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Abstract- The early identification of cancer is essential for
enhancing patient outcomes and increasing survival rates.
Conventional diagnostic techniques frequently encounter
difficulties in accurately detecting early-stage cancers,
which can result in postponed treatment and diminished
opportunities for effective intervention. Recent
advancements in artificial intelligence, particularly in
machine learning and deep learning, have greatly improved
the ability to diagnose and forecast cancer. This review
examines the application of multi-modal imaging data,
genomics, and clinical parameters to implement machine
learning strategies in the early diagnosis of cancer. The
integration of machine learning with imaging data obtained
from various modalities has been shown to be an effective
approach for enhancing the diagnostic precision of early
cancer detection. This review will explore the current
landscape of machine learning in the diagnosis of early-
stage cancer, with a focus on the analysis of multi-modal
imaging.
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[. INTRODUCTION

Cancer remains one of the foremost causes of
death globally, and prompt diagnosis is crucial for
prolonging the lives of individuals diagnosed with this
illness (Painuli & Bhardwaj, 2022). Recently, standard
methods such as biopsy, imaging procedures, and
laboratory tests have been employed for cancer diagnosis
and to assess its progression. Nevertheless, these
methods are occasionally hindered by inadequate
accuracy in identifying the early stages of cancer,
resulting in treatment initiation only when the disease has
reached advanced stages, thereby significantly reducing
the likelihood of successful intervention (Hunter et al.,
2022). Early-stage screening is often difficult, as many
cancers are either undetectable or manifest with
nonspecific symptoms that differ from the primary
indicators of cancer (Assegid & Ketema, 2019).
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Furthermore, the interpretation of diagnostic
results may necessitate subjective evaluation, leading to
intra- and inter-observer variability, which in turn delays
the early detection process. Additionally, the concept of
integrating machine learning (ML) with the analysis of
multi-modal imaging has emerged as an alternative
approach for the early detection of cancer (Schneider et
al., 2022). Other traditional diagnostic methods face
challenges in identifying cancer at early stages and often
commence with advanced stages, resulting in low rates
of timely intervention (Hunter et al., 2022). The
integration of ML in the early diagnosis of cancer using
multi-modal imaging data, including MRI, CT, and PET
scans, holds promise for enhancing cancer sensitivity
(Tan et al., 2022). By incorporating multi-modal imaging
data, advanced ML techniques, particularly deep
learning models, offer several advantages over
conventional diagnostic methods (Arya & Saha, 2021).

The suggested models can also assist in
enhancing the diagnostic workflow by effectively
integrating  information from various imaging
techniques, as well as clinical and genetic data, which
facilitates a deeper understanding and a more tailored
approach to cancer treatment (Shao et al., 2020).By
utilizing information obtained from multiple types of
images and features that may not have been easily
discernible to the human eye, the ML models are capable
of detecting features that might not be apparent and could
hardly be recognized by human observation (Du et al.,
2020).Recent developments in the rapidly evolving
domains of both ML and DL AI have improved the
diagnosis and prognosis of cancer.These methodologies
can offer additional benefits over conventional
diagnostic and data detection techniques by extracting
and analyzing a wide array of patterns and characteristics
from images, genomics, and clinical data (Schneider et
al., 2022).

The integration of machine learning techniques
with various imaging data has recently transitioned from
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a theoretical framework to a practical application aimed
at enhancing early cancer diagnosis (Tan et al., 2022).
Multi-modal imaging refers to the use of MRI, CT, PET,
and ultrasound as distinct methods to yield
comprehensive insights into a patient’s condition. The
imaging characteristics of tumors are described
independently  within each imaging modality,
encompassing size, shape, metabolic activity, and the
tissue type of the tumor (Pierre et al., 2015). Therefore,
when all these diverse imaging modalities are
amalgamated, it becomes feasible to improve the
machine learning model by leveraging the advantages of
all the aforementioned imaging techniques and creating
a more accurate representation of the tumor and its
surrounding environment (Roest et al., 2013).

The integration of various imaging data into a
unified data set through the utilization of a machine
learning algorithm presents several advantages
compared to conventional diagnostic methods. Firstly, it
can enhance the sensitivity for detecting cancer in its
initial phase by merging the structural similarities of MV
and PA images with the reinforcement provided by deep
learning techniques (Chen et al., 2021). Secondly, it
increases the likelihood of identifying biomarkers and
imaging features that may be linked to early-stage
cancers, thereby aiding in the personalization of specific
treatment options for the patient (Liu et al., 2020).
Thirdly, due to the capability of machine learning models
to analyze substantial volumes of imaging and clinical
data rapidly, they can effectively and efficiently identify
potential areas of blockage that may elude even the most
discerning human observation (Shao et al., 2018).

Nevertheless, the amalgamation of multi-modal
imaging data with other pertinent information such as
genomic data, patient data, and additional cancer-related
data can significantly enhance the efficacy of machine
learning models for the early diagnosis of cancer (Yao et
al., 2022).

II. LITERATURE REVIEW

Machine learning has revolutionized the
integration of multi-modal data through the analysis of
CNN and RNN architectures. These inherently complex
neural networks have demonstrated their capability to
analyze diverse medical data in various intricate forms
(Lv et al, 2022). CNNs have proven particularly
effective in extracting spatial information from medical
images, while RNNs excel in handling sequential data
patterns, such as temporal changes in clinical parameters
or genetic sequences (Shao et al, 2022). The
combination of these architectures has enabled
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researchers to develop more effective diagnostic tools
that can simultaneously analyze data from multiple
sources, thereby enhancing the ability to detect cancer
and improve  prognosis  predictions.  Recent
advancements in architectural design have incorporated
updated capabilities of architectural components,
allowing for the accommodation and processing of
different data types.

For instance, Shao et al. (2022) introduced the
FAM3L model, which represents a groundbreaking
method for integrating histopathological images and
genomic data for cancer survival prediction. This
innovative approach employs a dual-branch CNN-RNN
structure, where CNN components focus on image data
and RNN components handle genomic sequences.
Consequently, the strength of the proposed model lies in
its ability to learn meaningful representations of signals
from both modalities, achieving superior prognostic
accuracy compared to methods that utilize only a single
modality. Additionally, deep learning architectures have
recently evolved to incorporate attention techniques and
transformers for multi-modal cancer diagnosis. These
advanced architectures have been shown to surpass other
methods in terms of modeling relationships between
various data modalities.

For example, Nazri and Agbolade (2018)
introduced the ‘HARIRAYA’ feature, which was
designed to detect breast cancer cells by combining a
conventional image processing algorithm with deep
neural learning, thereby generating more effective
representations of the existing mammogram data. This
innovative method significantly outperforms traditional
approaches in terms of detection accuracy, indicating
promising opportunities for the incorporation of
architectural  creativity  into  cancer  detection
technologies.

Multi-task learning has become a leading
strategy in cancer detection by enabling the simultaneous
learning of multiple interconnected tasks, resulting in
enhanced model generalization. This method has proven
particularly beneficial when examining related aspects of
cancer diagnosis and prognosis (Haritha & Sandhya,
2022).

For instance, certain experiments demonstrated
that the model, which aims to predict cancer type, stage,
and treatment response, outperforms three separate
models, each tailored for one of these specific tasks. The
shared learning process, when applied, effectively
improves the identification of similar features or
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patterns, which is advantageous for the subsequent
prediction process. Furthermore, sequential data capture
methodologies have assumed a crucial role in
emphasizing cancer-diagnosis-relevant features from
each modality by utilizing attention-based frameworks
within the latest deep learning architectures. These
mechanisms have proven particularly useful in
healthcare diagnostics reliant on medical imaging, as
various regions or characteristics of an image may yield
differing levels of pertinent information (Shen et al.,
2023).

Recent advancements have demonstrated that attention-
based models can significantly enhance tasks such as
tumor detection and classification, achieving accuracy
improvements of approximately 15% over traditional
methods. Consequently, many of the latest models are
evolving through the integration of multi-task learning
and attention mechanisms to create more accurate cancer
detection techniques.

In their 2022 study, Nijhawan et al. showcased this by
employing a multi-modal analysis framework for
diagnosing skin lesions, utilizing clinical images,
thermoscopic images, and patient metadata. Their system
implemented attention mechanisms to identify features
across simultaneously
predicting multiple characteristics of skin lesions. As a
result, the performance of this single-task model, which
incorporated advanced language techniques, surpassed
that of single-task models that relied solely on one
technique in clinical applications.

various modalities while

III. RESULTS AND DISCUSSION

Deep learning architectures integrated across
various imaging modalities have demonstrated enhanced
accuracy in cancer detection. Arya and Saha (2021)
noted that CNNs excel at capturing the critical features

of different imaging techniques, achieving overall
classification accuracies exceeding 93% with both MR
and CT images. The foundation of this success represents
its most significant accomplishment: the network's
ability to concurrently train hierarchical representations
from multiple imaging sources. This capability has
proven particularly beneficial in scenarios where single-
modality imaging may fail to identify smaller or less
apparent signs of cancer. For instance, employing
mammography alongside ultrasound imaging to evaluate
breast cancer cases through deep learning models
improves sensitivity by over 15% compared to single-
modality analysis, as reported by Du et al. Further
investigations into multi-modal integration strategies
revealed that the use of attention mechanisms led to
performance enhancements. Shao et al. (2020) observed
that attention-based architectures provide improved
specificity by utilizing attention scores to highlight the
significance of inputs for detection tasks.

This method has shown considerable
effectiveness, particularly when traditional Modality
Analysis might yield unreliable results. The efficacy of
multi-modal integration was also validated through
cross-validation experiments focusing on various
aspects. Cattaneo’s (2022) research indicated that
decisions derived from the combination of different deep
learning frameworks consistently improved performance
across various datasets. They established that multi-
modal integration was even more effective, achieving a
23% reduction in false-positive rates compared to single-
modality analysis while maintaining sensitivity above
90%. These methodologies are particularly effective as
they leverage complementary information from diverse
imaging displays, thereby providing a
comprehensive view of potential cancer signals.

more

Comprehensive Analysis of Cancer Detection Methods across Different Systems

Cancer Type | Methodology Dataset Performance Metrics Sources

Breast CNN + Transfer Learning | BreakHis Acc: 94.2%, Sens: 93.1%, Spec: 92.8% | Zhang et al, 2020

Lung Deep Residual Network LIDC-IDRI | Acc: 93.5%, AUC: 0.92, F1: 0.91 Shao et al., 2020

Brain Multi-scale CNN BraTS Acc: 95.7%, Dice: 0.89, Sens: 94.2% Magsood et al,
2022

Prostate Hybrid CNN-LSTM Private Acc: 91.8%, Spec: 89.5%, PPV: 90.3% | Roestetal, 2013

Colorectal Transfer Learning + SVM | CRC-TP Acc: 92.4%, F1: 0.91, AUC: 0.93 Yao et al., 2022

Skin ResMet50 + Attention ISIC-2020 | Acc: 93.8%, Sens: 92.7%, Spec: 94.1% | Hunter et al., 2022

Liver DenseMet + RNN LiTS Acc: 94.5%, Dice: 0.92, Prec: 93.8% Pierre et al., 2015

Pancreatic 3D CHNN + GAMN TCIA Acc: 90.2%, AUC: 0.89, Sens: 89.5% Khanna et al.,
2020

Oral EfficientNet + BiLSTM TCGA- Acc: 91.7%, F1: 0.90, Spec: 92.3% Tanetal, 2022

HMNSC
Cervical VGG19 + Random Forest Private Acc: 92 8%, PPV: 91.5%, NPV: 93 2% Liu et al_, 2020
Note: Acc = Accuracy, Sens = Sensitivity, Spec = Specificity, PPV = Positive Predictive Value, NPV = Negative Predictive Value

Table Ref: Toochukwu Juliet Mgbole * Computer Information Systems, Prairie View A&M University, Prairie View,
Texas, United States. World Journal of Advanced Research and Reviews, 2025, 25(01), 385-413
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IV. CONCLUSION

In summary, the combination of machine
learning techniques with a multi-modal analysis of
imaging has demonstrated significant potential for early-
stage cancer detection. The integration of various
imaging technologies, along with an optimal setup of
machine learning methods, has led to notable
enhancements in detection accuracy, sensitivity, and
specificity across different cancer types. This approach
has proven particularly effective in identifying fine-
grained structures that may be overlooked by standard
single-modal techniques. The application of deep
learning architectures, particularly convolutional neural
networks and attention mechanisms, has provided a
robust means to analyze large volumes of medical
imaging data. These developed algorithms have
exhibited superior performance in recognizing features,
patterns, and classifications, thereby making cancer
detection more precise and reliable. To enhance the
capabilities of detection systems, advancements have
been made in processing multiple images
simultaneously, particularly in imaging.

The integration of clinical genomic data with
imaging features has emerged as crucial for accurate
detection and risk assessment. Utilizing these multiple
modalities has facilitated the development of improved
methods for evaluating patient outcomes, enabling
informed decision-making and treatment planning.
Various combinations of data have proven advantageous
in system integration, especially for early cancer
diagnosis and prognosis predictions. This has
significantly improved the effectiveness of multi-modal
cancer detection systems through advancements in
standardization protocols, optimization techniques, and
validation frameworks. Numerous challenges have been
addressed, and practical approaches for system
evaluation are grounded in solid theories and principles.
The progress in technology and analytical methods
fosters optimism for even better outcomes in cancer
screening.
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