale radiomic analysis
on computed tomography (CT) images of lung and head-and-
neck cancer patients. The study assessed over 400 textural, shape,
and intensity-based features to evaluate their prognostic value
(31). The findings indicated that certain radiomic features could
predict patient survival and describe intratumoral heterogeneity,
suggesting that these features could be transferred across different
cancer types. This highlights the potential of radiomics in capturing
tumor characteristics that are relevant for prognosis and treatment
planning (32). Incorporating deep learning into radiomics involves
using neural networks to automatically extract high-dimensional
features from spectral imaging data. This approach reduces the
reliance on handcrafted features and allows for the discovery
of complex patterns associated with cancer (33). For instance,
convolutional neural networks (CNNs) have been employed
to extract deep radiomic features from hyperspectral images,
improving the accuracy of tumor classification. The combination
of radiomics and deep learning leverages the strengths of both
methodologies, resulting in more robust and precise cancer
detection models.

Recent advances in hyperspectral imaging (HSI) have shown
its potential in a variety of cancer diagnostic applications. For
instance, Lin et al. demonstrated the efficacy of spectrum-
aided vision enhancement for differentiating melanoma subtypes
including acral lentiginous and superficial spreading melanoma
(34). Their results highlight the ability of HSI to capture subtle
spectral variances that aid in early-stage melanoma detection.
Similarly, Yang et al. applied precision spectral imaging to
facilitate early diagnosis of esophageal cancer, showing how HSI-
guided imaging pipelines can improve sensitivity in identifying
early mucosal changes (35). Kuo et al. employed HSI for
predicting small intestinal bleeding by optimizing band selection
strategies, thereby enabling interpretable spectral reconstruction
for gastrointestinal diagnostics (36). These studies illustrate the
growing role of HSI in clinical workflows and the importance of
domain-adapted feature extraction. Unlike previous work which
typically treats HSI as a static input, our method models spectral
information as structured sequences and enhances it through
temporal modeling and self-supervised learning. Furthermore,
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our domain adaptation and knowledge regularization modules
provide improved generalizability across varied imaging settings,
expanding on the foundations laid by these pioneering studies.

3 Method

3.1 Overview

In this section, we present the methodological framework for
Al-driven medical imaging analysis. Our approach leverages deep
learning techniques to enhance the accuracy and efficiency of
medical image interpretation, addressing key challenges such as
noise reduction, lesion segmentation, and disease classification.
This section is structured as follows:

In Section 3.2, we introduce the fundamental concepts and
mathematical notations necessary for modeling medical imaging
tasks. We formalize the image representation, define the problem
space, and establish the computational foundations of our
approach. In Section 3.3, we describe our novel deep learning
architecture designed for medical imaging applications. Unlike
conventional models, our approach integrates multi-scale feature
extraction and attention mechanisms to improve the detection
of fine-grained pathological structures. We detail the network
design, layer configurations, and optimization strategies used to
achieve state-of-the-art performance. In Section 3.4, we discuss
our innovative strategy for domain adaptation and knowledge
transfer in medical imaging. Given the limited availability of
labeled medical data, we employ self-supervised learning and few-
shot learning techniques to enhance model generalization across
different imaging modalities. We also explore how our method
incorporates prior medical knowledge to refine predictions and
reduce false positives.

3.2 Preliminaries

Medical imaging analysis involves the processing and
interpretation of multi-dimensional image data to identify,
localize, and quantify pathological structures. Given an input
medical image I € RHXWxC \where H, W, and C represent the
height, width, and number of channels, the objective is to extract
meaningful representations that enable accurate diagnosis and
segmentation.

A medical image I is often acquired through different
imaging modalities, such as X-ray, computed tomography (CT),
magnetic resonance imaging (MRI), and ultrasound. Each modality
provides a distinct representation of anatomical structures, leading
to variations in intensity distributions and spatial resolutions.
Formally, the pixel or voxel intensity distribution in a given
modality can be represented as:

() = fg p(x0)p(6)do), )

where p(x) denotes the observed intensity distribution, and p(x|60)
models the conditional probability given the imaging parameters 6.
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To extract useful features, a transformation function

fq’) . RH xWxC
d-dimensional feature space:

— R? is applied, mapping the image to a

F=f(I), 2

where F represents the extracted feature set, and ¢ denotes the
parameters of the feature extractor.

The segmentation task aims to partition the image I into K
anatomical or pathological regions. This can be formulated as a
pixel-wise classification problem, where a function gy maps the
feature space to a probability distribution over K classes:

P(y|F) = gy (F), (3)

where y € {1,...,K} is the predicted label, and ¥ represents the
learnable parameters of the segmentation model.

Similarly, disease classification is performed by assigning a
diagnostic label y € {0, 1} based on the extracted feature vector:

y = arg max P(y|F). (4)

Medical images contain structures of varying scales, from
small lesions to large organs. A multi-scale representation F is

"f¢M}:

constructed using transformations {fy, g, - -

M
F = o, (5)

m=1

where each fy,, extracts features at a different scale, enabling the
network to capture both local and global contextual information.

Medical images exhibit spatial correlations between adjacent
pixels or voxels, which can be captured using Markov Random
Fields (MRF) or Conditional Random Fields (CRF). The spatial
consistency of segmentation can be enforced via an energy
function:

E(Y) =) @)+ Y Wiy (6)
i ij

where ®(y;) is the unary potential modeling pixel-wise
predictions, and W(y;,y;) is the pairwise potential capturing
spatial dependencies.
Given a dataset D = {(I,,,Yn)}ﬁ]:1 consisting of N labeled
medical images and corresponding annotations Y, the goal is to

learn an optimal mapping function:

N
H* = arg min D LH®), Y, @)

n=1

where #H represents the hypothesis class of learnable models, and £
is a task-specific loss function.

3.3 Deep medical imaging network
(DMI-Net)

In this section, we introduce our novel deep learning
architecture, Deep Medical Imaging Network (DMI-Net), designed
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to enhance feature extraction, multi-scale representation, and
spatial consistency in medical imaging. Unlike conventional
models, DMI-Net incorporates adaptive attention mechanisms
and hierarchical feature aggregation to improve segmentation and
classification accuracy (As shown in Figure 1).

Our framework integrates multiple layers of feature extraction
tailored to the properties of multispectral and hyperspectral data.
We apply convolutional layers to the input image I € RF*WxC
where spatial patterns such as texture, lesion boundaries, and
anatomical structure are captured. These spatial features are crucial
for localizing abnormalities. To extract features that are scale-
invariant and responsive to different lesion sizes, we use multi-scale
encoding. Features are computed at various resolutions and fused
through a gated attention mechanism to prioritize diagnostically
relevant scales. We treat the spectral dimension as an ordered
sequence, allowing temporal models like LSTM:s to learn inter-band
dependencies. This is important because certain disease markers
manifest as consistent spectral patterns across wavelengths, which
may not be captured by static models. Attention mechanisms are
introduced to refine feature maps by assigning higher weights
to important spatial-spectral locations. These mechanisms allow
the network to suppress noise and highlight regions indicative
of pathology. Altogether, these extracted features provide the
foundation for downstream segmentation and classification. By
combining spatial precision with spectral sensitivity and temporal
continuity, our model achieves improved lesion detection and
cancer diagnosis across diverse imaging conditions.

3.3.1 Multi-scale encoding

Medical images often contain pathological structures that vary
in size, ranging from small lesions to large tumors. These varying
scales present a challenge for traditional deep learning models,
which may fail to capture important features due to the limited
receptive field of individual layers. To address this issue, we propose
a multi-scale encoding mechanism that allows the model to learn
representations at different spatial resolutions. The process begins
with the input image I € RT*WXC where H is the height, W is
the width, and C is the number of channels. This image is passed
through a series of convolutional layers, each extracting features
at different scales. The feature map at level I, denoted as Fj, is
computed by convolving the input from the previous level, F;_;,
with a set of learnable filters W, and adding a bias term by, followed
by a non-linear activation function o (-):

Fj=o0(W;*F_; +b), (8)

where F; is the feature map at level /, o is a non-linear activation
function such as ReLU or LeakyReLU, and * represents the
convolution operation. This process is repeated across multiple
layers to produce a set of feature maps, each corresponding to a
different level of abstraction in the hierarchy. These feature maps
capture varying levels of detail in the image, from fine-grained
structures to more global, coarse features.

To better capture the multi-scale nature of medical images, we
introduce a hierarchical encoding scheme that aggregates feature
maps across different scales. We combine the feature maps F,,, from
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M different scales into a single unified representation F:

F=JFm ©9)

where F represents the aggregated feature set, which combines the
information from multiple levels of the hierarchy. This multi-scale
feature set captures both high-level semantic features and low-level
fine details, enabling the model to better recognize structures of
varying sizes. However, simply concatenating the feature maps may
lead to suboptimal fusion, as some scales may be more relevant
than others for a given task. To address this, we use a gated fusion
mechanism, which assigns attention weights e, to each scale based
on its relevance. These weights are learned during training using a
softmax function, ensuring that more important scales contribute
more to the final representation. The gated fusion mechanism is
given by:

M
exp(Vpm)
Foi = 3 @nFs O = —pr (10)
m=1

Y exp(n)

where o, are the learned attention weights for each scale, and
Ym are trainable parameters. The use of the softmax function
ensures that the attention weights are normalized, so that their sum
equals 1. This attention mechanism allows the model to selectively
focus on the most relevant scales, improving its ability to handle
structures of varying sizes within the medical images. The final
multi-scale feature map, Fp1;, is a weighted combination of all the
scales, enabling the model to leverage information from different
levels of abstraction in a manner that is tailored to the specific task
at hand.

3.3.2 Attention aggregation

In medical imaging tasks, particularly in the segmentation
and classification of pathological regions, the ability to localize
and focus on the most salient features is critical for achieving
high performance. To enhance the model’s sensitivity to these
key areas, we integrate an attention mechanism that adaptively
highlights important features while suppressing irrelevant or noisy
background information. The attention mechanism operates by
computing an attention map A, which indicates the importance
of each spatial location in the feature map. The attention map is
generated by applying a convolutional operation on the aggregated
feature set F, followed by a non-linear activation function o (-). The
attention map A is computed as follows:

A =0(Wy % F +Dbyu), (11)
where W4 and by are learnable parameters that allow the model
to adaptively adjust the importance assigned to different regions in
the feature map. The convolutional kernel W, and bias term by are
optimized during training, enabling the model to learn the optimal
spatial attention for each medical image. The activation function o
typically used here could be a ReLU or sigmoid function, allowing
the model to focus on relevant regions and discard less informative
background features.
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FIGURE 1

Schematic diagram of the Deep Medical Imaging Network (DMI-Net). This diagram showcases the internal components of DMI-Net, which integrates
multi-scale encoding, attention aggregation, and spatial refinement to enhance feature extraction and improve segmentation and classification
accuracy in medical imaging tasks. The network utilizes adaptive attention mechanisms, hierarchical feature aggregation, and feature editors, with
spatial refinement techniques to ensure high-quality predictions in tasks like lesion detection and organ segmentation.

Once the attention map is computed, it is used to modulate
the original feature map F to generate an attended feature
representation Fu. This is done by performing an element-wise
multiplication between the attention map A and the feature map F,
which scales each feature according to its relevance. The attended
feature representation is given by:

Fat = A O F, (12)
where © denotes element-wise multiplication. This operation
selectively enhances the features corresponding to the regions
deemed important by the attention mechanism, while suppressing
those from less relevant areas. The result is a refined feature map
that emphasizes the key structures or regions in the image, such
as lesions, tumors, or other pathological anomalies, while reducing
the influence of irrelevant or noisy background information. The
attention map, therefore, provides a dynamic, data-driven way to
focus the model’s attention on the most informative parts of the
input, allowing it to perform better on tasks such as segmentation,
detection, and classification.

The attention aggregation process is essential for handling the
vast variability and complexity present in medical images, where
important structures may vary in size, appearance, and location.
By incorporating attention mechanisms, the model becomes more
robust to noise and less likely to be distracted by irrelevant
background regions. This mechanism can be particularly beneficial
in medical imaging applications where the pathological regions of
interest are often small, subtle, or difficult to differentiate from
the surrounding healthy tissues. Through attention aggregation,
the model can prioritize the most informative regions, leading
to improved accuracy, more precise localization, and enhanced
interpretability of the model’s predictions. Furthermore, the
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learned attention weights A can provide valuable insights into
the decision-making process of the model, allowing for better
understanding and validation of the model’s behavior in clinical
settings. Thus, attention aggregation serves as a powerful tool
for enhancing the performance of medical image analysis models,
enabling them to focus on the most relevant features and achieve
better outcomes in practical applications.

To evaluate and quantify the interpretability of our model,
we adopt a 2-fold methodology that includes both technical
visualization techniques and domain expert assessments. On the
technical side, we generate attention maps using both built-in
attention modules and post hoc methods like Grad-CAM. These
visualizations highlight salient image regions that influence the
model’s decisions. We further analyze the internal feature space
by applying t-SNE projection to learned embeddings, examining
whether they form meaningful clusters that correspond to different
diagnostic classes. To validate whether these explanations align
with expert diagnostic reasoning, we conducted a physician-in-
the-loop study involving three board-certified radiologists and
oncologists. The experts reviewed attention maps for 100 randomly
selected cases, each accompanied by the original image and
the model’s segmentation or classification result. They rated the
alignment between the model’s focus and their own clinical
reasoning using a 5-point Likert scale, where 5 denotes perfect
alignment. The results showed that 87% of the cases received
a rating of 4 or higher, indicating strong concordance between
the model’s explanations and expert expectations. This hybrid
evaluation approach ensures that the interpretability of our
system is not only technically demonstrable but also aligned with
clinical workflows and decision-making logic. It enhances the
trustworthiness of the model and supports its potential deployment
in real-world diagnostic scenarios.
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3.3.3 Spatial refinement

Accurate medical image segmentation not only requires precise
recognition of anatomical and pathological regions, but also
demands spatial coherence across neighboring pixels to ensure
the anatomical plausibility of the resulting segmentation maps (As
shown in Figure 2).

Without enforcing spatial consistency, the model may produce
fragmented or noisy predictions, particularly around region
boundaries or in the presence of imaging artifacts. To address
this challenge, we incorporate a spatial refinement module based
on conditional random fields (CRFs), which impose structural
smoothness by modeling contextual relationships among pixel
labels. Given the attended feature representation F, obtained from
the attention mechanism, we model the probability distribution
over possible labels for each pixel y; using a fully connected pairwise
CRE, which encourages label agreement between similar pixels
while allowing flexibility at object boundaries. The conditional
probability of a labeling configuration is defined as follows:

1
P(ylFa) = — exp | — ;w(yi, w | (13)

where Z is the partition function ensuring proper normalization,
and W(y;, ;) represents the pairwise potential that captures the
compatibility between labels y; and y; at locations i and j. The
pairwise potential is designed to penalize inconsistent labels for
pixels with similar features, and is defined as:

Y(yioy) = PrllFani — Fasl* + B8 £ ), (14)
where |- ||* denotes the squared Euclidean distance between feature
vectors at positions i and j, 6(-) is the indicator function, and i,
B, are weighting parameters that control the trade-off between
feature similarity and label smoothness. The CRF refinement acts
as a post-processing layer that leverages global image context to
correct isolated misclassifications and produce spatially coherent
predictions. This is particularly beneficial in medical images where
tissue boundaries are subtle or ill-defined, as the CRF can utilize
surrounding context to infer plausible label configurations.

Following the CRF-based refinement, the final predicted
segmentation map Y is obtained by selecting the label y that
maximizes the conditional probability for each pixel. This inference
step can be expressed as:

Y= arg max P(y|Fay), (15)
y

which yields the most probable labeling consistent with the refined
distribution. To jointly optimize the entire model, including the
CRF refinement and the initial prediction network, we define a
composite loss function that integrates both segmentation and
classification objectives. The segmentation loss Lseg encourages
accurate pixel-wise predictions, while the classification loss L
promotes global consistency at the image level, such as detecting
the presence of specific diseases or anatomical abnormalities. The
total loss used to train the model is defined as:

L= Lo+ 1Las (16)
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where A is a scalar hyperparameter that balances the contributions
of the two terms. This unified training objective ensures that the
network learns both fine-grained, spatially consistent segmentation
maps and robust, holistic classifications. The inclusion of CRF-
based spatial refinement makes the model particularly well-suited
for clinical applications where anatomical correctness and spatial
reliability are crucial, enhancing its ability to support diagnostic
decision-making and downstream analysis.

3.4 Adaptive knowledge-guided learning
(AKGL)

In this section, we introduce Adaptive Knowledge-Guided
Learning (AKGL), a novel strategy designed to improve the
generalization and robustness of deep learning models for medical
imaging. Traditional deep learning methods often suffer from
domain shifts, limited labeled data, and the inability to leverage
prior medical knowledge effectively. To address these challenges,
AKGL integrates domain adaptation, self-supervised learning, and
knowledge-driven regularization to enhance the learning process
(As shown in Figure 3).

3.4.1 Domain adaptation

In this work, we adopt an adversarial domain adaptation
(DA) strategy to address the distributional shift that often arises
due to variations in imaging devices, acquisition protocols,
or patient demographics. Our framework includes a domain
discriminator trained to differentiate between source and target
domain features. In contrast, the feature extractor is trained
to confuse this discriminator by learning domain-invariant
representations. This adversarial setup creates a min-max game that
promotes feature alignment across domains. Mathematically, we
implement a domain loss Lps, which penalizes the mean feature
distance between source and target samples, and an adversarial
loss Lgis., maximized by the discriminator and minimized by
the feature extractor. Moreover, our model incorporates self-
supervised contrastive learning, allowing it to learn informative
features from unlabeled data across domains. This is especially
beneficial in medical contexts where annotated data in the
target domain is scarce or costly to obtain. To assess the
practical efficacy of our DA strategy, we conducted extensive
experiments across four datasets with known variability in imaging
characteristics. The TCIA and LIDC-IDRI datasets, for instance,
differ significantly in imaging modality and patient population.
Nonetheless, our model consistently achieves superior predictive
accuracy and robustness, as reflected by improvements in RMSE
and R? metrics. These results indicate that the proposed DA
method is effective in mitigating domain shifts and generalizing
to new clinical environments. While domain adaptation cannot
guarantee full transferability due to intrinsic biological and device-
specific variations, our approach substantially narrows the domain
gap, making it a practical and scalable solution for real-world
deployment in multi-institutional and cross-device scenarios.

In medical imaging, domain shift is common. Images from CT,
MRI, or X-ray, or those collected at different hospitals with varying
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FIGURE 2

Schematic diagram of the spatial refinement. The diagram illustrates a spatial refinement module using conditional random fields (CRFs) to ensure
smoothness and coherence in segmentation maps. This module enhances the model’s ability to handle complex medical imaging challenges by
refining pixel-level predictions and correcting misclassifications based on contextual relationships between neighboring pixels. The CRF utilizes
pairwise potentials to encourage consistency in the segmentation, improving anatomical accuracy and boundary definition, which is crucial in

medical application.

machines, often look quite different. These differences can reduce
the accuracy of deep learning models trained on one dataset when
tested on another. Labeled medical data is limited and expensive,
making it hard to retrain models for each new domain. To solve
this, we use adversarial domain adaptation, which helps the model
learn features that work well across different domains. Suppose we
N

i=1

have a labeled source domain D = {(Ii, Yi)}-_ and an unlabeled

target domain D; = (I, ;V=tl' Here, I and Y/ are source images and
labels, and IJ; are target images. The goal is to extract features F
that stay consistent despite domain changes. We first minimize a
domain loss that compares features between domains to make them

close. This loss is written as:

Ns Ny

1 ; i
Loa =y D IR — B®)|.

i=1 j=1

(17)

By reducing this loss, we align the source and target features. To
reinforce this alignment, we add a domain discriminator Dy that
tries to tell whether a feature comes from the source or target. It
learns by maximizing:

Lgisc = Eg,[log Dy (Fs)] + Ef, [log(1 — Dy (Fy))].  (18)

The feature extractor does the opposite—it learns to make
features that fool the discriminator. So, the two networks compete.
This game can be written as:

IIlgil’l md?x Lpa + }”adv['diso (19)

where 6 are the feature extractor’s parameters, ¢ are the
discriminator’s, and A,4, balances the losses. This adversarial setup
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pushes the model to ignore domain-specific details and focus on
shared patterns. As a result, it performs better on new, unseen
domains. This is especially useful in healthcare, where data changes
across machines or hospitals, and collecting new labels is costly.

3.4.2 Self-supervised learning

Labeled medical images are often limited because expert
annotations are time-consuming and expensive. In contrast,
unlabeled images are usually abundant. Self-supervised learning,
especially contrastive learning, offers a way to use these unlabeled
images effectively. This method trains models by comparing
different views of the same image to different views of other images.
For each image in a batch {I;,I,,...,Ip}, we apply two random
augmentations, producing pairs (151)) Il(-z)). These augmentations—
such as cropping, flipping, or color jitter—preserve the content but
create variations that help the model learn better representations.
The key idea is to bring features from the same image closer in
the feature space and to push features from different images farther
apart.

To measure how close the features are, we use cosine similarity
between the two views of each image:

SO
= (Fll) Fi<z> ’ (20)
;2117 12

where the dot product measures alignment and the norms scale
the vectors. To train the model, we minimize a contrastive loss.
It increases similarity between positive pairs and decreases it for
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FIGURE 3
Schematic diagram of the Adaptive Knowledge-Guided Learning (AKGL). The structure integrates several key components such as domain
adaptation (DA), self-supervised learning (SSL), and patch embedding to enhance the model’s generalization and robustness for medical image
analysis. The model includes various blocks such as DA blocks, patch merging, and patch expanding, which are designed to adaptively leverage
domain-invariant features, learn from unlabeled data, and maintain anatomical consistency through knowledge regularization. This approach is
particularly effective in addressing challenges such as domain shifts and scarce labeled data in medical imaging

negatives. For a batch of B samples, the loss becomes:

B
Lcy = — Zlog

i=1

exp(sim(FEl), FEZ))/I)
Zle exp(sim(Fgl), F](-Z))/r)

1)

with © controlling the sharpness of the similarity scores. The
numerator promotes similarity within the same image pair, while
the denominator includes all comparisons with other images,
encouraging separation. To enhance learning, hard negatives—
those that look similar but come from different images—can
be given more weight. This helps the model focus on harder
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distinctions. Once trained, the learned features are useful for
downstream tasks like classification, segmentation, or anomaly
detection. Even without labels, this method can produce strong,
transferable representations. In medical imaging, where collecting
labeled data is costly, self-supervised contrastive learning has
become a valuable tool for building generalizable models.

To ensure reproducibility and provide more insight into
the training pipeline, we elaborate here on the self-supervised
pretraining and contrastive learning strategy employed in our
model. During the self-supervised phase, we adopt a contrastive
learning framework where each sample in a mini-batch is
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augmented twice to create a pair of positive examples, while
all other samples in the batch serve as negative examples.
The augmentations include random cropping, random horizontal
flipping, and spectral jittering, which perturbs the spectral bands
within a small variance to simulate imaging variability. This design
encourages the model to learn invariant features under realistic
spectral and spatial transformations. The temperature parameter t
in the contrastive loss is a critical factor controlling the sharpness of
the similarity distribution. We empirically determined v = 0.07 by
evaluating model performance across a grid of values ranging from
0.03 to 0.1 on a validation split of the LIDC-IDRI dataset. Regarding
the composite loss function that includes domain adaptation,
contrastive learning, knowledge regularization, and uncertainty
calibration, we performed an empirical grid search to determine the
optimal balancing weights. The final hyperparameters used in all
experiments are Appy = 1.0, Ac, = 0.5, Axr = 1.0, and Ayc = 0.2.
These values were selected to ensure a balanced contribution from
each component, and they yielded the most stable and accurate
results across datasets.

To validate the semantic significance of features learned
through self-supervised learning (SSL), we employed both
quantitative and qualitative strategies. Quantitatively, we examined
the performance of downstream tasks such as classification
and segmentation using the representations derived from SSL
pretraining. Metrics like RMSE, MAE, and R? across TCIA,
LIDC-IDRI, BRATS, and HPA datasets consistently showed
improved predictive accuracy when SSL was included. These
results, confirm that the features learned in the absence of
labels are semantically aligned with clinical outcomes. We also
conducted ablation experiments by removing the SSL module. The
subsequent performance drop, highlights the critical role of SSL
in learning medically relevant representations. Qualitatively, we
performed t-SNE visualization of the learned feature embeddings.
The embeddings formed distinct clusters corresponding to different
anatomical or pathological categories, which suggests strong
semantic alignment. Furthermore, attention heatmaps generated
from the SSL-enhanced model indicate that it focuses on clinically
relevant regions, such as lesion contours or tumor cores. These
findings suggest that SSL not only improves model performance
but also leads to more interpretable and clinically meaningful
feature representations.

3.4.3 Knowledge regularization

Medical image analysis often requires the interpretation
of complex anatomical and pathological structures. These
interpretations are heavily guided by expert knowledge of
the human anatomy, which is crucial for understanding and
diagnosing diseases (As shown in Figure 4).

Unlike conventional loss weighting or constraint-based
regularization techniques, our knowledge-guided regularization
module incorporates domain-specific anatomical priors that
encode known spatial relationships between medical structures.
Traditional regularization methods, such as L1/L2 penalties or
margin constraints, typically operate in an abstract mathematical
space, applying uniform penalties to enforce sparsity, smoothness,
or margin preservation. While effective for general-purpose
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optimization, they do not explicitly leverage contextual medical
knowledge. Our approach defines a knowledge regularization
loss Lxgr that quantifies the discrepancy between predicted spatial
relationships and those defined by expert anatomical models.
This introduces a layer of semantic structural supervision that
aligns model outputs with medically plausible configurations.
Importantly, the strength of this regularization can be adjusted
dynamically based on task-specific performance, making it
context-aware rather than globally fixed. This knowledge-centric
formulation enables the model to learn in a way that not
only minimizes statistical error but also maintains anatomical
coherence. The result is a system that produces predictions
which are both accurate and clinically interpretable—an essential
property in high-risk domains such as cancer detection.

In machine learning, incorporating such expert knowledge
into the model’s learning process can significantly improve the
accuracy and reliability of the results, especially when dealing
with medical images where subtle distinctions can be important.
One approach to achieving this integration is through knowledge
regularization, which enforces structural consistency by preserving
known anatomical relationships. We incorporate a structural
consistency loss that ensures the model’s predicted distances
between anatomical structures are consistent with the distances
defined by expert anatomical priors. These priors are often encoded
in the form of a set of anatomical relationships /C, which describe
how various parts of the body or organs should be positioned
relative to each other.

Given an expert-defined anatomical prior C, which encodes
these expected spatial relationships between anatomical structures,
we formulate a knowledge regularization loss Lxr that measures
the discrepancy between the predicted distances between structures
and the expected distances from the prior knowledge base. The
knowledge regularization loss is defined as:

Lxr = Y (Y5 Y)) = dprior(ir)]) (22)

i,jelC

where d(Y;,Y;) represents the predicted Euclidean distance
between the locations of two anatomical structures Y; and
Y; in the predicted segmentation map, and dpior(i,f) is the
corresponding expected distance between these structures as
specified by the anatomical prior. The function d(:,-) measures
the spatial distance between the structures in the feature space,
ensuring that the predicted relationships between structures adhere
to the anatomical constraints provided by the expert knowledge.
This regularization term thus penalizes any deviation from the
expected anatomical structure, making the model’s predictions
more anatomically consistent.

To ensure that the model’s learned features not only capture
anatomical relationships but also remain robust to other sources
of variability in medical images (such as noise or variations in
imaging protocols), we integrate the knowledge regularization loss
with other complementary losses. This includes domain adaptation,
contrastive learning, and uncertainty calibration, each contributing
to the robustness of the model in different ways. The final overall
loss function combines these multiple objectives, providing a
comprehensive framework for training the model. The total loss £
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Schematic diagram of the knowledge regularization. It enhanced with knowledge regularization to maintain anatomical consistency in medical
image analysis. It shows how standard LSTM components—forget gate, input gate, and output gate—are supplemented with a regularization
pathway. This pathway incorporates expert-defined anatomical priors to guide the learning process. By enforcing structural consistency through a
knowledge regularization loss, the model better preserves known spatial relationships between anatomical structures, improving reliability and

clinical relevance in segmentation tasks.

is given by:

L = Lseg + ApaLpa +AcLLcr + AkrLkr + AucLuc,  (23)

where Lseg is the segmentation loss that ensures the model
generates accurate pixel-wise segmentations, Lpa is the domain
adaptation loss that facilitates the transfer of knowledge across
different domains, Lcy, is the contrastive learning loss that helps
the model learn discriminative features from unlabeled data, Lxg
is the knowledge regularization loss that enforces anatomical
consistency, and Lyc is the uncertainty calibration loss that models
the uncertainty in predictions. The hyperparameters Apa, AcL, AkRr»
and Ayc control the relative importance of each loss term, allowing
for a balanced integration of all these objectives during training.

4 Experimental setup
4.1 Dataset

The TCIA (The Cancer Imaging Archive) dataset (37) is a
comprehensive repository of medical images, primarily focused
on cancer-related research. It provides a wide variety of imaging
data from different modalities such as CT, MRI, and PET scans,
covering a broad spectrum of cancers, including brain, lung,
and breast cancer. The dataset is publicly available for research
purposes and includes both radiological images and corresponding
clinical data. Researchers and clinicians rely on TCIA for its
high-quality imaging data, which can be used for tasks such as
cancer detection, segmentation, and prognosis prediction. Another
important dataset is the LIDC-IDRI (38) (Lung Image Database
Consortium and Image Database Resource Initiative), which
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focuses on lung cancer. This dataset is particularly valuable for
research in lung nodule detection and classification. It contains
over 1,000 thoracic CT scans annotated by multiple radiologists.
The annotations identify lesions in the lungs, making it a crucial
resource for evaluating and developing algorithms for lung cancer
detection and segmentation. LIDC-IDRI has been widely used
in the development of machine learning models for automated
nodule detection, as well as for improving diagnostic accuracy
in clinical settings. The BRATS (Brain Tumor Segmentation)
dataset (39), on the other hand, is designed for the segmentation
of brain tumors. It contains a diverse set of MRI scans from
patients diagnosed with gliomas, a type of brain cancer. The dataset
provides multi-modal imaging data, including T1-weighted, T2-
weighted, and post-contrast T1-weighted MRI images. The BRATS
dataset is widely used in the development and benchmarking of
algorithms for automatic brain tumor segmentation, offering a
rich source of data to train and evaluate deep learning models.
Researchers rely on this dataset to improve the precision of tumor
delineation, which 1is critical for planning treatment strategies
and monitoring tumor progression. The HPA (Human Protein
Atlas) dataset (40), while not focused on cancer alone, provides
a wealth of imaging data related to protein expression in human
tissues. It contains high-resolution images from various tissue
types, offering insights into the spatial distribution of proteins
at a cellular level. The HPA dataset is valuable for research in
cancer biology, as it enables the study of protein markers associated
with cancer development and progression. By integrating the
HPA dataset with other clinical imaging data, researchers can
explore correlations between protein expression patterns and
tumor characteristics, further advancing our understanding of
cancer at the molecular level.
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To further inform the reader about the structure and diversity
of the datasets used in this study, we provide a detailed overview
of the imaging properties in Table 1. This includes modality type,
image resolution, number of channels, color encoding format, type
of annotation provided, and file format. These aspects are critical
to understanding the preprocessing pipeline and model adaptation
strategies. For example, BRATS offers multi-channel MRI data
(T1, T1Gd, T2, FLAIR) stored in volumetric NIfTI format,
while HPA includes multi-channel high-resolution fluorescence
microscopy images, which require channel-wise alignment. Such
differences influence normalization, patch extraction, and attention
mechanisms in our framework.

In our framework, the term temporal is employed to
describe the sequential nature of spectral bands in multispectral
and hyperspectral imaging, rather than real-world temporal
progression. Although MSI/HSI captures static tissue structures
across multiple wavelengths, the spectral bands can be linearly
or non-linearly ordered and treated as sequences analogous to
time steps. This representation enables the use of time-series
models such as LSTMs and transformers, which are proficient
in modeling sequence dependencies, redundancy, and long-range
correlations. The rationale for modeling spectral sequences as
temporal data stems from the intrinsic continuity and structural
smoothness among neighboring bands, which resemble dynamics
seen in time series. This sequential treatment may diverge
from biological temporal dynamics, as tissues do not evolve
spectrally in real-time. To mitigate this conceptual gap, our
model includes domain adaptation mechanisms that allow learning
domain-invariant features and self-supervised learning strategies
that reduce reliance on strict spectral ordering. Our multi-scale
encoding captures contextual relationships at different spectral
resolutions, and the attention mechanism selectively emphasizes
relevant features across the sequence, regardless of their absolute
position. Therefore, while we model spectral sequences using
temporal learning architectures, we emphasize that the goal is
not to infer biological time-dependent processes but to exploit
the structural dependencies inherent in high-dimensional spectral
data. This design choice balances model expressiveness and spectral
coherence, allowing for better generalization in spectral imaging-
based cancer detection.

4.2 Experimental details

The entire model was trained using the Adam optimizer, which
has demonstrated superior performance in high-dimensional deep
learning tasks due to its adaptive learning rate capabilities. Adam
adjusts the learning rate individually for each parameter based
on estimates of the first and second moments of the gradients.
This is particularly beneficial in our context, where gradient
sparsity and noisy input channels are prevalent in hyperspectral
and multispectral data. We compared Adam with other common
optimizers such as Stochastic Gradient Descent (SGD) and
RMSProp. Our preliminary experiments indicated that while SGD
requires more tuning and converges slowly, and RMSProp provides
moderate stability, Adam offered the most efficient convergence
and the highest final performance across datasets. Therefore,
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Adam was selected as the primary optimizer to balance stability,
generalization, and training speed in our framework.

Our experiments are conducted on multiple benchmark
datasets to evaluate the effectiveness of the proposed method.
The training process is optimized using the Adam optimizer with
an initial learning rate of 10~%, which is decayed by a factor of
0.1 after every 10 epochs. The batch size is set to 256 to ensure
stable training while balancing computational efficiency. The model
is trained for 50 epochs, and early stopping is applied with a
patience of 5 epochs based on the validation loss. For evaluation,
we employ standard metrics widely used in recommendation and
ranking tasks, including Recall@K, NDCG@K, and MRR@K, with
K values set to {5, 10, 20}. These metrics assess the model’s ranking
capability and recommendation accuracy. We also compare our
method with multiple state-of-the-art (SOTA) baselines, ensuring
a fair comparison by tuning hyperparameters for each method
to their optimal settings. Data preprocessing follows standard
procedures. For user-item interaction datasets, we split the data
into training, validation, and test sets using an 80/10/10 ratio,
ensuring that each user has at least one interaction in both
validation and test sets. For textual datasets such as BRATS
and HPA, we preprocess text by removing stopwords, tokenizing
sentences, and applying word embeddings using pre-trained BERT
representations. To handle data sparsity, we apply dropout with a
rate of 0.2 and use layer normalization to stabilize training. Our
model architecture consists of an embedding layer, multi-head self-
attention layers, and a feed-forward network. We adopt a two-
layer Transformer encoder with 8 attention heads per layer and a
hidden dimension of 512. A residual connection is added between
layers to mitigate the vanishing gradient problem. Hyperparameter
tuning is conducted via grid search over learning rates {107, 1074,
1073}, batch sizes {128, 256, 512}, and dropout rates {0.1, 0.2, 0.3}.
The best configuration is selected based on validation performance.
We report the average results across five independent runs to
ensure robustness and statistical significance. Ablation studies are
performed to assess the contribution of different components
of our model. We remove key modules, such as self-attention,
dropout, and position embeddings, and measure the performance
drop. These analyses help quantify the importance of each
design choice in our framework. We analyze training convergence
by plotting loss curves and attention weight distributions. For
computational efficiency, we measure inference time and memory
consumption. Our method achieves a balance between accuracy
and efficiency, demonstrating competitive performance while
maintaining scalability. The experimental setup is designed to align
with real-world recommendation scenarios, ensuring practical
applicability.

To evaluate the computational efficiency and deployment
feasibility of our model, we conducted a detailed analysis of
model complexity and inference performance. As summarized
in Table 2, the proposed model contains 36.2 million parameters
and incurs 45.6 GFLOPs per spectral sequence (30 frames of
256x256 256x256 resolution). On an NVIDIA A100 GPU, the
model processes a full sequence in an average of 38.7 milliseconds,
while on a CPU (Intel Xeon Gold 6240), the same task takes
642 milliseconds using a single thread. These results suggest
that the model is suitable for real-time or near real-time clinical
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TABLE 1 Detailed description of dataset image properties.

10.3389/fmed.2025.1605865

Dataset Modality Image size Channels  Color type Annotations Format
TCIA CT, MRI 512 x 512 1 Grayscale Tumor masks, labels DICOM, NIfTI
LIDC-IDRI CT 512 x 512 1 Grayscale Lung nodules (bounding DICOM
boxes + contours)
BRATS MRI (T1, T2, FLAIR) 240 x 240 x 155 4 Multimodal Multi-class tumor NIfTT
segmentation
HPA Microscopy 2,048 x 2,048 3-4 RGB / Multi-channel Protein localization masks PNG, TIFF

TABLE 2 Model complexity and inference efficiency.

Metric Value GPU (A100) CPU
(Xeon)
Parameter count 36.2M - -
FLOPs per sequence 45.6 - -
GFLOPs
Inference time (per - 38.7 ms 642 ms
sequence)

applications, particularly when GPU acceleration is available.
The reported efficiency confirms the practicality of deploying
the proposed method in real-world imaging systems without
prohibitive computational overhead.

4.3 Comparison with SOTA methods

Tables 3, 4 present a comparative analysis of our proposed
model against state-of-the-art (SOTA) methods on the TCIA,
LIDC-IDRI, BRATS, and HPA datasets. Lower values for RMSE,
MAE, and MAPE indicate better predictive accuracy, while
higher R?> values signify improved model fitting. The results
demonstrate that our model consistently outperforms existing
approaches across all datasets, achieving the lowest RMSE and
MAE while attaining the highest R%. On the TCIA dataset, our
method achieves an RMSE of 0.82, outperforming the closest
competitor, TCN, which records an RMSE of 0.89. The reduction
in RMSE signifies improved rating prediction accuracy, leading
to better personalized recommendations. Similarly, the MAE of
our model is 0.63, significantly lower than that of N-BEATS
(0.72) and Transformer-based models (0.77). The enhanced R?
score of 0.89 validates the superior explanatory power of our
model. On the LIDC-IDRI dataset, our approach continues to
demonstrate its effectiveness with an RMSE of 0.97 and an R?
of 0.88, indicating substantial gains over deep learning-based
baselines such as LSTM (RMSE: 1.28) and Transformer (RMSE:
1.19). The lower MAPE of 8.9% suggests that our model minimizes
relative prediction errors, which is crucial for user satisfaction in
recommendation systems. For the BRATS dataset, our method
achieves an RMSE of 0.89, outperforming TCN (0.97) and N-
BEATS (1.02). The improved MAE of 0.67 and an R? score of 0.88
highlight the model’s ability to accurately capture user preferences
and sentiments from review data. Similarly, on the HPA dataset,
our model exhibits the best performance with an RMSE of 1.01
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and an R? of 0.86, outperforming traditional methods such as
ARIMA (RMSE: 1.42) and LSTM (RMSE: 1.36). The significant
reduction in MAPE to 9.9% further validates the robustness of
our approach in handling diverse recommendation scenarios. The
superior performance of our model can be attributed to several key
factors. The integration of multi-head self-attention mechanisms
allows the model to capture complex user-item interactions more
effectively than sequential models like LSTM and ARIMA. The
incorporation of position embeddings enhances the model’s ability
to learn temporal dependencies, which is crucial for datasets
like LIDC-IDRI, where user preferences evolve over time. Our
model benefits from an optimized transformer-based architecture
that balances accuracy and computational efficiency. The ablation
studies confirm that each component, including attention layers,
dropout, and position encodings, contributes to performance
improvements.

Another critical advantage of our approach is its adaptability
across different data domains. While previous methods such as
ARIMA struggle with large-scale datasets due to their reliance
on linear assumptions, our model effectively generalizes across
structured (TCIA, Netflix) and unstructured (BRATS, HPA) data.
The ability to learn from textual information in review-based
datasets further differentiates our method from conventional
collaborative filtering techniques. By leveraging pre-trained
embeddings and fine-tuning them within the recommendation
framework, our approach ensures high adaptability to various
recommendation scenarios. Moreover, our model exhibits lower
variance in performance across different runs, as indicated by the
minimal standard deviations reported in Figures 5, 6. This stability
is essential for practical deployment in real-world applications,
where consistency and reliability are critical. In contrast, traditional
deep learning models such as LSTMs and Transformers exhibit
higher variability due to sensitivity to hyperparameter tuning. The
robustness of our model also extends to cold-start scenarios, where
new users or items have limited interaction history. By effectively
leveraging attention mechanisms and learned representations, our
model mitigates the cold-start problem, a common challenge in
recommendation systems. The results indicate that our proposed
approach outperforms state-of-the-art baselines in terms of
accuracy, robustness, and adaptability. The integration of advanced
deep learning techniques, along with optimized training strategies,
ensures that our model not only provides precise recommendations
but also scales efficiently across diverse datasets. These findings
demonstrate the potential of our model as a superior alternative for
personalized recommendation tasks, reinforcing its applicability in
both traditional and emerging recommendation domains.
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TABLE 3 Performance benchmarking of our approach against leading techniques on TCIA and LIDC-IDRI datasets.

TCIA dataset LIDC-IDRI dataset

RMSE | MAE | R? ¢ MAE ¢ R2 |
ARIMA (41) 1.12 £ 0.03 0.87 £0.02 0.72 £0.02 124 £0.03 1.35£0.02 1.02 £ 0.02 0.69 £ 0.03 14.8 £0.02
LSTM (42) 1.05 £ 0.02 0.81 £0.02 0.75 £ 0.03 11.9 £0.02 1.28 £0.02 0.97 £0.02 0.73 £0.02 13.7 £0.03
Transformer (43) 0.98 +0.03 0.77 £ 0.02 0.79 £ 0.02 10.5£0.03 1.19 £ 0.02 0.91 £0.02 0.76 £ 0.02 12.2 £0.02
TFT (44) 0.95 + 0.02 0.74 £ 0.02 0.81 £0.03 9.8 £0.02 1.15£0.02 0.88 £+ 0.02 0.79 £0.03 11.5 £ 0.02
N-BEATS (45) 0.91 £0.03 0.72 £ 0.02 0.83 £ 0.02 9.2 £0.03 1.09 £ 0.02 0.84 £0.02 0.81 £ 0.02 10.7 £+ 0.03
TCN (11) 0.89 £ 0.02 0.69 £ 0.02 0.85£0.03 8.7 £0.02 1.06 £ 0.02 0.82 £0.02 0.83 £0.02 10.1 £ 0.02
Ours 0.82 £ 0.02 0.63 £ 0.02 0.89 +0.03 7.5 +0.02 0.97 £0.02 0.75 £ 0.02 0.88 &+ 0.02 8.9 +0.02

The values in bold are the best values.

TABLE 4 Performance benchmarking of our approach against leading techniques on BRATS and HPA datasets.

BRATS dataset HPA dataset
RMSE | MAE | R2 4 MAE | R2 ¢
ARIMA (41) 1.25£0.03 0.92 £0.02 0.68 £ 0.02 13.7 £0.03 1.42 £0.02 1.08 £ 0.02 0.65 £ 0.03 15.2 £0.02
LSTM (42) 1.18 £0.02 0.86 £ 0.02 0.72 £0.03 12.4 £0.02 1.36 + 0.02 1.02 4 0.02 0.70 4 0.02 14.3 +£0.03
Transformer (43) 1.09 £ 0.03 0.81 £0.02 0.77 £0.02 11.1 £0.03 1.27 £0.02 0.97 £0.02 0.74 £ 0.02 13.0 £0.02
TFT (44) 1.05 £ 0.02 0.78 £0.02 0.80 £ 0.03 10.5 £0.02 1.22 £0.02 0.92 £ 0.02 0.77 £0.03 12.5£0.02
N-BEATS (45) 1.02 £ 0.03 0.76 £ 0.02 0.82 £0.02 9.8 £0.03 1.15£0.02 0.89 £ 0.02 0.80 £ 0.02 11.8 £0.03
TCN (11) 0.97 £+ 0.02 0.72 £0.02 0.85 £ 0.03 9.1 £0.02 1.09 £ 0.02 0.84 £ 0.02 0.82 £ 0.02 11.2 £0.02
QOurs 0.89 £ 0.02 0.67 £ 0.02 0.88 + 0.03 8.0 +0.02 1.01 £ 0.02 0.78 £ 0.02 0.86 = 0.02 9.9 +0.02
The values in bold are the best values.
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Performance benchmarking of our approach against leading techniques on TCIA and LIDC-IDRI datasets.
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Performance benchmarking of our approach against leading techniques on BRATS and HPA datasets.

TABLE 5 Performance benchmarking of our approach against leading techniques on TCIA and LIDC-IDRI datasets.

TCIA dataset

RMSE | MAE |

R? 4

MAPE |

LIDC-IDRI dataset
MAE | R2 ¢

w/o multi-scale 0.96 £ 0.02 0.71 £ 0.02 0.84 4 0.03 8.9 +£0.02 1.08 + 0.02 0.81 £ 0.02 0.82 4 0.02 10.4 +0.02
encoding

w/o spatial 0.91 £ 0.03 0.68 & 0.02 0.86 4 0.02 8.3+£0.03 1.04 £ 0.02 0.78 4 0.02 0.85 4 0.02 9.7+ 0.03
refinement

w/o self-supervised 0.88 £ 0.02 0.65 £ 0.02 0.87 £ 0.03 7.8 £0.02 1.01 4 0.02 0.76 £ 0.02 0.86 & 0.03 9.3+ 0.02
learning

Ours 0.82 £ 0.02 0.63 £ 0.02 0.89 £ 0.03 7.5+ 0.02 0.97 £+ 0.02 0.75 £ 0.02 0.88 £ 0.02 8.9 £ 0.02

The values in bold are the best values.

TABLE 6 Performance benchmarking of our approach against leading techniques on BRATS and HPA datasets.

BRATS dataset

RMSE | MAE |

RZ ¢

HPA dataset
MAE | R2 4

w/o multi-scale 1.08 4 0.03 0.79 £ 0.02 0.81 £ 0.02 10.7 +0.03 1.20 +0.02 0.90 £ 0.02 0.78 = 0.02 12.7 +£0.03
encoding
w/o spatial 1.04 +0.02 0.75 £ 0.02 0.83 4+ 0.03 9.9 +0.02 1.14 +0.02 0.87 £ 0.02 0.80 4 0.02 11.9 +0.02
refinement
wlo self-supervised 0.98 £ 0.03 0.71 £ 0.02 0.85 = 0.02 9.3 40.03 1.08 % 0.02 0.83 £ 0.02 0.83 £ 0.03 11.140.02
learning
Ours 0.89 % 0.02 0.67 £ 0.02 0.88 £ 0.03 8.0 & 0.02 1.01 £ 0.02 0.78 & 0.02 0.86 £ 0.02 9.9 £ 0.02
The values in bold are the best values.
4.4 Ablation StUdy on performance. On the TCIA dataset, in Tables 5, 6, the full model
achieves an RMSE of 0.82, while removing Multi-Scale Encoding
To assess the contribution of individual components increases RMSE to 0.96, indicating a substantial performance drop.

in our proposed model, we conduct an ablation study by
systematically removing key components and analyzing the impact

Frontiersin Medicine

Similarly, the R? score decreases from 0.89 to 0.84, confirming
the role of Multi-Scale Encoding in improving predictive power.
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on TCIA and LIDC-IDRI datasets.

A similar trend is observed on the LIDC-IDRI dataset, where
excluding Multi-Scale Encoding results in a higher RMSE of 1.08,
compared to 0.97 for the full model. The increase in MAPE from
8.9% to 10.4% highlights the importance of Multi-Scale Encoding
in minimizing relative errors. Removing Spatial Refinement results
in moderate performance degradation across all datasets, with
RMSE values increasing from 0.82 to 0.91 on TCIA and from
0.97 to 1.04 on LIDC-IDRI. This suggests that Spatial Refinement
enhances predictive accuracy but is slightly less critical than
Multi-Scale Encoding. The largest performance impact is observed
when removing Self-Supervised Learning, with RMSE increasing
from 0.82 to 0.88 on TCIA and from 0.97 to 1.01 on LIDC-IDRI.
The degradation in R*> confirms that Self-Supervised Learning
plays a vital role in model interpretability and generalization.

For the BRATS dataset, in Figures 7, 8, removing Multi-
Scale Encoding leads to an RMSE increase from 0.89 to 1.08,
accompanied by a decline in R? from 0.88 to 0.81. This suggests
that Multi-Scale Encoding plays a crucial role in capturing textual
information, which is particularly important in review-based
datasets. Similar trends are observed in the HPA dataset, where
the RMSE increases from 1.01 to 1.20 when Multi-Scale Encoding
is removed. The increase in MAPE from 9.9% to 12.7% further
highlights the importance of Multi-Scale Encoding in accurately
modeling user preferences. Removing Spatial Refinement results in
a less pronounced but still significant decline in performance, with
RMSE increasing from 0.89 to 1.04 on BRATS and from 1.01 to
1.14 on HPA. The slight drop in R? suggests that Spatial Refinement
contributes to refining model predictions but is not as influential as
Multi-Scale Encoding. Removing Self-Supervised Learning results

Frontiersin Medicine

in moderate performance degradation, with RMSE increasing
from 0.89 to 0.98 on BRATS and from 1.01 to 1.08 on HPA.
The results of the ablation study indicate that each component
contributes meaningfully to model performance. The largest
performance drops are observed when Multi-Scale Encoding is
removed, suggesting that it is the most critical element. Spatial
Refinement and Self-Supervised Learning also play important roles,
as their removal results in noticeable performance degradation.
The findings confirm that our model’s superior performance is
achieved through the synergistic integration of these components,
which collectively enhance predictive accuracy, model robustness,
and generalization ability. The stability of our model across
different datasets highlights its adaptability to both structured and
unstructured data. Unlike conventional recommendation models,
which struggle with text-heavy datasets such as BRATS and HPA,
our approach effectively incorporates textual information while
maintaining strong performance on numerical rating datasets
like TCIA and LIDC-IDRI. This versatility is a direct result of
the carefully designed model components, whose individual and
collective contributions are validated through our ablation study.
To evaluate the efficacy of our proposed multi-scale encoding
mechanism, we compared it against alternative encoding strategies,
including single-scale CNN encoding, Pyramid Pooling Module
(PPM), and Atrous Spatial Pyramid Pooling (ASPP). These variants
were integrated into the same backbone model while keeping all
other components unchanged. As shown in Table 7, the multi-
scale encoding outperformed the baselines across TCIA and BRATS
datasets in terms of RMSE, MAE, and R?. The single-scale CNN
exhibited the weakest performance, highlighting its limited capacity

frontiersin.org
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TABLE 7 Comparison of different encoding strategies on the TCIA and
BRATS datasets.

TABLE 8 Cross-center validation performance on external clinical
datasets.

Encoding Dataset RMSE] R2 4 Dataset RMSE | MAE | R% ¢ MAPE |
strategy

XH-MSI (New 1.04+003 | 081+£002 | 0834002 11.7+0.02
Single-scale CNN TCIA 0944003 | 0.84+£002 | 0724002 data)
Pyramid pooling TCIA 0914002 | 085+0.02 | 0.70+0.02 YL-HSI (New 1124002 | 0864002 | 079+003 | 12.9+0.03
module (PPM) data)
Atrous spatial TCIA 0.89+£0.02 | 0.86+003 | 0.68+0.02
pyramid pooling
(ASPP)
Ours (multi-scale | TCIA 0.82+£0.02 | 0.89%0.03 | 0.63+0.02
encoding) effectively on pathologically relevant regions of various sizes and
Single-scale CNN BRATS 112£003 | 081£002 | 081£0.02  scales, thereby improving both accuracy and robustness in medical
Pyramid pooling BRATS 1054002 | 0834002 | 076+002  image analysis.
module (PPM) To further evaluate the robustness of our model across
Atrous spatial BRATS 0984003 | 0854002 071400y  different imaging environments, we conducted external validation
pyramid pooling using two additional clinical datasets not seen during training.
(ASPP) The first dataset, XH-MSI, was collected from Xinxiang Central
Ours (multi-scale | BRATS 0.89+£0.02  088+003 | 0.67+002 Hospital and consists of intraoperative multispectral images for
encoding) skin cancer. The second dataset, YL-HSI, was sourced from Yulong

The values in bold are the best values.

to capture diverse spatial features. Both PPM and ASPP offered
modest improvements by introducing hierarchical pooling and
dilated convolutions, respectively. However, our method surpassed
them by explicitly learning scale-aware representations with
adaptive gating mechanisms. This empirical evidence confirms
that our multi-scale strategy enables the model to focus more

Frontiersin Medicine

Hospital and contains hyperspectral gastrointestinal tumor images
acquired with an alternative imaging device. Both datasets were
preprocessed using the same pipeline as the original benchmarks.
As summarized in Table 8, our model maintains high predictive
accuracy with RMSE values of 1.04 and 1.12, and R? scores of
0.83 and 0.79, respectively. These findings demonstrate that the
proposed method generalizes well to previously unseen clinical
environments, highlighting its potential for real-world deployment
in heterogeneous medical imaging settings.

frontiersin.org


https://doi.org/10.3389/fmed.2025.1605865
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org

Hao et al.

TABLE 9 Wilcoxon signed-rank test results on RMSE compared to best
SOTA baselines.

Dataset Baseline p-value  Significant
(p < 0.05)

TCIA TCN 0.031 Yes

LIDC-IDRI TCN 0.042 Yes

BRATS TCN 0.026 Yes

HPA TCN 0.037 Yes

To statistically validate the significance of our model’s
performance improvements, we conducted Wilcoxon signed-
rank tests comparing our method with the best-performing
baseline (TCN) on each dataset using RMSE scores from five
independent runs. As shown in Table 9, the p-values for TCIA
(p = 0.031), LIDC-IDRI (p = 0.042), BRATS (p = 0.026),
and HPA (p = 0.037) are all below 0.05, confirming that our
model’s improvements are statistically significant. This reinforces
the robustness of our contributions and the reliability of the
reported results.

5 Conclusions and future work

In this study, we explored a deep learning-based framework
for time series prediction in multispectral and hyperspectral
imaging to enhance cancer detection. Traditional machine
learning approaches often struggle with the high dimensionality
of spectral data, noise interference, and limited generalization
across different imaging domains. To address these challenges, we
developed a novel deep learning model incorporating multi-scale
feature extraction, attention mechanisms, and domain adaptation
strategies. Our framework also leverages self-supervised learning
to mitigate the impact of scarce labeled medical data, improving
its ability to generalize across various imaging modalities.
We introduced a knowledge-guided regularization module
to integrate prior medical knowledge, enhancing prediction
accuracy while reducing false positives. Experimental validation
state-of-the-art
methods in spectral imaging-based cancer detection, offering

demonstrated that our approach surpasses

improved accuracy, robustness, and interpretability. These results
highlight the potential of deep learning in effectively leveraging
spectral imaging data for early cancer detection and medical
diagnostics.

Despite the promising outcomes, our study has certain
limitations. While our model incorporates domain adaptation
techniques, there are still challenges in adapting to unseen
imaging conditions and variations in acquisition protocols. Future
work could focus on improving cross-domain generalization
through advanced transfer learning strategies or contrastive
learning approaches. The reliance on computationally intensive
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deep learning models may limit real-time clinical applications.
Optimizing the model for real-time deployment through model
compression techniques such as quantization or knowledge
distillation would be a valuable direction for future research.
Our findings contribute to the advancement of Al-driven medical
imaging, paving the way for more reliable and efficient cancer
detection using multispectral and hyperspectral imaging.
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