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ABSTRACT

The diagnosis and prognosis of breast cancer have been greatly improved by
incorporating machine learning methods, especially through medical imag-
ing analysis as well as clinical information. In this study, the potential of
deep learning models for breast lesion prognosis was explored by integrating
imaging features with clinical data to enhance predictive accuracy. Clinical
data were analyzed using multilayer perceptron (MLP) classifiers, XGBoost,
and Random Forest, while several convolutional neural network (CNN) ar-
chitectures, such as ResNet optimized with Adam, DenseNet with stochastic
gradient descent (SGD), and EfficientNet with RMSprop, were evaluated.
The integration of imaging-based features with clinical data was found to
significantly improve model performance, enabling more accurate risk strat-
ification and the development of individualized treatment strategies. The
highest validation accuracy and area under the curve (AUC) were achieved
by the most effective models, highlighting the advantages of a multimodal
approach. Although the study was conducted on a relatively small dataset
and faced challenges such as missing data, the results suggest that these
methods hold considerable promise for implementation in clinical practice.

Keywords: Breast cancer, lesion prognosis, machine learning, deep learning, mul-
timodal fusion.

I. INTRODUCTION

Breast cancer remains one of the most prevalent and
life-threatening cancers affecting women worldwide, with
early detection playing a critical role in improving sur-
vival rates and treatment outcomes [1,2]. A variety of di-
agnostic tools are employed to identify breast abnormali-
ties at an early stage, including mammography, magnetic
resonance imaging (MRI), and ultrasound. Mammogra-
phy is widely used for population screening, while MRI
is often reserved for high-risk patients due to its sensitiv-
ity and cost. Among these, ultrasound has emerged as
an essential adjunct modality, particularly beneficial in
cases where mammography may be less effective.

Ultrasound imaging is frequently used as a non-
invasive, accessible, and cost-effective tool for evaluating
breast lesions, particularly in women with dense breast
tissue [3]. It provides real-time imaging and is capable
of distinguishing between solid and cystic masses, mak-
ing it especially useful for characterizing suspicious find-

ings detected during physical examination or mammog-
raphy. Additionally, it does not involve ionizing radia-
tion, making it a safer option for repeated use, especially
in younger or pregnant patients [4]. However, despite its
advantages, the interpretation of ultrasound images is of-
ten subjective and can vary significantly between radiol-
ogists, influenced by factors such as operator experience,
image quality, and lesion presentation [5, 6].

This variability can lead to inconsistent diagnoses,
unnecessary biopsies, or missed malignancies, ultimately
impacting patient care and clinical decision-making. In
some cases, benign lesions may be misclassified as sus-
picious, resulting in invasive procedures that contribute
to patient anxiety, increased healthcare costs, and avoid-
able physical burden [5, 6]. Conversely, subtle signs of
malignancy may be overlooked due to differences in im-
age interpretation or operator technique, potentially de-
laying diagnosis and reducing the effectiveness of early
intervention strategies [7]. Such inconsistencies under-
score the need for standardized, objective approaches to
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image analysis that minimize human error and improve
diagnostic reliability. The integration of artificial intel-
ligence, particularly deep learning-based computer-aided
diagnosis (CAD) systems, offers a promising solution to
mitigate these challenges by providing consistent image
interpretation and decision support across clinical set-
tings [8, 9].

AI has demonstrated significant potential in improv-
ing diagnostic accuracy, reducing interobserver variabil-
ity, and assisting in the stratification of lesion malig-
nancy risk [10, 11]. In particular, convolutional neural
networks (CNNs) have shown promise in automatically
extracting and learning hierarchical features from ultra-
sound images that may not be easily perceptible to the
human eye [8]. These models can be trained to detect
subtle patterns associated with malignant or benign le-
sions, thereby supporting more objective and consistent
decision-making. Furthermore, AI-powered computer-
aided diagnosis (CAD) systems have been integrated into
clinical workflows to assist radiologists by highlighting ar-
eas of concern, suggesting BI-RADS categories, or even
predicting pathology outcomes [9].

To further enhance diagnostic precision, recent re-
search has increasingly focused on multi-modality ap-
proaches, which integrate various types of data such as
medical imaging, clinical information, histopathological
data, and even genetic markers. In breast cancer diag-
nosis, combining ultrasound with other modalities—such
as mammography, MRI, or clinical risk factors—has been
shown to significantly improve sensitivity and specificity
compared to using a single modality alone [12, 13]. This
integrated approach allows machine learning and deep
learning models to learn complementary patterns from
different data sources, resulting in more robust and com-
prehensive diagnostic frameworks. For instance, while
ultrasound captures real-time morphological features of
lesions, clinical data provide essential contextual infor-
mation such as patient age, hormonal status, and family
history, which can influence malignancy risk [11]. Deep
learning models trained on fused data have demonstrated
improved performance in lesion classification, risk strat-
ification, and even treatment response prediction [14].
These multi-modal frameworks are paving the way to-
ward personalized medicine by enabling more accurate
and individualized diagnostic pathways, ultimately sup-
porting better clinical decision-making and patient out-
comes [15].

This study aims to explore the potential of artificial
intelligence in improving the diagnosis and prognosis of
breast lesions by leveraging both clinical and imaging
data. Specifically, we investigate the predictive perfor-
mance of various deep learning models applied to ul-
trasound imaging data, including state-of-the-art con-
volutional neural network (CNN) architectures such as
EfficientNet, ResNet, and DenseNet. These models are

evaluated individually based on metrics such as area un-
der the curve (AUC), accuracy, and loss, to determine
the most effective architecture for breast lesion classifi-
cation. In parallel, clinical data are processed using es-
tablished machine learning algorithms, including multi-
layer perceptrons (MLP), XGBoost, and Random Forest.
A multimodal approach is then adopted by integrating
the imaging-based CNN models with the clinical data
representations to explore various fusion strategies. The
objective of this integration is to assess whether combin-
ing these complementary data sources enhances predic-
tive accuracy compared to unimodal models. Through a
comprehensive comparison of individual and multimodal
models, the study aims to demonstrate the added value of
data fusion in improving diagnostic reliability and sup-
porting more personalized approaches to breast cancer
care.

The remainder of this paper is organized as follows.
Section II reviews the current state of research on breast
cancer diagnosis using machine learning and deep learn-
ing approaches. Section III presents the methodology,
starting with a description of the dataset, the relevance of
disease classes, and preprocessing techniques addressing
class imbalance and data augmentation. It also details
the mask application procedure, the overall workflow,
and the strategies adopted for model development using
both clinical and imaging data. Section IV reports the
experimental results, including evaluation metrics, per-
formance comparison, and visualizations such as confu-
sion matrices and ROC curves. Section V introduces the
multimodal fusion approaches and compares their perfor-
mance and contribution to model accuracy. Section VI
provides a comparative analysis with existing studies, fol-
lowed by a discussion of the implications, limitations of
the study, and potential directions for future work. Fi-
nally, Section VII concludes the paper by summarizing
the main contributions and findings.

II. RELATED WORKS

Deep learning methods have transformed medical image
analysis in recent years, especially in the early diagnosis
and categorization of breast cancer. The integration of
sophisticated machine learning algorithms with medical
imaging modalities, including ultrasound scans, mammo-
grams, and whole-slide pathology images, has been the
subject of an expanding body of research. The results
have shown promise in terms of diagnostic accuracy, ef-
ficiency, and possible clinical utility.

An interesting approach in breast cancer classifica-
tion was the CAMELYON16 challenge, which evaluated
the automated detection of lymph node metastases in
hematoxylin and eosin-stained tissue sections of breast
cancer patients. Participants developed deep learning
algorithms to classify whole-slide images, which were
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then compared to pathologists’ diagnoses. The top-
performing algorithms achieved lesion-level true-positive
rates comparable to expert pathologists interpreting im-
ages without time constraints. Moreover, some al-
gorithms outperformed pathologists under time-limited
conditions, highlighting the potential of deep learning
models to enhance diagnostic efficiency in clinical set-
tings [16].

In the realm of ultrasound imaging, a multi-task deep
learning framework was proposed for the segmentation
and classification of breast cancer lesions. This frame-
work addressed significant challenges in breast cancer ul-
trasound imaging, such as data standardization and the
exclusion of non-tumor images during model training.
By leveraging the inherent correlations between classifi-
cation and segmentation tasks, the multi-task approach
demonstrated a 15% improvement in segmentation and
classification accuracy over traditional single-task mod-
els. Additionally, the framework exhibited robustness by
efficiently processing various image types, including be-
nign, malignant, and non-tumor images, thereby enhanc-
ing the applicability of deep learning systems in clinical
practice [17].

Advancements have also been made in
mammography-based breast cancer diagnosis. An end-
to-end deep learning approach utilizing image-level la-
bels, without the need for lesion annotations during
training, was introduced. This method employed an
all-convolutional network to classify mammography im-
ages and achieved superior performance across multiple
datasets, such as CBIS-DDSM and INbreast. The model
attained sensitivity rates exceeding 86% and demon-
strated impressive AUC values of 0.91 on digitized film
mammograms and 0.98 on full-field digital mammogra-
phy. Notably, the study revealed that models trained
on one set of mammography images could be effectively
transferred to another set with minimal adjustments,
suggesting the potential for deep learning models to
generalize across diverse imaging systems, thereby en-
hancing the accuracy and reliability of breast cancer
screening [18].

Further progress in mammography analysis includes
the development of a Computer-Aided Detection (CAD)
system based on the Faster R-CNN architecture, a
renowned object detection framework. This CAD system
achieved state-of-the-art performance in autonomously
detecting and classifying lesions as benign or malignant,
with an AUC of 0.95 on the INbreast dataset. The ap-
proach outperformed traditional CAD systems, exhibit-
ing high sensitivity and a low false positive rate. The sys-
tem’s second-place finish in the Digital Mammography
DREAM Challenge further underscores its potential as
a reliable diagnostic tool for breast cancer, exemplifying
the transformative impact of deep convolutional neural
networks (CNNs) in automating the detection and clas-

sification of breast cancer lesions in mammograms [19].

Recent studies have continued to explore and enhance
deep learning applications in breast cancer diagnosis.
For instance, a novel multi-modal deep learning model,
DeepClinMed-PGM, was developed to predict disease-
free survival by integrating clinicopathological data with
molecular insights. This model demonstrated improved
prognostic accuracy, emphasizing the value of combining
diverse data sources for comprehensive patient assess-
ment [20]. Additionally, the CEIMVEN approach im-
plemented modified versions of EfficientNet architectures
for breast cancer detection and classification from ultra-
sound images, achieving high accuracy rates and show-
casing the effectiveness of transfer learning and architec-
tural enhancements in medical imaging tasks [21].

Collectively, these studies illustrate the substantial
advancements in applying deep learning techniques to
breast cancer diagnosis and detection. The incorpora-
tion of sophisticated architectures, such as object de-
tection frameworks, convolutional networks, and multi-
task learning, has led to significant improvements in di-
agnostic performance across various imaging modalities.
Moreover, these developments suggest that deep learn-
ing models have the potential to significantly enhance
clinical workflows, improving the precision and efficiency
of breast cancer detection. As research progresses, the
practical implementation of these technologies in clinical
settings will be crucial to fully realize their benefits and
ensure their widespread adoption in healthcare.

III. METHODOLOGY

A. Dataset Description

The dataset used in this study is derived from the
“BREAST-LESION-USG” collection available on The
Cancer Imaging Archive (TCIA) [22]. It comprises 266
segmented breast ultrasound images representing both
benign and malignant lesions, collected from 256 pa-
tients. Each case includes comprehensive tumor-level,
image-level, and patient-level annotations. These la-
bels encompass patient age, breast tissue composition,
and presenting symptoms, all verified through either
biopsy or clinical follow-up. The dataset was meticu-
lously curated, with an experienced radiologist providing
detailed freehand annotations and BIRADS-based char-
acterizations for each lesion. For biopsy-confirmed cases,
histopathological classifications are also included, along-
side diagnostic outcomes and the verification methods
used. This clinically validated dataset serves as a valu-
able resource for training and evaluating models aimed
at improving breast lesion classification.
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B. Significance of Disease Classes

The disease classes considered in this study are defined
in accordance with established clinical and radiological
criteria for breast lesion characterization. These classes
include benign, malignant, and normal categories, each
representing distinct pathological states.

• Benign class: comprises lesions that are non-
cancerous in nature. These may include cysts,
fibroadenomas, and other non-malignant abnor-
malities. Although generally not considered life-
threatening, benign lesions may still require clini-
cal monitoring or follow-up to ensure they do not
evolve or present complications over time.

• Malignant class: includes lesions that are diag-
nosed as cancerous. These cases are of particu-
lar clinical significance, as malignant lesions pose
a serious health risk if not accurately diagnosed
and promptly treated. Early identification and in-
tervention are critical to prevent progression and
metastasis.

• Normal class: refers to breast tissue samples that
show no visible abnormalities. These cases serve as
a reference point in comparative analysis, provid-
ing a baseline that supports the distinction between
pathological and non-pathological findings during
the classification process.

C. Data Preprocessing and Augmentation

1. Class Imbalance

Class imbalance in datasets can lead to biased model per-
formance, particularly when one class significantly out-
weighs the others. In our dataset, the benign class com-
prised approximately 150 samples, the malignant class
had around 100 samples, and the normal class had very
few samples, resulting in a significant imbalance. To mit-
igate this issue, we implemented a targeted data augmen-
tation strategy to ensure a more uniform representation
across all classes.

2. Data Augmentation

To address the imbalance, a comprehensive data augmen-
tation strategy was applied, with particular focus on the
minority classes. The approach included:

• Image Augmentation: Transformations such as ro-
tations, flipping, zooming, and shear adjustments
were used to increase image variability while main-
taining key visual features.

• Tabular Augmentation: Gaussian noise was intro-
duced into tabular data to replicate natural vari-
ability and enhance the robustness of the model.

• Paired Augmentation: Ensured consistency be-
tween augmented images and their corresponding
tabular data, preserving the integrity of multi-
modal inputs.

• Class Balancing via Targeted Augmentation: Spe-
cific augmentation techniques were applied prefer-
entially to underrepresented classes to address the
class imbalance effectively.

Figures 1 and 2 show the original class distribution
and the balanced class distribution, respectively. After
applying these augmentation techniques, the representa-
tion across classes was more balanced, thereby improving
the stability and generalization capability of the trained
model.

Figure 1: Original Class Distribution.

Figure 2: Balanced Class Distribution.

D. Mask Application Procedure

To prepare the tumor images for analysis, segmentation
masks were applied to localize and isolate regions of in-
terest (Fig. 3, Fig. 4). Each mask was resized to match
the target resolution of the images (256×256 pixels) and
converted to grayscale. Using a pixel-wise maximum op-
eration, multiple masks were merged into a single com-
bined mask.

The combined mask was then applied to the tumor
images through element-wise multiplication, retaining
the pixel intensity values within the masked regions while
setting the rest to zero. This process ensured consistent
and accurate isolation of the regions of interest, which
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is essential for the imaging models to focus on relevant
tumor areas during feature extraction.

Figure 3: Original image.

Figure 4: Processed image.

E. Overall Workflow

The proposed system adopts a multimodal learning
framework designed to improve the classification and
prognosis of breast lesions by integrating structured clin-
ical data with ultrasound imaging features. This integra-
tive approach leverages the complementary strengths of
each data modality to enhance diagnostic accuracy and
model generalizability. The architecture consists of three
core components, each responsible for processing differ-
ent types of input data before their eventual fusion.

Fig. 5, presents and describes the clinical Data Pro-
cessing. Structured clinical information—including pa-
tient age, breast tissue composition, and reported symp-
toms—is analyzed using traditional machine learning al-
gorithms. Models such as Random Forest, XGBoost,

and Multilayer Perceptrons (MLPs) are trained and opti-
mized through grid search-based hyperparameter tuning.
These classifiers are used to identify complex patterns
within tabular data, enabling robust prediction based on
non-imaging clinical indicators.

Figure 5: Architecture of the clinical (tabular) data pro-
cessing module employing machine learning classifiers for
structured patient data.

Fig. 6 describes the ultrasound Image Analysis. The
first step is to process the images using advanced con-
volutional neural networks (CNNs), including Inception,
Xception, and MobileNet architectures. These deep
learning models are capable of automatically learning
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hierarchical features from the input images. Different
optimizers, such as Adam SGD, and RMSProp, are em-
ployed to enhance training efficiency and model conver-
gence. The CNNs focus on extracting lesion-specific vi-
sual features critical for accurate classification.

Figure 6: Architecture of the image data processing
pipeline using convolutional neural networks (CNNs) for
ultrasound-based breast lesion analysis.

Multimodal Fusion workflow is presented in Fig. 7.
To fully exploit the richness of both data types, three
fusion strategies are explored:

• Early Fusion involves the direct concatenation of
raw features from clinical and imaging data at the
input level, which are then passed through a joint
model.

• Intermediate Fusion combines high-level abstract
features extracted by the separate modality-specific

models, allowing the fusion of refined representa-
tions.

• Late Fusion aggregates the final predictions from
individual models using ensemble techniques such
as majority voting, weighted averaging, or mean
probability methods.

Among these approaches, late fusion demonstrates
the most consistent and superior performance, likely due
to its ability to preserve the specialized learning of each
individual model while combining their outputs for a
more robust final prediction. Overall, this multimodal
framework offers a comprehensive and scalable solution
for breast lesion diagnosis, emphasizing the potential of
combining clinical and imaging data to support more
accurate, reliable, and personalized decision-making in
breast cancer care.

F. Model Development Strategies

1. Clinical Data: Model Selection and Hyperparameter
Tuning

To analyze the structured clinical data—comprising fea-
tures such as patient age, breast tissue composition,
and reported symptoms—multiple machine learning al-
gorithms were evaluated. GridSearchCV was employed
to optimize model hyperparameters. The parameter
grids used for each classifier are presented in table 1:

Table 1: Hyperparameter grids used for clinical data
model tuning via GridSearchCV.

Model Hyperparameters
Random Forest n_estimators: [50, 100, 200],

max_depth: [10, 20, None]
SVM (RBF Kernel) C: [0.1, 1, 10],

gamma: [0.01, 0.1, 1]
KNN n_neighbors: [3, 5, 7]
Decision Tree max_depth: [10, 20, None]
AdaBoost n_estimators: [50, 100, 200]
Gradient Boosting n_estimators: [50, 100, 200],

learning_rate: [0.01, 0.1, 0.2]
XGBoost n_estimators: [50, 100, 200],

learning_rate: [0.01, 0.1, 0.2]
Extra Trees n_estimators: [50, 100, 200],

max_depth: [10, 20, None]
MLPClassifier hidden_layer_sizes:

[(50, 50), (100,), (50, 50, 50)]

2. Imaging Data: CNN Architectures and Optimizers

For the ultrasound imaging data, several deep convo-
lutional neural networks (CNNs) were investigated, in-
cluding EfficientNetB0, ResNet50V2, and DenseNet121.
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Figure 7: Multimodal fusion architecture integrating clinical and imaging data using early, intermediate, and late
fusion strategies for breast lesion classification.

These architectures were selected for their proven effi-
cacy in medical image classification tasks. To optimize
training, the following optimizers were tested:

• Adam (learning rate: 0.0001): An adaptive opti-
mizer that computes individual learning rates using
first and second moments of the gradients.

• SGD (learning rate: 0.01): A classical method
where model weights are updated in the opposite
direction of the gradient.

• RMSprop (learning rate: 0.001): An optimizer that
adapts the learning rate based on recent gradient
magnitudes, particularly effective in handling noisy
or non-stationary data.

IV. EXPERIMENTAL RESULTS

This section presents the evaluation protocols and exper-
imental findings of the proposed system for breast lesion
classification. The objective was to assess the perfor-
mance of various models trained on individual modalities
(clinical and imaging data), as well as their combinations
using multimodal fusion strategies.

A. Evaluation Metrics and Experimental Setup

To ensure a comprehensive and reliable evaluation,
several performance metrics and validation techniques
were employed. The Receiver Operating Characteristic
(ROC) curve was used to assess the discriminative power

of each model by plotting the True Positive Rate (TPR)
against the False Positive Rate (FPR) across different
thresholds. Additionally, the F1-score was calculated to
capture the balance between precision and recall which is
particularly important in the context of class imbalance.
To validate model robustness, K-Fold Cross-Validation
was implemented, ensuring that model performance was
not overly dependent on a specific subset of the data. Fi-
nally, hyperparameter optimization was carried out using
GridSearchCV, allowing systematic fine-tuning of model
parameters such as learning rate and tree depth to en-
hance predictive accuracy.

B. Performance Comparison

To evaluate the performance of individual models trained
on clinical data alone, multiple classifiers were tested
using optimized hyperparameters as described in the
methodology. Table 2 presents the top three models
ranked by test accuracy, alongside their corresponding
F1-scores and area under the ROC curve (AUC).

Table 2: Performance of the top three clinical models
ranked by test accuracy. Metrics include test accuracy,
F1-score, and area under the ROC curve (AUC).

Model Accuracy F1-Score AUC
XGBoost 0.989247 0.989245 1.000000
Gradient Boosting 0.978495 0.978472 0.998959
Decision Tree 0.978495 0.978472 0.983871

The XGBoost model demonstrated the highest per-
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formance across multiple metrics, achieving a Test Ac-
curacy of 0.989, a Test AUC of 1.0, and a perfect F1-
Score of 0.989. Similarly, SVC and Gradient Boost-
ing showed remarkable performance, with both achiev-
ing a Test AUC of 1.0 and high F1-Scores of 0.987
and 0.978, respectively. Decision Tree and ExtraTrees
also performed strongly, with Test AUC values of 0.984
and 0.983, indicating their capability to distinguish be-
tween classes effectively. Random Forest achieved a bal-
anced performance with a Test Accuracy of 0.968, a Test
AUC of 0.985, and an F1-Score of 0.976. Among neu-
ral network-based models, MLP recorded competitive re-
sults with a Test Accuracy of 0.946 and a Test AUC
of 0.995, highlighting its potential for handling complex
data structures. Conversely, models like Logistic Regres-
sion and Naive Bayes yielded relatively lower accuracies
of 0.892 and 0.891, respectively, alongside lower AUC
scores of 0.972 and 0.983. Finally, AdaBoost showed the
least performance among ensemble methods, with a Test
Accuracy of 0.903 and an AUC of 0.965, emphasizing
room for improvement in handling this dataset. Figure
8 depicts the ROC curves, showcasing the strengths of
ensemble methods.

Figure 8: ROC curves of fined-tuned models after cross-
validation.

Figure 9: Confusion matrix for Clinical Data using Gra-
dientBoosting.

To further demonstrate the accuracy of this model,
Figure 9 presents the confusion matrix for the Gradient-
Boosting classifier, which provides a detailed breakdown
of the model’s performance.

Figure 10 presents a comparison of test accuracies
across the evaluated models, highlighting the superior
performance achieved by advanced classifiers such as XG-
Boost and Support Vector Classifier (SVC).

Figure 10: Accuracy Comparison.

For the imaging classification, different models were
used with multiple optimizers. The performance of
models paired with their optimal optimizers is summa-
rized through Receiver Operating Characteristic (ROC)
curves, F1-score comparisons, and accuracy comparisons.

Figure 11: ROC for model with its best optimizer.

The ROC curves in Figure 11 highlight the compara-
tive diagnostic ability of different model-optimizer com-
binations. The highest Area Under the Curve (AUC)
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values were achieved by:

• DenseNet121 with SGD (AUC = 0.93),

• DenseNet121 with Adam (AUC = 0.90),

• ResNet50V2 with SGD (AUC = 0.91).

These results underline the effectiveness of pairing
DenseNet121 with the SGD optimizer, as its combina-
tion demonstrated superior ability in distinguishing true
positive rates from false positives.

The F1-score results, illustrated in Figure 13, show
that the DenseNet121 architecture with SGD and Adam
optimizers delivered the highest scores. This indicates
and confirms their ability to balance precision and re-
call, making them ideal for handling class imbalances in
medical imaging datasets.

The accuracy metrics presented in Figure 12 also
rank DenseNet121 with SGD as the top performer, fol-
lowed by DenseNet121 with Adam and ResNet50V2 with
SGD, further reinforcing the robustness of DenseNet121
in learning complex image features efficiently.

The synergy between the DenseNet121 architecture
and its optimal optimizers highlights the strengths of
dense feature propagation and gradient management.
The architecture’s ability to reuse features through
densely connected layers ensures efficient learning of im-
age patterns, crucial for tasks like medical imaging di-
agnosis. The SGD optimizer, known for its simplicity
and stability, and the Adam optimizer, with its adaptive
learning rate and momentum capabilities, both enhance
the model’s convergence speed and generalization capa-
bility. These combinations provide a robust framework
for accurate classification in breast lesion imaging tasks.

Figure 12: Accuracy Comparison

Figure 13: F1 score comparison.

The results obtained from evaluating various deep
learning models with different optimizers reveal impor-
tant insights into model performance. Among the config-
urations tested, DenseNet121 paired with the SGD opti-
mizer achieved the highest AUC score of 0.93, indicating
strong generalization capabilities on the imaging dataset.
In contrast, EfficientNetB0 trained with SGD yielded the
lowest performance, with an AUC score of only 0.45,
suggesting limited convergence under this configuration.
Meanwhile, ResNet50V2 combined with the Adam opti-
mizer demonstrated competitive results, achieving a solid
AUC score of 0.84, making it a reliable choice for further
multimodal fusion experiments.

This comparison was conducted over 50 epochs for all
models and optimizers. Once the best-performing model,
DenseNet121 with SGD, was identified, it was further
analyzed to assess its robustness and generalization ca-
pabilities.

Figure 14 presents the confusion matrix for
DenseNet121 with SGD, showcasing its performance
across three classes: Benign, Malignant, and Normal.
The model accurately classified:

• 22 Benign samples correctly classified, with 7
misclassified as Malignant and 2 as Normal.

• 19 Malignant samples correctly classified, with
11 misclassified as Benign and 1 as Normal.

• 31 Normal samples perfectly classified, achiev-
ing no misclassification for this category.

These results emphasize the model’s robust perfor-
mance in identifying Normal cases while showing room
for improvement in distinguishing between Benign and
Malignant samples. The misclassification rates suggest
the necessity for enhanced feature extraction and im-
proved discrimination in challenging categories. The
overall accuracy achieved by the model stands at approx-
imately 73.5%.
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Figure 14: Confusion Matrix for DenseNet before the
multimodal fusion.

V. MULTIMODAL FUSION TECHNIQUES

To address the limitations posed by single-modality in-
put and enhance the predictive capability of the proposed
model, we employed three multimodal fusion techniques:
early fusion, intermediate fusion, and late fusion. These
techniques aim to integrate information from multiple
data modalities, thereby enriching the feature represen-
tation and improving the overall performance.

A. Early Fusion

Early fusion involves combining the features from dif-
ferent modalities at the input level. In this approach,
we concatenated the raw features extracted from both
modalities to form a unified input representation. This
combined feature set was used to train an ExtraTrees
classifier, which demonstrated competitive performance
compared to other classifiers.

Figure 15: ROC Curve for Extratrees after early fusion.

As seen from the ROC curve presented in Fig. 15,
ExtraTrees achieved an AUC of 0.908 showcasing its
ability to effectively distinguish between classes. By en-
abling the model to learn from the integration of features,
this method leverages complementary information across
modalities to enhance predictive accuracy. The applica-
tion of early fusion with ExtraTrees outperformed certain
single-modality approaches. Fig. 16 shows the confusion
matrix for Extratrees classifier after early fusion.

Figure 16: Confusion Matrix for Extratrees after early
fusion.

B. Intermediate Fusion

Intermediate fusion integrates features at a latent repre-
sentation level. In this approach, separate CNN models
were trained for each modality to extract high-level fea-
tures, and the embeddings from these models were con-
catenated to form a unified input representation for a
Logistic Regression classifier.

Figure 17: ROC Curves for all models after intermediate
fusion.
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This method allows the model to capture intrinsic
patterns from each modality while enabling meaningful
interactions at an abstract level, resulting in a richer fea-
ture representation. It led to a significant performance
improvement. The XGBoost classifier, using intermedi-
ate fusion, achieved an impressive AUC of 1.0. The ROC
curve presented in Fig. 17 demonstrates the model’s
high discriminatory power, and the confusion matrix pre-
sented in Fig. 18 reveals robust classification perfor-
mance with only minimal misclassifications. These re-
sults underscore the effectiveness of intermediate fusion,
which leverages high-level feature integration to outper-
form traditional single-modality and early-fusion meth-
ods.

Figure 18: Confusion Matrix for XGBoost after interme-
diate fusion.

C. Late Fusion

Late fusion achieves remarkable results with Gradient
Boosting, as indicated by an AUC of 0.99 on the ROC
curve presented in Fig 19, showcasing its strong discrim-
inatory power.

Figure 19: ROC Curve for GradientBoosting after late
fusion.

The corresponding confusion matrix for Gradient
Boosting illustrates excellent classification accuracy, with
30 true negatives and 19 true positives, and only one
false positive and one false negative. These results col-
lectively emphasize the effectiveness of the fusion ap-
proaches, with late fusion emerging as a robust method
for leveraging decision-level integration.

Figure 20: Confusion Matrix for GradientBoosting after
late fusion.

D. Fusion Techniques Comparison

Table 4 summarizes the performance of the best models
across different fusion techniques utilized in our study.
Early Fusion achieved the highest accuracy (0.96) and
AUC (0.99) using the AdaBoost classifier, demonstrat-
ing its effectiveness in leveraging combined raw feature
sets. Intermediate Fusion, which integrates high-level
features extracted by separate CNN models for imag-
ing and clinical data, achieved an accuracy of 0.92 and
an AUC of 0.99 using XGBoost. Late Fusion, which
aggregates the outputs of multiple models, also achieved
a high accuracy of 0.96 and an AUC of 0.99. These
results highlight the complementary nature of the fusion
approaches, with Early and Late Fusion offering compa-
rable performance, while Intermediate Fusion provided
robust results through feature-level interactions.

Table 4: Comparison of best-performing models across
different fusion strategies based on test accuracy and
AUC.

Fusion Technique Best Model Accuracy AUC
Early Fusion AdaBoost 0.96 0.99
Intermediate Fusion XGBoost 0.92 0.99
Late Fusion Aggregation 0.96 0.99
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E. Analysis

The prognosis of breast lesions has been significantly
enhanced by integrating imaging techniques with clini-
cal data and machine learning algorithms. Among the
models evaluated, the XGBoost classifier emerged as the
most effective, achieving the highest AUC of 0.99 in
both intermediate and late fusion approaches. This un-
derscores the critical role of structured clinical data, in-
cluding patient-specific, histology, and demographic in-
formation, in improving predictive accuracy.Its densely
connected layers enhance gradient flow and feature prop-
agation, making it effective in capturing critical lesion
characteristics.

A comprehensive diagnostic framework was devel-
oped by combining imaging-based models such as
DenseNet121 with Adam, ResNet50V2 with Adam, and
EfficientNetB0 with Adam. Among these, DenseNet121
with Adam stood out for its ability to efficiently extract
and reuse features.

The Adam optimizer, used in these top-performing
models, further improved training efficiency by adapting
learning rates and handling sparse gradients effectively.
This optimization was particularly beneficial for high-
dimensional imaging data, accelerating convergence and
enhancing the accuracy of lesion detection.

To further optimize predictive performance, we ex-
plored three multimodal fusion techniques: early fu-
sion, intermediate fusion, and late fusion.

• Early Fusion: By combining raw features from
both imaging and clinical data at the input level,
this method achieved an accuracy of 0.96 and
an AUC of 0.99 with AdaBoost as the best-
performing model. Early fusion highlights the
potential of leveraging complementary modalities
even in their raw form.

• Intermediate Fusion: This technique integrates
high-level features extracted by separate CNN
models for imaging data and clinical data, followed
by their concatenation and classification using XG-
Boost. It significantly improved results, reach-
ing an accuracy of 0.92 and an AUC of 0.99,
demonstrating the benefits of abstract feature-level
interaction.

• Late Fusion: Outputs from modality-specific clas-
sifiers were aggregated using a voting mechanism
with XGBoost. This decision-level integration
achieved the best results, reaching an accuracy
of 0.92 and an AUC of 0.99, highlighting the
strength of combining modality-specific decisions
while preserving their unique advantages.

By combining these multimodal fusion techniques
with imaging-based models and clinical data classifiers,

an integrative diagnostic framework was developed, ca-
pable of delivering superior predictive accuracy. This
synergy between clinical and imaging data enhances
decision-making, expedites diagnosis, and provides pre-
cise patient classification for personalized breast can-
cer treatment. Supporting precision medicine initiatives,
this comprehensive approach equips clinicians with ro-
bust tools for managing breast cancer and improving pa-
tient outcomes.

VI. COMPARISON WITH EXISTING
STUDIES

A. Comparative Analysis with Prior Work

Recent advancements in breast cancer diagnosis using ar-
tificial intelligence have shown promising results across
various imaging modalities and learning paradigms. Ta-
ble 5 presents a comparative analysis between our pro-
posed multimodal fusion framework and several notable
studies from the literature, focusing on classification per-
formance in terms of AUC.

Table 5: Comparison of AUC performances between
prior works and our proposed multimodal fusion mod-
els.

Study Method AUC
HGD + SVM [23] Mammogram, tradi-

tional ML
0.78

AlexNet [23] Mammogram, CNN
transfer learning

0.91

Faster R-CNN
CAD [19]

Mammogram, object
detection

0.95

All-conv
CNN [18]

Mammogram, image-
level labels

0.91–0.98

CAMELYON16
top models [16]

Histopathology (WSI),
deep CNN

>0.95

CEIMVEN (Effi-
cientNet) [21]

Ultrasound, enhanced
CNN

High accu-
racy

Early Fusion
(Ours)

Image + Clinical, Ad-
aBoost

0.99

Intermediate
Fusion (Ours)

Image + Clinical, XG-
Boost

0.99

Late Fusion
(Ours)

Image + Clinical, Ag-
gregation

0.99

As shown, traditional methods such as HGD com-
bined with SVM yielded limited performance (AUC =
0.78), while CNN-based architectures like AlexNet and
Faster R-CNN improved diagnostic accuracy, achieving
AUCs between 0.91 and 0.95. More recent developments,
including all-convolutional models and multi-task frame-
works, have demonstrated excellent performance in spe-
cific imaging domains, with AUCs reaching up to 0.98.

In contrast, our approach, which integrates imag-
ing data with structured clinical variables through early,
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intermediate, and late fusion mechanisms, consistently
achieved superior results with AUC values of 0.99 across
multiple fusion strategies. These results underscore the
effectiveness of combining heterogeneous data sources
and leveraging ensemble learning methods to improve di-
agnostic precision. The ability to generalize across data
modalities further supports the clinical relevance of our
framework for accurate and personalized breast lesion
classification.

B. Implications of Findings

The diagnosis and prognosis of breast lesions can be
greatly enhanced by integrating machine learning mod-
els for both imaging and clinical data. Subtle patterns in
breast lesions can be found by integrating image analysis
with clinical information like demographics and medical
history. This improves risk stratification and early diag-
nosis. These models can help radiologists and oncologists
in clinical practice by facilitating personalised treatment
planning, enhancing diagnostic procedures, and offering
decision support. More accurate patient stratification is
made possible by this method, which eventually improves
patient outcomes for breast cancer treatment by enabling
customised interventions.

C. Limitations

The first limitation of this study is the relatively small
dataset size, comprising approximately 200 patient en-
tries. Such a limited sample may constrain the robust-
ness and generalizability of the developed models. Ad-
ditionally, several records contained missing values, ne-
cessitating data imputation and preprocessing prior to
model training. While these steps were essential for
maintaining dataset usability, they may inadvertently in-
troduce biases or inaccuracies. Consequently, despite the
models’ capacity to manage incomplete data, the overall
performance and reliability of the system could still be
affected by the volume and completeness of the available
information.

D. Future Work

Several directions can be pursued in future research to
enhance the performance, reliability, and clinical applica-
bility of the proposed model. First, the current study was
based on a relatively modest dataset of approximately
200 patient entries. Expanding the dataset with more
diverse and representative patient records would signifi-
cantly improve the model’s generalizability and robust-
ness.

Second, although preprocessing techniques were used
to manage missing data, more advanced imputation

strategies or improved data collection protocols could be
explored to minimize the potential impact of incomplete
records on model performance.

In addition, integrating other data modalities, such as
genetic information or additional clinical metricsalong-
side imaging data may further improve predictive accu-
racy. Employing advanced multimodal fusion techniques
could provide a more comprehensive representation of the
patient’s condition and lead to more reliable prognostic
models.

Model refinement also presents an important oppor-
tunity for improvement. Future work could involve tun-
ing hyperparameters more effectively, testing alternative
architectures, and implementing more sophisticated op-
timization strategies to enhance overall performance.

Finally, validating the model in real-world clinical en-
vironments will be critical. Prospective studies and prac-
tical deployment in clinical settings will help evaluate the
model’s ability to support healthcare professionals with
meaningful, actionable insights.

VII. CONCLUSION

This study explored the integration of clinical data and
medical imaging using machine learning models to pre-
dict breast lesion outcomes. The results demonstrated
strong predictive performance, with high AUC values and
validation accuracy observed across several deep learning
architectures, notably DenseNet121, ResNet50V2, and
EfficientNetB0, all trained with the Adam optimizer.
These findings underscore the potential of deep learning
models to support and enhance breast cancer diagnosis.

Predictive performance was further improved by in-
corporating structured clinical variables, including de-
mographic, histological, and patient-specific information.
Classifiers such as multilayer perceptrons (MLPs) and
ensemble methods, particularly XGBoost and Random
Forest, demonstrated substantial gains in performance.
The integration of clinical data provided a more com-
prehensive understanding of patient status, contributing
to a more holistic and accurate diagnostic framework.
This multimodal approach highlights the promise of per-
sonalized medicine by enabling faster and more informed
clinical decision-making.

Despite these encouraging results, the study faced
certain limitations. The dataset was relatively small,
containing only 200 samples, and required substantial
preprocessing to address missing values. Future research
will aim to improve model robustness and generalizability
by expanding the dataset, incorporating additional data
modalities, and refining multimodal fusion strategies.
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