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Abstract

Modern healthcare is being transformed by artificial intelligence, as it allows clinical decision-making to
become more accurate, efficient, and data-driven. The field of dentistry, specifically endodontics, is an
important area where intelligent systems can be applied due to its reliance on imaging and clinical
interpretation.

This paper proposes a multimodal clinical intelligence model that involves clinical text analysis using
large language models, machine learning predictive systems, and cone-beam computed tomography
imaging to improve treatment planning. The framework uses heterogeneous data sources to provide a
unified diagnostic perspective, enhancing workflow accuracy and efficiency.

The experimental results demonstrate significant improvements in diagnostic accuracy and reliability of
treatment recommendations compared to traditional approaches. The study highlights the importance of
combining structured and unstructured clinical data and contributes to the development of next-
generation intelligent dental care systems.
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INTRODUCTION

The increasing integration of artificial intelligence into healthcare systems has significantly improved
diagnostic and treatment processes, particularly in data-intensive fields such as dentistry. Endodontic
treatment planning involves interpreting imaging data alongside patient-specific clinical histories,
making it a complex decision-making process that can benefit from computational assistance.

With the development of Al-based systems, particularly those based on machine learning and large
language models, it has become possible to create advanced clinical decision support tools capable of
synthesizing diverse data types (Altalhi et al., 2025).

The use of cone-beam computed tomography has introduced a new imaging modality that is
increasingly essential in endodontics due to its ability to generate high-resolution three-dimensional
images of dental structures. However, although CBCT improves visualization, its interpretation still
depends on clinician expertise and is not always integrated with patient clinical history (Singh, 2018).
This disconnect limits overall diagnostic accuracy.

Recent advances in natural language processing have enabled large language models to process
unstructured clinical text, extracting meaningful insights from patient records and clinical notes. These




capabilities support the integration of textual and imaging data, enabling comprehensive clinical
analysis (Parupally, 2025).

These technologies collectively represent a broader shift toward intelligent, integrated healthcare
solutions that emphasize accuracy, efficiency, and scalability (Altalhi et al., 2025).

This study introduces a multimodal Al framework designed to integrate CBCT imaging, clinical text
processing, and machine learning into a unified system for endodontic treatment planning. The
research aims to address existing limitations in diagnostic workflows and contribute to the
advancement of intelligent dental care systems.

BACKGROUND OF THE STUDY

The rapid advancement of artificial intelligence in healthcare has been driven by the increasing
demand for precision medicine and data-driven clinical decision-making. Dentistry, particularly
endodontics, relies heavily on imaging technologies such as CBCT, which provide detailed anatomical
insights necessary for accurate diagnosis and treatment planning (Singh, 2018).

Despite these advancements, integration of imaging data with clinical narratives remains limited.
Clinical records often contain unstructured textual data that is difficult to analyze using traditional
computational methods. The development of natural language processing tools has enabled
extraction of meaningful insights from such data, improving clinical understanding and decision
support (Parupally, 2025).

Large language models further enhance this capability by enabling context-aware analysis of clinical
narratives. The adoption of artificial intelligence in healthcare has accelerated in recent years, with
studies highlighting its ability to improve diagnostic accuracy, optimize workflows, and enhance
patient outcomes (Altalhi et al., 2025).

Engineering research has contributed to the development of advanced integration techniques,
supporting multimodal data processing (Kachhia et al., 2015). These approaches enable the
development of robust Al systems capable of handling complex and heterogeneous datasets.

This study builds upon these developments by proposing a multimodal framework integrating
imaging, text processing, and predictive analytics to address limitations in dental diagnostics.

LITERATURE REVIEW

Existing research in Al-driven dentistry has largely focused on imaging analysis and predictive
modeling. CBCT imaging is widely recognized for improving diagnostic accuracy in endodontics,
particularly in identifying root canal morphology and pathological conditions (Singh, 2018).

Machine learning algorithms have been successfully applied to CBCT data, enabling automated
detection and classification of dental conditions (Litjens et al., 2017; Shen et al.,, 2017).

In parallel, advancements in natural language processing have enabled analysis of clinical text data.
Language models have demonstrated the ability to extract relevant clinical information from
unstructured data, supporting decision-making processes (Devlin et al., 2019; Brown et al., 2020).

Domain-specific NLP frameworks have further improved applicability in healthcare (Parupally, 2025).
The adoption of Al in healthcare has shown improvements in efficiency, accuracy, and patient
outcomes (Altalhi et al,, 2025; Rajpurkar et al., 2022).

However, most systems focus on single modalities, limiting effectiveness in complex clinical scenarios.
Research in system engineering and signal processing provides methods for integrating diverse data
sources, enabling multimodal systems (Kachhia et al., 2015).

Despite these advancements, there is still a lack of unified frameworks combining imaging, text, and
predictive analytics in dentistry.




METHODOLOGY

This study adopts a multimodal framework integrating CBCT imaging, clinical text processing, and
machine learning models. Data were collected from dental clinical records, including CBCT scans and
patient histories.

Imaging data were processed using convolutional neural networks to extract features, while clinical
text was analyzed using a large language model to identify key indicators.

Features from both modalities were combined to train machine learning models for treatment
prediction. The system was evaluated using standard metrics such as accuracy, precision, recall, and
F1-score (Goodfellow et al., 2016; Miotto et al., 2018).

Table 1: Performance Evaluation

Approach Accuracy Precision | Recall F1 Score
Traditional Method 72% 70% 68% 69%
Imaging-Based Al 84% 82% 80% 81%
Multimodal Al System 93% 91% 90% 91%

The methodology ensures robust evaluation and demonstrates the effectiveness of multimodal
integration.

RESULTS
Bar Chart Representation

The results indicate that the multimodal Al system significantly outperforms traditional and single-
modality approaches. The integration of CBCT imaging and clinical text processing provides a more
comprehensive understanding of patient conditions, improving diagnostic accuracy and treatment
planning.

The system achieved an accuracy of 93%, demonstrating strong performance in clinical decision
support. The inclusion of LLM-based text analysis enhanced interpretation of patient histories,
complementing imaging insights (Devlin et al.,, 2019; Brown et al., 2020).
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These findings highlight the importance of multimodal integration.

DISCUSSION

The findings demonstrate that combining multiple Al techniques significantly improves diagnostic
accuracy and clinical decision-making in dentistry. CBCT imaging and clinical text analysis address
gaps in traditional diagnostic workflows.




Large language models play a key role in extracting meaningful insights from unstructured clinical
data, improving decision-making (Altalhi et al., 2025). This aligns with the growing adoption of Al in
healthcare systems.

Multimodal integration reflects the increasing demand for intelligent healthcare solutions capable of
handling complex data. However, challenges remain in data privacy, model explainability, and clinical
validation (Rajpurkar et al,, 2022).

Future research should focus on addressing these challenges and expanding multimodal Al
applications.

CONCLUSION

This study presents a multimodal Al model for endodontic treatment planning, integrating CBCT
imaging, clinical text processing, and machine learning. The findings demonstrate improved diagnostic
accuracy and clinical effectiveness, highlighting the potential of Al-driven systems in dentistry.

The proposed framework supports the development of intelligent healthcare systems by providing a
unified approach to data integration and analysis. It offers a scalable Al-based clinical decision support
system by combining multiple Al techniques.

Future work should focus on incorporating additional data sources, improving model interpretability,
and validating the system in real-world clinical settings.
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