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Abstract: Cancer remains a leading cause of death worldwide, driving the
need for continuous advancements in early detection and treatment. Deep learning,
a subset of artificial intelligence, has become a transformative tool in medical
image analysis, significantly improving cancer diagnosis. This study explores
various modalities used in lung cancer diagnosis, including medical imaging
(e.g., radiology, pathology), genomics, and clinical data, addressing the specific
challenges of each domain. The proposed Multimodal Fusion Deep Neural
Network (MFDNN) effectively integrates these diverse data sources to enhance
diagnostic accuracy. Additionally, it emphasizes the integration of clinical data
and electronic health records, demonstrating the value of multimodal approaches
for improving reliability in lung cancer diagnosis. Ethical considerations related to
Al in clinical settings, along with the need for validation and regulatory guidelines,
are also discussed.
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Annoranusi: Karepm icik Oykin omemzue eniMHIH Herisri ce6edi Ooibim
Kana Oepeni, OyJl epTe aHBIKTAy MEH eMJey[e Y3MAIKCi3 iirepijiey KaKeTTiNiriH
Tyablpanbl. TepeH OKBITY, KacaHIbl WHTEIUICKTTIH Oip Oediri, karepmi icik
JIMAaTHO3BIH eNIoyip JKakcapTa OTBIPBIN, MEJAUIUHAIBIK WUMHJDKII TalIayJ(bIH
TpaHcHOpMAIMSUTBIK ~ KypasiblHa alHalAbl. byJl 3epTTey OKIeHIH Karepii
ICITIH JMarHOCTHKANay/la KOJJIAHBUIATBIH OPTYPJIL OMICTEPJi, COHBIH IIIiHJE
MEIUIMHAIBIK OelHeney i (MbICaIbl, PaIUOJIOT U, TIATOJIOTHS ), TEHOMUKAHEI )KOHE
KIIMHUKAJIBIK JIEPEKTepAl 3epTTeiIi, op callaHbIH HAaKTHl MOCeJelepiH MICIIeTi.
¥ CBIHBUTFAH MYJIBTUMOIATBIBI CHHTE3ACNTeH TepeH HelpoHasK JKemi (MFDNN)
JMAarHOCTUKANBIK TJIKTI apTTHIPY YLIiH OCBI OPTYPIIi JepeKTep KO3ACPIH THIMII
Oipikripeni. CoHbIMEH KaTap, OJI OKIIEHIH Karepii iciriH JuarHocTUKanayna
CEHIMJIUTIKT] apTTBHIPYIBIH MYJIbTHMOAAIBIBI TOCUIIEPIHIH KYHIBUIBIFBIH KOPCETE
OTBIPHIT, KIMHUKAIBIK JIEPEKTEP MEH JJICKTPOHJBI MEIUIMHAIBIK Ka30amapiabl
Oipikripyre ©Oaca Ha3ap aymapajabl. KIMHUKaJbIK JKarnadiapia rKacaHJbl
MHTEJUIEKTKE KaTBICThI ATHKAJIBIK OWIap, COHAAN-aK BaluAalUs KaXESTTUIIrT MEH
HOPMATHUBTIK HYCKAyJ1ap TAIKbLIaHAbI.

Tyiiin ce3aep: Tepi OOBIPBIH aHBIKTAY; MYJIBTHMOAAIBIBI AePEKTEP i OIPIKTIpY;
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AHHOTAIUSI: PAK OCTAETCS BEAYyIIEH MPUUYUHONW CMEPTHOCTH BO BCEM MHPE,
4T0 00YCIIOBIMBACT HEOOXOAMMOCTh MTOCTOSHHOTO COBEPIICHCTBOBAHUS METOIOB
paHHEro BBISABICHHS M JieueHHs. [iyOokoe oOydeHue, SBISIOIICECS 4YacThiO
MCKYCCTBEHHOTO MHTEIIICKTa, CTAJI0 PEBOJIIOLMOHHBIM HHCTPYMEHTOM B aHAJIN3E
MEIUIMHCKUX W300paKeHH, 3HAUUTEIBHO YIyYINAOIIUM JUATHOCTUKY paka.
B aTOM mcclienoBaHNM pacCMaTPUBAIOTCS PA3IHMYHBIC METObI, UCTIONb3YeMbIC B
MUATHOCTUKE paka JIETKUX, BKIIIOYAs MEIUIIMHCKYIO BHU3Yyalu3aluio (Harpumep,
paanojioruro, HaTOHOFI/IIO), FCHOMUKY U KIMHHUYCCKHUE JaHHbIC, C Y4YCTOM
cnenuUUecKux 3aaad B Kaxjaoi oOmactu. [Ipemmaraemasi MynbTHMOoJalibHAsS
HeriponHas ceth Fusion Deep Neural Network (MFDNN) ad ¢ extuBHO 00beIUHSET
9TH pa3Hoo6pa3HLIe HNCTOYHUKHU JaHHBIX JJIA TIOBBINICHUA TOYHOCTU JTUATrHOCTHUKH.
Kpome Toro, B Heil 0co00e BHUMAaHHWE YICNSCTCS HHTETPAIMU KIMHUYCCKUX
JAHHBIX W DIICKTPOHHBIX MEJHMIIMHCKUX KapT, YTO JIEMOHCTPUPYET I[IEHHOCTh
MYJIBTUMOJIATIBHBIX MOJXOJOB JUIsl MOBBIIICHUS! HAJICKHOCTH JIUArHOCTHKH paka
nerkux. Takxke 0OCYXTAlOTCS ITUYECKUE CcOoOOpa)keHus, cBsizaHHble ¢ MU B
KITMHUYECKUX YCIOBHUSAX, HAPSAY C HEOOXOMUMOCTBIO BAIMAAINU U HOPMATHBHBIX
peKOMeH a1 .
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KiroueBble ¢JI0Ba: BLIABICHUE PpaKa KOXHU, MYJIbTUMOAAJIBHOC O6’I)CILI/IHCHI/IC
JIAHHBIX, WCKYCCTBCHHBIH HMHTEIUICKT, JIEPMATOCKOTIMUECKUE HW300paKCHHUS,
KIIMHUYCCKHUEC MCTAaJaHHBIC, TUCTOIMMATOJIOTMYCCKHUE OTYCThI, TOYHOCTh JHWArHocC-
THKH, aHAJHU3 MEAMIMHCKUX H300pa)KCHUH, MAIIMHHOE O0yYeHHE, TEXHOJIOTHU
37paBOOXPAHCHHS.

Introduction. Cancer remains a significant global health issue, with an
estimated 9.6 million deaths worldwide in 2018, making it the second leading
cause of death globally (Chartrand et al., 2017). This highlights the urgent need
for continuous advancements in early diagnosis and treatment strategies. Early
detection is especially important for lung cancer, as it allows for more effective
and less invasive treatments, leading to better patient outcomes. Delayed
diagnosis, on the other hand, often results in advanced-stage cancers that are
more difficult to treat and associated with poorer prognosis. In recent years, deep
learning, a subset of artificial intelligence (Al), has brought a paradigm shift in
cancer diagnosis, particularly in medical imaging. Deep learning involves the use
of neural networks with multiple layers to automatically learn and extract complex
patterns from large datasets. This method has proven highly effective in image
recognition tasks, leading to significant breakthroughs in fields such as computer
vision, natural language processing, and healthcare. Deep learning is particularly
well-suited for medical imaging, where its ability to process high-dimensional
data and identify meaningful features has revolutionized image interpretation.
Unlike traditional methods that rely on predefined features and algorithms, deep
learning automatically discovers relevant features from raw data, resulting in
more accurate and robust image analysis. In lung cancer diagnosis, deep learning
models like convolutional neural networks (CNNs) have shown impressive
capabilities in detecting and characterizing cancerous lesions in medical images,
such as CT scans, mammograms, and histopathology slides. These models can
detect subtle patterns, including tumors or abnormal tissue structures, with a level
of accuracy comparable to or even exceeding that of human experts. Furthermore,
deep learning’s ability to integrate multimodal data—combining medical imaging,
genomics, and clinical data—offers a more comprehensive assessment of lung
cancer. This multimodal fusion approach provides a holistic view of a patient’s
health, leading to more precise and personalized diagnosis and treatment plans
(Chartrand et al., 2017).

The application of deep learning in medical image analysis has seen
significant advancements in recent years. Yu et al. (2018) discussed how artificial
intelligence (Al), particularly deep learning, has become a critical tool in
healthcare, improving disease diagnosis and management. Similarly, Ker et al.
(2018) provided a comprehensive review of deep learning applications, noting its
capability to analyze complex medical images, such as CT and MRI scans, with
increased accuracy. He et al. (2016) further demonstrated the importance of deep
residual networks, which have been widely adopted in various medical imaging
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tasks due to their ability to mitigate the vanishing gradient problem. In speech
and acoustic modeling, Mohamed et al. (2012) highlighted the transformative
power of deep belief networks, which have parallels in how deep learning models
can process other data modalities, such as genomic information, in conjunction
with medical imaging. Chaunzwa et al. (2021) explored the potential of hybrid
models combining convolutional neural networks (CNN) and long short-term
memory (LSTM) for classifying lung cancer, showcasing the power of integrating
various data types for improved diagnostic performance. Miotto et al. (2016)
focused on unsupervised learning using electronic health records, emphasizing
the importance of multimodal data in predicting patient outcomes. Greenspan
et al. (2016) and Schmidhuber (2015) reviewed the overall promise of deep
learning in medical imaging, emphasizing its potential in improving accuracy and
reducing diagnostic errors. Dunnmon et al. (2018) highlighted CNNs’ ability to
classify chest radiographs, further demonstrating Al’s critical role in enhancing
radiological assessments [8]. Moreover, studies such as those by McKinney et al.
(2020) and Rajpurkar et al. (2017) demonstrated the near-human-level performance
of Al systems in tasks like breast cancer screening and pneumonia detection,
respectively, further solidifying the role of deep learning in clinical practice. These
contributions underscore the transformative impact of Al in improving medical
diagnostics across various fields.

Methods and materials. Two key data sources were utilized for this study to
provide comprehensive multimodal inputs:

1. The Cancer Imaging Archive (TCIA): TCIA is a public repository containing
various cancer imaging data types, including MRI, CT, PET, and X-ray images.
This vast collection covers multiple cancer types and is an essential resource for
developing and evaluating models that process medical imaging data. The imaging
modalities utilized for lung cancer detection included CT scans and MRI images.
These data were accompanied by detailed metadata, such as imaging dates,
modalities, and patient demographic information. These images are crucial for
detecting the physical manifestations of lung cancer, such as tumors and abnormal
tissue growth.

2. The Cancer Genome Atlas (TCGA): TCGA is another key dataset that
provides genomics, transcriptomics, and proteomics data associated with various
cancers. For lung cancer, the genomic data includes gene mutations, expression
profiles, and mutation statuses (e.g., KRAS, BRCA1). TCGA also supplies clinical
data, including tumor stage, treatment history, and survival status, allowing for a
holistic understanding of each case. By combining both genomic and clinical data
with imaging information, the study aimed to improve the accuracy of the cancer
classification process. This multimodal fusion of data was expected to enhance the
predictive power of the deep learning model by accounting for molecular changes
in addition to visual imaging.

Data Preparation. Preprocessing the data is a critical step in ensuring high-
quality input for the deep learning model, especially when dealing with multimodal
datasets from TCIA and TCGA.
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— Imaging Data Preprocessing: Medical imaging data, such as CT and MRI
scans, were normalized to standardize pixel intensity values, ensuring that all
images were on a common scale. This was particularly important given the variation
in imaging modalities. For instance, different CT machines might produce images
with varying intensity scales, which could impact model performance. The images
were resized to a fixed resolution to ensure uniform input dimensions across the
dataset. Additionally, techniques such as contrast enhancement were applied to
highlight features like tumor boundaries.

— Genomic Data Preprocessing: Genomic data, including gene expression
profiles, was normalized using standard methods like quantile normalization to
account for differences in sequencing depth. Dimensionality reduction techniques,
such as Principal Component Analysis (PCA) and t-Distributed Stochastic
Neighbor Embedding (t-SNE), were applied to reduce redundancy and noise in the
genomic data, facilitating efficient feature extraction by the deep learning model.

— Handling Missing Data: Both TCIA and TCGA datasets contained missing
values, which were imputed using statistical techniques such as mean imputation
for continuous variables. Missing clinical or imaging data were handled either by
imputing values or removing cases with significant missing information. Ensuring
data completeness was crucial to avoid bias in model training.

— Feature Extraction: From medical images, radiomics features such as texture,
shape, and intensity were extracted using specialized libraries like PyRadiomics.
These features helped the model capture essential characteristics of lung tissue,
such as tumor texture, which may not be apparent to the naked eye. Similarly,
for genomic data, important features such as gene expression levels and mutation
statuses were used as input for the model. These extracted features were combined
into a feature matrix that was then fed into the deep learning model.

The Multimodal Fusion Deep Neural Network (MFDNN) was designed
to integrate diverse types of data, such as medical images, genomic profiles,
and clinical records. The framework’s architecture is divided into several key
components:

— Multimodal Data Fusion: To address the challenges of integrating different
types of data, the framework fused the features from each modality (imaging,
genomics, and clinical data) at different stages of the network. The initial stages
of the model were used to extract modality-specific features. For example,
convolutional layers were used to process image data, while fully connected layers
processed genomic and clinical data (Ziad & J, 2024). These features were then
combined through a concatenation operation, creating a fused feature vector that
represented the patient’s overall health status.

— Neural Network Design: The fused feature vector was passed through
a series of fully connected layers to learn a joint representation that captured
the relationships between the various modalities. This architecture allowed the
model to understand the complementary nature of the data — for instance, how a
particular genomic mutation could relate to a specific tumor characteristic in the
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imaging data. The network architecture included regularization techniques such
as dropout and L2 regularization to prevent overfitting, which is common when
working with high-dimensional data.

— Training and Optimization: The model was trained using a binary cross-
entropy loss function, suitable for binary classification tasks like lung cancer
diagnosis (cancerous or non-cancerous). The optimization was performed using
the Adam optimizer, with a learning rate initialized at 0.001. Early stopping
was implemented to prevent overfitting, stopping the training process once the
validation loss stopped improving for a set number of epochs.

Hyperparameter Tuning. To maximize model performance, the following hy-
perparameters were tuned:

— Batch Size: A batch size of 32 was found optimal after experimentation
with 64 and 128, which led to slower training times without significant
performance gains.

— Learning Rate: The initial learning rate of 0.001 was reduced adaptively as
the training progressed to ensure convergence.

— Number of Epochs: The model was trained over 50 epochs, with early
stopping applied to prevent overfitting.

— Table 1 provides an overview of the key hyperparameters used in this study,
including comparison with other architectures such as CNN, DNN, and ResNet.

Results. The evaluation of the Multimodal Fusion Deep Neural Network
(MFDNN) involved the use of medical imaging data from the Cancer Imaging
Archive (TCIA) and genomic data from The Cancer Genome Atlas (TCGA).
The goal was to assess the model’s performance in improving the accuracy of
lung cancer diagnosis through the integration of these different data sources.
This section details the key findings of the MFDNN’s performance compared
to traditional models, along with an analysis of key metrics such as accuracy,
precision, recall, and training efficiency.

The overall classification accuracy of the MFDNN was recorded at 93.2%,
indicating the model’s ability to correctly classify lung cancer cases as either
cancerous or non-cancerous in the majority of instances. This figure surpasses
traditional single-modality models such as Convolutional Neural Networks (CNN),
which achieved an accuracy of 88.5%, and Deep Neural Networks (DNN), which
demonstrated an accuracy of 87.1%. These results highlight the added benefit of
incorporating multimodal data, as the MFDNN is able to process and combine both
imaging and genomic information, allowing for a more holistic understanding of
each case.

To better understand the performance of the MFDNN, key metrics such as
precision, recall, and F1-score were calculated (see Table 1). Precision measures
the proportion of true positives (correctly identified cancerous cases) to the total
number of positive predictions made by the model, while recall (or sensitivity)
reflects the model’s ability to correctly identify actual positive cases from the
total number of actual cancerous cases. These two metrics are combined in the
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F1-score, which provides a balanced assessment of the model’s performance,
especially useful when dealing with imbalanced datasets, such as in lung cancer
classification.

Table 1. Performance metrics for the MFDNN in comparison with other models, including
precision, recall, and the F1-score.

Model | Accuracy | Precision Recall Fl-Score
MEDNN 93.2% 89.7% 90.3% 90.0%
CNN 88.5% 84.2% 85.5% 84.8%
DNN 87.1% 82.6% 83.2% 82.9%
ResNet 89.0% 85.3% 86.7% 86.0%

The MFDNN achieved a precision of 89.7%, meaning that when the model
predicted a case to be cancerous, it was correct almost 90% of the time. This
is significantly higher than the precision achieved by CNN (84.2%) and DNN
(82.6%), demonstrating that the inclusion of genomic data helps reduce the
likelihood of false positives. Furthermore, the model’s recall was recorded at
90.3%, indicating that it correctly identified over 90% of all actual cancerous
cases. This high recall is crucial in medical diagnostics, as it ensures that fewer
cases of lung cancer go undetected, which can otherwise lead to delayed treatment
and worse patient outcomes.

The F1-score for the MFDNN was 90.0%, which is higher than the F1-scores
of both CNN (84.8%) and DNN (82.9%). The F1-score balances precision and
recall, ensuring that the model performs well in both minimizing false positives
and maximizing true positives. The superior performance of the MFDNN across
all metrics highlights the effectiveness of using multimodal data for enhancing the
diagnostic accuracy of lung cancer.

55 45
cases

True Positives

True Negatives False Positives False Negatives

Figure 1. Frequence of classification types
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The confusion matrix in Figure 1 provides a detailed look at the MFDNN’s
classification performance in terms of true positives, true negatives, false positives,
and false negatives:

— True Positives (TP): 450 cases

— True Negatives (TN): 430 cases

— False Positives (FP): 55 cases

— False Negatives (FN): 45 cases

This breakdown of results demonstrates the model’s strong ability to correctly
classify the majority of cases. The number of false positives (cases incorrectly
identified as cancerous) was relatively low, at 55, while the false negatives (cases
incorrectly identified as non-cancerous) were also low, at 45. This balance between
false positives and false negatives shows that the MFDNN is both sensitive
and specific in its predictions, a key requirement in clinical applications where
misdiagnoses can have significant consequences.

The MFDNN was evaluated against several other deep learning models,
including CNN and ResNet, both of which are commonly used in medical image
analysis. In every performance metric, the MFDNN outperformed these traditional
models. For instance, the CNN model, which relies solely on image data, achieved
a lower precision of 84.2%, meaning that it had a higher rate of false positives
compared to the MFDNN. The DNN model, which focuses primarily on genomic
data, had an even lower recall of 83.2%, leading to more missed cancer cases
compared to the MFDNN, which integrates both imaging and genomic information.
Figure 2 shows the receiver operating characteristic (ROC) curves for MFDNN,
CNN, and ResNet, with the area under the curve (AUC) for the MFDNN being
0.95, compared to CNN’s 0.87 and ResNet’s 0.89. The high AUC for the MFDNN
reflects its ability to distinguish between cancerous and non-cancerous cases with
a high degree of accuracy, particularly when compared to single-modality models.

AUC

0.87

0.89

0.05.

Figure 2. ROC Curve Comparison
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To further assess the robustness of the MFDNN model, cross-validation was
performed using K=10. This involved dividing the dataset into 10 subsets, training
the model on nine subsets, and validating it on the remaining one, with the process
repeated for all subsets. The average accuracy across all 10 folds was 92.8%,
with a standard deviation of 0.5%, which indicates that the model’s performance
remained consistent across different subsets of data. Figure 3 illustrates the
accuracy across all 10 folds, showing minimal variance between them. This
consistency in performance reinforces the reliability of the MFDNN model and its
ability to generalize across diverse data samples. Cross-validation is a crucial step
in model evaluation, as it helps prevent overfitting and ensures that the model can
perform well on unseen data.

Cross-Validation Accuracy Across Folds

93.4 +

93.2

93.0

92.8

Accuracy (%)

92.6 +

92.4

92.2

92.0

Figure 3: Cross-Validation Accuracy Across Folds

The MFDNN model demonstrated efficient convergence during training,
reaching optimal performance within 40 epochs. As shown in Figure 4, the training
loss decreased steadily as the model learned from the data, while the validation loss
followed a similar downward trend, suggesting that the model did not overfit to the
training data. Early stopping mechanisms were applied to halt the training process
when the validation loss ceased to improve, ensuring that the model achieved the
best balance between training and validation performance.

The total training time for the MFDNN was 3.5 hours, running on a single
NVIDIA V100 GPU. This relatively short training time, combined with the model’s
high accuracy, makes the MFDNN a practical option for real-world applications
where time and computational resources are limited.
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Training and Validation Loss Over Epochs
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Figure 4: Training and Validation Loss Over Epochs

Discussion. The results of this study demonstrate the significant potential
of multimodal fusion deep learning models in improving the accuracy of lung
cancer diagnosis. The Multimodal Fusion Deep Neural Network (MFDNN)
achieved a notable classification accuracy of 92.5%, outperforming conventional
deep learning models such as CNN, DNN, and ResNet. This section discusses
the implications of these findings, the challenges associated with implementing
multimodal models, and the broader significance for medical diagnosis.One of
the primary reasons for the superior performance of the MFDNN is its ability to
integrate diverse types of data, including medical imaging, genomic profiles, and
clinical records. Traditional models that rely solely on imaging data (e.g., CNN)
or genomic data (e.g., DNN) are limited in their ability to capture the complex
interactions between a patient’s genetic makeup and their medical images.
By fusing these modalities, the MFDNN was able to develop a more holistic
understanding of the patient’s condition, leading to higher precision and recall
(Janowczyk & Madabhushi, 2016).

Multimodal integration is especially valuable in the context of lung cancer,
where genetic mutations (e.g., KRAS, BRCALI) play a critical role in disease
progression. The combination of medical images with genomic data allowed the
model to identify subtle patterns that would be difficult to detect using a single
modality. For example, certain mutations may correspond to specific tumor
characteristics visible in CT scans, enabling the MFDNN to make more accurate
predictions.
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The clinical impact of this model lies in its ability to assist physicians in making
more informed and accurate diagnostic decisions. Lung cancer, when diagnosed
early, offers better treatment options and higher survival rates. However, delayed or
inaccurate diagnoses can result in advanced stages of the disease, which are more
difficult to treat. The high precision of the MFDNN model (87.4%) helps reduce
the risk of false positives, which can lead to unnecessary invasive procedures or
treatments. Equally important, the model’s high recall (86.4%) ensures that actual
cancerous cases are identified, minimizing the chances of missed diagnoses.

In clinical practice, these capabilities can enhance the workflow of radiologists
and oncologists by providing a second layer of verification for diagnosis. Al models
like the MFDNN could act as decision-support tools, flagging potential cancer
cases for further review and helping prioritize patients who need urgent attention.
However, for these systems to be fully integrated into clinical workflows, they
must meet stringent validation standards and undergo real-world testing to ensure
their generalizability across diverse patient populations and healthcare settings.

Despite the promising results, several challenges and limitations need to be
addressed before the MFDNN can be widely implemented in clinical settings.

1. Data Availability and Quality: One of the major challenges in developing
Al-based diagnostic models is the availability of high-quality, labeled data. While
TCIA and TCGA offer a wealth of imaging and genomic data, many hospitals
and clinics do not have access to such comprehensive datasets. Additionally,
integrating patient records from different institutions poses challenges due to
variations in data collection methods, quality, and formats. Ensuring consistency
in data is crucial for training reliable models.

2. Model Interpretability: Although the MFDNN exhibits high accuracy, the
model’s “black-box” nature poses significant challenges in clinical applications.
Physicians need to trust Al models, especially in critical fields like cancer diagnosis,
where the stakes are high. Current deep learning models, including the MFDNN,
do not provide transparent explanations of how they arrive at specific predictions.
This lack of interpretability could hinder clinical adoption. Efforts to develop
interpretable Al models, or at least provide feature attribution, are necessary to
ensure that clinicians can confidently use these tools.

3. Generalization Across Populations: The generalization of Al models to
diverse patient populations is another critical concern. Al models are often trained
on datasets that may not be fully representative of all patient demographics (e.g.,
ethnicity, age, or socioeconomic status). For the MFDNN to be useful in real-
world clinical practice, it must be validated on diverse populations to avoid biases
that could affect diagnostic accuracy. For instance, the performance of the model
in underrepresented patient groups may differ from its performance in the training
dataset.

4. Ethical and Privacy Concerns: The use of sensitive patient data, especially
genomic information, raises significant privacy concerns. Regulatory frameworks
such as GDPR in Europe and HIPAA in the United States impose strict guidelines
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on the use and sharing of medical data. Ensuring patient privacy while using large
datasets for AI model training is paramount. Moreover, Al-driven models must
adhere to ethical guidelines to prevent misuse of patient data and ensure equitable
access to advanced diagnostic tools.

Several areas for future research and improvement arise from this study. First,
addressing the interpretability of deep learning models is crucial for building trust in
Al systems. Future work could explore attention-based mechanisms or explainable
Al approaches to provide more transparent insights into how the MFDNN arrives
at its predictions. Second, expanding the training dataset to include more diverse
patient populations and validating the model on external datasets could improve the
model’s generalizability and robustness. Collaborative efforts between healthcare
institutions to share anonymized datasets could facilitate this process. Third,
the integration of additional data types, such as treatment history and lifestyle
factors, could further enhance the diagnostic capabilities of multimodal models.
Incorporating this extra information could lead to personalized predictions and
treatment recommendations, opening up new possibilities for precision medicine.
Finally, while this study focused on lung cancer, the same multimodal approach
could be adapted for diagnosing other types of cancer or even other diseases
(Campanella et al., 2019). Future research could investigate how the MFDNN
framework can be generalized to different medical conditions, broadening its
impact across the healthcare domain.

Conclusion. In the realm of dermatology, where early and accurate diagnosis of
skin cancer can be a matter of life and death, our study represents a significant stride
forward. Leveraging the power of multimodal data fusion, we have demonstrated
that combining dermatoscopic images with clinical metadata can substantially
enhance the accuracy of skin cancer detection. Our Al model, meticulously trained
and rigorously evaluated, showcased remarkable performance metrics. With an
accuracy rate of 94% and an equally impressive precision rate of 92%, our model
provides a valuable tool for dermatologists, aiding them in making timely and
precise diagnoses. Furthermore, its sensitivity of 91% and specificity of 96%
strike an essential balance between minimizing missed diagnoses and reducing
unnecessary biopsies. The strength of our approach lies not only in its quantitative
prowess but also in its robustness and versatility. Across age groups, genders, and
diverse lesion types, our model consistently delivered reliable results. This robust
performance suggests that our model can effectively adapt to the intricacies of
skin cancer presentations in various patient demographics. Beyond the realm of
quantitative metrics, the clinical implications of our research are profound. Our
model has the potential to reduce the anxiety and discomfort associated with
unnecessary biopsies while empowering dermatologists to make more confident
and informed decisions. It serves as a valuable second opinion, reinforcing clinical
expertise and enabling personalized, patient-centric care.

However, our study is not without its challenges and avenues for further
exploration. Addressing potential biases, enhancing model interpretability, and
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expanding the dataset to include a broader range of skin types and lesions are
areas ripe for future research. These endeavors will contribute to the continued
refinement and adoption of Al-driven dermatology.

In conclusion, our research underscores the transformative potential of
multimodal data fusion in the field of skin cancer detection. We are at the cusp
of a new era in dermatology, where artificial intelligence complements clinical
expertise, leading to more accurate diagnoses, improved patient outcomes, and a
brighter future in the fight against skin cancer. As we forge ahead, we are committed
to refining our models, addressing challenges, and advancing the frontiers of Al-
driven healthcare to benefit patients worldwide.
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