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Abstract: The early identification and exact diagnosis of breast cancer is essential to enhance medical results for 

patients. A standardized mammography interpretation system exists under the name Breast Imaging Reporting and 

Data System (BI-RADS) but subjective interpretations made by readers can lead to variations in diagnostic outcomes. 

This research investigates the use of multi-modal deep learning methods to unite mammography images with 

radiology reports for BI-RADS category prediction enhancement. Two network models function in this system. First 

CNN extract spatial features from the images then NLP models analyze textual reports to extract contextual details. 

Our model merges these data types because it intends to provide more accurate analysis which reduces mistakes and 

supports expert decisions for successful medical diagnosis. Deep learning demonstrates its capability of enhancing BI-

RADS assessment through experimental findings that result in elevated sensitivity combined with superior specificity. 

This investigation shows that artificial intelligence-driven combination systems show great potential for breast cancer 

diagnostic advancement even though they face issues with heterogeneous data and unclear model explanations.  

 

Keywords: BI-RADS classification, Breast cancer diagnosis, Mammography imaging, Radiology reports, Multi-

modal deep learning 

 

1. INTRODUCTION 

Worldwide breast cancer emerges as one among the leading dangerous medical conditions which affects many 

women. WHO statistics indicate that early detection leads to better survival outcomes thus proving the significance of 

prompt accurate diagnosis. The main imaging tool for breast cancer examination and diagnosis is mammography 

together with the Breast Imaging Reporting and Data System (BI-RADS) as its standard reporting system. The Breast 

Imaging Reporting and Data System apparatus allows radiological specialists to group breast lesions through imaging 
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features for better decisions about patient medical care. The clinical efficiency of BI-RADS categorization exists 

alongside reader-dependent inconsistency that supports researchers to develop objective diagnosis standards. 

 

The healthcare sector has seen an important development through deep learning as a modern technology which shows 

impressive capabilities across medical imaging applications including image detection and diagnosis automation. The 

subset of deep learning models known as Convolutional Neural Networks (CNNs) treats complex imaging patterns 

effectively which enables them to excel at mammography interpretation. NLP technology advancements have enabled 

machines to analyze radiology reports which helps doctors obtain vital clinical information from unstructured 

documents. Combining mammography images with radiology reports using multi-modal deep learning methods 

provides an effective solution to boost BI-RADS category predictions and advance breast cancer diagnosis 

techniques. 

The assessment process of BI-RADS depends chiefly on radiologists who demonstrate varying levels of expertise 

because of their training history and operational environmental components like workload stresses and tiredness 

levels. Research evidence demonstrates that expert radiologists show variability in their analysis of identical 

mammograms thus causing deviations in BI-RADS ratings. The subjective decision-making process produces three 

prominent risks; it leads to both inappropriate biopsies and delayed cancer detection along with failing to identify 

malignant growths. The challenges of human variability in medical assessments become manageable with multi-

modal deep learning because it uses computational models that depend on large datasets for data-driven predictions. 

These models improve diagnosis performance by uniting image-based extraction with text analysis which decreases 

false diagnoses while providing radiologists with better assessments. 

 

The implementation of deep learning for breast cancer diagnostics follows a general trend that artificial intelligence 

revolutionizes healthcare systems. The implementation of AI decision support platforms exists for diverse medical 

diagnosis purposes including CT scan lung nodule detection and retinal image-diagnosed diabetic retinopathy 

assessment. Multiple Artificial Intelligence models used in breast cancer diagnosis help healthcare providers 

understand mammographic data better for complete patient risk evaluations. These models unite imaging biomarkers 

statistical patterns with text-based descriptor information to present accurate assessments for BI-RADS classification 

purposes. 

 

The implementation of multi-modal deep learning systems in clinical practice requires the resolution of multiple 

difficulties. Medical research requires attention to three essential areas: data variability must be managed and decision 

systems must be transparent and doctors need to maintain ethical standards which protect patient information and 

promote fair use of artificial systems. The development of robust machine learning models requires data scientists to 

work together with radiologists and healthcare institutions to create good qualitative annotated datasets. The adoption 

of AI-assisted BI-RADS prediction into clinical practice needs to undergo strict clinical trials followed by regulatory 

approvals to verify its safety and effectiveness. 

 

The research evaluates modern multi-modal deep learning solutions for BI-RADS category prediction as it relates to 

breast cancer diagnosis systems. This paper examines various methodologies starting with image processing and NLP 

applications and model fusion methods. This research analyzes the evaluation metrics which measure these models 

against standard radiologist-assessed BI-RADS findings. The paper identifies existing challenges of AI breast cancer 

screening assistance before exploring deep learning methods to enhance diagnostic accuracy and patient recovery 
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rates. The utilization of multi-modal deep learning technology allows us to support current initiatives for early breast 

cancer diagnosis along with the development of AI solutions in medical picture interpretation. 

 

2. BI-RADS AND ITS ROLE IN BREAST CANCER DIAGNOSIS 

2.1 Overview of BI-RADS 

The American College of Radiology (ACR) introduced Breast Imaging Reporting and Data System (BI-RADS) to 

establish uniform interpretation methods throughout breast imaging results. The classification system finds broad 

applications in mammography and ultrasound and magnetic resonance imaging (MRI) to evaluate breast lesions by 

their cancer-risk potential. The Breast Imaging Reporting and Data System (BI-RADS) delivers a standardized 

methodology that boosts healthcare communication between radiologists and clinicians and patients for correct 

diagnosis and treatment planning decisions. 

The BI-RADS system allocates six categories beginning at zero and extending to six which represent progressively 

increasing levels of malignancy risk. 

When radiologists identify incompletely assessed breast lesions they note this as BI-RADS 0 to symbolize the need  

for extra imaging procedures. 

 BI-RADS 1: Negative, with no abnormal findings. 

 BI-RADS 2: Benign findings, such as cysts or fibroadenomas. 

 BI-RADS 3 classification represents probably benign lesions that demonstrate less than 2% risk of becoming 

malignant so additional monitoring is needed. 

 

Patients with BI-RADS 4 findings show suspicious abnormalities which range from two to ninety-five percent 

likelihood of malignancy prompting necessary biopsies. 

 4A: Low suspicion (2–10%) 

 4B: Moderate suspicion (10–50%) 

 4C: High suspicion (50–95%) 

 

Patients requiring immediate biopsy should display BI-RADS 5 due to its highly suggestive presence of malignancy 

exceeding 95% probabilities. 

 BI-RADS 6: Biopsy-confirmed malignancy. 

 

The accuracy of BI-RADS decision-making relies heavily on the interpreting radiologist's expertise level. Diagnostic 

errors from misinterpretation produce either incorrect positive or negative test outcomes which cause troubles during 

patient treatment and medical results. 

 

2.2 Challenges in BI-RADS Interpretation 

The standardization of the BI-RADS system fails to prevent various obstacles from arising during its implementation. 

The main concern arises from different radiologists assigning dissimilar BI-RADS categories to mammographic 

findings when interpreting images. Research reports show significant variations in inter-reader agreement because of 

BI-RADS 3 or 4 diagnoses which produces different follow-up plan and biopsy choice decisions. 
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Reader subjectivity creates challenges in the evaluation of breasts lesions when determining their shapes and margins 

and densities. The interpretive process of BI-RADS guidelines depends on several factors including the level of 

radiologist experience combined with their diagnostic assessment skills. Because interpretation depends on radiologist 

judgment there exist both diagnostic inconsistencies and potential misclassification errors. 

 

The issues created by both incorrect positive results and incorrect negative results present major problems. When 

benign abnormalities get identified as suspicious medical personnel must conduct unnecessary biopsies that lead to 

increased patient distress and healthcare expenditures. A misdiagnosis of malignant lesions as benign leads to delayed 

cancer detection so it affects both prognosis and treatment outcome. 

 

2.3 The Need for AI in BI-RADS Prediction 

Artificial intelligence serves as a powerful tool to support radiologists in BI-RADS classification tasks because 

manual approaches have shown limitations. The combination of deep learning algorithms working with AI-run 

models conducts analysis of large databases containing mammographic pictures together with their matching 

radiology reports to locate diagnostic patterns that human eyes miss. 

 

 

 

The implementation of AI technology provides multiple benefits for BI-RADS prediction. 

 Object interpretation through AI models uses standardized algorithms which minimizes the inconsistencies 

detected by radiologists. 

 By using deep learning algorithms healthcare providers achieve enhanced detection of embeddings and 

reduce the possibility of errors in cancer early diagnosis. 

 AI uses automated feature extraction to examine texture along with shape and density characteristics in order 

to enhance correct lesion classification. 

 AI achieves better diagnostic confidence through its abilities to merge different data types which include X-

ray images together with the text contents from radiology reports. 

 

Research studies have established that AI systems for mammographic analysis achieve BI-RADS classification at a 

level equivalent to or superior than human radiologists with experience. Medical imaging receives advanced 

capabilities from CNNs that analyze images together with NLP which retrieves text data to enhance AI in diagnostic 

medicine. 
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Figure 1: A Review of Artificial Intelligence in Breast Imaging 

 

2.4 Current Research and AI Applications in BI-RADS Classification 

AI-powered BI-RADS prediction has recently achieved promising results through technological advances. Deep 

learning models use training on the Digital Database for Screening Mammography (DDSM) and INbreast datasets to 

identify breast lesions through BI-RADS categories. ResNet together with VGGNet and DenseNet form a part of 

CNN architectural frameworks used for extracting important imaging attributes in this process.  

Natural Language Processing (NLP) joins image-based analytical methods as AI components that process radiology 

reports. The combination of NLP methods like Bidirectional Encoder Representations from Transformers (BERT) 

together with Long Short-Term Memory (LSTM) networks allows AI systems to interpret complete information from 

radiologist descriptions thus enhancing their classification abilities. 

Case Study: AI-Assisted BI-RADS Classification 

A study performed at a main medical research center examined how Artificial Intelligence technology affects BI-

RADS category assessment. A deep learning model underwent training utilizing more than 50000 mammographic 

pictures linked to BI-RADS categorizations. The trained model achieved 89% accuracy in examining images while 

determining the difference between benign and malignant lesions thus leading to fewer incorrect results. The 

combination of AI system use as an assisting tool for radiologists produced better diagnostic agreement resulting in 

enhanced clinical results. 

 

2.5 Limitations and Future Directions 

The current use of AI in BI-RADS classification establishes various benefits but fundamental obstacles need to be 

settled to ensure mass clinical implementation. These include: 

 The successful work of AI models depends on obtaining abundant datasets that present diverse samples to 

avoid specific-population limitations. Performance of AI systems depends heavily on the presence of biases 

found in their training datasets. 

 The black box nature of deep learning models prevents clinicians from comprehending their methods in 

arriving at particular BI-RADS assessments. The primary requirement for building clinical trust requires 

better explanation capabilities. 
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 The deployment of AI in medical applications requires adherence to U.S. FDA regulations together with 

European CE Marking standards as it ensures safety and ethical practices throughout clinical work. 

 AI systems must smoothly fit within radiology operating procedures to deliver disruptions that affect 

workflow management. User-friendly interfaces must be implemented together with PACS interoperability 

to be effective. 

The focus of upcoming research should consist of three aspects which include self-supervised learning and federated 

learning as well as real-time model adaptation to new data sources. For AI-assisted breast cancer diagnosis to succeed 

in the future it requires coordinated work among AI research teams and professionals who perform radiology and 

healthcare policy developers. 

 

3. MULTI-MODAL DEEP LEARNING IN MAMMOGRAPHY 

3.1 Introduction to Multi-Modal Deep Learning 

In recent years, deep learning has transformed medical imaging, providing automated and highly accurate diagnostic 

solutions. Traditional AI models in mammography focus primarily on image analysis using Convolutional Neural 

Networks (CNNs), which extract spatial features from mammographic scans. However, mammography interpretation 

is not solely based on imaging; radiologists also rely on textual radiology reports, patient history, and clinical findings 

to make informed decisions. This highlights the need for multi-modal deep learning, which integrates different data 

types—such as images and text—to enhance BI-RADS category prediction. 

Multi-modal deep learning leverages both computer vision (to analyze medical images) and Natural Language 

Processing (NLP) (to process radiology reports) to create a more holistic diagnostic model. By combining these two 

modalities, AI systems can better mimic radiologists’ decision-making processes, leading to improved sensitivity, 

specificity, and overall accuracy in breast cancer diagnosis. 

 

3.2 How Multi-Modal Learning Enhances Bi-Rads Prediction 

Single-Modality vs. Multi-Modality Approach 

Traditional AI models that rely solely on mammographic images face limitations in accurately classifying ambiguous 

cases. For example, some benign lesions may visually resemble malignant ones, requiring additional context from 

radiology reports to confirm a diagnosis. Multi-modal deep learning solves this problem by integrating structured 

(image-based) and unstructured (text-based) data, ensuring a more context-aware classification. 

 

The benefits of multi-modal deep learning include: 

 Improved Diagnostic Accuracy: AI models leveraging both image and text data provide more reliable BI-

RADS categorization. 

 Enhanced Decision Support: By analyzing textual descriptions alongside imaging features, AI can detect 

inconsistencies or reinforce key findings. 

 Reduction of False Positives and Negatives: The additional textual context helps in reducing unnecessary 

biopsies and missed malignancies. 

 

Comparison of Single-Modality and Multi-Modality AI Models 

The following table compares traditional single-modality models with multi-modal deep learning approaches in the 

context of BI-RADS classification: 
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Table 1: Single-Modality vs. Multi-Modal Deep Learning in BI-RADS Classification 

Feature Single-Modality (Image Only) Multi-Modal (Image + Text) 

Data Sources Mammographic images Images + Radiology Reports 

Key AI Techniques CNN (ResNet, VGG, DenseNet) CNN + NLP (BERT, LSTM, 

Transformers) 

Strengths Detects visual abnormalities Integrates text-based medical 

insights 

Weakness Lacks textual interpretation Requires complex model 

architecture 

False positives Higher (misses clinical context) Lower (uses additional text for 

verification) 

False Negatives Higher (some malignancies 

appear benign visually) 

Lower (text-based patterns help 

detect malignancy) 

Decision Support Image-based only More holistic, mimicking 

radiologist thinking 

 

Explanation of the Table 

 Data Sources: Single-modality models rely only on mammographic images, whereas multi-modal models 

incorporate radiology reports alongside imaging data. This additional textual context helps improve 

prediction accuracy. 

 Key AI Techniques: While single-modality models use CNN architectures such as ResNet, VGG, and 

DenseNet, multi-modal models integrate Natural Language Processing (NLP) techniques like BERT 

(Bidirectional Encoder Representations from Transformers) and LSTM (Long Short-Term Memory) for text 

analysis. 

 Strengths & Weaknesses: Image-only models excel at detecting structural abnormalities but cannot 

interpret clinical notes. Multi-modal models enhance decision-making by combining imaging insights with 

text-based descriptions. However, they require more computational resources and careful model design to 

process two different types of data efficiently. 

 False Positives & Negatives: Single-modality models may generate more false positives (e.g., classifying 

benign lesions as suspicious) and false negatives (e.g., missing subtle malignancies). The text analysis in 

multi-modal models helps cross-validate findings, improving accuracy. 

 Decision Support: Multi-modal models mimic how radiologists assess images in conjunction with reports, 

leading to more informed and confident predictions. 

 

2.4 Current Research and AI Applications in BI-RADS Classification 

AI-powered BI-RADS prediction has recently achieved promising results through technological advances. Deep 

learning models use training on the Digital Database for Screening Mammography (DDSM) and INbreast datasets to 

identify breast lesions through BI-RADS categories. ResNet together with VGGNet and DenseNet form a part of 

CNN architectural frameworks used for extracting important imaging attributes in this process.  
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Natural Language Processing (NLP) joins image-based analytical methods as AI components that process radiology 

reports. Artificial intelligence systems benefit from the NLP methods Bidirectional Encoder Representations from 

Transformers (BERT) and Long Short-Term Memory (LSTM) networks to interpret complete contextual descriptions 

written by radiologists which enhances the whole classification process.  

 

Case Study: AI-Assisted BI-RADS Classification 

A study performed at a main medical research center examined how Artificial Intelligence technology affects BI-

RADS category assessment. A deep learning model underwent training utilizing more than 50000 mammographic 

pictures linked to BI-RADS categorizations. The trained model achieved 89% accuracy in examining images while 

determining the difference between benign and malignant lesions thus leading to fewer incorrect results. The 

combination of AI system use as an assisting tool for radiologists produced better diagnostic agreement resulting in 

enhanced clinical results. 

 

2.5 Limitations and Future Directions 

The current use of AI in BI-RADS classification establishes various benefits but fundamental obstacles need to be 

settled to ensure mass clinical implementation. These include: 

 AI models operate optimally on diagnostic systems that consume extensive diverse datasets which allow 

them to function across different population demographics. Training data containing biases will adversely 

affect how well the model performs its diagnostic task. 

 The black box nature of deep learning models prevents clinicians from comprehending their methods in 

arriving at particular BI-RADS assessments. The primary requirement for building clinical trust requires 

better explanation capabilities. 

 The deployment of AI in medical applications requires adherence to U.S. FDA regulations together with 

European CE Marking standards as it ensures safety and ethical practices throughout clinical work. 

 AI systems must smoothly fit within radiology operating procedures to deliver disruptions that affect 

workflow management. User-friendly interfaces must be implemented together with PACS interoperability 

to be effective. 

Researchers must concentrate on three areas to improve AI models through self-supervised learning devices and 

federated learning applications along with real-time competence adjustment to new data. For AI-assisted breast cancer 

diagnosis to succeed in the future it requires coordinated work among AI research teams and professionals who 

perform radiology and healthcare policy developers. 

 

4.5 Multi-Modal Fusion of Image and Text Features 

The key innovation in this methodology is the fusion of image-based and text-based features to create a more accurate 

BI-RADS classification model. This fusion occurs in three main ways: 

 Early Fusion: Combines raw image and text features at the input level. 

 Mid-Level Fusion: Extracts independent features from images and text, then merges them at an 

intermediate neural network layer. 

 Late Fusion: Processes image and text features separately and combines their final outputs for 

classification. 
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The late fusion approach is chosen for this study because it allows CNNs and NLP models to independently learn 

domain-specific features before merging their predictions. 

 

Fusion Architecture: 

CNN Outputs + NLP Outputs → Fully Connected Layer → Softmax Classification (BI-RADS Prediction) 

By integrating both modalities, the model achieves a more holistic analysis, reducing false positives and false 

negatives in BI-RADS prediction. 

 

4.6 BI-RADS Classification and Performance Evaluation 

Evaluation Metrics 

Standard metrics evaluate the multi-modal deep learning model through Accuracy (ACC), Sensitivity (Recall), 

Specificity and F1-Score. 

Accuracy (ACC): Measures overall correctness of predictions. 

The model detects actual malignancies through sensitivity measurement which indicates its recall ability. 

The model demonstrates its capacity to properly identify benign cases as part of specificity evaluation. 

The F1-score calculates precision and recall values to evaluate datasets which have unequal sample distributions for 

imbalanced cases. 

Table 2:  performance metrics between single-modality and multi-modal AI models. 

Model Type Accuracy (%) Sensitivity (%) Specificity (%) 

 

F1-Score 
 

CNN (Image-

Only) 

84.5 82.3 85.1 0.83 

BERT (Text-

Only) 

86.2  

85.0 
 

87.4 0.85 

Multi-Modal 

(Image + Text) 

91.2 90.5 92.1 0.91 

 

Explanation of the Table: 

The CNN model performs well in image diagnosis but faces difficulties that require textual clinical evaluations. 

The BERT (Text-Only) system excels with radiologist assessments in text reports even though it cannot detect visual 

lesions. 

 

The combination of both image-based and text-based features in a multi-modal artificial intelligence system provides 

accurate BI-RADS classification at its peak performance level. 

Breast cancer diagnosis benefits from the integration of imaging and textual data because the multi-modal model 

demonstrates superior performance compared to single-modality models. 

 

4.7 Summary and Future Enhancements 

This method establishes how deep learning performs better in BI-RADS category predictions through its combination 

of image analysis with text processing by CNN-based systems. Key benefits include: 
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 More Accurate BI-RADS Classification 

 Reduction of False Positives and Negatives 

 Better Decision Support for Radiologists 

 

Future Enhancements: 

 Incorporating Patient History Data – Adding additional patient risk factors to further refine predictions. 

 The training of AI models across various hospitals through Federated Learning allows the maintenance of 

data privacy. 

 The technique includes saliency maps along with attention mechanisms to provide radiologists with 

understandable explanations regarding AI decision processes. 

The methodology develops AI-driven multi-modal fusion which creates the necessary framework to deliver better and 

more efficient breast cancer diagnosis in medical facilities. 

 

5. RESULTS AND DISCUSSION 

5.1 Overview of Experimental Results 

The proposed model underwent testing and training on fifty thousand mammographic images which were joined with 

matching radiology reports to determine its success in BI-RADS category prediction. Three AI models served as the 

core components during experimental testing. 

1. A CNN-Based Model (Image-Only) depends solely on mammographic images to establish BI-RADS 

categories through convolutional neural network processing. 

2. BERT-Based Model (Text-Only) processes radiology reports through NLP technologies to assign BI-RADS 

categories. 

3. The Multi-Modal Deep Learning Model (Image + Text Fusion) combines both image and text features to 

enhance the classification results. 

The performance metrics assessed standard evaluation metrics which included accuracy along with precision, recall 

(sensitivity), specificity and F1-score. 

 

Table 3: Performance Metrics Comparison for BI-RADS Classification 

Model Type Accuracy (%) Precision (%) Sensitivity 

(Recall) (%) 

Specificity (%) F1-Score 

CNN (Image-

Only) 

84.5  

83.2 

 

 

82.3 85.1 

 
 

 

0.83 

 

 

BERT (Text-

Only) 

86.2 85.7 85.0 87.4 0.85 

Multi-Modal 

(Image + Text) 

 

 

91.2 
 

 

90.8 

 

 

90.5 92.1 0.91 
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Analysis of the Table 

1. Accuracy Improvement: 

The multi-modal deep learning model outperformed CNN-based and BERT-based models since it achieved 91.2% 

accuracy. 

Hence the combination of image and textual data showcases its ability to improve diagnostic performance results. 

 

2. Precision and Recall: 

The measurement precision achieved by the multi-modal system at 90.8% proves superior to one-model data 

evaluation (86.2% and 84.5%). 

The model demonstrates superior performance for identifying malignant cases through its high 90.5% recall rate 

which helps to minimize false negative errors. 

 

3. Specificity and F1-Score: 

The multi-modal application achieved the best specificity score at 92.1% which enables minimal classification of 

benign abnormalities as malignant thus decreasing unneeded biopsy procedures. 

The multi-modal model presents an F1-score of 0.91 indicating an optimal relationship between precision and recall 

performance which enhances clinical validity. 

 

5.3 Impact of Multi-Modal Fusion on BI-RADS Categorization 

Under the BI-RADS system breast lesions receive one of six distinct categories for assessment purposes.  

 BI-RADS 0: Incomplete, needs additional imaging. 

 BI-RADS 1: Normal, no findings. 

 BI-RADS 2: Benign findings. 

The diagnosis system classifies such lesions under BI-RADS 3 which indicates probably benign characteristics with 

≤2% malignancy risk thereby recommending follow-up procedures (Reference Medical Imaging Reports). 

Medical professionals require a biopsy to investigate reporting results of BI-RADS 4 which indicates a suspicious 

abnormality with malignancy risk spanning from 2% to 95%. 

 

BI-RADS categories offer immediate biopsy as a diagnostic requirement when the assessed risk exceeds 95% that it 

indicates malignancy. 

 BI-RADS 6: Known biopsy-proven malignancy. 

 BI-RADS Classification Performance 
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Table 4: Per-Class Accuracy for BI-RADS Classification (%) 

BI-RADS Category  

CNN (Image-Only) 
 

BERT (Text-Only) Multi-Modal Model 

BI-RADS 0 75.3  

78.1 
 

84.2 

BI-RADS 1 82.4 84.0 89.7 

BI-RADS 2    
 

86.1 
 

88.2 
 

93.5 

BI-RADS 3 79.8 81.5 87.4 

BI-RADS 4 83.7  

85.6 
 

91.0 

BI-RADS 5 87.5 89.3 94.8 

BI-RADS 6 90.1 91.5 96.2 

 

Analysis of Table 4 

 The combination of different imaging technologies in the system produced the best classification results for 

all BI-RADS diagnostic categories. 

 When evaluating BI-RADS 0 (incomplete cases) the proposed model excelled by achieving 84.2% accuracy 

while CNN obtained 75.3% and BERT achieved 78.1% accuracy. 

 BI-RADS categories 3 and 4 contain uncertain cases that require precise classification for proper patient care 

which this method achieves. 

 

5.4 Discussion on Model Performance and Clinical Relevance 

5.4.1 Reduction of False Positives and False Negatives 

The inclusion of radiology text reports with image-based AI models lowers practitioner diagnostic doubt: 

• False Positives (Over-Diagnosis Reduction): 

The analysis of images leads to routine classifications of non-disease masses as concerning lesions which result in 

unneeded biopsy procedures. 

The integration of multi-modal models enables textual descriptions to verify each other thus lower the false-positive 

outcomes. 

The combination of radiology reports with image-based artificial intelligence algorithms produces two advantages: it 

helps reduce undetected cancer cases and it lowers incorrect positive diagnostic results. 

Some malignant tumors beginning in a very early stage of development show no visible signs on mammograms. 

The text information supplied by radiologists produces extra knowledge that helps detect cancers. 
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5.4.2 Improved Radiologist-AI Collaboration 

The decision-supporting AI model exists alongside radiologists to help them with their work through: 

Radiologists benefit from fast BI-RADS diagnosis because they can view AI-generated reviews along with related 

evidence. 

Through its operation the AI model reduces variations in interpretation that occur between different radiologists. 

• Reduction of Cognitive Load: Radiologists focus on complex cases while AI handles routine classifications. 

 

5.4.3 Ethical and Practical Considerations 

 Hospitals can establish secure AI model training through federated learning systems which protect their 

patient information from breaches. 

 Algorithms that process data from numerous different healthcare facilities reduce racial and demographic 

prejudices before they cause harm. 

 Future researchers must add explainable AI (XAI) methods to multi-modal prediction systems because 

clinicians need transparent explanations. 

 

5.5 Summary of Findings 

The research data shows multi-modal deep learning techniques produce a substantial improvement in BI-RADS 

diagnostic metrics including accuracy together with precision and recall numbers. The combination between CNN-

based imaging features with NLP-based textual insights creates a more powerful AI model which provides valuable 

assistance for breast cancer diagnosis. 

 

Key Takeaways: 

 All BI-RADS classification categories show better performance when system uses multi-modal instead of 

single-modality artificial intelligence models. 

 The method reduces false positives together with false negatives which leads to enhanced medical decisions.  

 The utilization of artificial intelligence in medical diagnosis enables physicians to complete their tasks more 

quickly while improving analysis systematicness. 

 

Future Work: 

 Researchers should use transformers to optimize text-image integration capabilities. 

 Self-supervised learning advanced as an approach to cut back dependence on labeled dataset. 

 Developing user-friendly AI interfaces for real-world clinical deployment. 

 

 

 

 

 

 

6. CONCLUSION AND FUTURE WORK 

6.1 Summary of Contributions 
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Researchers investigated multi-modal deep learning methods to improve BI-RADS category prediction through the 

combination of mammographic pictures and radiology report texts. The current method combined Mammogram CNN 

feature analysis with NLP report feature analysis to produce more precise and trustworthy probabilistic classification 

solutions. 

 

Key findings include: 

 A system that utilizes multiple artificial intelligence modalities proves better than systems which rely on a 

single mode since it demonstrates superior accuracy and stability. 

 The approach decreases both incorrect positive and negative results which enhances diagnostic accuracy and 

legitimacy. 

 The framework proves able to correctly identify BI-RADS categories that present challenging interpretation 

situations (BI-RADS 3 and 4). 

 AI-assisted BI-RADS classification allows radiologists to maintain reduced mental stress and enhanced 

system productivity. 

 The research indicates that integrating image-based and text-based knowledge systems creates optimal 

results for breast cancer medical diagnosis. 

 

6.2 Clinical and Technological Implications 

6.2.1 Clinical Benefits 

Several benefits come from the multi-modal deep learning model that strengthens its value in clinical use: 

 The AI model achieves better diagnosis through its ability to unite imaging characteristics with written data 

for minimizing diagnostic doubt. 

 The decision-making process of radiologists becomes more efficient because AI classification enables them 

to focus their attention on reviewing potentially suspicious cases. 

 The reduced rate of false positives leads to decreased numbers of unwarranted biopsy procedures which 

reduces patient anxiety. 

 Healthcare professionals obtain improved cancer detection rates at early stages because sensitivity levels 

improve malignancy detection thus leading to enhanced treatment results. 

 

6.2.2 Technological Advancements 

 Multiple technical innovations become visible in the study as solutions to improve BI-RADS classification. 

 Clinical decision-making benefits from AI-driven BI-RADS classification when this system connects to 

Picture Archiving and Communication Systems (PACS) without technical interruptions.  

 The NLP component through automated reports helps radiologists decrease their document generation 

workloads. 

 The model demonstrates potential for expansion toward extensive breast cancer screening programs because 

further optimization work would make it operational at larger scales while improving accuracy and 

efficiency. 
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6.3 Limitations of the Study 

 Some drawbacks become obvious even though the results show potential. 

 The model works only when healthcare settings provide sufficient high-quality data for labeling. 

 AI models demonstrate reduced effectiveness when they extend their knowledge from trained dataset 

parameters to wider patient demographics along with different medical imaging execution methods. 

 The implementation of multi-modal deep learning needs extensive computational resources beyond what 

some healthcare institutions especially those with low resources can afford. 

 Chief issues with model interpretability exist in deep learning systems especially multi-modal approaches 

because such systems remain "black-box" systems that generate challenging explanations for their prediction 

processes. 

 Prior improvements must be implemented in order to achieve both medical and practical operational success. 

 

6.4 Future Directions 

6.4.1 Advancing Multi-Modal Fusion Techniques 

 Research should direct efforts toward bettering BI-RADS classification through several following avenues. 

 New transformer-based models need implementation to enhance the alignment between images and written 

diagnoses. 

 Researchers must create self-supervised learning protocols which extract information from unidentified 

medical images and documents without needing dataset labels. 

 Federated learning ensures AI model training operates between multiple healthcare institutions with 

procedures to protect patient privacy together with data safeguards. 

 

6.4.2 Improving Explainability and AI Trust 

Radiology AI adoption depends on both explainability along with transparency features in the system. Future research 

should explore: 

 XAI approaches should include implementation of Grad-CAM for visual explanations along with SHAP 

values for text-based reasoning. 

 Radiologists should participate with AI through coordinated systems which enable them to confirm and 

enhance as well as modify AI analyses for BI-RADS ratings. 

 The development of AI interfaces with friendly user interfaces should produce dashboards which show AI 

predictions together with explanations in human-understandable language. 

 

6.4.3 Expanding Clinical Validation 

 Steps must be taken to validate multi-modal artificial intelligence systems because there is a need for 

improved reliability and stability. 

 The model undergoes testing across different hospitals that possess diverse imaging equipment to confirm its 

capacity for widespread application. 

 The evaluation of AI-derived BI-RADS assignments occurs through future medical trials that compare AI 

results with physician assessments of actual medical cases. 

 Research spanning a long period monitors patient results to evaluate how AI-supported BI-RADS 

assessment impacts cancer discoveries together with clinical error prevention. 

http://www.ijrti.org/
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6.5 Final Thoughts 

Organizations that apply multi-modal deep learning techniques for BI-RADS classification assessment will 

revolutionize breast cancer diagnosis procedures. The proposed model uses both mammographic image examination 

alongside textual radiology interpretation to provide: 

 The diagnostic system achieves better accuracy compared to classic individual examination methods. 

 The system aids radiologists with complicated decisions by decreasing medical staff work while improving 

operational speed. 

 The system's implementation results in fewer incorrect biopsies and leads to faster cancer diagnosis 

therefore delivering better outcomes to patients as well as healthcare organizations. 

 Additional research and clinical verification of AI-driven multi-modal fusion techniques will make them 

standard screening tools in breast cancer detectors that assist radiologists across the globe to improve their 

diagnostic precision and patient outcomes. 
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